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Abstract:

The IceCube Neutrino Observatory detects high-energy cosmic neutrinos by observing
Cherenkov radiation emitted from secondary particles, such as muons, that are produced
in neutrino interactions. A key challenge in detecting cosmic neutrinos is the large
background of cosmic-ray-induced muons from the atmosphere, which has to be reduced
by several orders of magnitude.

Thus, a large sample of background events has to be simulated in order to accurately
estimate the background reduction e LCciehcy. The computationally most expensive part
of the IceCube simulation chain is the propagation of Cherenkov photons.

In this work, a hybrid simulation approach is presented that combines traditional sim-
ulation methods with a machine learning model in the form of a boosted decision tree
classifier. Based on the energy loss information of each event of a given cosmic-ray-
induced muon sample, the classifier predicts the probability for each muon to remain in
the sample after the background reduction process. Events with a low chance of remain-
ing in the sample are excluded from photon propagation and further simulation steps.
This approach ensures that computational resources are better spent on statistically
rare events, which have a high chance of surviving the background reduction process.
Depending on the initial energy range of the muon sample, a computational gain factor
of up to 2.2+ 0.4 was obtained. As a consequence, more background events can be
simulated within the same amount of time. Therefore, employing such a classifier in
future simulations might reduce the statistical uncertainty of the estimated background
reduction e Lciehcy, without increasing the budget spent on simulation.






Table of Contents

1. Introduction 1
2. Theoretical Background 3
2.1. Neutrino AStronomy . . . . . . . . . . e e 3
2110 Neutrinos . . . ... 4
2.1.2. lIceCube Neutrino Observatory . ................. 5
2.1.3. Background Events of the IceCube Neutrino Observatory .. 8
2.2. lceCube Simulation . . . . ... . ... .. 10
2.3. Machine Learning . . . . . . . . . 0 i 13
2.3.1. Gradient Boosted Decision Trees . . ... ... ......... 13
2.3.2. Evaluation of Model Predictions . .. .............. 17
3. Development of a Classifier 21
3.1. Proof of Concept with Data of the ToyCube Simulation Tool . . . . .. 22
3.1.1. ToyCube Simulation Tool . .................... 22
3.1.2. Implementation of a BDT Regression Model . . ... ... .. 26
3.1.3. Hyperparameter Optimization of the BDT Regression Model 29
3.2. Training with IceCube SimulationData . . . . ... ............ 39
3.2.1. Optimization of the BDT Classifier. . . ............. 41
3.2.2. Comparison between BDTand RNN . . . . .. ... ...... 61

3.2.3. Investigation of the Classification Bias with Respect to Muon
Properties . . . . . . . . .. 63
4. Optimized Muon Simulations 66
4.1. Testing Framework for Optimized Muon Simulations based on Snakemake 66
4.2. E Lciehcy of Optimized Muon Simulations . . . ... ... ........ 70
4.2.1. Optimized Muon Simulations at di [erknt Muon Energies. . . 71

4.2.2. Investigation of Event Distributions with Respect to Muon
Properties . . . . . . . . . 80
5. Conclusion and Outlook 83
References 84
A. Appendix 88
A.l. Appendix - Development of a Classifier . . . . ... ... ......... 88
A.l.1l. Appendix - section 3.1.2 . . . . ... ... 88
A.1l.2. Appendix - section 3.1.3 . . . ... ... 90
A.1.3. Appendix - section 3.2 and section 3.2.1 . . . . ... . ... .. 94
A.2. Appendix - Optimized Muon Simulations . . . ... ............ 97
A.2.1. Appendix -section 4.1 ... .. ... ... ... .. 97

A.2.2. Appendix - section 4.2.1 . ... .. ... 98






1. Introduction

1. Introduction

The identi cation of ultra-high-energy cosmic ray sources and understanding the accelera-
tion processes of these particles are fundamental tasks in the eld of astroparticle physics.
However, locating potential sources based on measurements of cosmic rays is di cult.
Since cosmic rays are charged particles, they get de ected by magnetic elds along their
way to Earth. Fortunately, there are other messenger particles like neutrinos, which
are produced by hadronic interactions of cosmic rays with the medium at respective
acceleration sites. Due to their physical properties, neutrinos are unlikely to interact
with matter or elds along their way to Earth and point directly back to their sources.
Therefore, the detection of cosmic neutrinos is of great interest in astroparticle physics,
as it provides valuable information on distant astrophysical particle sources [20].

Detecting neutrinos on Earth involves several challenges. Due to the low interaction
probability of neutrinos with matter, huge detectors have to be built to detect cosmic
neutrinos in statistically signi cant numbers. An example of such a detector is the
IceCube Neutrino Observatory located at the South Pole. It has a volume of about

1km? deep within the ice, instrumented with 5160 digital optical modules (DOMs).
These modules detect Cherenkov light emitted by secondary charged particles like muons,
produced by neutrino interactions with nuclei in the ice. A challenge in detecting such
muons is the large background of cosmic-ray-induced muons from the atmosphere, which
has to be reduced by several orders of magnitude. During data analysis, this is done by
applying event Iters to obtain neutrino event samples with a reduced signal-to-noise
ratio. One of those is the medium-energy starting event (MESE) sample [21],[29].

The related background reduction e ciency and its uncertainty can be estimated based
on extensive simulations of the muon background of IceCube. In the current state
of the IceCube simulation, each background muon has to be fully simulated from its
generation up to the signal processing and application of event lters. This includes the
simulation of the Cherenkov photons induced by stochastic energy losses of the muon,
which is one of the computationally most expensive steps of the IceCube simulation
[10],[18],[32]. However, a large number of muons is removed by the event lIters in the
end. Therefore, a signi cant amount of computational resources is spent on photon
propagation unnecessarily.

This thesis aims to present a possible solution to this e ciency problem by introducing a
hybrid simulation approach that combines traditional simulation methods with a machine
learning model in the form of a boosted decision tree (BDT) classi er. Based on the
energy loss information of each muon event of a given simulation sample, the classi er
predicts the probability for each muon to remain in the sample after applying the MESE
event lter. Events with a low chance of remaining in the nal sample are excluded from
photon propagation and further simulation steps. With that, computational resources
can be saved. The results presented in this work show that, depending on the initial
energy range of the muon sample, a computational gain factor of up t@:2 0:4 can
be obtained using the hybrid simulation approach. Therefore, about twice as many
background events can be simulated within the same amount of time. Consequently, the
statistical uncertainty of the estimated background reduction e ciency might be reduced
by this simulation approach, without increasing the budget spent on simulation.
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In section 2, information on several topics related to this work is provided. A proof of
concept of the hybrid simulation approach can be found in section 3, along with the
results regarding the training and optimization of the BDT classi er. In section 4, a
testing framework for optimized muon simulations as described above is introduced, which
provides full access to the IceCube simulation parameters and was used to determine the
computational gain [19].
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This section provides information on di erent topics that are related to this thesis. Details
on neutrinos and how to detect them can be found in section 2.1, which is mainly based on
[20],[21]. Further information on the IceCube simulation is given in section 2.2, primarily
referring to [32]. In section 2.3, a brief overview of machine learning, boosted decision
trees, and tools to evaluate the performance of classi cation models is provided, mostly
based on [35],[42],[43].

