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Abstract

The IceCube Neutrino Observatory, located at the geographic South Pole, is a cubic kilometer
Cherenkov detector using the glacial ice to detect astrophysical neutrinos. Up to this point,
the search for neutrino sources has focused primarily on IceCube’s northern sky, with
the advantage that the Earth serves as a filter for the atmospheric muon background and
provides a large e [eckive volume. As the cross-section increases with energy, the Earth
becomes opaque to high-energy neutrinos. Therefore, the only way to probe neutrinos
with energies above the PeV energy is to look at down-going events from the southern sky;,
which is challenging due to the large atmospheric background induced by cosmic rays.
The atmospheric muon background is dominated by muon bundles, which are multiple
muons all of them produced by the same cosmic ray particle in the atmosphere, which can
enter the detector coherently mimicking a potential muon neutrino event.

This project explores a new method for classifying atmospheric muon bundles and single
muons with the goal of e [ciehtly rejecting muon bundles and providing a first step
towards a high-purity data selection for a neutrino source analysis in the southern sky.
The properties of muon bundles exhibit potential to discriminate them from single muons
potentially produced in neutrino interactions. A binary classifier based on a Graph Neural
Network trained on the lowest-level processed simulation data to discriminate muon
bundles from single muons in IceCube is developed, and its performance is analyzed in
detail.






Zusammenfassung

Das IceCube-Neutrino-Observatorium am geografischen Stidpol ist ein kubikkilometer-
groRer Cherenkov-Detektor, der das Gletschereis nutzt, um astrophysikalische Neutrinos
zu detektieren. Bislang konzentrierte sich die Suche nach Neutrinoquellen vor allem auf
den nérdlichen Himmel von IceCube, mit dem Vorteil, dass die Erde als Filter fur den
atmospharischen Myonenhintergrund dient und ein groR3es e [eKtives Volumen bietet. Da
der Wirkungsquerschnitt mit der Energie zunimmt, wird die Erde fur hochenergetische
Neutrinos undurchlassig. Daher besteht die einzige Mdglichkeit, Neutrinos mit Energien
Uber der PeV-Energie zu untersuchen, darin, Neutrinos von IceCubes stdlichen Him-
mel zu beobachten, was aufgrund des durch kosmische Strahlung verursachten starken
atmosphéarischen Hintergrunds eine Herausforderung darstellt. Der atmosphéarische My-
onenhintergrund wird von Myonenbiindeln dominiert, bei denen es sich um mehrere
Myonen handelt, die alle von demselben kosmischen Strahlungsteilchen in der Atmosphére
erzeugt werden und die den Detektor koharent erreichen kdnnen, wobei sie ein potenzielles
Myon-Neutrino-Ereignis imitieren.

Dieses Projekt untersucht eine neue Methode zur Klassifizierung von atmospharischen My-
onenbundeln und einzelnen Myonen mit dem Ziel, Myonenbiindel e [zieht auszusortieren
und einen ersten Schritt in Richtung einer hochreinen Datenauswahl fur eine Neutrino-
quellenanalyse am stidlichen Himmel zu machen. Die Eigenschaften von Myonenbiindeln
bieten die Mdglichkeit, sie von einzelnen Myonen zu unterscheiden, die moéglicherweise
bei Neutrino-Wechselwirkungen erzeugt werden. Eine bindre Klassifikation auf Basis
eines Graph Neural Network, die auf den auf niedrigster Ebene verarbeiteten Simulations-
daten trainiert wurde, um Myonenbilindel von einzelnen Myonen zu unterscheiden, wird
entwickelt und im Detail analysiert.
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Introduction

Humankind has always been fascinated by the night sky and driven
by the desire to understand our Universe. The origins of astronomy
date back several thousand years, and for a long time, solely light was
used to observe the sky. Modern astronomy has entered the era of
Multi-Messengers, where multiple carriers of information are combined
to obtain a more complete picture of the Universe. Beyond photons,
cosmic rays, gravitational waves, and neutrinos are also included, each
providing unique information on di erent phenomena. What makes
neutrinos unique compared to other messengers is that they are weakly
interacting, electrically neutral particles, allowing us to probe regions in
the Universe that are inaccessible to light and to locate their sources. Over
the past years, neutrino astronomy has emerged as a rapidly growing
eld, particularly following the breakthrough detection of high-energy
neutrinos of astrophysical origin by IceCube [1].

The IceCube Neutrino Observatory [2] is a cubic-kilometer Cherenkov
detector located at the geographic South Pole, operating for more than
10 years with the scienti ¢ goal of detecting astrophysical neutrinos. In
order to associate these with their sources, one has to deal with an over-
whelming background of atmospheric neutrinos and muons produced
in the interactions of cosmic rays with the atmosphere. Atmospheric
neutrinos are an unavoidable background, but the Earth can be used as a
natural Iter for atmospheric muons due to their interaction cross-section,
allowing IceCube to look for astrophysical neutrino events in its northern
sky. As the cross-section increases with energy, the Earth becomes opaque
to high-energy neutrinos, so that most neutrinos above the PeV scale are
absorbed before reaching the detector [3]. Therefore, the most signi cant
results for searches of neutrino sources have typically come from analysis
in which only the northern sky was considered [4].

The report by KM3NeT on the detection of a potential ultra-high energy
neutrino [5] with an energy exceeding 100 PeV, in addition to the goal
of an expanded neutrino point source search, motivates opening up
the southern sky for IceCube. Atmospheric neutrinos, as well as single
muons, leave the same signature in the detector as astrophysical neutri-
nos, making them, at the moment, an irreducible background. However,
at higher energies, the predominant background consists of multiple
atmospheric muons that reach the detector simultaneously in so-called
muon bundles. Muon bundles have the potential to be distinguishable
from neutrino events, particularly given the improving performance of
modern machine learning techniques. Rejecting them would already
signi cantly improve the sensitivity in IceCube's southern sky and serves
as a rst step towards a new neutrino source search.

The goal of this project is the development of a binary classi er based
on a Graph Neural Network (GNN) [6] to discriminate muon bundles
from single muons in the southern sky of the IceCube. The outline of the
thesis is described below:

Chapter 2 gives a short introduction into the eld of neutrino astronomy;,
starting with the neutrino ux spectrum and neutrino sources. It empha-

[1]: IceCube Collaboration (2013), "Evi-
dence for High-Energy Extraterrestrial
Neutrinos at the IceCube Detector’

[2]: Karle et al. (2003), “IceCube the
next generation neutrino telescope at the
South Pole'

[3]: Aartsen etal. (2017), "Measurement of
the multi-TeV neutrino interaction cross-
section with IceCube using Earth absorp-
tion'

[4]: Abbasi et al. (2025), "All-sky Neu-
trino Point-source Search with IceCube
Combined Track and Cascade Data’

[5]: Aiello etal. (2025), "Observation of an
ultra-high-energy cosmic neutrino with
KM3NeT'

[6]: Scarselli et al. (2009), "The graph neu-
ral network model'
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1 Introduction

sizes the neutrino's role as a cosmic messenger and outlines the existing
and planned neutrino telescopes.

In Chapter 3, the IceCube Neutrino Observatory is introduced, includ-
ing the neutrino detection principle and a detailed description of the
detector itself, followed by IceCube's sky coverage and an overview of
the modeling of the Antarctic ice.

Chapter 4 focuses on the properties of muon bundles, starting with
their origin, and an overview of cosmic rays. It further presents existing
strategies for rejecting bundles in IceCube.

In Chapter 5, an introduction to deep learning with a focus on Graph
Neural Networks is given, followed by an overview of GraphNeT. The
goal of this Chapter is to form the basis of the method developed in this
project.

Chapter 6 presents the development of the binary classi er Ice B for the
discrimination of muon bundles from single muons trained on simula-
tion data using outdated modeling of optical ice properties. Di erent
con gurations were tested, among which the best-performing classi er
was selected and further analyzed to investigate the model's reliability
regarding declination, energy, and di erent event categories. As a proof
of concept, Ice B was in addition trained on state-of-the-art simulation
data.

In Chapter 7, Ice B is compared to an existing classi cation approach
and the results are analyzed in detail.

To conclude, Chapter 8 briey summarizes this thesis and gives an
outlook on the future of this project.



Neutrino Astronomy

Neutrinos are weakly interacting particles that are electrically neutral
and can appear in the three leptonic avors 4, ,and .Theywere rst
postulated by Wolfgang Pauli in 1930 to explain the apparent violation
of energy conservation in the beta decay [7]. The neutrino was later
incorporated into the theoretical framework of weak interactions by
Enrico Fermi [8], and nally detected experimentally in 1956 by Clyde
Cowan and Frederick Reines [9], con rming Pauli's hypothesis.

After that, the pioneering Homestake experiment led by Raymond Davis
Jr. marked a crucial step towards observing extraterrestrial neutrinos [10] .
Itachieved the rst detection of solar neutrinos, giving rise to the so-called
solar neutrino problem, which is the discrepancy of the measured ux to
the predicted [11]. Bruno Pontecorvo's theory about neutrino oscillations
was suggested as a solution for this problem [12]. Neutrino oscillations
refer to the phenomenon in which a neutrino changes its avor during
propagation. This occurs because the avor eigenstates are not identical
to the mass eigenstates, but they are in a superposition of them, related
through the unitary Pontecorvo-Maki-Nakagawa-Sakata (PMNS) matrix.
This implies that the neutrino has a non-zero mass [13].

Neutrino oscillations play a crucial role in astrophysical neutrino searches,
as the avor composition of neutrinos during their propagation from
the source to the detector changes. This phenomenon is crucial for
understanding the observed neutrino uxes and for uncovering the
physical conditions and processes within cosmic sources.

The con rmation of neutrino oscillations in various experiments like
Superkamiokande [14] and the detection of extraterrestrial neutrinos, such
as those from Supernova 1987A by Superkamiokande [15] or astrophysical
neutrinos by lceCube [1], transformed neutrinos from a topic of particle
physics into a key probe of the Universe, marking the beginning of
neutrino astronomy.

