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Chapter

Introduction

In September 2017, the rst likely source of high-energy asiphysical neutrinos
was found, the blazar TXS 0506+0565]. Beforehand, the existence of a di use
ux of high-energy astrophysical neutrinos had been provenub it hadn't been

possible to locate individual sourcesl]. The event, IceCube-170922A, was mea-
sured by the IceCube collaboration, which operates the laggt neutrino telescope
on Earth. Follow-up measurements were made, which were incacdance with
IceCube-170922A. The Large Area Telescope (LAT) on the Fermia@ma-ray
Space Telescope observed a state of enhanced gamma-rayigtin the area of
TXS 0506+056. Additionally, gamma rays in a spectrum up to 400 &/ were
measured by the Major Atmospheric Gamma Imaging CherenkoWAGIC) tele-
scopesq]. This rst evidence of neutrino sources is seen as one of theggest
breakthroughs in the eld of multi messenger astronomy. Yetthe discovery of
additional sources is still one of the key goals in multi messger astronomy. With
more sources we would have a signi cantly higher chance tala more about the
sources themselves as well as the ux produced by them. Whileusce searches
proceed, new methods must be developed to improve event mnestouctions, avor
identi cations and computational speed.

In recent years, machine learning methods have shown remale progress and are
therefore now applied to a wide range of problems across alkas. Especially the
eld of deep neural networks experienced a tremendous bod26] [24]. Previously
unsolvable problems have become possible to tackle. A goodmyple illustrating
this enormous progress was the win of Google's AlphaGo over .Mcee Sedol,
winner of 18 world titles, in the ancient game of Go in 201&f]. The competition
received a lot of public attention as computers have been finom competing with
professional players in this game beforehand.

Identifying malignant cancer, critical pedestrian detectn through autonomously
driving cars or the separation of good and bad products aregusome examples
for classi cation problems, that arise across almost all kes. It is hoped that one
will be able to automate and fasten up processes by solvin@ssi cation problems
through intelligent machines. Furthermore, one thinks to b able to take better
decisions, as machines are able to detect patterns in dataatrhumans maybe can't.
Machine classi cation is thus expected to have the potentido transform whole
industries. A lot of research was therefore been done in thedd in recent years.
Many new techniques have been developed and successfullpli@d to various
problems.

The stunning results achieved in other areas through the usédeep neural networks
have inspired us to utilize deep learning for classi catiogproblems in neutrino
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physics. This thesis will concentrate on the IceCube expsarent located at the
South Pole. Within IceCube di erent analyses are conducted tanswer open ques-
tions in astroparticle physics, as for example the searchrfastrophysical neutrino
sources. Many of these analyses require the identi catiorf the event topology or
the classi cation according to other criteria.

One type of analysis focuses on the identi cation of singlevents of a particular
event topology, for example the double bang structure. The iatest arises because
double bang structures can only originate from tau neutrinos and are therefore
very likely to be of astrophysical origin. Other analyses bason larger dataset of
one speci ¢ event type. Thereby the systematics can be hawedl easier, compared
to a multi- avor case. In those cases it is important to have @& event selection
that results in a dataset that is as pure as possible. Often pu source searches
are performed on datasets consisting only of track-like ews, due to their good
angular resolution. But also analyses working across evenpologies, also called
all- avor analyses, rely on an event classi cation to distiguish and handle the
events appropriately.

As event classi cation is an essential part of many analyses atucted in IceCube,
this thesis will focus on the application of deep neural netwks on this task. At
the moment in IceCube no method exists that is dedicated to disguish between
the di erent event topologies. Hence in the scope of this thesive tried to achieve
a well working, fast and easy to use neural network to do so. lhe following, the
structure of this thesis is outlined.

In Chapter 2 the IceCube neutrino telescope is introduced in more detailhe

general setup and the basic detection unit are explained. Rhermore, the mea-
surement principle within the ice and the data handling are dussed. To conclude
this chapter we present the di erent event topologies that &n be seen by IceCube.

Chapter 3 introduces the basic physics principles important for thishesis. Firstly,
the neutrino interactions and their cross sections at enags relevant for IceCube
are outlined. Secondly, we discuss the di erent tau decay ahnels.

In Chapter 4 the fundamental theory of neural networks is presented. Firseural
networks are put in context with the broad eld of machine leaning. Next their
basics are introduced, followed by more advanced neural wetrk architectures
which are important for of this thesis. Additionally the concet of multi-task
learning is outlined. And nally a concept to analyze classi ation tasks, the
confusion matrix, is explained.

In Chapter 5 we rst take a look at the speci cs of IceCube data, especiglifor
the use with neural networks. Further the di erent labels neded as ground truth
in supervised learning are de ned. The dataset on which a nedrk is trained plays
a major role onto the nal result. Therefore we continue by itroducing our dataset.
Moreover our event selection and the di erent properties dhe resulting dataset
are presented. To conclude this chapter we discuss the deyslent of the dataset
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over time and possible introduced biases.

Chapter 6 explains the nal classi er. First its general architectureand its training
process are outlined. Next the performance of the classi es explained separately
for each task, namely event topology classi cation, stamig event identi cation
and coincident event identi cation. At the end of this chaper some exemplary
events and their predictions by the classi er are presented

Chapter 7 presents some of the potential applications of the classi dor the
use in IceCube. We show the results again, now weighted to theeCube best- t
neutrino ux. Further the use for event selections is discis®d. To conclude this
chapter we present the possibility to use the classi er to d tau neutrino candidates.

The nal Chapter 8 ends this thesis with a conclusion and an outlook. Supplemen-
tary information, like additional plots or details to our usel data, are given in the
appendix.







Chapter

The IceCube Neutrino Observatory

The IceCube Neutrino Observatory or most of the time shortly deed IceCube is a
large volume neutrino detector, which is operated deep down ihe ice near the
geographical South Pole. With its cubic-kilometer scale isiup to today the largest
neutrino telescope on Earth.

In the following chapter we introduce IceCube in more detailFirst the general
detector setup, followed by a short outline of the basic meament principle and
how IceCube handles the measured information is discussetb conclude this
chapter, we present the di erent event topologies which cabe seen by IceCube.

2.1 Detector Setup

This section gives an overview about the IceCube detectosélf. A comprehensive
description can be found in4], which also builds the foundation of this chapter. For
a rst overview of the experiment the general setup of IceCuhis shown in Figure2.2.
IceCube is located near the Amundsen-

Scott SOUth POIe Station- At the Surface IceCube-86 (78+8) interstring (surface) distances

* loeTop tank
DeepCore sting

the IceCube Laboratory and the IceTop =
detector are placed. In the ice between  «
1450 m and 2450 m depth is the InlceAr- =
ray with its subarray DeepCore. The In- |
IceArray is arranged in 86 strings each |
instrumented with 60 Digital Optical
Modules, short DOMs. In general the
DOMs are 17 m apart from each other
in vertical direction. The DOMs repre-
sent the basic detection units of IceCube. S
They will be presented in more detail in B L B N R T
Section2.1.1 In total the detector con- o

sists of 5160 DOMs. The strings them-Figure 2.1: The exact placement of the
selves are arranged in a nearly hexagceCube strings is sketched. The strings
onal grid. Their horizontal distance is marked in green belong to the IniceArray,
about 125 m. The exact arrangement ofthe ones in red to DeepCore.

the strings is shown in Figure2.1. The

strings marked in red are arranged in a denser manner, thodergys build the so
called subarray DeepCore. While IceCube measures events imemergy range from
100 GeV to several PeV without DeepCore, including the latteallows measure-
ments down to 10 GeV. In the following of this this thesis we wilse the term
IceCube in a narrower sense for the InlceArray and DeepCore.

£
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IceCube Laboratory 86 strings of DOMs,

Data is collected here and e
sent by satellite to the data
warehouse at UW-Madison

1450 m
60 DOMs
oneach
string
DOMs
are 17 _[ ‘
meters
Digital Optical "
Module (DOM) 2450 m
5,160 DOMs

deployed in the ice

Antarctic bedrock

—p—

Figure 2.2: To give a rst overview of IceCube, many parts of the experin
are depicted. IceTop and the IceCube Laboratory are at the gace. Deep down
in the ice the InlceArray with its subarray DeepCore are plack They consist
of 86 strings each equipped with 60 digital optical modules$n average they are
horizontally 125 m apart of each other. In vertical directia the digital optical
modules are separated by 17 m. More detailed information isvgn in the text.




2.1.1 Digital Optical Modules

The DOM is the basic detection unit of

. IceCube. Its schematic setup is shown
ase

" Board  PMT in Figure 2.3. It mainly consists of a
igh Voltage Collar Flasher O ! .
Control Board / Board 10P%diameter down-facing photomulti-
\ "‘—',E;__u' / Wi plier tube (PMT) and the associated
: - _', /Bc'afd circuit boards. All components are sur-
E e pis rounded by a glass sphere to be pro-
y .
Board tected from the surrounding. The PMT
can measure at single photon level. As
\ the signals reaching the PMT are of
P Mu-Metal wide range, the DOMs have multiple
PMT Grid

ways to handle it. More detailed in-
formation can be found in §]. Each
Figure 2.3: Schematic sketch of the setuplaunched DOM outputs a continuous
of a Domestic Optical Module (DOM) as charge measurement over time, which
used in IceCube4]. is called the waveform. Sectior?.3 will
explain the further handling of the data.

2.2 Measurement Principle

Neutrinos relevant for IceCube produce secondary relatitis particles, which move
faster than the phase velocity of light in ice. If this condibn is ful lled Cherenkov
light is emitted [19].

The wavefront forms a cone along the particles movement ditean. The opening
angle of this cone is 1

cos(¢) = - (2.1)

depending onn, the refractive index of the surrounding medium and , the speed
of the particle in units of the speed of light in vacuum. Figure.4 illustrates this

principle. These Cherenkov photons can move trough the cteige, in average the
ice in IceCube has a absorption length of over 100 3. If the photons hit a

DOM they can be measured by the PMT.