2.1. Neutrino Astronomy

In the eld of astroparticle physics, di erent messenger particles are detected on Earth to
gather information on astrophysical objects. These patrticles include cosmic rays, which
are ionized nuclei, predominantly composed of protons (90%), alpha particles ( 9 %),
and heavier nuclei. Cosmic rays are accelerated to relativistic energies of up th0?°eV
(ultra-high-energy cosmic rays, UHECRSs). The fraction of UHECRSs is quite small, but
understanding how they reach such extreme energies is particularly interesting and a
fundamental question in cosmic ray physics [20].

Figure 1: Schematic path of di erent particles from their astrophysical source to Earth.
This image was adapted from [22].
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Potential sources of cosmic rays are, among others, supernova remnants (SNR), active
galactic nuclei (AGNs), and gamma-ray bursts (GRBs). Still, the origin and acceleration
mechanisms of cosmic rays are not yet fully understood. Since cosmic rays are charged
particles, they are de ected by magnetic elds along their path to Earth. This makes
the direct identi cation of their sources quite di cult. However, cosmic rays produce
secondary particles when they interact with the medium at their acceleration sites,
including highly energetic photons ( -rays) and neutrinos. Both are neutral particles
travelling along straight paths from their sources to Earth (see Figure 1). In contrast
to -rays, neutrinos are very unlikely to be absorbed along their way to Earth due
to their physical properties. This makes them particularly interesting for studying
distant astrophysical particle sources. Furthermore, they can only be produced through
hadronic processes. Therefore, observing them provides independent information on the
contribution of hadronic and electromagnetic processes to the -ray ux from the galactic
plane [20]. Further details on neutrinos and their detection on Earth are presented below.

2.1.1. Neutrinos

Neutrinos are elementary particles of the Standard Model of particle physics. Having
a spin of 1-2, they belong to the particle class of fermions. There are three di erent
neutrino avors, resulting in the electron neutrino ¢, the muon neutrino , and the

tau neutrino . The corresponding charged leptons are the electroe , the muon

and the tauon . Together, they form the three lepton pairs of the Standard Model.
Neutrinos can couple to the chargedW and the neutral Z° gauge bosons, resulting in
charged and neutral current interaction vertices (see Figure 2) [20].

o~ g

W z°.

Figure 2: Examples of interaction vertices for neutrinos of avour |. Left: Charged
current interaction. Right: Neutral current interaction.

Since neutrinos are leptons with no electrical charge, they only interact via the weak
interaction. Due to their low cross section, their interaction probability with matter is
quite small. Therefore, they can travel from their astrophysical source to Earth without
being de ected or absorbed. On the other hand, this makes detecting neutrinos quite
challenging (see section 2.1.2) [20].

The standard production scenario of high-energy neutrinos at astrophysical sources
like AGNs is the decay of charged pions. When UHECRSs interact with the background
radiation at the acceleration site, neutronsn and positively charged pions  are produced
[20]:

p D n (2.2)
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The pions decay into positively charged muons and muon neutrinos . Since muons
are also unstable, they further decay into positronse , electron neutrinos ¢, and muon
antineutrinos  [20]:

n b n b n e e (2.2)

This results in a neutrino ux composition of about 9 e

the source [20].

0~ , O~
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In the Standard Model, neutrinos are assumed to be massless. However, it was observed

that neutrinos can change their avor while they propagate. This e ect is called neutrino

oscillation and can be described by introducing a nonzero neutrino rest mass [20]. Recent

measurements by the KATRIN experiment put an upper limit of m @0:45eV (90% CL)

to the neutrino mass [23]. Due to neutrino oscillations, the neutrino ux compaosition

at Earth, originating from the standard case of charged pion decay, is approximately
0 0 0~ « 1 1 1. The ux composition is expected to di er from the

genericl 1 1 case, depending on the production mechanism at the source (see [20] for

more details). Therefore, being able to di erentiate neutrinos by their avor in detectors

is important to obtain information in this regard.

e. L[]

2.1.2. IceCube Neutrino Observatory

Due to the weak interaction of neutrinos with matter, huge detectors have to be built to
detect statistically signi cant numbers of cosmic neutrinos [21]. One example of such a
detector is the IceCube Neutrino Observatory located at the South Pole, which has a
detector volume of about 1km?® (see Figure 3). IceCube consists 086 cables called
strings, that were deployed deep into the ice. Each of the strings is equipped with 60
Digital Optical Modules (DOMSs), evenly distributed along the strings at a depth of
1450m 2450m [20],[21]. Each DOM consists of a glass sphere containing E0-inch
photomultiplier tube (PMT) and some electronics for signal processing [21]. PMTs are
light detection devices that convert incident photons into an analogue voltage signal
based on the photoelectric e ect [39].

The detection principle of IceCube relies on the measurement of Cherenkov radiation.
This kind of light is emitted if charged particles propagate through a medium faster than
the speed of light in the medium [21]. The setup described above enables the indirect
detection of neutrinos by measuring the Cherenkov light emitted from secondary charged
particles produced in neutrino interactions with the ice. Depending on the neutrino avor
and the particle interaction, di erent light patterns can be observed in the detector [21].
High-energy neutrinos typically interact via deep inelastic scattering with nucleons of the
ice. In more detail, the incoming neutrino interacts with quarks of a target nucleus via
the exchange of aw or Z° boson. In both cases, the hit nucleus is split into fragments,
typically resulting in a hadronic particle shower. Secondary charged particles of such
a shower emit Cherenkov light in a spherical pattern referred to as "cascade" (see left
plot of Figure 4) [21]. As illustrated in Figure 2, a charged lepton is produced in charged
current interactions, carrying about 80 % of the initial neutrino energy [20]. In the case
of a produced electron, the hadronic cascade of nuclear fragments is superimposed by
the electromagnetic cascade induced by the rapid scattering of the electron in ice [21].
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Figure 3: Schematic view of the IceCube Neutrino Observatory. A detector volume
of 1km? was instrumented with 5160 Digital Optical Modules (DOMs). A
total of 86 strings with 60 DOMs per string was deployed into the ice at a
depth of 1450m 2450m. This image was adapted from [24].