The goal of this Chapter is to give a summary of neutrino astronomy

with a focus on neutrino sources and the neutrino's role as a cosmic
messenger. The Chapter will conclude with an overview of existing and

planned neutrino telescopes, emphasizing the importance of a network
of telescopes to expand the eld of view of the neutrino sky.

2.1 Neutrino Sources

From neutrinos in the meV range to ultra-high-energy neutrinos produced
in the most extreme astrophysical environments, each energy regime is
linked to distinct production mechanisms and sources. An overview of
the neutrino uxes from di erent sources dominant at Earth is presented

in the Grand Uni ed Neutrino Spectrum at Earth (GUNS) by Vitagliano
et al.[16] and is shown in Figure 2.1. The following provides a brief
description of the individual components, based on the review in [16].

Neutrinos from the early Universe dominate the low energy spectrum

(5 1 eV), which is referred to as the Cosmic Neutrino Background (C B).

2.1 Neutrino Sources . . .. .. 3

2.2 Neutrinos as Cosmic Mes-
sengers ... ... 5

2.3 Neutrino Telescopes . ... 6

[7]: Pauli (1985),Scienti ¢ Correspondence
with Bohr, Einstein, Heisenberg a.o.

[8]: Fermi (1934), "Tentativo di una teoria
dell'emissione dei raggi

[9]: Reines et al. (1953), "Detection of the
Free Neutrino'

[10]: Davis (1964), “Solar Neutrinos. II.
Experimental’

[11]: Bahcall et al. (1976), ‘Solar Neutrinos:
A Scienti ¢ Puzzle'

[12]: Pontecorvo (1958), “Inverse Beta Pro-
cesses and Nonconservation of Lepton
Charge'

[13]: Maki et al. (1962), "Remarks on the
Uni ed Model of Elementary Particles'

[14]: Fukuda et al. (1998), "Evidence for
Oscillation of Atmospheric Neutrinos'
[15]: Hirata et al. (1987), "Observation
of a neutrino burst from the supernova
SN1987A

[1]: IceCube Collaboration (2013), "Evi-
dence for High-Energy Extraterrestrial
Neutrinos at the IceCube Detector’'

[16]: Vitagliano et al. (2020), *Grand uni-
ed neutrino spectrum at Earth: Sources
and spectral components'
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Figure 2.1: The Grand Unied Neu-
trino Spectrum (GUNS) by Vitagliano
et al.[16].

[15]: Hirata et al. (1987), "Observation
of a neutrino burst from the supernova
SN1987A

Similar to the photons from the Cosmic Microwave Background (CMB),
neutrinos froze out. However, this happened much earlier than for the
photons, namely, just 1 second after the Big Bang. In addition, the ra-
dioactive decay of mostly free neutrons and tritium in the Big Bang
Nucleosynthesis (BBN) produced neutrinos, which also contribute to the
low-energy neutrino spectrum.

In the intermediate region (eV to MeV), neutrinos from the Sun are the
principal component. Solar neutrinos can be categorized into two groups
based on their production mechanism. In the keV range, neutrinos of all
avors are produced in thermal processes in the Sun and dominate the
neutrino-antineutrino ux at Earth for energies below 4 keV. However,
they have not been detected yet. At MeV energies, solar neutrinos from
nuclear reactions dominate the ux. Electron neutrinos are produced
in hydrogen fusion to helium inside the Sun, mainly through the pro-
ton proton chain and the CNO cycle. Their detection is connected to
the evidence for neutrino oscillations and the matter e ect on neutrino
dispersion.

Geoneutrinos are electron antineutrinos in the MeV-range produced in
the decay of long-lived radioactive isotopes like 238 in the Earth. Since
the abundance of radioactive elements depends on location, geoneutrinos
provide access to studying the Earth's composition.

Slightly higher in energy but still in the MeV range are human-made
neutrinos, known as reactor neutrinos. These electron antineutrinos are
the result of ssions of neutron-rich nuclei in nuclear power plants and
are emitted in a di use ux. They are used to study neutrino properties,
speci cally the parameters in the PMNS matrix.

In supernovea (SN), a huge amount of energy is released in neutrinos in
a span of a few seconds, making SN in our proximity interesting neutrino
sources. In 1987, neutrinos from the supernova SN1987a were detected
[15]. As such events are a transient signal, they are not part of GUNS.
However, a contribution to GUNS is the Di use Supernova Background
(DSNB), which dominates the low MeV region.

For higher energies, atmospheric neutrinos are dominant. They are pro-
duced in cosmic ray air showers (see Section 4.1.3 for more details) as
secondary particles, mainly by the decay of charged or neutral pions
and kaons at lower energies. Such atmospheric neutrinos are also called
conventional neutrinos, whereas atmospheric neutrinos produced by
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charmed mesons are called prompt neutrinos. Up to 1 GeV, conventional
neutrinos reach the Earth in a ratio of 1:2:0 ( 4: ), and for higher
energies, the electronic avor becomes negligible. Atmospheric neutrinos
cause an extensive background in the detection of astrophysical neutrinos,
but are used to study neutrino oscillations and the neutrino mass.
Neutrinos of astrophysical origin have energies between TeV and PeV,
and a diuse ux was rst measured by the IceCube Neutrino Obser-
vatory [1]. They are produced in cosmic-ray interactions at the source
or during the propagation to Earth, notably in proton-proton (pp) or
proton-photon (p ) interactions. The majority of those neutrinos are
expected to originate from outside our galaxy, where the most promising
sources are Active Galactic Nuclei (AGNs), Gamma Ray Bursts (GRBs),
and Star Forming Galaxies (SFGS).

Looking at even higher energies, cosmogenic neutrinos, produced by
ultra-high energy cosmic rays (UHECR) (E 7 1070 eV) interacting with
photons from the CMB either via photo-pion interactions or photodisin-
tegration, are expected to contribute to GUNS. This e ect is known as
the Greisen-Zatsepin-Kuzmin (GZK) cuto [17, 18].

2.2 Neutrinos as Cosmic Messengers

The Universe and its mysteries were observed for a long time only with
electromagnetic radiation. Modern astronomy has entered an era in
which the Universe is no longer studied through light alone. However,

it combines observations from di erent cosmic messengers, hoping to
obtain a more complete picture of the Universe. The messengers are
photons, cosmic rays, neutrinos, and gravitational waves. Each messenger
carries information on di erent phenomena that can be combined to
form a picture, allowing the study of cosmic accelerators, the origin of
the highest-energy particles, and many other processes in the Universe
[19].

The concept of multi-messenger astronomy emerged gradually over the
course of the 20th century. Its birth is marked by two speci ¢ events in
2017, the rst one being the result of two neutron stars merging into a
black hole, where LIGO and Virgo detected the produced gravitational
wave (GW170817) [20] and FERMI-GMB the short gamma-ray burst (GRB
170817A) 1.7 seconds after the event [21]. The second event was the
detection of a high-energy neutrino (IC-170922A) by IceCube [22], which
was initially followed up by FERMI-LAT and could be pointed back to
the blazar TXS0506+056 [23].

The mechanisms responsible for the production, acceleration, and propa-
gation of cosmic rays, photons, and neutrinos are closely interconnected.
In Figure 2.2, the ux densities of those three messengers can be seen,
which shows that they all follow a similar power-law distribution [24,
25].

Cosmic rays (see Chapter 4.1) are high-energy charged particles, mostly
protons, and get de ected in magnetic elds due to their charge. This
makes it challenging or even impossible to trace them back to their
source [26]. Electromagnetic radiation is neutral and thus not impaired
by magnetic elds, which allows for the location of its source. However,
high-energy gamma rays get attenuated on their track due to interactions
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Figure 2.2: Energy density of gamma rays, neutrinos, and cosmic rays measured by di erent experiments combined in one plot from [24,

25].
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Figure 2.3: The locations of the present
and future neutrino telescopes included
in the PLanEtary Neutrino Monitoring
(PLE M) network. Graphic from [30].

with the Extragalactic Background Light (EBL) and the CMB via pair
production. This results in a limited, energy-dependent observable
distance, making it impossible to observe high-energy gamma rays from
distant sources [27].

Neutrinos are also electrically neutral and not de ected by magnetic
elds. Unlike gamma rays, they interact only weakly, which allows them
to traverse the Universe unhindered in all energy ranges. Therefore, the
observable distance is not limited [26].

Gravitational waves are quite a di erent messenger from the ones dis-
cussed above, providing direct insight into the dynamics of cosmic events
that cannot be observed through any other messenger. GW are changes in
the curvature of space-time, produced when massive objects accelerate,
propagating away [19].

2.3 Neutrino Telescopes

This Chapter provides a brief overview of existing and planned neutrino
telescopes. The aim is not to give a detailed discussion of their techni-
cal designs or detection principles, but rather to summarize the main
experiments currently relevant in neutrino astronomy. Since this thesis
focuses on IceCube, the underlying detection principle and operation of
Cherenkov detectors will be discussed in more detail in Chapter 3.1.

Neutrinos only interact via the weak force and have a small interaction
cross-section. Combined with the low high-energy astrophysical neutrino
ux, constrained by the Waxman Bahcall bound [28], this makes their
detection particularly challenging. Consequently, only large-volume
detectors can provide the conditions to detect astrophysical neutrinos
with adequate statistics [29]. Such large volumes exist naturally in the
form of water or ice, and due to their transparency, they are ideally suited
as detection media for Cherenkov detectors, which detect Cherenkov
radiation produced by relativistic secondary charged particles from
neutrino interactions. To minimize the extensive atmospheric background,
the detectors are deployed deep underground.



Several neutrino telescopes based on the Cherenkov e ect exist, with
the goal of detecting astrophysical neutrinos. The largest detector of this
kind is currently the IceCube Neutrino Observatory [2] at the South
Pole, instrumenting one cubic kilometer of Antarctic ice. In the Northern
Hemisphere, KM3NeT [31] in the Mediterranean Sea and the Baikal-GVD
detector [32] in Lake Baikal in Russia are complementary water-based
Cherenkov telescopes. Furthermore, the Paci ¢ Ocean Neutrino Experi-
ment (P-ONE) [33] is an envisioned next-generation detector that aims to
extend the global network of neutrino telescopes in Cascadia Basin, 0
the coast of Vancouver. In addition, there are more telescopes planned,
namely NEON [34] and TRIDENT [35], both in the South China Sea, and
HUNT [36], possibly also in Lake Baikal.