2.3 Waveform and Pulses

A waveform is the most basic level of IceCube data. A higher lelvrepresentation
of it are so called pulses. In this section we will look at botim more detail.

Each DOM measures charge. If a given charge threshold is sasped, the DOM
launches. The waveform is the charge over time measuremeftaosingle DOM.
The launched DOMs waveforms are then digitized and saved . Rire digitization

two di erent ways exist in IceCube. First, the analog transiaet waveform digitizer
(ATWD) and second a continuously sampling fast analog digitatonverter (fADC).
The ATWD recording duration is 427 ns, with a sampling of 3.3 nsLight within
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Figure 2.4: Principle of a Cherenkov Cone, illustrated for a muon traveig with
nearly the speed of light, =0:95, in a medium with a refractive index of n = 6.31

[23.

< — fADC — ATWD
£ 5 A —AWD| Zs -
) )
(@] (@)
S S
S, . . S, .
0 2000 4000 6000 200 400
Time [ns] Time [ns]
(a) fADC and ATWD signal (b) ATWD signal

Figure 2.5: On the left the same signal once digitized by the ATWD and once
digitized by the fADC is shown. The fADC uses a sampling of 25 nsx\d measures
over a time window of 6.4s . In comparison the ATWD uses a sampling of 3.3ns
and measures over a shorter time window of 427 ns. On the rightcloser look on
the ATWD signal is depicted.

tens of meters of a DOM can be measured. The fADC measures for ager time
period of 6.4s . Thereby the fADC samples with a rate of 25 ns, resulting in twe
as many steps as the ATWD4]. The digitalizations and therefore data recording
can be triggered multiple times, especially the ATWD. The samsignal digitized
by the two di erent digitizers is shown in Figure 2.5a In Figure 2.5ba zoomed
version of the ATWD signal is shown.

A more compressed form of the digitized waveforms explainadthe last paragraph
are the so called pulses. A pulse template is tted to each sigcant peak. The
resulting pulse has charge and time information. In additio the width of each
pulse is stored. The corresponding pulses for the waveforfmog/n in Figure 2.5a
are depicted in Figure2.6. The pulses combine the information of both digitization
methods, the ATWD and the fADC [4].




X

x  pulses

S
E4
S
g2 1
o X
>0_I
0

2000 4000 6000
Time [ns]

Figure 2.6: The corresponding pulses to the waveform depicted in Figuge5 are

illustrated.

2.4 Event Topologies in IceCube

Figure 2.7: Starting Track

Cascades

In IceCube we have three main event
topologies: cascade, track and double
bang. Additionally we want to distin-
guish between incoming and starting
tracks, as subclasses of tracks. Event
views of these topologies are shown in
Figure 2.7 and Figure 2.8.

In an IceCube event view the detector is
indicated by all DOMs drawn as small
black dots. The DOMSs that got hit dur-
ing the event are highlighted. Thereby
the size of the bubble correlates with
the total measured charge at the DOM.
The color symbolizes the time informa-
tion. Early hit DOMs are colored in
red, late hit DOMs in blue.

Cascades are mainly produced by two di erent processes, et by charged current
interactions of electron neutrinos ¢ within the ice or by neutral current interac-
tions of neutrinos of any avor [L4]. In the case of charged current interactions
of electron neutrinos a light electron is produced. It loosemost of its energy via
bremsstrahlung. This results in a hadronic and an electrorgaetic cascade, which
appears nearly omni-directional with a radius of only a few aters depended on
the energy. The hadronic cascade produced by a neutral cuntenteractions looks
very similar. Both result in an cascade-like event which sh@awp in the IceCube

detector as shown in Figure2.8a




(a) Cascade (b) Track (c) Double Bang

Figure 2.8: On the left a cascade-like event, in the middle a track-likevent and
on the right a event with a double bang-like structure is presnted. The primary
particle causing the cascade had an energy of 410 TeV. The tas a through-going
muon caused by a muon neutrino with an energy of 342 TeV. The prary tau of
the double bang had an energy of 7.6 PeV and is therefore vegre. Furthermore
the perfect contained signature of the event inside the detr is very idealized. On
the contrary however, the characteristics of a double banyent can be identi ed
more clearly.

Tracks

Tracks are only produced by muons. These muons originate from three di erent
processes, rst of charge current interactions of muon neautos  second from
taus which decay into muons and nally from atmospheric muons. Muts have a
heavier mass than electrons and a long lifetime of about 2.19 [7]. As a result
they travel through the ice up to several kilometersl1{]. Thereby they produce
Cherenkov light on their way, resulting in the track-like eents as shown in Figure
2.8b.

Double Bangs

Double bangs can only originate from one process: a tau neuiinteracts via
a charged current interaction, a tau will be produced, whicliravels and decays
inside the detector. In about 82.5% of the cases the tau decpsoduces an electron
or a hadronic cascaded]. If all parts are contained in the instrumented volume
this results in the unique structure of two cascades connectég a track. Such an
event is shown in Figure2.8c It is the optimal case, a much more realistic scenario
is depicted in Figure2.9a Here the track-like component is harder to identify
and the cascades overlap. The more energetic the incoming tauthe longer is
its decay length. In IceCube it scales in average aboGttcm=TeV = 50 m=PeV [3].
As a result, we hope to be able to detect tau neutrinos with Icafe starting at
energies of a few hundred Te\3].

Coincident Events
In IceCube coincident events are events that have at least acond particle going
through the detector in the time window of the event. Such a sendary particle

10



(a) Double Bang (b) Cascade with an coincident muon

Figure 2.9: A more realistic double bang, compared to the one in Figur28g is
depicted on the left. It was caused by a tau neutrino with an eargy of 4.3PeV. A
event labeled as a coincident event is shown on the right. liné middle of IceCube
a cascade is located accompanied by a coincident muon. Theanus going straight
down and is marked in blue.

can for example be a muon or a muon-bundle. An exemplary evenew is shown
in Figure 2.9b. A coincidence is a hint for the atmospheric origin of the ewg due
to their common production in showers.

Starting Events

In general starting events are, as the name already suggessents, whose initial
vertex is inside the detector volume. The exact de nition ao di ers inside IceCube
and depends on the use case. The de nition for this thesis whle clari ed in
Section5.2.2 The majority of the observed cascade-like events are algaring
events, due to their small spacial extension. Therefore thdistinction is of greater
importance for track-like events. As a result one often seedwather split between
through-going or incoming tracks and starting tracks. Forisplicity we will call
incoming tracks in the following short only tracks. An examm@ of a starting track
is depicted in Figure2.7.
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Chapter

Particle Physics

3.1 Neutrino Interactions

At energies relevant for IceCube all neutrinos and their antarticles, independent
of their avor, mainly interact in deep inelastic scattering. They do so in two
di erent ways, neutral current interactions (NC) or chargedcurrent interactions

(CC) [10.
EX I+ Y (CC) 3.1)
P+ X! + Y (NC) (3.2)

In the Equations 3.1 and 3.2 | denotes a neutrino of avor I, X is a nucleus, | the
corresponding lepton and Y symbolizes a hadronic cascadatlis produced along.
In a CC interaction the weak force is mediated by a W boson anddanarged lepton
is produced. In contrast, for NC interactions the weak force isiediated by a Z
boson [LQ).

Furthermore a third interaction has to be considered, the Glshow resonance,

ete I W . (3.3

An anti-electron-neutrino . scatters from the bound electrons of the molecules
and produces a chargedlv . The latter can decay further into all leptons with
its corresponding avored anti-neutrino or into hadrons. e branching ratio
for the W to decay into hadrons is 660 0:27%, to decay via leptons is hence
328 0:27%. Non of the avors is preferred, so each has a probability ©§0:8 0:09%
to occur [7]. This process is suppressed in most energy ranges. Howegérn
energy of several PeVs, with a sharp peak at approximately @8V, the cross
section becomes considerably largé. Figure 3.1 shows the cross sections of all
three processes in the energy range that is relevant for lagie. The di erence
between the cross sections of neutrinos and anti-neutrinbecomes negligible for
high energies 11].

3.2 Tau Decay
In the charged current interaction of a tau neutrino a tau-lpton is produced

+ X! +Y. (3.4)

The lifetime of the , 29,06 ps is very short [7/]. The tau decay length in ice scales
with the energy 5Q;5;. Multiple ways for the tau decay exist. First it can decay

13
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Figure 3.1: Cross sections for deep inelastic neutrino nucleon scaitegy via CC
and NC interactions and the Glashow resonance in the energynge relevant for
IceCube.

into the lighter leptons

I e + o+ (17:83 0:04)% (3.5)
! + o+ (17:41 0:04)% (3.6)

which both have a probability to occur of around 17%. Othervge the tau can
decay into di erent hadrons. The most important channels arelenoted below.

! + O+ (2552  0:09)% (3.7)
! + (10:83 0:06)% (3.8)
! +2 0+ (9:30 0:11)% (3.9)

The anti-particle * behaves in the same manner, where the corresponding equa-
tions can be derived replacing all particles with their coesponding anti-particles.
The information about the tau decay is based on/J.
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Chapter

Theory of Neural Networks

In this chapter we rst discuss the role of neural networks irthe broad eld of

machine learning. Afterwards the basics of neural networkseaexplained in more
detail, followed by more advanced architectures needed inehcontext of this
thesis, namely residual units and inception units. Furthermre, the concept of
multi-task learning is explained. To conclude we present ammon way to analyze
classi cation tasks, the confusion matrix.