A similar light pattern is observed for the charged current interaction of a . Since the
resulting decays quite fast, this also leads to a particle cascade [21]. Depending on the
energy of the , the position of the  and the decay can be spatially distinct, showing

a "double bang signature" of two separate cascades [20]. A very di erent kind of light
pattern is observed for the charged current interaction of a , resulting in the production

of a . The muon is a long-lived particle that can travel relatively long distances through
the detector before it decays [21]. The resulting light pattern is referred to as "track”
(see right plot of Figure 4). Muons lose their energy by ionization, bremsstrahlung, pair
production, and photo-nuclear interactions [21]. Above 1TeV, the Cherenkov light
emission of muons in ice is dominated by charged particles produced in stochastic energy
losses along the track, including bremsstrahlung, pair production, and photo-nuclear
interactions [36]. These stochastic energy losses play an important role in this thesis, as
explained in the ongoing sections.

Generally, the neutrino energy can be estimated from the detected amount of Cherenkov
photons. This estimate is more accurate for cascades. There, the measured number of
photons is proportional to the neutrino energy transferred to the cascade, which can be
completely contained in the detector volume [21].



2. Theoretical Background

Figure 4: Signals of neutrino events as observed by the IceCube detector. White dots
correspond to DOMs without a signal. The colour encodes the arrival time
of the light signal (red - early, purple - late), while the size of the coloured
DOMs indicates the number of detected photons.Left: Cascade-like event
as observed for interactions of ¢ and . Left: Track-like event as observed
for interactions of . This image was adapted from [21].

For tracks, this is not necessarily the case, which makes the energy reconstruction of
less precise. On the other hand, the direction of the initial neutrino can be reconstructed
more accurately for , due to the related light pattern [21].

Since its completion of construction in2011, the lceCube Neutrino Observatory has made
several discoveries. Some of the most prominent ones are listed below. 2913 of a
ux of cosmic neutrinos with energies in the range of30TeV 1:2PeV was observed [25].
Furthermore, two AGNs were identi ed as point sources of astrophysical neutrinos: TXS
0506+056 in 2018 and NGC 1068 in 2022 [26],[27]. Another recent achievement was the
discovery of a di use neutrino ux from the galactic plane in 2023 [28].
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2.1.3. Background Events of the IceCube Neutrino Observatory

The IceCube Neutrino Observatory naturally has a large background of neutrinos and
muons produced in extensive air showers that are induced by cosmic rays hitting the
Earth's atmosphere (see Figure 5). Track-like events as generated by muons induced
by cosmic neutrinos, also occur for atmospheric muons and muons originating from
interactions of atmospheric neutrinos with the ice [21]. The recorded event rate of
IceCube is about 3kHz, which is dominated by atmospheric muons [37]. Only one
event in a million is a neutrino, resulting in a neutrino event rate of about 10°~year
[37]. A majority of these are atmospheric neutrinos, resulting in an actual signal of a
few hundred astrophysical neutrinos per year [37]. From data analysis, only about 10
neutrinos per year are identi ed as astrophysical neutrinos with high con dence [37].
This shows the importance of an e cient background reduction for IceCube, which can be
achieved in di erent ways. One possible approach is to use the Earth as a natural shield
against atmospheric muons. This limits the observation of cosmic neutrinos to up-going
events from the Northern sky. The remaining background of atmospheric neutrinos
can be distinguished from the signal based on the measured energy spectrum, since the
atmospheric neutrino ux is expected to be relatively small above 300TeV [21].

For all sky observations, a di erent method can be used to distinguish cosmic neutrinos
from the background. In this method, one tries to identify high-energy neutrinos that
interacted inside the detector volume. These events are called high-energy starting events
(HESE) [21].

Figure 5: lllustration of the background of the IceCube Neutrino Observatory. Blue
dashed arrows indicate neutrinos, which are either produced in the atmo-
sphere (background) or by astrophysical sources (signal). Solid blue lines
denote muons. The atmospheric muon background is suppressed for up-going
events since the Earth acts as a shield. This image was adapted from [21].
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The HESE event sample is generated by introducing a veto region that is excluded from a
ducial volume within the detector (see Figure 6). If an event induces a signal in the veto
region with a signal strength above a certain threshold, it is excluded from the HESE
sample. By selecting only high-energy events with an initial interaction vertex observed
inside the ducial volume, the atmospheric muon background can be suppressed for the
whole sky, since an atmospheric muon would also induce a signi cant signal in the veto
region [21],[30]. Furthermore, the background of atmospheric neutrinos is reduced for
the southern sky, since these events are generally accompanied by atmospheric muons
from the same air shower (self-veto e ect) [29],[46]. Further details on the HESE sample
can be found in [30].

Figure 6: Schematic view of the IceCube veto region used to de ne the HESE event
sample. Top: Top view of the IceCube detector array, indicating the strings
completely belonging to the veto region (red) and the strings including at
least one non-veto DOM (blue). Bottom: Corresponding side view, indicat-
ing the DOMs of the veto region (red), and the DOMs of the ducial volume
(blue). This image was adapted from [30].
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An extension of the HESE sample to lower energies is the sample of medium-energy
starting events (MESE). Compared to the HESE sample, further event selections based on
consecutive selection levels are applied to generate the MESE sample. This also includes
an event classi cation into cascades and tracks using a neural network. Overall, this
leads to an increase in the event statistics towards lower energies (L TeV). The rate of
atmospheric muons at the nal event selection level of the MESE sample is reduced by ten
orders of magnitude compared to the initial sample, improving the signal-to-noise ratio
[29],[31] Based on simulations, one can determine the ratio of background events that
are left in the MESE sample and background events that were excluded. The resulting
background reduction e ciency and its associated uncertainty are crucial parameters to
quantify how e ectively background events are lItered out during data processing. A
large number of background events have to be simulated to accurately estimate these
guantities. More details on the IceCube simulation are provided in the following section.

2.2. IceCube Simulation

Neutrino detection and background processes in IceCube can be modeled using Monte
Carlo simulations, which are essential for interpreting the measured signal of the IceCube
detector and event reconstruction. As illustrated in Figure 7, the IceCube simulation can
be understood as a consecutive execution (simulation chain) of di erent simulation steps.
This includes all processes from the simulation of di erent particles arriving on Earth,
including whole cosmic ray induced air showers, up to the simulation of the detector
electronics. Furthermore, all levels of data processing used in the analysis of real data
can be applied equivalently to the simulated data [32].

The code of the IceCube simulation is implemented within the simulation framework
IceTray, which is mainly based on C++ and Python [17]. IceTray provides a modular
structure, enabling the construction of large simulation chains by linking consecutive
simulation steps through the input and output les of their corresponding scripts. In this
thesis, this modular system was used to de ne a simulation chain speci cally designed
for testing optimized muon simulations (see section 4.1). The corresponding simulation
steps are described below.