Each telescope has a limited eld of view, providing coverage of di erent
regions in the sky. The sky coverage of IceCube will be discussed in detail
in Chapter 3.4. Combining all telescopes to a PLanEtary Neutrino Moni-
toring (PLE M) [37] network, the neutrino detector exposure improves,
and the eld of view of the neutrino sky is enlarged. A uniform exposure
over the whole sky can be reached, and the number of neutrinos and the
discovery potential for point-like neutrino sources improve [30, 38]. In
Figure 2.3, the locations of the neutrino telescopes included in PLE M
are shown. In Figure 2.4, the sky coverage of the existing and planned
neutrino telescopes in terms of maximum discovery potential for sources
with an energy spectrum 2, including the reconstructed directions for
detected neutrinos linked to the blazar TXS 0506+056 and the Active
Galactic Nucleus (AGN) NGC 1068, is illustrated.
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The IceCube Neutrino
Observatory

The IceCube Neutrino Observatory [2] is a cubic-kilometer neutrino
telescope located at the geographic South Pole near the Amundsen-Scott
South Pole Station. IceCube is a Cherenkov detector, which means that
Cherenkov light, generated by the propagation of charged particles
produced in neutrino interactions, is measured.

The idea of building a neutrino detector based on the Cherenkov e ect
in a large volume, like water, was proposed in 1960 by Markov and
Zheleznkhy [39]. The initial scienti ¢ objective was to detect atmospheric
neutrinos produced in pion decays. However, in a discussion, Markov also
talked about the potential detection of "neutrinos from the galaxy" [39].
In 1988, F. Halzen proposed a neutrino telescope in Antarctica, "a location
and a medium that is attractive from the physics point of view and is
also cost e ective compared to alternative proposals” [40], and in 2000,
the IceCube's predecessor AMANDA (Antarctic Muon And Neutrino
Detector Array) was completed [41]. In 2001, the experiment successfully
observed neutrinos, which were consistent with the predictions of the
atmospheric neutrino ux [42].

The construction of IceCube started in 2004, and it took 7 years until
the detector was completed in 2011 [2]. Only three years later, in 2013,
IceCube achieved its primary scienti ¢ goal, namely detecting high-
energy neutrinos from extragalactic sources [1], contributing signi cantly
to the rapid development of neutrino astronomy. Another milestone
followed a few years later, when, in 2018, the rst evidence of neutrino
emission from the extragalactic point-like neutrino source, TXS0506+056,
was identi ed [22]. The emission of the Active Galactic Nucleus NGC
1068 in 2022 [43] was the second evidence for a neutrino source. Finally, in
2023, neutrino emission from the Milky Way was reported [44]. All these
discoveries, summarized in Figure 3.1, make IceCube the most successful
neutrino telescope to this day. Energy and directional reconstruction have
improved signi cantly over the years, as has event selection, particularly
thanks to the application of machine learning techniques.

In this Chapter, the IceCube Neutrino Observatory is introduced, starting
with the neutrino detection principle and its design. Following this, an
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Figure 3.1: Timeline showing the most important discoveries in the history of IceCube. Credits: IceCube Collaboration/NSF.
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overview of the modeling of Antarctic ice is provided, as well as an
explanation of IceCube's sky coverage.

3.1 Neutrino Detection

Neutrinos only interact weakly, which makes them good cosmic mes-
sengers as they travel unhindered for cosmic distances, yet the low
interaction probability makes them extremely di cult to detect. The
neutrino detection in IceCube relies on the Cherenkov e ect [45]. Rel-
ativistic charged particles produced in neutrino interactions in the ice
emit Cherenkov radiation, which is then detected by photomultiplier
tubes (PMTSs) in the digital optical modules (DOMSs) [46]. IceCube was
designed for high-energy neutrinos with energies in the range of O(TeV) -
O(PeV) [47]. At these energies, the neutrino interaction cross section with
matter is dominated by deep inelastic scattering (DIS) processes, where
a neutrino scatters o a quark in the nucleon [48]. Two interactions are
possible, depending on the gauge boson:

E Charged Current Interaction (CC): The interaction is mediated by
a W boson, and the products are a charged lepton ; , of the same

avor as the interacting neutrino, and a hadronic cascade . [49].
I B
. . 3.1
¢T#1 1T -

E Neutral Current Interaction (NC): The interaction is mediated by a
neutral Z boson, and as a result, a neutrino of the same avor E
and a hadronic cascade. remain in the nal state [49].

dalt
. (3.2)
¢i# ! ¢f -

In Figure 3.2, the Feynman diagrams of the NC (upper-left) and CC
(lower and upper-right) interactions are shown.

Another interaction, which is generally negligible at these energies, is
the neutrino-electron scattering, where an electron-neutrino scatters o
an electron bound to the ice nuclei. The interaction cross section is much
lower than for DIS processes due to the small target mass. However, in
case an electron-antineutrino interacts with an electron, a W boson can
be produced resonantly, which then decays into hadrons and/or leptons
[48].

Gl 41, 1 je-e (3.3)

At a neutrino energy of <2 e12<,0 63 PeV, the W resonance
peaks, and the cross-section is dominant over the deep inelastic scattering

processes. This process is known as the Glashow resonance predicted
by Glashow in 1960 [50]. In 2021, IceCube detected an electron neutrino
produced in such a process [51].



The inelasticity His the fraction of energy transferred to the hadronic sys-
temin the nal state and is an important parameter regarding measuring
the incoming neutrino energy. It is de ned as [26]:

Ho _03A>=82_ Y (3.4)

In Figure 3.3, the cross-sections of all mentioned neutrino interactions
for neutrinos and antineutrinos, including the Glashow resonance (top
panel) and the inelasticity (bottom panel) as a function of the neutrino
energy, are shown. The plot was produced based on the data available
from [52].

When a charged particle, produced in a CC neutrino interaction, moves
faster than light in a medium ( E7 25¢=, with Ethe speed of the charged
particle, = the refractive index of the medium, 2, the speed of light in the
medium), it emits Cherenkov radiation [45] along its path in a Cherenkov
cone. The opening angle , de ned as the angle between the particle's
trajectory and the emitted light, is given by:

1
cos = (3.5)
with =t ©°being the wavelength-dependent refractive indexand = E*2,

the fraction of the velocity of the charged particle Eand the speed of light
2[53].
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Figure 3.2: Feynman diagrams of neu-
trino interactions with matter. In the up-
per left, the NC interaction is shown, and
the remaining diagrams display CC inter-
actions for neutrinos of di erent avors.
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Figure 3.3: Deep-inelastic cross-sections
for neutrino interactions with matter
(top) and the inelasticity (bottom) as a
function of the neutrino energy for neutri-
nos (solid line) and antineutrino (dashed
line) via NC (green) and CC (blue), in-
cluding also the Glashow resonance (or-
ange). Data taken from [52].

Figure 3.4: Schematic lllustration of the
Cherenkov cone emitted by a relativistic
charged particle.
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A schematic illustration of the Cherenkov cone is shown in Figure 3.4.

The Frank-Tamm Formula describes the Cherenkov photon distribution,
more explicitly, the number of emitted photons, per unit wavelength ()
and unit path length (x). It is given by,

324 2 1
3G3 2

(3.6)

with the ne structure constant [54]. The number of photons scales
with 2, which implies that more photons are produced for smaller
wavelengths. This explains why the Cherenkov light peaks in the blue
range. The refractive index drops for wavelengths smaller than 300 nm,
resulting in an optimal photon wavelength between 300 and 600 nm
[46]. Accordingly, a detector should be transparent in this range, which is
perfectly ful lled by water or clear ice as it is used as a detection medium
in IceCube [55].

Assuming a refractive index inice of = 133[56], a relativistic particle
(1), generates around 3000 photons in wavelengths between 300 nm
and 600 nm in a Cherenkov cone with an opening angle of 41

Depending on the neutrino avor, di erent signatures can be seen in the
detector. In general, those can be divided into three categories: track-like
events, cascade-like events, and Double Bang events.

CC-interactions with a muon neutrino produce a hadronic cascade at
the vertex and a muon which carries most of the neutrino's energy [26].
Muons are minimal ionizing particles and can travel several kilometers,
losing energy stochastically along their trajectory, before decaying [57]. If
the interaction vertex is within the detector volume, a hadronic cascade
and a starting track can be observed, whereas if the vertex is outside the
detector, a through-going track is visible. In any case, those interactions
produce track-like events (see Figure 3.5 on the left), enabling precise
directional reconstruction of the muon and, consequently, of the muon
neutrino. The kinematic angle between muon and neutrino depends on
the energy [58], whereas for high energies the kinematic angle becomes
negligible, allowing the muon direction to be taken as a proxy for the
neutrino direction. Particularly for neutrino energies around 1 TeV, the
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Figure 3.5: Event topologies in IceCube, a track-like event (left), a cascade-like event (center) and a double-bang event (right). Each
colored dot marks a DOM that records Cherenkov light with the size representing the amount of light observed. The colors indicate the
time when the DOM was hit with respect to each other. Here red means early hits and late hits are blue [63].

angular resolutionis 1 deg and decreases to 03 deg for a neutrino
energy of 1 PeV [43]. However, the muon only deposits a fraction of its
energy in the detector, which makes energy reconstruction quite di cult
and prone to high uncertainties.