4.1 Neural Networks in the Field of Machine
Learning

Machine learning is the approach to teach computers to solygoblems based on
data without explicitly programming them. Itis a broad eld that summarizes many
techniques and algorithms. A common way of categorizing tbe is to discriminate
them based on the way they are learning. Generally one distimghes between
supervised learning, unsupervised learning and reinforaent learning R7]. In the
following each of them is described shortly.

Supervised Learning - In supervised learning a model's prediction is eval-
uated through comparison with the correct solution, theground truth [27].
Hence the correct solution to the given problem needs to be kmo. The
problems targeted with supervised learning are classi cain and regression
tasks. In regression tasks a continuous variable is predect for example the
energy of a particle. If the outcome is of a discrete set it is@assi cation
task. One example is the categorization of images dependentthe shown
animal.

Unsupervised Learning - As opposed to supervised learning, unsupervised
learning does not make use of direct feedback in terms of therect solution.
Instead it tries to nd hidden structures inside the data R7]. Typical use
cases for this type of learning are clustering problems, fexample analyzing
customer data and grouping them.

Reinforcement Learning - It is used in more dynamic environments where
a interactive behavior depending on the current situationshould be learned.
Therefore a rewarding system that gives feedback to the mddeimplemented
[27]. For example if playing a game should be learned, the systenillwget
positive feedback if it wins and negative feedback if it lose Based on
this feedback the model is adapted. One of the greatest brehioughs of
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reinforcement learning was AlphaGo developed by Google Deeiphll It won
against the worlds best player in the old Asian game of go. Beéocomputers
were not able to compete with professional players in this ge, due to the
huge amount of possible moves?.

As our goal is to classify di erent event types in IceCube, weate a classi cation
problem which we will solve through supervised learning. &m the variety of
algorithms used for solving supervised learning problemse chose to work with
deep neural networks. They have shown great performance acent years, especially
in the eld of image classi cation tasks p4] [31], which our task is related to.

4.2 The Basics of Neural Networks

In this section a basic introduction to the theory of neural etworks is given. This
shall enable the reader to understand the techniques used img thesis more easily.
First this section discusses how a neural network can be budhd which di erent
parts are needed. In a second step we introduce the di erenspects of the training
process.

4.2.1 Building a Neural Network

A network is structured in a layer-wise manner. According toHeir position inside
the network, three layer types can be distinguished. The biasstructure of each
network is composed of rst an input layer, second, one or seet hidden layer(s)
and last an output layer.

Input Layer - Itis the rst layer in a neural network. It has the same size
and dimension as the input data and acts as an interface betwethe data
and the rest of the neural network.

Hidden Layer(s) - All layers between the input layer and the output layer
are so-called hidden layers. Their number is arbitrary. Thse layers process
the data and forward it to the nal output layer.

Output Layer - The nal prediction of a neural network is given by the last
layer, the output layer. The shape of the output is prede nedltirough the
sought-after solution to the given task.

Rosenblatt Perceptron
The Rosenblatt Perceptron is the most basic unit of neural nebrks. It was
developed and named by F. Rosenblatt in 1952{]. The perceptron mimics
a biological neuron, therefore it often is shortly called ngon as well. It is
mathematically described through
|
W !
y=f wix;i + b (4.1)

i=1
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Inputs

° Weights
° Activation Function

Figure 4.1: A schematic sketch of a Rosenblatt perceptron is shown. Allpaits and
the bias get weighted and summed. Afterwards an activation fation is applied to
the sum.

Ouput

wherey represents the output,x; a single input value,w; the corresponding weight,
b an added bias and an activation function. i goes from 1 to N, where N is
the number of inputs. The activation function is chosen nofinear so non-linear
problems can be challenged, otherwise a neural network abdie reduced to one
matrix multiplication. In the following paragraph the activation functions are

presented in more detail. A sketch of a perceptron is shown indtire 4.1.

Activation Function
The activation function is applied to the sum of all weightednputs. Due to its
non-linearity neural networks can solve non-linear problesn In most of the cases
it maps it's input values into the range [Q1] or [ 1; 1] to stabilize the trainings
process. Two common activation functions, the sigmoid andyperbolic tangent
functions [27], are depicted exemplary in the Figureg.2aand 4.2h.
ReLu, short for recti ed linear unit, is a term for a unit that uses the recti ed activa-
tion function [6]. It is one of the most commonly used activation function. It raps
all negative values to zero and all positive values to themses. Mathematically
simply expressed by

f (x) = max(0; x). (4.2)

An illustration is shown in Figure 4.2¢c
For classi cation tasks the activation function for the las output layer of the
network is typically chosen to be the softmax function, whitis de ned as

f(x) = Pw i=1;:0k (4.3)
j=0 eXp(Xj)
where k denotes the number of classes ardthe prediction for class i. A sketch
of the softmax function for two classes is depicted in Figuré.2d Its two main
characteristics are that all output values are in the rangefd0; 1] and sum up
to 1. This two characteristics make a probabilistic interpetation possible, but its
meaning still needs some additional discussion. In classation tasks the class with
maximum softmax function output will be predicted as the saltion class.
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Figure 4.2: Four commonly used activation functions are depicted, on thtop left
the sigmoid function and on the top right the hyperbolic tangnt. On the bottom
left the recti ed activation function is shown. On the bottom right the softmax
function for two possible classes is sketched.
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Dense Layer and a Fully Connected Neural Network

The easiest layer form in a neural network is a dense layer. donsists fully out of
neurons/perceptrons arranged parallel to each otheB]]. The neurons of each layer
I are connected to the neurons in the preceding 1 as well as the subsequent layer
i +1: the outputs of the preceding layern 1 thereby serve as input to the neurons
of the layeri, while the output of the neurons of the layeli serve as input to the
neurons of the subsequent layar+ 1. In dense layers each neuron is connected to
all neurons in the subsequent layer, this is called fully-ooected. If neurons are
only connected to neurons in subsequent layers and infornm@at is thus only passed
on in one direction we call this a feed-forward network. In both requirements
are ful lled, this results in one of the easiest forms of a neal network, a feed
forward neural network built fully out of dense layers. A scbmatic sketch of such
a network with two hidden layers is illustrated in Figure4.3.

Figure 4.3: A schematic sketch of a fully connected feed forward neuragtwork is
shown. The network has two hidden layers and consists of 16unens. Thereby
each neuron is connected to all neurons of the subsequent taye

Convolutional Layers

A layer type that has shown excellent performance in recenewgrs is the convolu-
tional layer. A detailed introduction may be found in 4] and [25].

Instead of using the output of every neuron in the precedingyer as input to
neurons in the following layer, as it is the case for fully corected layers, convo-
lutional layers extract features through Iter operations As a result they create
feature maps, that can be used as input for consecutive lageBy the lters spacial
relations are taken into account and the number of weights nébe decreased.
The concept is based on the mathematical operation called ramlution. In a
discrete two dimensional case the convolution operation m&e de ned as

X X
(9?h= fCu MR wy ), (4.4)
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Figure 4.4: The general principle of the convolution operation in a two ichensional
discrete case is shown. The highlighted areas indicate theapping of the input by
the lIter to the output. The lter is of size 3 3 and uses a stride of 1 in every
direction with no padding. This results in a transformationof the input size from
7 7to5 5.

whereg symbolizes the input andh is the Iter or kernel. The lIter size is usually
a lot smaller than the input size. The idea of the convolutiortan be clari ed very
well at the example of a two dimensional grey-scale image. # imay be understood
as the movement of a small Iter over the whole image. Therebyhe Iter output
at one position is the sum of the dot product of the image pixdying below the
Iter and the corresponding Iter value at each lIter position. Further the lter is
moved with a step size, this is called stride. Depending onehlter size the output
can have a di erent size than the input. A method to prevent thais to pad the
input with additional values, most of the time chosen as zeroThe convolution
method is schematically depicted in Figuret.4.

While we have introduced a discrete two-dimensional convaion above, the opera-
tion can be extended to both higher dimensions as well as thentinuous case.

In a convolutional layer multiple convolutions with di erent Iters are performed,
whereby each lter tries to extract a di erent feature. Thes are stacked afterwards.
The resulting set of Itered images are also called featureaps. These can be used
as input for further convolutional layers.

Pooling Layers

Pooling layers are used to reduce the size of the neural netktoA common pooling
type is "MaxPooling" [30]. Instead of using a lter it uses a kernel that outputs
the maximum value of the observed area. Normally a stride is ed such that the
kernels not overlap. If for example a 2 2 kernel is used the data shrinks by a
factor of four. An illustration of this principle is shown in Figure 4.5. Also other
pooling strategies exist, for example "AvgPooling". Here thaverage over the
observed area is the output.
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Figure 4.5: The general principle of the MaxPooling operation in a two dimnsional
case is shown. The highlighted areas indicate the mapping. @lnput is of size
4 4 and the lter is of size 2 2, this results in a grid of size 2 2.

4.2.2 Training of a Neural Network

After the de nition of the network structure, it has to be trained to solve a given
problem. During the trainings process the weights and bias®f the network are
repeatedly updated in order for the network output to match he correct solution
as close as possible. The optimal weights are usually foung fainimizing a loss
function, through back-propagation. The de nition of a suiable loss function,
which will be explained in more detail in the next paragraph,s therefore essential
for a good performance.