MuonGun:

MuonGun is the IceCube implementation of the simulation tool MUPAGE [33]. As one
of the available software modules for particle generation (see red box in Figure 7), it can
be used to generate and parametrize a ux of muons under the ice [32]. More speci cally,
muons are injected on a cylinder surface surrounding the IceCube detector array. The
spectrum of the muon energyE is modeled by a power law@E "E  Eqgt ¢ (see
MuonGun/private/MuonGun/EnergyDistribution.cxx in [17]) where E¢s is an adjustable
energy o set and the spectral index. The corresponding energy range and value of
de ning the muon ux can be freely adjusted along with other parameters regarding the
detector geometry and the surrounding ice [17].

Applying the selection cuts to obtain the MESE sample is referred to as applying the MESE event lter
in this thesis.

10
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Figure 7: Scheme of di erent parts of the IceCube simulation chain. Generation,
propagation, and interaction of di erent particles, as well as the detector
simulation, are performed based on di erent simulation steps. The ones
relevant in the context of this thesis are explained in the text. This image
was adapted from [32].

CORSIKA:

Another software module for particle generation used in the IceCube simulation is COR-
SIKA, which is a program originally developed at the Karlsruhe Institute of Technology
(KIT) [34]. It is used for simulations of cosmic ray induced air showers. This involves
the propagation and decay of various particles and their hadronic and electromagnetic
interactions with nuclei of the atmosphere [32].

Polyplopia:

Polyplopia is a module of the IceCube simulation that can be used to create coincident
events, which refers to events that are detected within a certain time window t. In the
context of this thesis, it is used together with MuonGun and CORSIKA. Primary muon
events generated by MuonGun are combined with coincident background events from the
CORSIKA air showers by sampling from a Poisson distribution with respect to the time
window t [32].

11
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Muon Propagation (PROPOSAL):

The in ice propagation of charged leptons generated by MuonGun and CORSIKA is based
on the PROPOSAL simulation tool [5]. This includes the simulation of stochastic energy
losses, as described in section 2.1.2 in the context of muon tracks in ice. Furthermore,
particle decays are simulated [32].

Photon Propagation (CLSim):

The in ice propagation of Cherenkov photons, induced by charged particles generated in
previous simulation steps, is simulated with a tool called CLSim. In this thesis, CLSim
was used in combination with the SnowStorm modulé? SnowStrom can be used to
continuously perturb the ice model used for photon propagation. This is useful for
studies of the systematic uncertainties of IceCube. In contrast to the aforementioned
simulation steps, photon propagation is run almost exclusively on GPUs [32]. It is one
of the computationally most expensive parts of the IceCube simulation (see average
computation time of photon propagation for muon simulation datasets used in the context
of this thesis [10],[18]).

Detector Simulation:

The modeling of the PMT response and DOM electronics is based on the DOMLauncher
module of the IceCube simulation. The overall detector simulation further includes the
generation of random noise induced thermally and by radioactive decays in the DOM
glass, using the software tool Vuvuzela. Additionally, di erent detector triggers are
simulated to accurately model the data acquisition [32].

Filter Level 1 and 2:

Data processing steps used in the analysis of real data can be applied equivalently to
the simulated data, after simulating the detector response. In this work, Iter level

1 and 2 were used, which are Iter stages that process the simulated data, based on
the corresponding IceTray scripts listed in Table 20. This includes the event selections
applied for the MESE sample mentioned in section 2.1.3 [17],[32].

The simulation steps described above represent only a part of the simulation capabilities
available in the IceTray software framework. This demonstrates the versatility of the
IceCube simulation. On the other hand, extensive simulations for estimating quantities like
the background reduction e ciency require a lot of computational resources. According to
the computing report 2025, IceCube spent about 2:4Mhours on total GPU computing
during the previous year [40]. Assuming a reasonable cost of 0:30cts~-GPU-hour
yields an estimated budget of 7:2 10°$~year dedicated to GPU computation. As
mentioned previously, photon propagation is one of the computationally most expensive
simulation steps and relies mostly on GPU computing. As a consequence, it contributes
signi cantly to this cost. Therefore, reducing the computational resources required for

The photon propagation of the testing framework introduced in section 4.1 is based on SnowStorm.
However, the systematic perturbations were de ned by a delta distribution. Therefore, the functionality
of SnowStorm was not used in the context of this thesis e ectively.

12



2. Theoretical Background

muon background simulations with respect to photon propagation is a main motivation
of this thesis.

2.3. Machine Learning

In general, machine learning is a scienti ¢ discipline focused on developing algorithms
that enable computers to evolve certain behaviours based on (training) data [35]. A
resulting machine learning model can be understood as a mathematical mapping from
an input space X to an output spaceY, learned from the data [38]. A subcategory of
machine learning is supervised learning. There, the data consists of pairs of elements
“x >X;y >Ye, and the goal is to develop (train) a predictive modely F“xe. This

is achieved by minimizing the expected value of a loss functioh."y; F "xee, which is a
measure of the disagreement between the true and predicted values of the elementsYn
[35]. Two major tasks of supervised learning are regression and classi cation. A model
that makes predictions on an output space consisting of categorical values is referred to
as a classier. If the output space consists of continuous values, one speaks of a regressor
[38]. The underlying model can be based on a variety of algorithms. In this thesis,
boosted decision tree (BDT) models were trained for classi cation and regression tasks.
The corresponding algorithm is referred to as gradient boosting, which is explained in
section 2.3.1 below.

2.3.1. Gradient Boosted Decision Trees

The BDT models trained in this thesis are based on the software o&cikit-learn (v.1.5.2)
[1],[8],[9]. According to the references of section 1.11.1.2. in theeikit-learn user guide [41],
the fundamental gradient boosted decision tree algorithms implemented byscikit-learn
are closely related to the work of J.H. Friedman. Therefore, this section aims to convey
a general understanding of the gradient boosting algorithm based on [42],[43]. Before
going into detail on that, the concept of decision trees is introduced.

Decision Trees:

A decision tree is an example of a supervised learning model. It is based on the
partitioning of the input space X into disjoint regions by building a tree-like structure
using consecutive binary decisions. The data regions resulting from the binary decisions
are referred to as nodes. An example of a single binary decision is splitting the elements
x of a one-dimensional input spacexX into two regionsL = X and R X, which are below
and above a reference valugs >X [35]:

X @s x>L (2.3)
XCxs x>R (2.4)

Starting with a root node that includes all elements of the input data sample (training
data), the decision tree is grown up to a certain level of consecutive binary decisions
referred to as tree depth. The nal nodes of the tree are called leaf nodes or leaves and
de ne the nal partitions of the input space [35].