Cascade-like events (see Figure 3.5 in the center), in contrast, allow
precise energy reconstruction in case the cascade is contained in the
detector, but the angular resolution is much lower [44]. Such events are
produced in CC-interactions of an electron-neutrino and tau-neutrino
and NC-interactions of all avors [26]. In NC interactions, the spherical
emission is produced by the hadronic shower without an indication of the
neutrino energy, as the produced secondary neutrino is invisible in the
detector and carries a fraction of the primary energy. This results in higher
uncertainties in the energy reconstruction than for CC interactions [59]. In
CC interactions of 4, the produced electron initiates an electromagnetic
shower after a very short propagation, which adds to the hadronic
shower, resulting in a spherical light emission that re ects the neutrino
energy [26]. Due to the properties of the tau lepton, CC interactions of

are a special case where a hadronic cascade is produced as well as a
carrying most of the neutrino's energy [26]. The  further decays after
traveling a distance that depends on the energy of the lepton, into pions
or neutrinos [60]. The following leptonic decay causes an electromagnetic
shower, resulting in a second cascade. For neutrino events below 1 PeV,
the cascades cannot be distinguished, as the tau lepton decays almost
immediately, whereas for energies above 1 PeV, Double Bang events (see
Figure 3.5 on the right) can be observed [61]. In 2022, the rst candidates
of tau neutrinos were identi ed by IceCube [60, 62].
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Table 3.1: Event categories in IceCube
depending of interaction and location of
the interaction vertex.
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Category Interaction

through-going track

E interaction with vertex
outside the detector

E single atmospheric muon
crossing the detector

starting track interaction with vertex inside
the detector

stopping track

E interaction with vertex
outside the detector and
track length < 1500 m

E single atmospheric stop-
ping in the detector

skimming track

E interaction with vertex
outside the detector and no
energy deposition in detec-
tor

E single atmospheric skim-
ming the detector

contained track interaction with vertex inside
the detector
contained hadronic cascade interaction with vertex inside
the detector
uncontained cascade interaction with vertex
outside the detector
through-going bundle atmospheric muon bundle
crossing the detector
stopping bundle atmospheric muon bundle

reaching the detector

3.2 The IceCube Detector

IceCube is a cubic-kilometer Cherenkov detector situated between 1450
m and 2450 m in the Antarctic ice, ful lling the requirements to detect
astrophysical neutrinos. The clear Antarctic ice is transparent enough
for Cherenkov light to propagate [55], and the detection volume is
large enough to detect a statistically signi cant number of astrophysical
neutrinos, even though atmospheric muons and neutrinos have an
expected ux by several magnitudes higher [1]. Additionally, since the
detector is installed deep under the ice, the ice acts as a shield against
atmospheric background events. The IceCube detector can be divided
into three main parts: the IceTop, the IniceArray, and DeepCore. A
schematic illustration can be seen in Figure 3.6 [47].

In total, 86 strings are deployed, with each string containing 60 digital
optical modules (DOMs) with a distance of 17 m. Each DOM is composed
of a spherical glass housing and features a down-facing 10-inch PMT,
along with associated circuit boards, enabling autonomous operation.
The glass housing spheres have a thickness of half an inch and protect
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the components inside from high pressure during deployment and in the
ice. The PMT is speci ed to detect wavelengths between 300 and 650 nm,
perfectly matching the light expected from Cherenkov radiation [47]. A
schematic illustration showing all the components of the DOM is shown
in Figure 3.7.

78 strings are deployed with a spacing of 125 m arranged in a hexagonal
pattern, making up the InlceArray, which is optimized to detect neutrinos

in the energy range of TeV to PeV [47]. In the center of the InlceArray, 8
strings are spaced more densely, more precisely, with a distance of only
72 m between the strings. This region, known as DeepCore, was designed
to detect neutrinos in the energy range of 10 GeV to 100 GeV, aiming to
search for phenomena such as atmospheric neutrino oscillations and
Galactic supernovae [64].

IceTop, a cosmic ray air shower array, is located on the surface of IceCube
at 2835 m above sea level and consists of a total of 162 ice- lled tanks,
each containing two DOMSs. The arrangement of the 81 stations, each
operating two tanks, is equivalent to the geometry of the IniceArray,
including a denser region like DeepCore. IceTop measures air showers
induced by cosmic ray particles in the energy range from 100 TeV to EeV,
and serves at the same time as a veto for the InlceArray [65].

3.3 Modeling of the Antarctic Ice

The interpretation of the data collected in IceCube relies on the under-
standing of the properties of the Antarctic ice. A precise description of
light propagation in the ice is crucial for correctly reconstructing the
measured photon signals, which remains one of the main systematic
uncertainties due to the limited knowledge of glacial ice. Nevertheless, a
lot of progress in modeling the ice has been made over the years, starting

Figure 3.6: Schematic illustration of the
IceCube Neutrino Observatory includ-
ing the InlceArray, its sub-array Deep-
Core, and the cosmic-ray air shower array
IceTop. Credits: IceCube Collaboration.

Figure 3.7: Mechanical Layout of a Dig-
ital Optical Module (DOM) in IceCube,
from [47].
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with the rst optical properties measurements in AMANDA [66, 67] to
the newest developments in IceCube today [68]. In this Section, a brief
overview of the ice models in IceCube is provided, with a focus on the
models used in this thesis, namely SPICE 3.2.1 and SPICE FTP-v3.
Photons propagate through the ice underlying two processes: scattering
and absorption. The goal of the ice model is to nd the best- t values
for the e ective scattering coe cient and absorption coe cient using
data from calibration measurements. The scattering coe cient is the
inverse of the scattering length, which is the average distance a photon
travels before scattering. The absorption coe cient is the inverse of the
absorption length, which is the path length after which the probability
that a photon survives is 1/e.

The rst models based on AMANDA were also the simplest, assuming
homogeneous absorption and scattering across the detector, using the
Monte Carlo photon propagation code PTD (Photon Transport and De-
tection) [69]. More advanced models included real data from the rst
AMANDA calibration measurements and approaches to layered ice, dust
layers, and photonics [67]. The rst generation of IceCube models utilized
the AMANDA template and IceCube data, incorporating additional
physical e ects and calibration constraints. This was followed by the
introduction of the South Pole Ice Model (SPICE), which now treats all
systematics and uncertainties within a single model, utilizing a signi -
cantly larger dataset from IceCube asher runs [70]. The further versions
of SPICE models depart from AMANDA measurements. In addition to
the bulk ice, hole ice was introduced and parametrized. Hole ice refers
to the refrozen ice at the DOMs with bubbles accounting for enhanced
scattering. Another parametrization included is a 1D description of the tilt
in the ice layers caused by the surface of the bedrock. After the discovery
of the varying light propagation e ciency in di erent directions, the 2D

ice anisotropy was parametrized in further models [71, 72]. The models
are additionally based on data from the dust loggers, which are laser
devices that emit light at 404 nm in the borehole during the deployment
of the InlceArray and detect it with a PMT [73].

The model, including all of the above-mentioned and more, is SPICE
3.2.1. Up to this point, all of these models used the Mie scattering theory
[74] for modeling the scattering and the anisotropy model.

In more recent ice models, this was changed to a birefringence-based
anisotropy model as the description of the timing and amplitude of the
received photon signal has improved signi cantly with this approach [75].
The latest ice model is SPICE FTP-v3, which changes the tilt parametriza-
tion from a depth-dependent function of distance to an improved tting

at around 10,000 grid locations [76].

In Figure 3.8, the scattering and absorption coe cient for a wavelength

of 400 nm as a function of depth is plotted for the two ice models relevant

in this thesis. The light blue area refers to the InlceArray. The scattering
and the absorption coe cient are smaller for depths below 2100 m than

in the upper part of the detector. This refers to larger scattering and
absorption lengths, implying that the ice is clearer in the lower part
of IceCube. Above the very clear ice, between 2000 and 2100 m, the
coe cients increase signi cantly due to dust deposited during volcanic
eruption, which is referred to as the dust layer [73], shown in Figure 3.8



as the shaded area in dark blue.

In summary, SPICE 3.2.1 is an ice model based on the Mie anisotropy
model, including ice layers. The latest model, SPICE FTP-v3, has been
updated to a birefringence-based anisotropy model and enhanced tilt
parameterization.

3.4 lceCube Sky Coverage

The main goal of neutrino astronomy is to detect astrophysical neutrinos
and to identify their sources. Thanks to the good directional recon-
struction, track-like events are well-suited for this purpose. As already
described in Chapter 3.1, such events are generated by relativistic muons
traversing the detector, emitting Cherenkov radiation along their prop-
agation path. The muons can originate from three di erent scenarios.
First, the muon could be generated in interactions of cosmic rays with the
Earth's atmosphere, known as cosmic ray air showers (see Chapter 4.1.3),
referred to as atmospheric muons. In the same process, also neutrinos
(atmospheric neutrinos) are generated, which can interact in the ice,
producing a relativistic muon in a CC interaction, leading to a track-like
event. Finally, the track can also be produced by an astrophysical neutrino.
In Figure 3.9, a schematic overview of the di erent events is presented. To
identify the astrophysical signal, e cient suppression of the atmospheric
background is therefore essential.

As discussed above, IceCube is located deep in the Antarctic ice at the
geographical South Pole and detects events from all directions of the
sky. The majority of the events arise from atmospheric muons energetic
enough to propagate through the ice to the detector. A quite straightfor-
ward way to reject them is by only looking at up-going events , which are
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Figure 3.8: The e ective scattering (left)
and absorption (right) coe cient at 400
nm for varying depths in IceCube. The
light blue area represents the IniceArray,
and the darker blue area indicates the
dust layer.
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Figure 3.9: Schematic illustration of pos-
sible events and its trajectories in Ice-
Cube.

[77]: Ahlers et al. (2018), "Probing particle
physics with IceCube’

[3]: Aartsen etal. (2017), "Measurement of
the multi-TeV neutrino interaction cross-
section with IceCube using Earth absorp-
tion'

Figure 3.10: a) Schematic illustration of
possible neutrino trajectories through the
Earth from vertical to horizontal, viewed
by IceCube. b) Transmission probabil-
ity of neutrinos (assuming Standard
Model neutrino-nucleon cross-section)
through the Earth as a function of energy
and zenith angle. The white dotted line
shows a neutrino that passes through the
core mantle boundary. From [3].

events reaching the detector from below (see Figure 3.9). These are events
induced by astrophysical and atmospheric neutrinos from the northern
hemisphere that cross the Earth before reaching the detector. The Earth
serves as a natural Iter for atmospheric muons. However, atmospheric
neutrinos are an irreducible background in the IceCube detector [77].