Loss
The loss function L provides a measure of the "quality” of theredictions of the
neural network and depends on the weights of the network, hedenoted all together
as . The loss function evaluates the di erence between the pretions p and the
correct solution g, the ground truth.
A common example for a loss function is the mean squared erfaf], mathematically
described as
1 X )
LO)= & Gx) g, (4.5)
|
where N denotes the number of all evaluated events. The meaguared error loss
is mostly used for regression tasks and calculates the avged sum of the squared
di erences between the prediction and the ground truth.
A typical loss function for classi cation tasks is the categrical crossentropy 20|
de ned as
1 XX

N
i

L()= q (xi) log(p (;xi)), (4.6)

where the ground truth g will be 1 for the correct class and O faall others. N
denotes the number of all evaluated events and n the number dasses. Hence
only the prediction p of the correct class contributes to théoss. The categorical
crossentropy penalizes all wrong predictions but especjathose that are certain
but wrong. So the lower the predicted output for the correctlass is, the higher
the contribution to the loss gets.
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Optimizers

Multiple ways to update the weights based on the loss exist drare summarized in
the term optimizers. They provide strategies to e ciently update the weights of
the network to minimize the output loss and lead to stable carergence. We will
introduce two di erent algorithms in the following: gradient decent and Adam.
Gradient descent is one of the most important and basic algtrms for weight
adaptation in machine learning 29]. The output loss is minimized by iteratively
updating the model parameters in direction of the gradient of the Ioss‘(‘j—L. The
update steps are scaled through the constant learning rate resulting in

.o

i+1 — i d T (4-7)

where i denotes the number of the respective iteration steffhe gradient descent
algorithm is not guaranteed to nd a global minimum nor doesti nd a minimum
the fastest way possible.

The Adam optimizer is a more advanced version of the gradienedcent algorithm.
The main di erence to basic gradient descent is that the leaing rate is not
constant. Instead it is adapted during the training proces# t the change of the
weights to the current situation. The update of the learningate is based on both
the averages of the rst and second moment of the gradient. BhAdam algorithm
has empirically proven to work very well for a large variety foproblems and e cient.
More details on Adam can be found inZ2].

Regulators

An important aspect of training neural networks is the stabity of the training
process. A variety of methods to improve the training proceda, called regulators,
exist. In the following we introduce two of them, dropout andbatch normalization.
Dropout is utilized to improve the generalization of a neudanetwork while training.
In each training step a given percentage of neurons, the dropt-rate, is randomly
selected and dropped. This means they are neglected comelgtin this training
step and do not contribute to the output. The dropout of neuros forces the
units to learn similar or the same features redundantly, wbh can lead to better
generalization and furthermore prevents over tting B3].

The goal of batch normalization is to accelerate the trainingf the neural network
by reducing the internal covariance shift]19. This is achieved by performing an
additional step between layers, in which layer outputs areammalized. In the
context of this thesis normalization refers to a transformaon of the data to zero
mean and unit variance.

Control the Training Process

If a network is big enough and trains long enough it will be ablto predict the data

used for training perfectly. On the counter side it perform&ad on unknown data
because the network does not generalize very well. This etes called overtraining.

To prevent overtraining the dataset is commonly split into hree di erent parts:

a trainings set, a validation set and a test set. The training set is used for the
actual training. The validation set is used for monitoring wile training. One
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way is to apply a network to the validation set after each epdc If the loss on
the validation set increases compared to the previous epotfis is a sign for
overtraining. Therefore training is stopped at the minimum bthe so called valida-
tion loss. The test set is only used once on the fully trainecetwork for all nal tests.

4.3 Residual and Inception Units

4.3.1 Residual Units

Residual units have rst been introduced by Microsoft in 208 through their neural
network ResNet, which won the ImageNet competitionlf]. The basic idea behind
residual units is that one can build deeper and deeper netviostructures with the
minimal condition not to impair the neural network by an addtional layer.
In general, a complete network layer can be described as adtian y = f (x), where
the network learns the functionf and x and y symbolize the input and output.
For a residual unit an additional connection with the most gnple function, the
identity function id( xX) = X, is added. The resulting structure, compare Figuré.6,
can be expressed as

y = f(x) +id( x). (4.8)

Identity connections enable layers to only learn additiont the previous layers.
The layer does not have to learn how to keep the previous statutn order for

the residual units to learn incremental features we have taitialize the layers

weights close to zero. Another advantage of neural networksieh consist mostly
of residual units is, that they su er less from vanishing grdients, as the identity

connection propagates the gradient through the model.

X

Layer 1
fx) Identity  id(x)
Layer 2

y=1f{x) +id(x)

Figure 4.6: A sketch of the working principle of a residual unit with two lagrs is
depicted.
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4.3.2 Inception Units

Inception units were introduced by Google end of 2014. Sevkvarsions have been
developed, each iteratively improving upon the previous en The three di erent
versions together with their corresponding papers are lest below:

Inception v1 [35]
Inception v2 and v3 Bf|
Inception v4 and InceptionResNet v1 and v23]

The general problem inception units target is that for a corslution the size of the
Iter has to be chosen beforehand. However, depending on thiguation di erent
Iter sizes have di erent advantages. The inception units wercome this problem by
providing the network a variety of Iter sizes. This way they train the network to
learn, which of the Iter sizes it needs and how to combine thgained information.
The naive concept of one inception unit is shown in Figuré.7. The unit uses a
1 1-convolution, a 3 3-convolution, a5 5-convolution and a 3 3-max-pooling
operation at the same time. Afterwards the individual convaltion outputs are
concatenated and can then be used as input for further inceph units. This naive
approach is however computationally extremely expensiveence a more e cient
version adding 1 1-convolutions to decrease the computations was introdwte
The 1 1-convolutions lead to a dimension reduction before the lggr and more
expansive convolutions are performed}]. This was the overall rst version (v1)
also named GoogLeNet.

Version v2 and v3 mainly improved upon the accuracy of versiari while decreasing
the computational cost at the same time. The main change beé&n the versions
was the splitting of convolutions into several smaller one® 5-convolution can
for example be split into two 3 3-convolutions. The 5 5-convolution is 2.78
times more expansive than one 3 3-convolution [36].

Lastly, Google combined the two concepts of inception uni@nd residual units to
create the InceptionResNet v1 and v2. The main idea here is toGadn identity
connection around the inception unit. Three di erent IncepitonResNet modules,
A, B and C, exist, they mainly di er in the number and the size of peormed
convolutions.They are depicted from left to right in Figure4.8. Further those
architectures have a stem at the beginning of the model anddection blocks to
adapt the sizes between the di erent modules. The exact detaican be found in

[34.
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Figure 4.7: The sketch of a naive implementation of the basic inceptionnit is
shown. Four di erent operations are performed simultanealy. The results are

concatenated before passing them on to the subsequent urdblf
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Figure 4.8: The three di erent modules A, B and C of the InceptionResNet v1 &

depicted from left to right [34].




4.4 Multi-Task Learning

In multi-task learning, short MTL, the neural network perfoms several tasks
simultaneously instead of only one. For example a network malassify an animal
shown in a picture while reconstructing the direction in whih the animal is looking
at the same time.

One way of MTL is to share a large part of the neural network, wbh is therefore
forced to learn a more general representation of the givenglmiem, and then have
task speci c layers on top. This technique is called hard pamaeter sharing B]. A

schematic sketch of MTL using hard parameter sharing is shawn Figure 4.9.

I
_ Shared
I
.
_ _ _ Task-specific

Figure 4.9: General idea of MTL: the neural network consists of sharedyers,
layers that are common to all tasks, and speci ¢ layers, thabnly belong to a
speci c task. The shared layers learn a general represeritat of the problem, while
the task speci c layers are supposed to add the features needfor the specic
task.

As loss functions are usually de ned task speci c, we need a nevay of handling
the loss for the network in MTL. To train for several tasks wihin one neural
network at once, we need to combine the single loss functicilesone main loss. A
very simple way to do so is by adding up the single losses andraducing weights
for each loss component. In order for this aggregated loss:tion to stay in the
same order of magnitude as a single loss function one can fanttivide the sum
by the number of aggregated loss functions. By that we get

1 X
Lmain = N wili, (4.9)

where N is the number of single loss functionsgy; the weight corresponding to the
loss functionL;.
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4.5 Confusion Matrix

A good way to analyze classi cation tasks is to use so-callednfusion matrices.
In the following we want to introduce them and discuss how thegan be interpreted.

The potential solutions of each classi cation task belongota nite set of classes:
each event originates from one class and is classi ed by theunal network as one
class of this nite set. Therefore it is possible to create a atrix with one axis

corresponding to the ground truth and one to the predictionsThe size of the
matrix will be n  n, wheren denotes the number of classes.

In case the predicted class and the ground truth coincide, avent will be sorted
into a diagonal entry of the confusion matrix. Thus, in genelaa classi er works

ne if the matrix has the majority of its entries on the diagond axis, because this
means that the events have been classi ed correctly.

Let's consider an exemplary image classi cation task in wél we distinguish be-
tween images of cats, dogs and birds. This task results in a cosibn matrix of size
3 3. One possible event is an image of a dog. Let's assume theawek falsely

classi es the dog as a cat. The corresponding matrix and thering of the case
are sketched in Figuret.1Q

Dog

[

Predicted Class

Bird -

Cat—|
Bird

Dog-|

True Class

Figure 4.10: A exemplary confusion matrix and the sorting of one speci anage is
illustrated. The image shows a dog which was classi ed as atca

The nal matrix represents the total number of events and th& corresponding
combinations of ground truth and prediction. For easier intgretation the confu-
sion matrix can be normalized. There are two di erent ways tao so: rst one
can normalize on the ground truth, motivated by the fact that ech event has to
belong to one class. Second, one can normalize on the praditd, as each event
has to be predicted as one of the classes. The normalized osidn matrices for our
example classi cation task are schematically shown in Figa4.11 The confusion
matrix normalized on the ground truth values can be interpreed as how many of
the actual events of this class were found. We will call thisdction of correctly
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(a) Confusion matrix normalized on the  (b) Confusion matrix normalized on the
ground truth predictions

Figure 4.11: The di erence between the two normalization methods are uktrated.
On the left, the confusion matrix is normalized on the groundruith. The confusion
matrix on the right is normalized on the prediction.

identi ed events the accuracy The confusion matrix normalized on the prediction
values in contrast can be seen as the percentage of predictavhich were actually
correct for this class. The fraction of correct predictionss also called theprecision.