13
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A tree is grown until a certain stopping criterion is reached. Examples for stopping

criteria of splitting individual nodes are reaching a maximum tree depth or reaching the

minimum number of samples included in a node. Further details on stopping rules can
be found in [35]. The optimal splitting of a node is learned by the model, based on an
impurity function. An example of such a function is the Gini diversity index [35]:

‘P 1 p? & (2.5)

Assuming a classi cation problem as an example, where each element of the input data
corresponds to one of the two classe& or B, p and g can be interpreted as posterior
probabilities P"A$ and P"B $+ of a sample to belong to clas#\ or B with respect to
nodet. The probability of a sample to belong to the nodet is given by P te [35]:

P A% Na-N; (2.6)
P'B$ Ng-N; 2.7)
P te NN (2.8)

Here N is the total number of training samples, N; is the number of samples included in
nodet, and N and Ng are the respective numbers of samples of the node belonging to
classA or B. Based on these de nitions, a minimal impurity is reached if a node only
contains samples belonging to a single class. Referring to the example from above, the
optimal splitting of a node can be found by maximizing the impurity gain | over all
possible values ofxs and all elements of the training sample. The impurity gain with
respect to the parent nodety can be de ned by the following expression [35]:

I 1"tee ["tee |'tge (2.9)

Herel"te P“te "p; g% is the weighted node impurity. The overall partitioning of the
input space is optimized by growing the whole tree with an algorithm based on this
mechanism. The predictiony of a trained decision tree classi er for a given inputx is
the class with the highest posterior probability with respect to the leaf node into which
the sample is sorted. Further details on decision trees can be found in [35].

Gradient Boosting:

The fundamental gradient boosting algorithm, as presented by J.H. Friedman can be
explained by considering a general supervised learning problem of nding a function
F**xe that maps a set of input variablesx “Xx1;:::;Xn*, also referred to as input vector
in this thesis, to an respective output (target) y. For a given training set ~yi;Xi-iNl of
known pairs "y; xe, this function is generally de ned by the minimization of the expected
value Ey:x of a loss functionL"y; F"xee [42]:

FHxe arg min ByxL"y; F"xee (2.10)
X.

The goal of the gradient boosting algorithm is to construct a larger regression model
consisting of multiple simple functions h™x;as with parameters a ~a;;ap;:::*, referred
to as "weak"- or "base learners", which are added together in an iterative process [42],[43].
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With that, the function F*"xe is approximated by an additive expansion after M
(boosting) iterations [42]:
M
F'xe Q mh'x;ame (2.11)
m 0
Starting with an initial guess Fg"xe, the approximation of F~xe is updated based on the
following rule [42]:
Fmn™xe Fm 1"Xe mh™X; am* (2.12)

In each iteration m the parametersa,, are determined by tting h”x;ae by least squares
to the "pseudo"-residualsyim based on the training set™y;;x;+N; and the parameter
[42]:

N
am argminQ "Yim h “X;; a2 (2.13)
D1

@Lyi; F Xjee

(2.14)
@Fxi* F xe Fm 17Xxe

Yim

The "pseudo"-residuals are de ned by the negative gradient of the loss function, which
is why the algorithm is referred to as gradient boosting [42],[43]. The obtained weak
learner h™x; ame is then used to nd the optimal value of the expansion coe cient |, of
the current boosting iteration m by minimizing the loss function [42]:

N
m argminQ L7Yi;Fm 1"Xi*  h Xj;ame* (2.15)
i1

The resulting algorithm is quite general. It can be combined with a variety of weak
learnersh”™x;ae and arbitrary di erential loss functions L"y;F"xee for classi cation or
regression tasks [42],[43]. One example is given below to further illustrate the concept of
gradient boosting.

Gradient Boosted Decision Tree Regressor:

One possible choice of a weak learner is a decision tree regressor, which partitions the input
space intoJ disjoint regions ~ Rjm -jJ ;1 and predicts a separate constant value for each of
them given by the mean of the corresponding "pseudo”-residualgm meany; g, ~Yim*
[42]:

J

WX "Rjm*) 1* Q Yim 1I'X >Rjm* (2.16)

j 1
The function 1"x >Ry, * yields 1 if x >R;, else it yields 0. Based on this base learner,
Equation 2.12 can be rewritten with the expansion coe cients j, of the j " leaf node
at the m" boosting iteration [42],[43]:

FmAX. Fm 1AX. Jm lAX >RJm b (217)

The parameter 0 @ B 1 is introduced to control how much each boosting iteration
contributes to the overall model. It is referred to as the learning rate. If the absolute
error is used as a loss functiorL"y;F"xe § F“x*S one nds that the expansion
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2. Theoretical Background

coe cients are equal to the median of the actual residuals in the " leaf node at
the mth boosting iteration jn  median sk, "Yi Fm 1"Xis [43]. A corresponding
gradient boosted decision tree regression model using this loss function is illustrated in
Figure 8 for di erent settings of the number of boosting iterations M. For that, the
GradientBoostingRegressor() class ofscikit-learn (v1.5.2) was used [44]. The learning rate
was setto  0:1 and the maximum tree depth per boosting iteration was con gured
with a value of 2. The model was trained on data generated by adding random noise
to a sine function. One can see that the model converges against this function with a
rising number of boosting iterations. In this example with one-dimensional input data,
training a BDT is visually equivalent to tting an extensive step function to the data.
The e ect of the maximum tree depth can also be observed in Figure 8 by the black
curve corresponding to a single boosting iteration. At the maximum tree depth of2, the
decision tree can have up to four leaf nodes. Therefore, the black curve shows four "steps"
after adding one of these trees to the overall model.

Figure 8: Results of a trained regression model based on th@radientBoostingRegres-
sor() class ofscikit-learn (v1.5.2) [44]. The training data (blue dots) was
generated by adding random noise to a sine function (red dashed line). The
model was trained for three di erent settings of the number of boosting itera-
tions. Solid lines of di erent colours show the corresponding approximations
of sin"xe.

In the context of this thesis, slightly more advanced BDT models were applied to high-
dimensional input spaces (see section 3) [8],[9]. However, at the core, they are based on
the same algorithm as explained above. Therefore, they share the same parameters, which
were mentioned throughout this section, including the learning rate and the maximum
tree depth. These kinds of external model parameters are referred to as hyperparameters.
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2.3.2. Evaluation of Model Predictions

This section explains the main tools and concepts used to evaluate the model predictions
throughout section 3 and section 4.

Data Splitting and Model Validation Concepts:

In Figure 8, one can see that the trained BDT regressor approximates the underlying
sine function of the training data with rising model complexity. However, the training
data carries additional noise on top of the underlying sine function. Therefore, it is
unavoidable that the BDT learns to model the noise component to some extent during the
training process. A complex BDT might approximate this noise quite well, which results
in a high prediction accuracy with respect to the training data. On the other hand, this
leads to lower prediction accuracy on general data based on the same distribution around
the respective predicted function, but with a di erent random noise component. This
e ect of over- tting the training data is called overtraining [35]. To estimate the model
performance independent of this e ect, it is common practice to split the training data
into a training set, only used for training, and a separate test set, only used for evaluating
the model. A possible measure for the nal accuracy of the model after training is the
(test) loss obtained for the test set based on the respective loss functioh™y; F"xes used
during training [35]. In this thesis, the loss is referred to as training loss or test loss,
depending on which dataset is used to calculate it.