At low energies, examining up-going events enables IceCube to observe
neutrinos from the northern sky with minimal background from atmo-
spheric muons. For increasing energies, the neutrino nucleon interaction
cross-section increases, resulting in a higher probability of absorption
within the Earth. This means the Earth is getting opaque to high-energy
neutrinos, Itering not only background but also astrophysical neutri-
nos. The transmission probability as a function of zenith and energy
for neutrinos crossing the Earth is presented in Figure 3.10. It shows
that the transmission probability decreases with increasing energy and
zenith angles, which implies that the Earth is not transparent to up-going
high-energy neutrinos [3].

To access these very high-energy neutrinos, looking at down-going
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Figure 3.11:Median 90 % C.L. sensitivity ux for all-sky neutrino point source search as a function of declination for sources emitting an
2 (leftyand 3 (right) spectrum for tracks in 14 years (red line) of exposure [4].

events can be the solution. These are events from the southern sky,
where neutrinos travel only a short distance through the Antarctic ice
before reaching the detector (see Figure 3.9). In this case, high-energy
astrophysical neutrinos can be detected at the expense of the huge
atmospheric background.

Due to the extensive atmospheric background in IceCube's southern sky,
neutrino source searches mainly focuses on events from the northern sky.
Additionally, the northern sky provides a larger e ective volume which

is de ned by the volume in which the detector achieves 100 % e ciency
[77]. The red line in Figure 3.11 shows the median 90 % con dence level
(C.L.) sensitivity ux as a function of the declination for sources emitting
an ?(leftyand 3 (right) spectrum for tracks in 14 years of exposure [4].
In this plot, declination values in [-1,0] are associated with the northern
sky, and values in [0,1] with the southern sky.

[77]: Ahlers et al. (2018), *Probing particle
physics with IceCube'

[4]: Abbasi et al. (2025), "All-sky Neu-
trino Point-source Search with IceCube
Combined Track and Cascade Data'
One can clearly see how much worse the performance of neutrino source

searches in the southern sky are compared to the north.

Several methods were developed to reject the background in the southern

sky and will be described in Chapter 4.3 with regard to the approach

developed in this thesis.

For the reference, in this project, the southern sky in IceCube is de ned
with zenith angle  1+5708rad, whereas the northern sky refers to zenith
7 15708rad. A schematic sketch of the geometry is presented in Figure
3.12.

Figure 3.12: De nition of Northern an
Southern Sky of IceCube with the zenith
angle .






Muon Bundles

This Chapter provides an introduction on muon bundles, starting with
their origin and an overview of cosmic rays. It further presents the
properties of muon bundles emphasizing the potential to discriminate
them from single muons in and an overview of existing rejection strategies
in lceCube.

4.1 Cosmic Rays

Cosmic rays (CR) are high-energy charged particles, mostly protons, orig-
inating from sources outside the solar system. The answer to the question
of how exactly they are produced and accelerated is not yet completely
known. In addition, due to their charge, cosmic rays get de ected by
magnetic elds during propagation, preventing direct association with
their astrophysical sources. Once CR reach the Earth, they interact with
molecules in the atmosphere, resulting in extensive air showers, which
will be described in greater depth in Chapter 4.1.3 [26].

Cosmic rays emerged as a central topic of interest in 1910, when Theodor
Wulf observed that the level of ionizing radiation does not decrease with
altitude as expected if it originated solely from terrestrial radioactivity
[78]. Following Wulf's observation, Victor Hess conducted balloon exper-
iments in 1912 [79]. He discovered that the ionizing radiation increases
with altitude and was present even at night, providing the rst direct
evidence for the existence of cosmic rays of extraterrestrial origin.
Following the discovery of CR, experiments on Earth and in space have
since focused on characterizing their properties, particularly their compo-
sition and energy spectrum. These aspects are crucial to understand the
origin and acceleration mechanisms of cosmic rays, and they ultimately
determine the development of extensive air showers in the atmosphere,
including the production of muon bundles.

The energy spectrum of cosmic rays is presented in Figure 4.2 and
will be discussed in more detail in Section 4.1.2. It shows that the
uxes cover several orders of magnitude in energy. This implies that
multiple di erent kinds of experiments are required to study cosmic
rays. Generally, CR experiments can be categorized into two main types:
direct measurements and indirect measurements. Due to the high ux at
lower energies, direct measurements like balloon experiments as ATIC
[80] and space experiments with magnetic spectrometers as AMS-02
[81] or calorimeters as CREAM [82] are suited. For higher energies,
the ux is low, and detectors covering a large area and long exposure
times are required. Currently, the only way to ful Il these conditions

is through indirect measurements using detectors built on the Earth's
surface. In this case, the cosmic ray particle is not measured directly,
instead, the remnants of cosmic ray-induced air showers are detected.
These detectors are called air shower arrays and measure the lateral
and longitudinal distribution of the shower through uorescence and
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Figure 4.1: CR element abundances com-
pared to abundances in the solar system.
From [56].

[83]: Collaboration (2015), "The Pierre
Auger Cosmic Ray Observatory'

[84]: De Souza et al. (2017), "Testing the
agreement between the X_{max} distri-
butions measured by the Pierre Auger
and Telescope Array Observatories'

Cherenkov or scintillation detectors [26]. The largest experiment in this
category is the Pierre Auger Observatory based in Argentina [83].

The following presents an overview of the composition and energy spec-

trum of CR, followed by a discussion of possible sources and acceleration

mechanisms. The Section concludes with a detailed discussion of cosmic
ray air showers (CRAS), providing the foundation for muon bundles.

4.1.1 Composition

Primary cosmic rays (PCRs) are referred to as cosmic rays accelerated
at the source, such as protons, helium, oxygen, carbon, or iron. After
propagating through space, they are called secondary, where nuclei such
as lithium, beryllium, and boron can be produced through the interaction
with the interstellar medium [26].

PCRs are composed of 74% free protons, around 18% helium nuclei, and
the rest are heavier elements [56]. Detectors observe data compatible
with a light composition below 10 eV, and for ultra-high energies, E
7 10'° eV, a mixed or heavier composition [84].

The abundances of elements in CRs compared to the abundances in
the present-day solar system are presented in Figure 4.1, outlining two
signi cant di erences between the two compositions. First, heavier nuclei
are less abundant relative to protons in the solar system than in CR,
which is not well understood, and second, for example, the elements
Be, Ti, Cr, and more are many orders of magnitude more abundant in
CR. The reason for this is the absence of those elements in the stellar
nucleosynthesis resulting in alow abundance in the solar system, whereas
they are produced as secondary CR [26].

4.1.2 Energy Spectrum

The all-particle cosmic ray energy spectrum extends over more than
ten orders of magnitude in energy, from around 10'2 eV up to beyond



10%° eV. In Figure 4.2, the di erential energy spectrum multiplied by
2% js shown. The energy spectrum approximately follows a power-law
distribution 3#3 / with  between around 2.7 and 3.3 [85].
However, several distinct features marking the transition in the spectral
index appear in the spectrum, which provide essential information on
the origin, propagation, and maximum acceleration energies of cosmic
rays. The rst feature is the steepening between 10'® eV and 10'° eV,
known as the knee. The second knee is characterized by the steepening
at around 107 eV, and the feature occurring at 10185 eV is known as the
ankle. The production and acceleration of cosmic rays in the rst region
of the spectrum, up to the knee at around 3 10'° eV, can be explained
by galactic sources, mostly supernova remnants. Here, the spectrum has
a spectral index of approximately 2.7. The knee region, starting at the
rst knee ataround 3 10'° eV and ending at the second knee at around
4 10Y eV, is characterized by a softened spectrum with a spectral index
= 3.1. It can be explained due to the maximum acceleration energy in
galactic sources and due to leakage of cosmic rays from the galaxy [86].
The steepening at the rst knee is generally associated with the nite
acceleration energy of protons, for which they cannot escape the galaxy,
and is interpreted as a cut-o of the light elements. The second knee can
be explained with the same model, but applied to heavy stable elements
[85].
After the second knee, the spectrum softens to 3.3 and hardens
backto 2.7 at the ankle at10*®° eV. The ankle region is interpreted
as a transition from galactic to extragalactic sources [87, 88]. If cosmic
rays with energies below 1 10 eV originate mainly from extragalactic
sources, it would imply a gamma ray ux from objects like the Small
Magellanic Cloud, which is exceeded [89]. At the same time, if Galactic
sources were the dominant contributors to cosmic rays with energies
10'8 eV, this would result in an anisotropy in the arrival directions
at Earth, in contrast to the observed near-isotropy [57]. For ultra-high
energy cosmic rays (UHECR), with E 7 10'8 eV, the ux of cosmic rays
is limited due to the interactions of protons with photons from the
Cosmic Microwave Background (CMB), producing pions. This is known
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Figure 4.2: CR energy spectrum from
[56]
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Figure 4.3: Hillas Plot from [91] illustrat-
ing di erent sources of cosmic rays ac-
cording to their size and magnetic eld.

[91]: Aartsen et al. (2018), "Astrophysical
neutrinos and cosmic rays observed by
IceCube'

[92]: Hillas (1984), "The Origin of Ultra-
High-Energy Cosmic Rays'

[93]: Auger et al. (1939), "Extensive
Cosmic-Ray Showers'

as the Greisen-Zatsepin-Kuzmin (GZK) mechanism [17, 18] and implies
a proton-only composition for such high energies. However, looking
at results from the Pierre Auger Observatory, heavier elements can be
dominant at very high energies [84]. In this case, another scenario to
consider is source exhaustion [90].

Possible sources for the acceleration of cosmic ray particles to such
high energies have to ful Il the Hillas criterion [92] . It requires that the
particle's Larmor radius is smaller than the radius ' of the acceleration
region and implies that the maximal potential energy depends on the
charge of the particle, the magnetic eld, the size, and the velocity of the
source. In Figure 4.3, the Hillas diagram is presented showing di erent
candidates for sources according to their size and magnetic eld. The
dashed lines represent the thresholds of B and R for a source to satisfy
the Hillas condition, allowing particles to accelerate up to an energy E.