Let's look at our example again to clarify the di erence betwen the two normaliza-
tion methods: a very simple algorithm that predicts always dg independently of
the input, will classify all given dogs as dogs. It achieves atcuracy of 100% for the
class dog . This seems nice at the rst glance, but the preasi of these predictions
will be bad. It will equal the fraction of dogs inside the dataet. If the classes are
distributed equally, this will result in a precision of 33.36. Therefore one should al-
ways use both normalization methods to interpret the resutof a classi cation task.
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Chapter

Speci cation of the Dataset

In this chapter we introduce our dataset. First we discuss spiexs of the IceCube
data especially for their use with neural networks. Furthewe de ne the labels
of all tasks needed in the training process. The baseline ofetldataset and the
event selection are outlined next. Finally the properties ahe resulting dataset
are described and the impacts of the dataset composition adlescussed.

5.1 Specics of IceCube Data for Neural
Networks

In its rawest form IceCube data for one event consists of migte charge over time
measurements, one for each launched DOM. The DOMs are arraxdgn a three
dimensional grid. The input data is therefore four dimensimal. This leads to two
main issues: rst the dimensionality of the data and seconde large size of the
data.

High dimensional data results in many weighted connections a neural network
which in turn makes it hard to train a stable model on it. Additionally a four
dimensional convolution method would be needed, which is naaadardly available
yet. Further there are doubts if they are even numerically stade. Hence other
approaches are needed.

The second challenge we face is the sheer size of the data femgle event. Using
the smaller ATWD digitization each lunched DOM has a time seés of 128 measured
charges. For 5160 DOMSs this results in 5160128 = 66Q 480 inputs for a single
event. Training such a network is quite complex and in additio a lot of sample
events are needed.

One approach to deal with this situation is the use of recurrémeural networks
(RNN). They do not solve the second problem but deal with the timeomponent
more naturally. Due to a harder numerical implementation and anore fundamental
strategy we did not use them. A second approach is the use ofd¢l dimensional
convolutions on beforehand calculated features. The sedooption was chosen as
this will also further narrow down the data size. The detailon the calculated
features will be explained in Sectiorb.1.1. Further the three dimensional grid was
rearranged to narrow down the data even more. This is descetd in Section5.1.2

5.1.1 Input Features

By calculating speci ¢ features, used for input we are reduty the amount of data.
These features can than be stacked together similar to the BGvalues in image
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classi cation tasks. The input size is therefore reduced t6160 n, wheren is the
number of input features. Chosen input features will be desised in detail in the
following.

Quantiles

To achieve less input values the discretization of the wawetn is downsampled.
One could for example take only every second data point, thigould equal a longer
sampling time. Or the combination of several points for exapte by averaging
them is another possibility. In this work we used a di erent aproach. To get
more detailed information in interesting areas, we utiliz charge quantiles. More
precisely, time information at which a given percentage ohe total charge of each
DOM was collected was calculated. An illustration of this digization is shown in
Figure 5.1a A problem when using the waveform is that due to jitter it al® has
negative charge entries. To calculate the quantiles we trefore handled all charge
entries as absolute values. When using pulses instead of a @favm this problem
disappears automatically including all further charactestics jitter may introduce.
A comparison once using the waveform and once using pulseshswn in Figure
5.1b

A problem when using the ATWD information alone is that only a srall time
window of the event is covered. Hence the pulses can containrmaanformation,
often these are stored in a second ATWD series. At rst we only ed the rst
ATWD series. This di erence can also seen in Figuré.1b where the quantiles
based on pulses show more late entries, corresponding to aspuivhich is not in
the ATWD series. A further divergence is introduced because ¢hpulses were used
without their width, therefore all entries of one pulse are tathe same time. Also
the distortion introduced by jitter vanish. This can be seerbest at the three latest
guantiles based on the ATWD waveform.

s —awn | 5100
€5 A quantiles o H
< 2 o0 | £
S g %014
5 S E waveform based
> 0 - 0] = pulses based
. o 0 4 .
0 200 400 0 1000
Time [ns] time [ns]
(a) Charge Quantiles (b) Comparison of quantiles

Figure 5.1: On the left the ATWD waveform of Figure 2.5bis shown again. The
times calculated as charge quantiles are marked. On the rigln comparison of the
calculated input times once based on the ATWD waveform and on@a the pulses
is depicted.
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Additional Features

Below some additional features are listed. They have beersted in training as
complementary input to the charge quantiles and alone. In thenal architectures
only the total charge per DOM was used.

Total charge Height of the rst charge
Time of the rst charge Time spread
Number of pulses

51.2 Grid

The grid of IceCube, as described in detail in Sectiohl, is irregular. A schematic
sketch of the top view on the strings of the InlceArray is showm Figure 5.2a For
simpli cation DeepCore is excluded for now. To reduce comgity for the neural
network and to work e ciently, a compact representation of he grid has to be
found, while several requirements need to be ful lled. Firstneural networks work
with matrices. In the three dimensional case this is a cube. &hcube should be as
small as possible while at the same time maintaining as muchatial information
as possible.

To stick with the exact position of each string, as in Figuré.2, we need a grid of
the size 20 10 60. This representation introduces permanent vacanciesside
the grid. They are an additional characteristic the neural netork has to learn to
cope with. However by this representation the neighborly rations of the strings
are represented in more detail. This situation is sketched iRigure 5.2b.
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(a) Schematic IceCube grid out of the (b) Same grid than in Figure 5.2a but the
top view vacancies are highlighted

Figure 5.2: A sketch of the top view of the IceCube strings is depicted. Ehgrid
was rotated so that the the horizontal lines match with the diection of the x-axis.
DeepCore is excluded. On the right side additionally the vancies are highlighted
by the green dots.

A more compressed representation of the grid can be found i&whift strings in the
x-direction, the y- and z-direction can thereby stay the sam We came up with

31



= 5 - 41 42 43 44 = 5 — 41 42 43 44

31 32 33 34 35 36 37 38 39 40 31 32 33 34 35 36 37 38 39 40
22 23 24 25 26 27 28 29 30 22 23 24 25 26 27 28 29 30
14 1516 17 18 19 20 21 141516 17 18 19 20 21
7 8 910111213 7 8 910111213

0 - 123456 0 - 123456
T T T T

X X
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Figure 5.3: The top view of the rearranged grid in version A and B are shown
Version B is the smallest possible representation while méaming the neighbor
ship relations of the single strings better than version A.

two di erent solutions for the compressed representation wth are both depicted
in Figure 5.3. For version A the strings are rearranged in a way that the logr left
side, strings 1, 7, 14, 22 and 31 are mapped to the same x-vaturethe outer left.
The same is performed for the upper right border, strings 589, 67, 74 and an
imaginary string 80, are pushed to the outer right. This wayhe horizontal lines
are pushed to their corresponding sides to match at the outld. The grid shrinks
to the size of 11 10 60. The direct neighbors of each strings are nearly fully
maintained. If we push the horizontal lines of strings in anlgernating pattern
to the left and right it result in version B. In comparison to \ersion A the grid
decreases even further to the size of 100 60. While direct neighbors are equally
well preserved in version B as in A, the relation between faretrings improves
further. As an example lets look at the three strings 1, 14 and6l In IceCube,
Figure 5.2, string 1 is equally far away from the strings 14 and 16, thisdids also
for version B, Figure5.3b, but not for version A, Figure 5.3a

In Figure 5.4a comparison of one concrete event once based on the origicalCube
grid and once based on the grid version B is illustrated. Thevent based on the
new grid, Figure5.4b, can be clearly identi ed as the corresponding event, Figure
5.4a The dierences in the color coding are handmade and indicatno di erence.
A slight di erence can be seen in the cascade in the lower lagein Figure 5.4b,
based on the grid version B, the cascade seems a bit more dtaxt to the sides.
For the rest of this thesis we will use grid version B as it is nsb e ective in reducing
the size and keeps at the same time a maximum of detector syninye
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Figure 5.4: A comparison of one event once based on the original IceCubréedg

shown on the left, and once based on the grid version B, demdton the right, is
shown.

5.2 Label De nitions

In supervised learning the ground truth, the correct outputo the given problem
is of main importance. It is responsible for the feedback theural network gets
during the training process. For each task a network shoule&rn, a specic
corresponding label has to be de ned.

In our case the network will learn to predict a label correspaling to a specic

event type. In the following section it will be explained howabels are assigned to
the di erent event types.

5.2.1 Event Topologies

To assign the labels for the di erent event topologies we flolwed a two-level process.
The events were at rst distinguished as ne as possible. In aecond step we
recombined them into the classes that actually should be diisguished by the
classier.

On the nest level, we di er between the following event typs:

Neutral Current Interaction (NC) Double Bang
Cascade Stopping Tau
Starting Track Glashow Cascade
Stopping Track Glashow Track
Through-Going Track Glashow Tau

The event types have been explained in more detail in Secti@ as well as Chap-
ter 3. To distinguish between the above mentioned types the infaration provided
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Event Classi cation Label
Neutral Current Cascade
Cascade Cascade
Through Going Track | Track
Starting Track Starting Track
Stopping Track Track
Double Bang Double Bang
Stopping Tau Double Bang
Glashow Cascade Cascade
Glashow Track Track
Glashow Tau Cascade

Table 5.1: The allocation of the ten di erent event types to the di erert labels is
shown.

in the Monte Carlo simulations for each event was exploit. Theorresponding
decision process is sketched as a decision tree in Figre Here we classi ed the
events based on their type of interaction, their avor of theproduced lepton and
their eventual further decay. Finally the events signaturenside the detector was
deciding.