Having a xed split of training and test data might also introduce a bias for the model
evaluation, especially for smaller datasets. A method to estimate the uncertainty of the
used measure for the prediction accuracy, depending on the applied split of training and
test data, is cross-validation. Cross-validation works by splitting the data into k disjoint
subsets (folds). Training is performed based on the fractionl 1-ke of the data, while
testing is based on the remainingl~k fraction. By repeating the training and testing
process fork realizations of these fractions based on the disjoint folds, one can determine
the average of the prediction accuracy measure and its related uncertainty [35].

In this work, a separate validation set is split from the training data in addition to the
test set. This dataset is used to evaluate the early stopping algorithm of the used BDT
models [8],[9]. The validation loss is calculated after each boosting iteration of the related
gradient boosting algorithm. At rst, this loss is minimized, similar to the training loss.
With a rising number of boosting iterations, the BDT model possibly starts to overtrain,
which leads to an increase in the validation loss. Early stopping means that the gradient
boosting algorithm is aborted as soon as a signi cant increase in the validation loss is
observed during training. This prevents the BDT model from over- tting to the training
data.

Binary Classi cation Methods:

The BDT classi er trained and optimized as shown in section 3.2.1 is used to sort
simulated muon events of the IceCube Neutrino Observatory into two classes referred

17
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to as the positive class and the negative class throughout this worR. Therefore, the

elements of the input data of the BDT are often called events. The BDT classi er predicts

the probability for a muon event to belong to the positive class. Based on this probability

obtained for each muon event, a binary classi cation can be performed based on di erent
methods. In this work, two di erent methods are used, which are explained below.

The predictions of the BDT classi er result in a certain distribution within the output
space given by the interval 0;1 . One possible approach for a binary classi cation is to
de ne a probability threshold that divides the predicted probability distribution into two
sections. Elements of the input space (muon events) with a corresponding prediction
above this threshold are considered apositive events. This classi cation can betrue or
false depending on whether the event actually belongs to the positive class. The same
holds for elements of the input space with a prediction below the threshold, which are
considered amegative events. Again, the classi cation can betrue or false depending on
whether the event actually belongs to the negative class. This results in four prediction
categories:true positive (TP), false positive (FP), true negative (TN), and false negative
(FN) [35]. The probability threshold is typically set at a xed value that minimizes the
number of false predictions. Based on the number of events in each category, several
guantities for measuring the performance of the classi er can be de ned (see later in this
section).

A second approach to separate elements of the input space into two classes is using a
rejection sampling method. In contrast to the aforementioned xed-threshold approach,
this method allows for dynamic event classi cation based directly on the predicted
probabilities. In the context of this thesis, it is de ned as follows. Each elementi of
the input sample has a predicted probability p; and a corresponding weightw; 1
assigned to it. If p; is smaller than a minimum accepted probability of pmin ~ 0:1% it is
rede ned to be equal to this probability "pi pmin *. This is done to avoid overly large
weights for predictions very close to zero. An eveni is classi ed as accepted (positive)
or rejected (negative) by comparingp; to a random number nyang;i Within the interval
0;1:

Nrand;i @D eventi is accepted (positive) (2.18)
Nrand:i CPi eventi is rejected (negative) (2.19)

Consequently, events with a probability p; 1 are most probably classi ed as positive,
while events with p; 0 are most probably classi ed as negative. The advantage of
this approach is that one does not have to search for an optimal probability threshold
that minimizes the number of false predictions. On the other hand, this approach
reduces transparency regarding whether a given prediction igrue or false, due to
the probability-based sampling. The accepted (positive) event sample obtained by this
approach is weighted based on the weightsv;. The e ective sample sizeNgit B n
equivalent to an unweighted sample is given by the following formula, wheren is the
number of positive events obtained by the rejection sampling [45]:

n 2 n
Ne @ w' €@ w* (2.20)
il il

The actual meaning of these classes in the context of this work is explained along with the results
presented in ongoing sections (see Table 3).
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Measures of Classi er Performance:

Related to the prediction categories of the xed-threshold approach, several quantities
can be de ned, which help to measure the classi er's performance. The value of each of
these quantities depends on the applied probability threshold [35]:

TN TP
accuracy N (2.22)
error rate FNN—FP (2.22)
FP TP
Rpos N (2.23)
FN TN
Rneg N (2.24)
FPR _FP_ (2.25)
TN FP
TP
TPR — (2.26)
TP FN
FNR _FN (2.27)
TP FN

These quantities are typically determined with respect to the test set. The total number
of events in the test set is given byN . The variables TP, FP, TN, and FN are the number
of events in the respective prediction category. The accuracy is the fraction of events
with a true prediction independent of the class. The error rate is the inverse of the
accuracy and de nes the fraction of events with afalse prediction. A high accuracy (low
error rate) is an indicator of a well-performing classi er. The rates Rpos and Rpeg are the
fractions of events classi ed as positive or negative, respectively, independent of whether
the predictions are correct or not. Rpeg is used as a metric during the optimization
of the BDT classi er as presented in section 3.2.1. Further information in this regard
can be found at the beginning of section 3.2. Thdalse positive rate FPR and the
true positive rate TPR are used to de ne the Receiver Operating Characteristic (ROC)
curve (see Figure 9), which is given by plotting TPR against FPR for di erent values
of the applied probability threshold [35].# The shape of the ROC curve is a qualitative
measure of the classi er's performance. The closer the curve is to the upper left corner
of the plot, the better the underlying model. If the predictions of the model are random,
as for a coin toss, the ROC curve is equal to the angle bisector of the plot (see "no skill"
line in Figure 9). In that way, the performance of di erent models can be compared,
which is useful for optimizing hyperparameters (see section 3.2.1). A quanti cation can
be achieved by calculating the area under the ROC curve BAUC B1). The larger this
area is, the better the underlying model [35]. In this thesis, a variation of the ROC curve
is used, where thefalse negative rate FNR is plotted against FPR, referred to as the
FNR-FPR curve. SinceFNR 1 TPR, the area under the FNR-FPR curve has to be

Note that the values of TP, FP, TN, and FN are often normalized by N and therefore referred to as
normalized rates in this thesis. They should not be confused with the false positive rate FPR, the
true positive rate  TPR, or the false neagtive rate FNR.
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minimized for an optimal model, and the curve itself has to converge to the lower left
corner of the plot instead. The "no skill"-line goes from the upper left to the lower right
corner for the FNR-FPR curve.