4.1.3 Cosmic Ray Air Showers

Cosmic ray air showers (CRAS) are cascades of secondary particles
induced by a cosmic ray particle interacting with nuclei in the atmosphere.
They were rst observed by Pierre Auger in 1939 [93] , when detecting
coincidence signals with multiple locally separated Geiger counters.
For high-energy cosmic ray particles, millions to billions of secondary
particles can be produced. Accordingly, the shower can have a lateral
spread of several cubic kilometers at the Earth's surface. Such showers
are called Extensive Air Showers (EAS) [57].

An air shower can be divided into three components: hadronic, muonic,
and electromagnetic [26]. A simpli ed illustration of a cosmic ray air
shower is shown in Figure 4.4. Depending on the energy of the CR, a huge
number of secondary particles are produced, which can then interact
or decay, depending on the particle and the medium, and contribute
further to the extension of the shower. The hadronic part is constituted
by charged pions interacting with nuclei of the atmosphere and the
leading baryons from the primary interaction, as well as other hadrons.
The main contribution of the muonic component comes from charged
pions decaying into muons and neutrinos in the reaction |
and ! I ¢, also known as atmospheric muons and atmospheric
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neutrinos. Finally, the electromagnetic component, which forms the
majority of the shower, is generated primarily by neutral pions decaying

quickly into photons, %1

, followed by electrons and positrons as

a result of pair production. In addition, a smaller contribution originates
from muons decaying into electrons, although most muons with energies
greater than a few GeV reach the Earth before decaying [57].

The pro le of the shower reveals properties of the interacting cosmic ray.
Examining the longitudinal distribution, the width of the shower develops

as a function of depth and reaches a maximum for the electromagnetic
component at the depth referred to as - <pg, which depends on the
composition of the CR. In addition, the time developments of the shower's
lateral dimension can also inform us about the arrival direction of the CR
[57]. The simulation of air showers is highly complicated. However, they
are needed for the reconstruction of the properties of CRs. A simulation
package, typically used and relevant for this thesis, is the Cosmic-Ray

Simulations for Kascades (CORSIKA) [94], which uses SIBYLL [95] as a

model for hadronic interactions.

4.2 Properties of Muon Bundles

(a) Event picture of simulated muon bun-
dle from a CR air shower in IceCube.

(b) Event picture of simulated single
muon from interaction in IceCube.

Figure 4.4: Schematic illustration of a
cosmic ray air shower divided in its com-

ponents, namely electromagnetic (blue),
muonic (green), and hadronic (red).

[94]: Heck (2000), "Extensive air shower
simulations with CORSIKA and the in u-
ence of highenergy hadronic interaction
models'

[95]: Riehn et al. (2016), “A new version
of the event generator Sibyll '

Figure 4.5: Simulated events in IceCube
with the same total deposited charge in
the detector. Each dot marks a DOM
that recorded Cherenkov light, with the
size representing the amount of light de-
tected, where a larger size implies more
light. The color indicates the arrival time,
with red indicating early hits and blue
indicating late hits.
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Figure 4.6: Schematic illustration of
muon bundle in the IniceArray from [96] .

[96]: Verpoest et al. (2022), "Testing
Hadronic Interaction Models with Cos-
mic Ray Measurements at the IceCube
Neutrino Observatory'

Figure 4.7: Bundle Multiplicity as a func-
tion of Energy of the CR (top) and the
total deposited charge (bottom). For in-
creasing energy, the multiplicity gener-
ally increases. However, single muons
still reach the detector. The deposited
charge is larger for higher multiplicity.

Below a certain threshold, it cannot be
distinguished between single muons and
bundles, considering solely deposited
charge.

A muon bundle is a group of muons, all of them produced by the same
cosmic ray in an air shower. These muons can enter the detector coherently,
mimicking a signal of a single muon, which could be interpreted as a
neutrino event. Figure 4.6 shows a schematic illustration of a cosmic
air shower including a muon bundle in the IniceArray in IceCube. The
biggest challenge in identifying down-going events in IceCube is to reject
them properly. This Section focuses on the muon bundle properties to
elaborate on why there is a potential to distinguish them from neutrino
events in the detector. In Figure 4.5, two simulated events with the same
deposited total charge in the detector are shown, where each dot marks
a DOM that recorded Cherenkov light, with the size representing the
amount of light detected. The color indicates the arrival time, with red
indicating early hits and blue indicating late hits. One can observe some
di erences by eye, which will be quanti ed in the following. However,
these two events were speci cally chosen to highlight speci ¢ properties.
They should not give the impression that the discrimination of bundles
from singles is obvious, as most of the events cannot be distinguished by
eye.

Multiplicity of Muon Bundles
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The bundle multiplicity is the number of muons reaching the detector

volume and depends on the cosmic ray energy. The larger the CR energy,

the higher the multiplicity. However, even at high energies, single muons

can still reach the detector. This is shown in Figure 4.7 on the top, with

the CR energy in GeV and weighted with an atmospheric ux model

[97]. The signal recorded in the detector is charge, which is proportional

to the deposited energy. For a higher multiplicity the deposited charge [97): Gaisser (2012), “Spectrum of cosmic-
. . ray nucleons, kaon production, and the
increases. For charges above approximatelyl0* PE, the muons reach the atmospheric muon charge ratio'
detector mainly in bundles, as shown in the plot in Figure 4.7 on the

bottom. Below that charge threshold, it is impossible to discriminate

atmospheric muons from astrophysical neutrino events, as the signature

of a muon neutrino in the detector is also a single muon. In this thesis,

the goal is to separate single muons from bundles, rather than neutrino

events from atmospheric muons, as the primary objective is to reject

bundles.

Stochasticity

Stochasticity quanti es the uctuations in the muon energy loss pattern

along the track through the ice.

A single muon stochastically deposits varying amounts of energy along [56]: Group et al, (2022), "Review of Par-
its track, mainly via bremsstrahlung, pair production, and photonuclear ticle Physics'

interactions [56], which results in large uctuations in the energy loss

pattern along the track and, consequently, high stochasticity. For a muon

bundle, the individual losses add up, and uctuations average out,

resulting in smoother energy-loss patterns and lower values for the

stochasticity. For a single muon, the stochastic energy losses increase

with the energy, while in a bundle of the same total energy, the individual

muons have lower energies due to the multiplicity, leading to fewer

.uctuations. For increasing multiplicity in the bundle, the u_c_tugtions [98]: Abbasi et al. (2025), “Probing the
in the overall energy loss decrease. However, the stochasticity increases  pev region in the astrophysical neutrino

strongly with energy, even for high multiplicity bundles [98]. In Figure spectrum using  from the Southern

4.5, the e ect is also visible by eye. The bundle (left) shows a relatively sky’

continuous track, whereas the single muon (right) does not.

Lateral Distribution

Looking at the tracks in Figure 4.5 more closely, it can additionally be
observed that the track of the bundle (left) seems "thicker," meaning that
the lateral energy pro le is wider. A single muon deposits its energy
along a thin track, whereas a bundle has a lateral spread. This is illustrated
in the sketch in Figure 4.8, where the arrows represent passing muons
and the circles indicate DOMs. The light blue color indicates that the
DOM was not hit, while the colors red to green denote that the DOM
was hit, including the hit time, as explained above. On the left, multiple
muons in parallel, indicating a muon bundle passing the detector, are
shown, where more DOMs also record light, resulting in a wider lateral
distribution compared to a single muon shown on the right.
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Figure 4.8: Schematic sketch of a muon
bundle (left) and a single muon (right)
entering the detector to outline the lateral
distribution.

[99]: Nakos et al. (2025), "Enhancements
to the IceCube Extremely High Energy
Neutrino Selection using Graph & Trans-
former Based Neural Networks'

Figure 4.9: Energy deposit locations in
cylindrical coordinates of a simulated
muon bundle (top) and single muon
(bottom) in IceCube. The bundle clearly
shows a lateral spread compared to the
single muon.

The distribution of deposited energy for a simulated bundle and a
comparison with a simulated single muon produced in a neutrino
interaction are shown in Figure 4.9. It can be seen that the muon bundle
has a wider energy deposition pro le along its trajectory [99].

Residual Times

The residual time is referred to as the di erence between a photon's
arrival time at the DOM and the expected arrival time assumed without
scattering. Itis di erent for bundles and singles, showing a potential way
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to separate them [100]. The residual time for a simulated bundle (top) _ i o

and single (bottom) event is shown in Figure 4.10. A single muon shows ~ [100): Amin etal. (2025), ‘Classi cation
. . . of high energy muon bundles and single

a uniform time residual pattern close to the track, and delays at larger muons from the southern sky in lceCube

distances due to scattering. On the other hand, a muon bundle exhibits

early time residuals due to multiple muons passing, leading to a lateral

o set [100].

Figure 4.10: Time Residuals as a function
of the perpendicular distance from the
track to the DOM of a simulated muon
bundle (top) and single muon (bottom)
in IceCube. The bundle clearly shows
an o set compared to the muon pattern
close to the track.

4.3 Muon Bundles as Background Rejection
Challenge

The challenge of opening up IceCube's southern sky to detect ultra-high-
energy neutrinos taking into account the extensive atmospheric muon
background has been addressed in various ways over the years.