The second step, the recombination is necessary because therdnt event types
can't be distinguished well enough on the nest level. Whichabels are assigned to
which event type is summarized in Tablé. 1

We further relabeled according to two additional criteria nbincluded in Table 5.1
Events labeled as starting tracks that have a track length side the instrumented
volume of less than 50 m were relabeled as cascades. Also eviatieled as double
bangs were relabeled according to their tau decay length. Adivents with a tau
decay length of less than 5m were also labeled as cascades.

5.2.2 FRurther Classes

Simultaneously to the event topology class the events cansal be classi ed in
further categories. Their de nitions are explained below.

Starting

An event is classied as a starting event if the vertex of the ent is inside a
prede ned volume. This volume is normally the volume of thenliceArray, but it
can be changed by padding it's surface. If nothing else is mented no padding
was used.

Coincident Events
An event is classi ed as a coincident event if a second primaparticle is hitting
the detector inside the trigger window.
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consult the interaction type, followed by the type of the chayed lepton. For charged current interactions producing a taits decay is
examined. In the last stage, the signature of the event in®dhe detector gives the information about the nal event tye.




5.3 Properties of the Monte Carlo Simulation

To obtain our dataset we used Monte Carlo simulations proded by Nancy Wand-
kowsky for the IceCube collaboration. To be clear which sirtations were used, the
directories of the respective simulation les at the IceCub cluster in Madison are
listed in the Appendix A.1. The corresponding simulation parameters are given in
Table 5.2 The simulation was done for all three avors. Around 15% of thevents
have a coincident CORSIKA background. In this thesis we use advite Carlo
with energies between 5TeV and 50 PeV. The data was preparediwiceCubes
processing up to level 2.

| Parameter Name | |

Generator NuGen

Photon Propagator | Clsim

Ice Model Spice 3.2 7]

Hole Ice Model Dimas asher- t-model (p1=0.3, p2=0)
DOM E ciency 0.99

Table 5.2: The parameters used for the simulations are presented.

5.4 Event Selection

Only events where at least one simulated particle hit the imsimented volume were
selected. Also events where all particles missed the detecttosely, such that light
still could be seen, were cut. Thereby we obtained well com&d event topologies,
to not confuse the classi er at rst.

Additionally the composition of the dataset was adjusted, eants depending on
their label were selected. Goal of this procedure was to haaedataset with good
properties for training. Thereby the dataset should be as dias possible, while
maintaining a suitable ratio between the di erent labels. Atwo-level procedure
was found to be very useful. First a large base dataset is credt In this step all
time-consuming calculations, like the adaption to our griebr the calculation of the
various input features, were done. In a second step a furtheelection is performed.
The goal is to obtain a ne tuned dataset for training. As the wok on this thesis
showed it is helpful to have the opportunity to change the ndcomposition of the
dataset in a reasonable time. Therefore this two-level apmoh is good, because
the expansive computations are not needed over and over agakFor ne tuning
only the second selection step needs to be done again.

The percentages of each event class that were kept in the rstep are listed in
Table 5.3, The full base dataset consists of around 6,500,000 singlemtg. In the
second step we again applied lters that only kept speci c peentages of each class,
these are also listed in Tablé&.3. For true neutral current events and true cascades
a variable percentage was used. It depends on the primary ege of the neutrino.
The goal of this variable percentage was to obtain more high engetic cascades
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as a counterweight to the double bangs. Also for true double bgs we applied to
di erent lters. For double bangs with a tau decay length smaler than 5m only
1% was kept, while for all longer ones we kept all. The resulgndistributions can
be found in the following Sectiorb.5.

Event Classi cation Step 1 Step 2

Neutral Current 21 % (24:75 log,o(Energy) + 35:25) %
Cascade 18 % (24:75 log,o(Energy) + 35:25) %
Through Going Track 9% 20 %

Starting Track 35 % 20 %

Stopping Track 10 % 20 %

Double Bang K 5m, 5m] | [100, 100] % [1, 100] %

Stopping Tau 100 % 100 %

Glashow Cascade 100 % 100 %

Glashow Track 100 % 100 %

Glashow Tau 100 % 100 %

Table 5.3: The percentage of each event type we kept in our dataset in thest
and second selection step are presented.

5.5 General Properties of the Dataset

5.5.1 Training, Validation and Test Set

The whole dataset consist out of 2,841,632 independent eteenWe further divide
the set into a training, validation and test set.

| Set | Number of Events | Percentage of the Dataset |
Training Set 1,989,142 70 %
Validation Set 426,245 15 %
Test Set 426,245 15 %

Table 5.4: Composition of the whole dataset according to its purpose the training
process.

5.5.2 Event Distributions in the Dataset

The number of events per class in the dataset on the nest levare not equally
distributed, as can be seen in Figur&.6. The distribution which results from
relabeling the classes according to Tabk 1 are shown in Figure5.7. The same
distributions for the starting and coincidence label are siwn in the Figure 5.8a
and Figure 5.8b, respectively.
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Figure 5.7: The same distribution as in Figure5.6 after relabeling the events,
according to Table5.1, is presented.
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Figure 5.8: The distributions of the starting and coincidence label ofrte whole
dataset are plotted.

5.5.3 Distribution of Physics Parameters

The distributions of the most important physical parametes of the dataset will be
shown in the following. For most quantities the distribution is shown twice, once
for all event types on the nest level and once for the event fyes after relabeling.
For the event types on the nest levels "Stopping Taus" and "Ghshow Cascades
can not be found in the distributions, because there are no suevents in the
dataset, as can be seen in Figure6.

First the number of events in the dataset against number of hibOMs in the
InlceArray is presented, in Figure5.9. Additionally for all track-like events the track
length inside the detector is shown in Figur&.10and for all events involving a tau,
the tau decay length is presented in Figur&.11 Further distributions, including
the number of events against the deposited energy, the insleity, the zenith and
azimuth and the energy of the rst particle can be found in theAppendix A.2.
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be classi ed.
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5.6 Impact of the Dataset Composition

The impact of the dataset composition on the nal classi caibn results can be
signi cant. Therefore we rst discuss how an optimal dataseshould look like and
which e ects may introduce biases. In the following, we wilbutline the experiences
we gathered during the work on this thesis with respect to thenderlying dataset.

From a theoretical point of view an optimal dataset should besadiverse as pos-
sible. That means, every aspect that should get learned shHdwbe represented
in as many di erent ways as possible. Thereby a good generation becomes
achievable and every detail that is needed to perform the giveéask can be learned.
Further, the dataset composition should not introduce any»>dernal bias. A bias
can for example be introduced by having an imbalance in the nurabof events per
class. Furthermore, the classes among themselves should inglarly distributed in
guantities, that can e ect the classi cation. Last the datast should be su ciently
large, the more events are available the better.

The rst thing we encountered was that we had de ned our labal to roughly. The
label de nitions led to events that basically looked the sam but had di erent
ground truths. As a result the network got confused as it was skvn the same data
but told that the events belong to di erent classes. We saw arémendous boost in
de ning the ground truth more carefully.

In a next step we forced minimal requirements for speci c c&ses. If they were
not ful lled we relabeled those events. Two examples shoufdarify our relabeling
strategy: we forced a minimal track length of 50 m inside theeadector for starting
tracks if not they were labeled as cascades. Secondly, forarent to be labeled as
a double bang a tau decay length of more than 5m was necessd#ryot they were
also relabeled as cascades. This step can be seen criticag ttuthe change of the
ground truth for di cult events only. On the other side the relabeling can be seen
as a further tuning of the class de nitions as it is nearly impasible to distinguish
these event topologies. The events relabeled are close te tlesolution of IceCube.
In a third run, we additionally forced a nearly equal distrilution of labels with
regard to the event type class. Thereby we wanted to avoid arfyas to any specic
class. However, this wasn't su cient for our task. Due to the clracteristics of the
classes biases were still introduced. For example, doublgnlgs got over predicted
in case many DOMs had been hit in the detector while no cascadgst predicted
for these cases. On the other hand cascades got heavily overdicted for few
hit DOMs. By enforcing the same amount of cascades and doulidangs in the
dataset, the number of true double bangs was a lot higher tharmé number of
true cascades in the regime of many hit DOMs. Therefore, we egs that a more
uniform distribution of the events with respect to the numberof hit DOMs for
each class would be bene cial for the classi cation task wade.

In a nal step we corrected the distribution of events in hit DOMs within one
class to be more uniform. This has only been done for the clagscascades to
obtain more of them in the regime of many hit DOMs. By doing so &provided
the network with more training events in the regime importantfor the distinction
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of double bangs and cascades, where the network had previgisruggled. Due to
time reasons no further dataset was created. Hence extenglithis approach to the
remaining classes and forcing an even more similar distriitan among the classes
o ers potential for further improvements in the future.
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Chapter

The Classi er

In this chapter the nal version of our classi er is discuss& The term classi er
represents the deep neural network that is trained to perfor our di erent classi -
cation tasks. The chapter starts by introducing its architeture and the training
process it was passed through. Further the results of eaclagsi cation task are
presented individually. The classi er performs an event foology classi cation, a
starting event identi cation and a coincident event identi cation simultaneously.
Generally the results of the classi er will be shown in formfoa confusion matrix.
The concept of a confusion matrix and its normalizations isxglained in Section4.5.

6.1 Specication of the Classi er

6.1.1 Input

As described in Sectiorb.1.1, we used charge quantiles calculated in 5% steps as
input to the network. Individual quantiles are stacked behid each other. Finally
we appended the total charge measured at each DOM. Therebyetimeural network
can easily distinguish between hit and non hit DOMs. Each quity is arranged
according to the grid version B, which was described in Seati 5.1.2 Hence this
results in an input of size 10 10 60 21. Further, each input quantity was
normalized to have a mean of 0 and a standard deviation of 1.

6.1.2 Architecture

The architecture of the nal neural network used is based orhe IncResNet v2 of
Google B4]. An introduction to the architecture was given in Section4.3.2 More
comprehensive information can be found ir8f], [35] and [36].