Figure 9: Example of a ROC curve (TPR against FPR) of a binary classi er. The red
dot corresponds to a probability threshold of 0:35 applied to the underlying
probability distribution. The orange dotted line marks the expected ROC
curve of a model with random predictions corresponding to a fair coin toss.
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3. Development of a Classi er

The IceCube simulation, as described in section 2.2, is a crucial tool for modelling the
signal and background processes for the IceCube Neutrino Observatory. As was pointed
out in section 2.1.3, the background reduction e ciency is an important parameter that
has to be estimated to quantify how e ectively background events, like cosmic-ray induced
muons, are ltered out during data processing. Therefore, large samples of background
muons have to be simulated. In section 2.2 it was also explained that these simulations
are of high computational and, with that, nancial cost. In this context, a large amount

of computational resources is consumed by the propagation of Cherenkov photons, which
are induced by the muon energy losses. Therefore, reducing the calculation time that has
to be spent on simulation steps like the photon propagation is advantageous for future
simulations of background muons.

In the current state of the simulation chain, photon propagation is performed for all
muon events that were generated and propagated in previous simulation steps. In later
simulation steps, background reduction is performed by applying multiple Iters to those
events. In that way, a large amount of background muons is removed from the nal event
sample, although a lot of computational resources were spent in the rst place.

In order to contribute to the solution of this e ciency problem, a BDT classi er (see
section 2.3.1), was trained as part of this thesis. As shown below in the current section,
the classi er is able to di erentiate between muon events that pass the MESE lter (see
section 2.1.3) and events that are rejected by it, based on the muon energy loss information.
By inserting this model right before the simulation step of photon propagation (see
section 2.2), it is possible to remove events from the simulation chain that would be
discarded with a high chance by the MESE lIter in later simulation steps. With this
hybrid simulation approach of combining traditional simulation methods with a machine
learning model, computational resources can be saved.

The following section 3.1 shows a proof of concept for this idea. It shows the evaluation
and results of a BDT regression model that was trained on data generated by a toy
simulation with several input vector and hyperparameter settings. In section 3.2, the
optimization and results of a BDT classi cation model that was trained on data from
the IceCube simulation are discussed. In section 3.2.2, the resulting e ciency of the
optimized BDT is compared with the results of a recurrent neural network (RNN) model
that was trained for the same purpose [4].
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3.1. Proof of Concept with Data of the ToyCube Simulation Tool

In order to show that a hybrid simulation approach, as proposed in the beginning of
section 3, conceptually works, a BDT regression model of the python libraryscikit-learn
[1] was trained on data that were generated by the ToyCube simulation tool [2],[4].
Di erent hyperparameter settings as well as di erent construction methods of the BDT
input vector were analysed. Details on the generation of training data, training of the
model and the resulting model predictions are presented below.

3.1.1. ToyCube Simulation Tool

Simple access to training data is generally useful for the development of machine learning
models. Therefore, the ToyCube simulation tool was developed in cooperation with a
Bachelor student at ECAP (B. Mayer), in order to simulate the propagation and energy
losses of muons in ice and to estimate the number of induced photons that are detected
in the IceCube veto DOMs (see section 2.1.3). ToyCube was implemented in Python,
speci cally using the PROPOSAL library for muon propagation in ice [5]. As section 3.1.2
shows, the stochastic energy losses of the respective muon event serve as input of the
BDT regression model, while the respective number of resulting photons detected in the
veto region of IceCube is used as the respective training target. Figure 10 illustrates
the veto region within the IceCube detector array, as it is de ned in the context of this
simulation tool. A detailed review of ToyCube and the development of a RNN regression
model can be found in the Bachelor's thesis of in B. Mayer [4]. The related source code
to that thesis can be found in the main branch of the ToyCube git repository [2]. The
source code related to this Master's thesis and the development of the BDT regression
model can be found in the side branch of the same repository [3].In the following,
information on how ToyCube generates training data is provided.

Each muon event simulated by ToyCube has a random initial position and initial propa-
gation direction within the lceCube coordinate system. The initial position is de ned
by assigning a random positioniisc on a disc of radiusr  800m to each muon of a
given sample. The disc is centered aix Om;y O0m;z 930me and perpendicular to
the z-axis. Each position vector Njsc is rotated by a random normalized direction vector
Nas de ned by equation "4« of [4]. The initial position is de ned as the point in space
to which Njsc points after the rotation is applied. The (initial) propagation direction
is de ned as & Initial positions and propagation directions of a sample of200 muons
are illustrated in Figure 11 before and after the rotation is applied. Furthermore, each
muon is generated with a random initial energy between0:1TeV and 10° TeV. With this
assignment of muon properties, it is possible to simulate the propagation of muons along
random particle tracks through the detector.

Whenever ToyCube is mentioned in this work, it refers to the code and implementation given by that
side branch.
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Figure 10: Positions of the IceCube veto DOMs (black dots) and energy losses along
the track of a muon, as de ned and generated by ToyCube. Di erent en-
ergy loss types have di erent colours. The size of the energy loss dots is
scaled with respect to the deposited energy within the ice.

The actual simulation of muons is based on the aforementioned PROPOSAL python
library, which generally can be used to simulate the propagation of charged leptons and
gamma rays through di erent media. In the speci c case of the ToyCube simulation,
charged muons are propagated through a homogeneous ice sphere, which is de ned by
the con g_minimal.json le [3]. Four dierent types of discrete particle interactions

of muons within ice are simulated: ionization, electron pair production, photo-nuclear
interactions and bremsstrahlung. Based on the respective cross section, PROPOSAL is
able to calculate the energy losses along the muon particle track. Each energy loss has
a unique position fyss and amount of deposited energyE ss assigned to it. Figure 10
shows the particle track of a muon propagating through the IceCube detector array, as
generated by ToyCube.
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Left plot: Random positions (red Right plot: Initial positions (red

dots) of 200 muons on a disc atz dots) and propagation directions (blue

930m before the random rotation is arrows) of 200 muons as simulated by

applied, compared to the positions of ToyCube, compared to the positions

the IceCube veto DOMs (black dots). of the IceCube veto DOMs (black
dots).

Figure 11:

For a given energy loss and veto DOM, the number of photons induced by the energy
loss and detected by the veto DOM is estimated by using the following formula, which
depends onEyss and the distancer between fuss and the position of the veto DOM

(41,16 ,

Eloss ~re Eloss 0 e r
300TeV 300TeV 4 ol tanh gr_co
»

The propagation length  is de ned as | a ¢—3~1:07, with the absorption length
a 98m and e ective scattering length ¢ 24m. The constant . is de ned as
¢ 3, with exp” e~ a* [6]. The product of the number of emitted photons

no by a point source and the e ective photon collection areaA of the receiving sensor

was determined by tting “re to simulation data obtained with Monte-Carlo photon

propagation [4],[7]. The resulting value is given asip A "6:4 0:5 10’ m? [7].