One strategy to achieve this is to use starting events, where the interaction
vertex must be located within the instrumented volume of the detector.
The outer layers of the DOMS are used as active vetoes. This allows to
discriminate between neutrino-induced events and atmospheric muons,
which leave a through-going track, which would be detected in these
outer layers. A key technique for accounting for the atmospheric neutrino
background is the so-called self-veto mechanism, which exploits the
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fact that atmospheric neutrinos are produced together with high-energy
muons in the same air shower. If a neutrino is detected in coincidence with
amuon, the event s likely of atmospheric origin rather than astrophysical.
This provides an e ective way to suppress the atmospheric neutrino
background above the horizon. This was rst proposed in 2009 [101]
regarding atmospheric neutrinos from the decays of charged pions and
kaons. The application, in a more general way, taking into account any
muon from the shower in combination with a starting track selection, is
known as the High Energy Starting Event (HESE) selection [102]. This
led to the rst observation of high-energy neutrinos in 2013 [1]. Although
the HESE selection has a high astrophysical purity, it has a relatively
small e ective volume. A strategy to retain a larger e ective volume is
to target high-energy through-going tracks, where muon bundles from
cosmic ray air showers dominate the ux. There are several approaches
to address muon bundles as a background rejection challenge. The rst
ux limitations for neutrino point sources in the southern sky in the PeV
range were derived by background suppression through energy-sensitive
cuts [103].

Another strategy was used for the event selection DPeV [98] for down-
going through-going high-energy tracks. It is based on two techniques to
reject bundles: the selection of tracks with a more stochastic energy loss
and the vetoing of events accompanied by air showers using the IceTop
detector.

Beyond traditional approaches, new methods for tackling this problem
have emerged with the advancement of machine learning techniques. The
work in [100] presents the idea of classifying atmospheric muon bundles
and single muons by analyzing the lateral and longitudinal characteristics,
speci cally the lateral spread, the stochasticity, and residual times, of
through-going tracks from the southern sky. For this, a Boosted Decision
Tree (BDT) was trained on simulated, well-reconstructed cosmic ray and
neutrino events. Single atmospheric muons are anirreducible background
in this approach. It is stated that the performance on the classi cation
task is strongly dependent on the training data and, therefore, on the
quality of the event reconstruction. However, it is also stated that the
method has the potential to improve over traditional cuts [100].
Compared to BDTs, deep learning architectures o er several advantages.
In [99], a Graph Neural Network is used for the classi cation of high-
energy muon bundles and neutrinos in order to enhance IceCube's
Extremely High Energy Neutrino (EHE) Selection without relying on
directional reconstruction. To account for single muons induced from
cosmic ray air showers, a cut is performed on the deposited charge.

The project in this thesis is similar to [99] and was developed simultane-
ously. It aims to classify muon bundles from single muons induced from
both neutrino events and cosmic ray interactions using a Graph Neural
Network, with the goal of rejecting bundles as e ciently as possible.
This can be viewed as the rst step in the pipeline, preceding further
processing to obtain a sample for point source analysis in the southern
sky. The method and results will be explained in detail in Chapter 6,
following the introduction of Deep Learning and Graph Neural Networks

in Chapter 5. Furthermore, the method will be compared to the BDT
performance in [100] in Chapter 7.



Graph Neural Networks

In this Chapter, an introduction to Graph Neural Networks (GNNS) is
provided by rst outlining the fundamental concepts of machine learning
(ML) and deep learning (DL), followed by a presentation of the open-
source Python framework GraphNeT, which is employed in this project.
Machine learning is a sub eld of arti cial intelligence (Al), while deep
learning constitutes a sub eld of ML. Within the domain of deep learning,
Graph Neural Networks represent a class of architectures speci cally
designed to process graph-structured data. A schematic overview of this
hierarchical relationship is illustrated in Figure 5.1.

5.1 Machine Learning Basics

Machine learning is a sub eld of Al that focuses on developing algo-
rithms that enable computers to learn from data and improve their
performance on speci ¢ tasks without being explicitly programmed. The
origins of ML date back to the 1950s, when early research by Arthur
Samuel introduced the concept of computers learning from experience
[104]. Since then, advances in computational power, data availability, and
algorithmic development have driven its rapid evolution and widespread
application across various elds. A formal and widely adopted de nition

of ML is provided by Mitchell [105]: "A computer program is said to learn
from experience E with respect to some class of tasks T and performance
measure P, if its performance at tasks in T, as measured by P, improves
with experience E."

Machine learning is an optimization process, where mathematical tech-
nigques are used to iteratively adjust a model's parameters in order to
improve its predictive performance. The general goal of machine learning
is to learn a model that maps inputs to outputs.In principle, ML can
be subdivided into four main categories depending on the nature of
the task and the learning method, namely, supervised, unsupervised,
semi-supervised, and reinforcement learning.

Supervised learning is de ned to be an ML method in which a model
learns from labeled data with the objective of generalizing well to unseen
data. In detail, this means that an algorithm is trained using the ground
truth and is re ned by reiterating the process until a desired accuracy is
achieved. The tasks are generally of two types: classi cation, in which
the model assigns discrete labels to the data, such as object classes,
and regression, in which it predicts continuous quantities, for example,
energy. In unsupervised learning, the model is trained on unlabeled
data to discover hidden patterns, structures, or relationships within the
data. Common tasks include dimensionality reduction and clustering
[106, 107]. Semi-supervised learning is a combination of supervised and
unsupervised learning where it is attempted to improve the performance
in one of the tasks using information generally associated with the other.
For example in a classi cation problem, unlabeled data points can be
used in addition to aid the process [108]. Reinforcement learning is

5.1 Machine Learning Basics . 31
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Figure 5.1: Hierarchical overview of Al
regarding ML, and DL.
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fundamentally di erent from the other methods. It is based on an agent
interacting with a dynamic environment, learning the behavior through
receiving feedback in the form of rewards and penalties [109]. Typical
applications are tasks in autonomous driving [110].

An overview of all categories is shown in Figure 5.2.

In this thesis, only supervised learning, or more speci cally, classi cation,
is relevant. Consequently, in the following, the principles are described
in the light of classi cation.

The training in ML generally follows an iterative optimization pipeline
with the goal of obtaining a better model after every iteration, also
referred to as an epoch. An optimization algorithm then utilizes the
resulting error to update the model parameters, thereby minimizing
the loss. These steps are then repeated multiple times until the model
converges to a minimum of the loss or other stopping criteria. To evaluate
the model's performance, the predictions on a dataset, also referred to as
test set the model hasn't seen, are analyzed [107].

5.2 Deep Learning and Graph Neural Networks

Traditional ML tasks often require manual feature extraction, and their
performance depends signi cantly on the data representation. Deep
learning, a sub eld of ML, provides a solution to this central problem
by automatically learning hierarchical feature representations directly
from raw data. A deep network with many layers and many units within

a layer can represent functions of high complexity [107, 111].

Arti cial Neural Networks (ANNSs), inspired by the functioning of biolog-

ical brains, form the foundation of DL and are built of basic computational
blocks called neurons, which was initiated by the idea of Rosenblatt
[112]. Deep Neural Networks (DNNs) are built of multiple layers of
neurons, where each layer transforms the output of the previous one
through weighted connections and nonlinear activation functions. The
most basic architecture is the multilayer perceptron (MLP), also known
as deep forward networks, which consists of multiple layers of neurons.
Forwarded in this case means that each neuron processes the input data
in a layer, and the resulting output is passed as input to the neurons
in the subsequent layer. This process is repeated for every neuron in
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each layer, allowing the data to ow through the network layer by layer,
where each layer transforms the data based on its learned weights and
activation functions. This procedure is also referred to as the forward
pass [107].

For a one-dimensional neuron, the output His computed by

H= F Gi 1° (5.1)

where a learned weight F and a learned bias 1 act on a one-dimensional
input Gand then a non-linear activation function  is applied [106, 107,
111]. For an n-dimensional input, this results in [111]:

H= 1 1Fg GPI 10
81

(5.2)

In Figure 5.3, a neuron within a DNN with a 5-dimensional input ( =
=b) is visualized. According to he Universal Approximation Theorem,
networks of a single su ciently wide hidden layer can approximate any
continuous function on a compact domain arbitrarily well [113, 114].
The activation function plays a central role, as the absence of would
result in a linear relationship between input and output, which in most
cases is not ideal [115].

Typical activation functions are depicted in Figure 5.4, including the
sigmoid function [116], which maps log-odds to a probability so that
values between 0 and 1 are obtained and is de ned by,

1
I = ———— o .
¢ 11 46 5-3)
The ReLU function [117, 118], de ned as
ReLU(x) = max0- G (5.4)

is often preferred over sigmoid [111]. However, using the ReLU function
can cause neurons to only have a zero output independent of the input,
referred to as the dying ReLU [119]. This is solved by a modi ed version,
namely, the LeakyReLU [120] de ned as

LeakyReLU(x) = maxt G-G (5.5)
where is a small positive constant. Aside from the ReLU and its
modi cations, the tanh function, a shifted sigmoid, is the most popular
and is de ned as

45 4G
tanh'@ = m' (5.6)

The optimal activation function depends on the task, and its impact
on the performance of Neural Networks remains a subject of research
[115].

An MLP is composed of multiple layers, each containing several neurons,
with the layers stacked sequentially to form the complete network. The
network is de ned by the depth , referred to as the number of layers 3g,
and the width # , which is the number of neurons =gin each layer. The
width of the input layer, =g, and the output layer, =3, are xed by the task,

Figure 5.3: Schematic lllustration of a
single Neuron of an Arti cial Neural
Network showing inputs G, weights F g,
bias 1, the activation function  and the
resulting output H
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Figure 5.4: Comparison of di erent acti-
vation functions.
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Figure 5.5: Schematic Illustration of a
Deep Neural Network with a depth of  #
= 6, which accepts a three-dimensional
input =g = 3 and outputs =3 = 2 predic-
tions.

[107]: Goodfellow et al. (2016),Deep Learn-
ing

[121]: Murphy (2012), Machine Learning:
A Probabilistic Perspective

whereas the depth of the total network and the width of the intermediate
layers, referred to as hidden layers, are variable hyperparameters [111].

In Figure 5.5, anetwork of depth # =6, which accepts athree-dimensional
input =g = 3 and outputs =3 = 2 predictions, as is the case for a binary
classi cation, is illustrated.

5.2.1 Training

For general ML tasks, training a Deep Neural Network involves an
optimization procedure aimed at obtaining a set of learnable parameters,
speci cally the weights and biases, that minimize the loss function.