After the input layer we rst perform ve three dimensional convolutions each
paired with batch normalization and two MaxPooling operaibns. Google calls this
rst part of the neural network the stem. It is a simpli ed version of the stem
used by Google in34], which was extended to three dimensions. Exact details on
the amount of used lters, their size and other parameters cabe found in the
Appendix A.3.1.

The middle part of the network consists of one Inception-A bick, followed by
seven Inception-ResNet-A blocks and one Reduction-A blockdditionally seven
Inception-ResNet-B blocks and one Inception-ResNet-C bloeke performed. Each
one similar to the version presented by Google i84]. The main di erence is the
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change from two dimensional to three dimensional convolotis.

Because we perform three tasks simultaneously we have to gdhis status of
the network three times for the nal task-speci c parts. Eat task performs one
additional Inception-resnet-C block and one nal three dirensional convolution.
For this nal convolution the event type classi cation uses 024 lIters while the
starting identi cation and coincidence identi cation use 320 lters each. All tasks
end with an AveragePooling. This setup results in a total of 2460,504 parameters.
A sketch of this setup is shown in gure6.l

Development of our Architecture
Our nal architecture as described above evolved over time. his paragraph gives
a short outline of this development that led to the nal archtecture.

We started based on the results of Johannes Kager idl]. He had shown that for
the purpose of event reconstructions in IceCube deep convidbnal neural networks
are more suitable than conventional feed-forward neural netnks. Also Mirco
Huennefeld already applied deep learning techniques to restruct muon neutrino
events in lceCube 17).

Many di erent versions of convolutional networks were tegtd. A broad exploration
on the e ects of di erent hyperparameters was performed. Mestigated parameters
included the size of the network, di erent input features, derent loss functions,
optimizers and the extend of using di erent regularizatiormethods. During our
tests we found that charge quantiles work well as input feates. Furthermore, the
best results were achieved by using Adam as an optimizer. Theeauof residual
units led to a more stable architecture and training.

In a next step, considerable improvement was achieved by th&roduction of
multi-task learning. This led to an increase in the overall @uracy due to a greater
generalization.

Our next modi cation of the architecture was inspired by Gogle's InceptionResNet
v2 [34]. By using InceptionResNet blocks we achieved a better ovéiraccuracy
while training a lot faster. The time needed to run one epoch deeased by a factor
of three. In addition, physical tendencies as we would expeittem were matched
better. In the following of this thesis this is discussed in ore detail.

The number of parameters in the nal architecture is immensand training is
therefore prone to over tting. The size of the current neurbinetwork was chosen
by simple testing. Architectures with more or less InceptidResNet blocks showed
no signi cant improvement.

Potential improvements and alternatives to the describedrehitecture will be out-
lined in the outlook in Section8.2

6.2 The Training Process

For the training process of our network we used the Adam optimer and batch
normalization for regularization, as introduced in sectio 4.2.2 Adam was used
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Figure 6.1: The architecture of the classi er is sketched. The network ewmist out of three main parts: the stem, a block of seven
Inception-ResNet-A modules and a block of seven InceptioreBNet-B modules. They are connected by an Inception A modulad
later by a Reduction A block. Before the split into task-spda layers one Inception-ResNet C module is performed. For el task
one further Inception-ResNet C module and one three dimensglrconvolution as well as an AveragePooling layer is nally adst.

The small number for convolutional layers represent the nuper of Iters used.




with its default parameters. Our choice of all further hyperprameters can be found
in the Appendix A.3.2.

In one epoch the full trainings dataset is used. It takes abo@3 h on three GPUs
(GeForce GTX 1080 Ti).

For the evaluation of the training process we distinguish Iween a main loss, that
includes all tasks and task speci c losses. To calculate timeain loss, according to
Section4.4, all tasks were weighted equally byv; = 1 and N was chosen as well as
1. Each loss is further spitted into a trainings loss calculed for the trainings set
and a validation loss calculated based on the validation seFigure 6.2 shows a
summary of all losses. A more detailed view of each task-spedoss is illustrated
in the Figures6.3g 6.3band 6.3c

Figure 6.2: The losses of training and validation set for the main loss dnall
individual tasks are shown.

Figure 6.2 shows a rapidly decreasing main loss in the beginning. The imaraining
loss and the main validation loss already reach the same leadter the second
epoch. In the next epochs the main trainings loss decreasesttiar, while the
main validation loss stays relatively constant, with only sght changes. The losses
diverge more and more. Starting at epoch eight we see an ingeadf the main
validation loss which is a clear sign of overtraining. This ect will get stronger
over time.

The task-speci c losses show similar behavior during traimg as the main loss,
including the start of the over tting. The event type loss catributes most to the
main loss, the starting loss least. The coincidence loss isamnly at, which could
result from the unbalanced composition of the ground truth dta in the dataset.
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(a) Loss of training and validation set for the event type classi cation only

(b) Loss of training and validation set for (c) Loss of training and validation set for
the starting identi cation only the coincidence identi cation only

Figure 6.3: Validation and training loss are presented once for each pemmed task:
on the top the event type classi cation losses are shown. Ohé bottom left the

losses for the starting identi cation are depicted and on ta right the ones for the
coincidence identi cation.
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6.2.1 Choice of the Final Neural Network

The decision upon which version of the neural network is nallused is normally
based on the main validation loss. Due to the fact that the ingidual tasks are
not equally important to us, this does not hold here. We alsoid not adapt our
main loss function to weight the task accordingly. Instead & de ned our own
"performance score" based on the percentage of predictiorisat were correct. The
percentage of correct predictions was calculated for eachsk. The results are
sketched in Figure6.4a Afterwards the percentages were summed up. However, as
the event classi cation is most important to our evaluatiors, its percentage was
weighted with a factor of three. The resulting score for eackpoch is shown in
Figure 6.4h.

Our best classi er achieved a performance score of 453.84.uses the learned
parameters after ve epochs. We use this network for all reks discussed in the
following.

(a) Percentage of right predictions per task (b) Performance score over all epochs

Figure 6.4: The percentages of correct predictions per task over the efpsds shown
on the left. On the right the resulting performance score islgtted.

6.3 Event Type Classi cation

In our event type classi cation task we want to distinguish éur event topologies in
IceCube: cascades, tracks, double bangs and starting tracklhe event topologies
and exact label de nition have been explained in Sectiok.4 and Section5.2
Figure 7.7aand Figure 7.7b show the confusion matrices of the event type classi -
cation once normalized on the ground truth of each class andae normalized on
the predictions of each class.
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(a) ground truth normalized (b) prediction normalized

Figure 6.5: The confusion matrices of the event type classi cation onagormalized
on the ground truth of each class and once normalized on theggalictions of each
class are presented.

The network achieves best results for the track class, 97%tbem are found with
a precision of 93%. Nearly all their confusion is with the clasof starting tracks.
Cascades are similarly well classi ed with an accuracy of @band an associated
precision of 86%. While the confusion with tracks is negligiy, this isn't the case
for double bangs and starting tracks. Only 21% of the double hg events are
classi ed as such and a prediction of a double bang is corrant57% of the cases.
Double bangs are heavily confused with cascade events ashldelbang events are
classi ed as cascades in 78% of the cases. 75% of the startiragks are identi-
ed correctly with an according precision of 89%. Starting facks are confused
with two classes, tracks and cascades. In the following wellwook at the dif-
ferent confusions in more detail and investigate possibleasons for their occurrence.

We generally expect that events with more hit DOMs are easi¢o classify as events
with very few hit DOMs. This follows the simple intuition that if more has been
seen by the detector, more information is available to distguish the events. The
accuracy and confusion as a function of the number of hit DOMs the detector are
shown in Figure6.6. Accuracy represents the fraction of correct identi ed eveas

of the corresponding class. In contrast, the confusion isdHalse positive rate, the
percentage of events that got falsely predicted as a specictass. Additionally the

number of events against the number of hits DOMs is shown.

It can be seen that the accuracy for cascades stays at nearly0% over the full
regime. However the confusion is starting to rise countertirtively from 100 hit

DOMs with an increase in hit DOMs. This confusion comes from dble bangs
which occur much more likely at large numbers of hit DOMs, seigure 6.6f.
The accuracy for tracks is also constantly high except for @it impairments for
both very few and many hit DOMs. The track confusion has its péafor few hit
DOMs. It decreases the more DOMs are hit before rising againh the end of the
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(a) accuracy and confusion of true cascades (b) statistic of true cascades

(c) accuracy and confusion of true tracks (d) statistic of true tracks

(Ea)magcszcuracy and confusion of true double (f) statistic of true double bangs

r n nfusion of tr rtin . .
i?;cigcu acy and confusion of true starting (h) statistic of true starting tracks

Figure 6.6: The accuracy and confusion as a function of the number of hit@Ms
together with the underlying statistic for each event types presented. The accuracy,

confusion and statistics of each bin are shown in dark bluaght blue and black
respectively.
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Figure 6.7: For true double bang events the prediction of each class as tfraction
of all events as a function of the tau decay length is shown. @rtau decay lengths
up to 200 m are plotted.

interval. Double bangs are predicted best if many DOMs arethiThe accuracy rises
continuously for an increase in the number of hit DOMs as the néusion decreases
accordingly. In the last bin the confusion increases strolygagain, however the
statistic is also very low there. The classi er predicts nedy no double bangs below
100 hit DOMs correctly. Starting tracks have a rising accuiey for few hit DOMs.

Above around 100 hit DOMs it reaches a plateau of around 75% athweh it stays.

The confusion is highest at the beginning, decreases furthend increases slightly
again for around 1000 hit DOMs due to their confusion with ddule bangs. The
exact distributions can be found in the corresponding subues in Figure6.6.