Nph Eloss: '* (3.1)

The total number of photons N’g?f that are induced by a single muon event and detected by
the respective veto DOMs is calculated in the following way: At rst, Ny is calculated for
each loss of a muon event with respect to each veto DOM. This leads toumber of losses
times number of veto DOMsvalues ofNpy. In a second stepl\llf)?]t is obtained by summing
over all the resulting values of Npp.

For some muon events, no energy loss is generated during simulation. These events are
excluded from the datasets produced by ToyCube, since the BDT needs at least one
energy loss as input to make a prediction. In order to minimize the size of the resulting
training data les and save computational time during training, a Iter condition is
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applied to every energy loss of each simulated muon, based on the number of detected
photons per loss with respect to all veto DOMsNr}’ﬁto. The lter condition is that all
energy losses which yieldN F‘,’ﬁto @ 0:01 are excluded from the training data. Since all
the excluded energy losses hardly contribute to the total number of detected photons
Né‘,’f, it is assumed that no relevant information is lost by applying this lter. If a muon
event has no energy losses after applying the lter, it is removed from the simulated
dataset completely. Figure 12 shows the same muon track as Figure 10 but after the

Iter condition is applied.

In the context of ToyCube, the BDT regression model is supposed to prediciN ;?f for each
muon event, based on the ltered energy losses of the respective muon. By comparing
the predicted number of photons in the IceCube veto region to a threshold, an event
Iter can be modeled. If the predicted value is above the threshold the event passes the
Iter, if the predicted value is below the threshold it is rejected by the lter. In that way,

a rst impression on the performance of a classi er model can be obtained, as discussed
in the following subsections of section 3.1.

Figure 12: Positions of the IceCube veto DOMs (black dots) as de ned in ToyCube.
Compared to Figure 10, this plot shows the energy losses along the track
of a muon, after the Iter condition mentioned in the text was applied.

Di erent energy loss types have di erent colours. The size of the energy
loss dots is scaled with respect to the deposited energy within the ice.

25



3. Development of a Classifier

3.1.2. Implementation of a BDT Regression Model

The BDT regression model that was trained on ToyCube data is de ned by the
sklearn.ensemble.HistGradientBoostingRegressor($lass ofscikit-learn (v1.5.2) [1],[8]¢

In general, this model is related to a gradient-boosted decision tree as described in
section 2.3.1. In addition, it preprocesses the input vectors before training. In particular,
it sorts each feature of a given set of input vectors into up to 256 integer-valued bins. For
large datasets (L0000samples and above), this leads to a much faster training algorithm,
since the input consists of a xed histogram-like structure instead of continuous values.
This is advantageous for the use case of this work, since the amount of background muons
produced in the lceCube simulation is typically larger than 10000events. This also
applies to the ToyCube simulation tool.

Before the BDT regressor was trained, the training input and target had to be de ned. As
described in section 3.1.1, the training data generated by ToyCube provides the following
information for each muon event: The position f,ss and deposited energyE oss Of each
energy loss that passes the lter conditioang’ﬁto A0:01 and the number of photonsNr‘fr’]t
that are induced by those losses and detected by the IceCube veto DOMs. The latter
is supposed to be predicted by the BDT regressor based on the Itered set of values of
Nbss and Ejoss as input. Thus, the training target was de ned as the respective value of
logyo™N i « for each sample. The logarithm was applied to restrict the range of the target

values, sinceN é?f covers several orders of magnitude. By de nition, the BDT regressor
expects an input vector of the same length for each sample. Since the number of energy
losses can be di erent for each muonfiyss and Eoss can not be used as input directly.
Instead, the energy losses of each sample were mapped to a xed number of values to
create input vectors of a suitable length. This was achieved by de ning a binning grid
that splits the IceCube detector volume into a xed number of three-dimensional spatial
bins, with energy losses assigned according to their positions. Di erent binning grid

versions were tested on ToyCube data. They are explained in more detail below.

The rst version is based on two concentric cylinders of di erent radii (ripner 380m,
louter 700mM) that are centered at"x Om;y 0m;z 0Ome within the IceCube coordi-
nate system (see Figure 13). The top and bottom surfaces of both cylinders are oriented
perpendicular to the z-axis. Both cylinders are of the same height, which means both
reach fromz 600mto z 600m. The actual bins are de ned by dividing the volume
between the inner and outer cylinder into nseq circular segments. Each of those segments
has the height of the cylinders and an angular range of = 360°-nseq The volume of the
inner cylinder is used as an additional bin.

For each muon sample the positionfj,ss of each corresponding energy loss is compared
against the following condition for the i™" bin (i >~0;:::; Nseg 1¢) in cylindrical coordinates

A

AR
" 600m @z @00mMe, “rinner B @ outer® s B @i 1 (3.2)
And against the following condition if i nNgeg:
" 600m @z @00me, © @ inner® (3.3

For simplicity the sklearn.ensemble.HistGradientBoostingRegressor() model is referred to as BDT regressor
in this thesis.
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An energy loss is located within thei®™ bin if the corresponding condition is met. The
information assigned to theit™ bin is given by the summed energyEpin; P osses Eloss
with respect to all energy losses that are located within the respective bin.

The i component of the corresponding input vector of a muon event is de ned as
log1o” Ebin; *. The logarithm was applied for the same reason as for the training target.
Di erent variations of the cylindrical binning grid were used to train the BDT regressor.
At rst, the number of circular segments was set to nseg 8, resulting in npins 9 bins
in total, but also versions of the cylindrical binning grid with nseg 16 (Npins 17) and
Nseg 72 (Npins 73) were tested (see section 3.1.3). Figure 13 shows the position of the
cylinders with respect to the IceCube veto DOMs in the case ohseg 8.

Figure 13: IceCube veto DOMs (blue dots) as well as inner cylinder (red) and outer
cylinder (black) of the binning grid, which is used to de ne input vectors
of a xed length for the BDT regression model. The black lines at the
outer cylinders' top and bottom indicate the bins between the cylinders,
in the case ofnseg 8. Rotated variations of this plot can be found in
section A.1.1.

The second approach to de ning the binning grid is based on a hexagonal bin structure,
which re ects the hexagonal detector geometry of IceCube. As shown in Figure 14, this
grid consists of multiple regular hexagonal prisms (bins) which form a larger hexagonal
prism in total. Each bin reaches fromz  600m to z 600m. With that, the hexagonal
and the cylindrical binning grids are equal in height. To roughly match the grid size
within the xy-plane as well, the side length of the large hexagonal prism is de ned b%
bins with a hexagon radius ofrnex  108m.” Additionally, the hexagonal grid is rotated
anticlockwise with respect to the z-axis by 8°.

" Here rnex is de ned in the xy-plane as the radius of the circumcircle of the respective hexagon prism.
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