Loss Functions

In supervised learning, the loss function measures the error of the model,
meaning how far a model's prediction are from the true labels. During the
training process, the network adjusts its parameters to minimize this loss,
guiding it toward better predictions. In classi cation tasks, the model's
output is a probability for a class, and setting a threshold determines
the decision for each prediction. A commonly used loss function for this
task is the cross-entropy loss (CE), also known as log loss. The CE loss is
computed by X

I 1H4P= Hslog Hs (5.7)

8

with Hbeing the true label and Hthe probabilities predicted by the model
for the class 8[107]. In the case of binary classi cation, the function
reduces to

! IH4+P= »Hlog Hit1 Hlogl HY (5.8)
called binary cross-entropy [107, 121].

In the following sections, the procedure to nd the best set of learnable
parameters to minimize the loss is outlined.
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Optimization

Training a Neural Network is an optimization problem with the goal to

obtain the best set of learnable parameters that minimize the loss function.

Since the loss is a function of the network parameters, optimization

proceeds by iteratively updating these parameters during training. To

this end, it is necessary to compute how changes in each parameter a ect

the loss. This is achieved using the backpropagation algorithm, which

computes the gradients of the loss with respect to the network parameters

by propagating the error backward through the network using the chain

rule of calculus [122]. [122]: Rumelhart et al. (1986), "Learning
A common optimization algorithm is Gradient Descent which minimizes representations by back-propagating er-
an objective function ' °parameterized by the model's parameters rors'

in the direction that reduces the loss based on the computed gradients

r 1 ©° The parameter update is given by:

= roto- (5.9)

where is the learning rate determining the step size to reach a minimum

[123]. Inits basic form, Gradient Descent uses the entire training datasetto ~ [123]: Ruder (2017)An overview of gradient
determine each update, which can be computationally expensive forlarge ~ 9eScent optimization algorithms
datasets. Stochastic Gradient Descent (SGD) [124] estimates the parameter [124]: Robbins etal. (1951), ‘A Stochastic
using small subsets of the training data, referred to as mini-batches at a Approximation Method

time. SGD can su er from convergence issues in optimization problems

rich in local minima [123] as each update depends on the gradient of a

particular batch. Therefore, modern techniques introduce modi cations

to the parameter update rule. While SGD uses a single global learning

rate for all parameters, adaptive optimization methods, such as Adam

[125], adjust the global learning rate for individual model parameters. [125]: Kingma et al. (2014), ‘Adam: A
This makes the optimization process less reliant on the global learning Method for Stochastic Optimizatior
rate. The parameters are updated via [125]:

<c

¢ c1 pm (5.10)
where &is a constant for avoiding division by zero and s the learning
rate. The variables < cand Ecare the biased-corrected rst and second mo-
mentum estimates of the gradients. The adaptive nature of Adam makes
the outcome of the optimization procedure less reliant on hand-picking
suitable initial conditions, such as global learning rate and moment decay.
The learning rate is a crucial hyperparameter that signi cantly impacts
the model's performance. However, the optimal learning rate is highly
dependent on the model, data, and task, and so impossible to "guess" or
determine from theory. A rst strategy using Adam is to test di erent
learning rates ( ), starting with = 10 2, as suggested in [125], and
vary around this value. An additional method is to use learning rate
schedulers, where is adjusted according to a speci c scheme. There
exist various schedulers, each following di erent adjustment schemes. A
commonly used one is the ReduceOnPlateau scheduler (implemented
in PyTorch [126]), which decreases the learning rate by a pre-de ned  [126]: Ansel et al. (2024), "PyTorch 2:
factor when the model does not improve for a pre-set number of epochs Faster Machine Learning Through Dy-

P p p ! namic Python Bytecode Transformation

allowing smaller steps towards the potential convergence minimum. and Graph Compilation’
Using a learning rate scheduler can increase convergence speed and,
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[127]: Wu et al. (2020),WNGrad: Learn the
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Figure 5.6: The train and validation loss
plotted as a function of the epoch. The
training loss (train loss), as well as the
validation loss (val loss), decreases as the
training epochs evolve. After epoch 8,
the validation loss increases, while the
training loss continues to decrease, in-
dicating potential over tting. The larger
the gap between those two, the more the
model is over tting.

in some cases, also improve accuracy [127]. Another hyperparameter
that in uences the optimization process, following training time and the
model's performance, is the batch size. In general, in DL tasks, smaller
batch sizes lead to a better generalization of the model due to the ran-
domness in smaller batches [128].

Summarized, the training typically consists of these four steps: Forward
Pass, Loss Computation, Backpropagation, and Optimization. The pro-
cedure is iterated until the model converges, which most often requires
several epochs.

Generalization

A central challenge in DL or generally in ML is the model's ability to
perform well on unseen data, which is referred to as generalization. The
bias is the deviation of the model from the true function, whereas the
variance quanti es how sensitive the model is to small uctuations in the
training set. In particular, this means that minimizing bias often leads to
an increased variance, and vice versa, manifesting as either over tting or
under tting. This is referred to the bias-variance tradeo [107].

In cases of high variance, the model learns very well during training and
not only captures the underlying pattern but also random uctuations,
resulting in excellent performance on the training set. However, the model
does not generalize well to unseen data. This phenomenon is referred to
as over tting. On the contrary, a high-bias model is under tting, as it is
too simple or insu ciently trained to capture the relevant patterns in the
dataset, resulting in poor performance on both the training and test sets
[107].

The foundation for achieving a robust and reliable model is the quality of
the training dataset, which should be a well-balanced, su ciently large
and of good quality.

However, several regularization techniques exist to mitigate over tting,
such as Early Stopping. For this method, the data is typically split into
three parts: training, testing, and validation sets. The training set is used
for the training, the validation set for evaluating the model during training,
and the test set for evaluating the model after the training. Monitoring
the evolution of training and validation losses during training provides
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an essential diagnostic tool for balancing model complexity and ensuring
proper generalization. Over tting is indicated by a low training loss
and a high validation loss, resulting in a signi cant gap between the
two. An example is shown in Figure 5.6. For under tting, the training
and the validation loss remain high. Early stopping prevents the model
from over tting by stopping the training if the validation loss has not
decreased for a pre-de ned number of epochs. The nal model, then, is
not necessarily the last one but the one with the lowest validation loss
[107].

5.2.2 Architectures

The choice of model architecture strongly depends on the underlying
task and the structure of the data. In DL, the architecture refers to the
overall structural design of a Neural Network, which maps the input
data to an output. It includes the types of layers used, their organization,
and the pattern of connections. Commonly used layers beyond the input
and output layers, include fully-connected, pooling, and convolutional
layers. In Figure 5.5, the layers are fully connected, where each neuron is
connected to each neuron in the following layer. Pooling layers reduce
spatial dimensions, and convolutional layers allow the network to detect
patterns by applying lters [107]. Architectures typically fall into distinct

DL paradigms, such as Convolutional Neural Networks (CNNs) [129] |[129]1_ Lecun ‘I*_tad'-(1Z98)v‘Gradie”t'ba$ed
and Graph Neural Networks (GNNS) [6]. In the following section, CNNs tie:::mng applied to document recogni-
and convolutional GNNs are described. [6]: Scarselli et al. (2009), “The graph neu-

ral network model'

Convolutional Neural Networks

CNNs are a specialized type of Neural Networks that consist of convolu-
tional layers for processing grid-like data, such as images. The convolution
involves a lter, also known as a kernel, with learnable parameters that

convolves a pixel with its neighboring pixels. In Figure 5.7, an example of
a convolution is illustrated. The kernel of size (m, n) takes a single pixel
as its source, where each neighboring pixel within (m, n) is processed
and then aggregated into a single output. This is done for every pixel,
resulting in a convoluted image [107].

Figure 5.7: Schematic illustration of the
concept of a convolutional operation
with a 3x3 kernel.
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nodes.
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Graph Neural Networks

GNNs are a class of Deep Neural Network architectures that act on
graph-structured data [130]. A graph is a mathematical object which
consists of a set+! © of nodes and a set * ©° of edges, where nodes
can be interpreted as points and edges are, by de nition, said to join
the nodes [131]. Abstract data structures, such as social networks, can be
represented as graphs where people are represented by nodes and the
edges show their relationship. An illustration of a simple graph can be
seen in Figure 5.8a on the left. The graph shown is undirected, meaning
that both nodes have edges that go from and to each other. In a directed
graph, the edges are drawn from one node to another.

Especially in deep learning, graphs have been proven to be ideally
suited to represent heterogeneous and non-Euclidean information [132],
as seen, for example, in neutrino interactions in the detector [133]. A
graph de nition commonly used is the k-nearest-Neighbor Graph (kNN),
where each node is connected to its k nearest neighbors [134, 135]. The
parameter k sets the number of neighbors each node is connected to.
Choosing a larger value of k leads to a denser graph, allowing each node
to incorporate information from a broader neighborhood and learn more
global structures. If k is chosen too small, the model may miss important
correlations. However, if k is too large, this can cause the washing out of
local patterns and is computationally expensive. Finding the optimal k is

a recent topic of research with di erent approaches, as discussed in the
work in [136]. To demonstrate the concept, a simple example for k =4 is
shown in Figure 5.8b with two highlighted nodes which are connected

to their 4 nearest neighbors via edges.

(b) Example of a kNN Graph with high-
lighted edges and nodes to illustrate to

illustrate the concept for a kNN graph
(a) Example for an undirected Graph. with k = 4.

The nodes and edges can be de ned individually according to the
task and the data at hand. Regarding a neutrino interaction, the nodes
can represent a Cherenkov pulse or a unique DOM where the pulse
information is summarized using percentiles. The distance between two
nodes can be quanti ed in several di erent ways using di erent metrics
[133].

The central idea of GNNs is similar to that of CNNs, namely a notion of
convolution. GNNs can be broadly categorized into spectral and spatial
approaches based on how convolution-like operations on graphs are
de ned. Spectral methods view graph convolution as a transformation
that operates globally on the graph structure [137]. Spatial methods de ne
convolution locally by aggregating information from a node's neighbors
and rely on the message-passing framework, where the representation of
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