We further expect to see a tendency that double bangs are inrgal more easily
predicted for higher tau decay lengths, as the two cascade® detter separated
from each other. For very small tau decay lengths we expect ardusion with
cascades, due to the small separation of the two cascadesjolwltan therefore look
like one. In Figure6.7 we show the predictions of the classi er of all events with
the true class double bang as a function of the tau decay lehgt As expected
the confusion with cascades dominates the low regime contplg. For tau decay
lengths of about 60 m, the fraction of events predicted as aasles and the correct
predictions are in balance. The confusion constantly de@ses for larger tau decay
lengths until it becomes negligible starting at a tau lengthof 150 m. Double bangs
show no signi cant confusion with neither tracks nor startng tracks over the whole
regime.
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Figure 6.8: The fraction of predictions for each class for true startingracks as a
function of the inelasticity is presented.

Starting tracks are confused with tracks and cascades. Fovemts with the ground
truth starting track 15% of the events are identi ed as cascags and 10% as tracks.
In the case of starting tracks we expect to see a heavy coriigda between the
number of correctly classi ed events and the inelasticity.The inelasticity of an
event is de ned as the ratio between the energy that goes intbe hadronic cascade
compared to the total energy of the primary neutrino,

energy of the hadronic cascade
total energy of primary neutrino

inelasticity = (6.1)
We expect a higher confusion of starting tracks with cascasléor high inelasticities
and a confusion with tracks for very low inelasticities. Anagous to Figure6.7
we show all events with the ground truth starting track and treir corresponding
predictions as a fraction of all predictions against the inasticity in Figure 6.8
Again as expected, the confusion with tracks has its maximumnt a inelasticity of
zero and decreases with increasing inelasticy. The confusieith cascades behaves
exactly inverse. It reaches its maximum of over 50% of stamty track events being
wrongly classi ed as cascades in the last bin where nearlyl ahergy goes into the
hadronic cascade. The two expected tendencies, a higher fusion of starting
tracks with cascades for high inelasticities and a confusiavith tracks for very low
inelasticities, are thus con rmed.

A further quantity that in uences the prediction of startin g tracks is the track
length inside the detector. A starting track with its vertex at the border of the
detector and an outgoing track is in general harder to iderit than its counterpart
with a track going into the instrumented volume. Figure6.9 shows the classi ers
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Figure 6.9: The fraction of predictions for true starting tracks as a funtion of the
track length inside the instrumented volume is plotted.

predictions of true starting tracks against the track lengh inside the instrumented

volume. A clear correlation between the track length and theonfusion with

cascades is observed: the shorter the track length the morkely a cascade is
predicted. This e ect dominates up to a track length of 150 m.The confusion

with tracks shows a slight linearly increasing dependencypuo the track length of

around 800 m. Afterwards the confusion increases stronger tgomore than 70%
at the end of the spectrum.

As we have shown a dependency of starting track prediction onthahe track length
inside the detector and the inelasticity, this paragraph vl examine the interplay
between starting track predictions and both quantities simulineously. Figure6.10
presents the accuracy of predictions for true starting tr&s as a function of the
inelasticity and the track length inside the detector. The wo beforehand observed
tendencies are con rmed again together with some additiohasights: starting
tracks with a long track length are especially confused forew low inelasticities.
The confusion with cascades for high inelasticity goes torfibonger track lengths,
what should have a positive e ect, than for low ones. Eventsith an inelasticity
over 0.9 and up to a track length of about 500 m are predicted dhe same level as
starting tracks with a track length of 200 m and an inelasti¢y below 0.3.
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Figure 6.10: The accuracy of true starting tracks shown as a function of It the
inelasticity and the track length inside the detector is preented.

6.3.1 Probabilistic Interpretation of the Neural Networks
Output

Due to the use of the softmax activation function in the lastdyer of the neural
network, compare Sectiont.2.1, we can interpret the output of the classier in
a probabilistic manner. It is important to note that the output is not a real
probability in the sense that an observed event will be of theorresponding class
with this probability. Still it can be seen as a measure how cadent the classi er is
about his prediction. To con rm this correlation we rst de ne a quantity we call
the p-score. The p-score is de ned as the maximum softmax quit of one event.
It is very important to not confuse this de nition with the p- value in statistics. To
use our p-score as a measure of certainty we require as minimandition that the
accuracy should increase if we only base its calculation oveets that got predicted
with an increasing p-score threshold. In other words the catation is con rmed
if for higher minimal p-scores higher accuracies are obsedv Figure 6.11 shows
the accuracy for each event type over the p-score thresholBor a certain p-score
threshold ofk, the accuracy is calculated based on all events that got preted
with an p-score higher thank.

It can clearly be seen that the upper requirement is satis edTherefore we have
shown that we can use the p-score as a measure of certainty lné heural networks
prediction. Moreover, we can see that predictions for doublbang events are
far more insecure than for the other classes, because for Same p-scores lower
accuracies are observed. Following this logic tracks areeplicted the safest followed
by starting tracks. All event types converge to a accuracy o early 100% for a
p-score threshold of 1, double bangs only converge to arou®@%.
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Figure 6.11: The accuracy calculated for all events that got predicted wh a p-score
higher than a certain p-score threshold is shown.

6.4 Starting Events ldenti cation

This section focuses on the task to distinguish between imoong and starting
events. Starting events are explained in Sectich4 and the exact label de nition
can be found in Sectiorb.2. Here a padding of 0 m was used, so the volume in
which the vertex of a starting event can be equals exactly thastrumented volume.
Every event that enters the detector from outside is an incomg event. In the
previously explained event type classi cation task this ditinction was already
used for track-like events, resulting in the two classes:dcks and starting tracks.
Cascades can be of both types, but starting is more likely due their smaller
spatial extension. The same is valid for double bangs as theiso consist of two
connected cascades.

The classi cation results for the starting events identi ation are shown in the
confusion matrices in Figure6.12 97% of the events were identi ed correctly.
Starting events were found in 97% of the cases with an corresyling precision of
99%. Incoming events were identi ed with the same rate of 97%ut with an worse
resolution of 94%.

For the starting event identi cation the spatial expansionof the events plays a
major role. Due to the large di erences of the event types wéisw the confusion
matrices again, once for all true track-like events and onder true cascades and
double bangs. Due to their long track lengths, tracks are metikely to be incoming.
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(a) ground truth normalized (b) prediction normalized

Figure 6.12: The confusion matrices of the starting classi cation oncearmalized
on the ground truth of each class and once normalized on theeglictions of each
class are presented.

On the contrary, cascades are mostly starting. The confusianatrices obtaining
only events with the ground truth track or starting track arepresented in Figure5.13

(a) ground truth normalized (b) prediction normalized

Figure 6.13: Confusion matrices of the starting event identi cation one normalized
on the ground truth of each class and once normalized on thegglictions of each
class, only tracks and starting tracks are shown.

Comparing the confusion matrices of all events in Figuré.12, and the confusion

matrices of only track-like events in Figure5.13 we can see a slight impairment of
7% for the starting class accuracy and no change for the accayeof the incoming

class. The corresponding precisions changed similarly:etlstarting class lost 5% in
precision while the incoming class gained 1% in precision.
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Figure 6.14 shows the confusion matrices again, now based on events tlaae
true cascades or true double bangs. Here we see a completelgreint behavior.
Starting tracks are found in 99% of the cases and their prems reaches full 100%.
On the counter side incoming events are only detected with an acacy of 45%
while having a really bad precision of 4%. This results of theharacteristics of the
shown event that are mostly starting. In absolute values onl225 of the 236,090
events in the test set are incoming and true cascades or trueuble bangs. This is
also the reason for the impairment of the starting class if dntrack-like events are
observed. A huge fraction of the starting events are cascagavhich are classi ed
easier than track-like events.

(a) ground truth normalized (b) prediction normalized

Figure 6.14: Confusion matrix of the starting event identi cation once namalized
on the ground truth of each class and once normalized on theeglictions of each
class, only cascades and double bangs are shown.

Finally we can state that starting event identi cation for tr ack-like topologies works
ne. On the other hand it is hard to distinguish cascades andalble bangs in
starting and incoming. Firstly, this results from their spatal characteristics and
secondly, from their distribution in our dataset. A way to tackle this problem is
to train a specialized network on a dataset especially creatdor this task. The
dataset should be adjusted to contain a fair fraction of incoing cascades and
double bangs, so that the network has the chance to learn frotnem.

6.5 Coincidence ldenti cation

The coincidence identi cation task aims at nding events ttat have a second particle
hitting the detector simultaneously. Coincident events a& explained in Sectior?.4
and the exact label de nition can be found in Sectiorb.2
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Due to the rare appearance of coincidences in this datasetpand 15%, the predic-
tion are strongly biased towards single events. As a resultéHoss will decrease
rapidly to a relatively constant level just by predicting no @incidence independently
of the event. This then results in a nearly constant loss aftanitial reduction,
compare Figure6.3¢G where it is hard to improve on. The training of this task is
therefore very slow.

In the Figures 6.15aand 6.15bthe two normalized confusion matrices of this task
are presented.

Single events are almost always correctly identi ed, theiprediction is correct in
92% of the cases. Coincidences in contrast are only found, #%b of all cases which
is only slightly better as guessing. If a coincidence is prieted this is however
correct in 99% of the cases. These results partly re ect thenequal distribution
of labels. A possible solution for this problem would be an agted loss function,
that gives more weight to correct coincidence predictionhan for single event
predictions thus reinforcing their training. Another apprach is the change of the
label composition in the dataset. The optimal case for thisask would be a nearly
50/50 split of single and coincident events. Nevertheless a/50 split will also
in uence the results of simultaneously learned task. For exnple, we expect that
it is more di cult to predict the event topology correctly if a coincidence appears
compared to an identical single event.

(a) ground truth normalized (b) prediction normalized

Figure 6.15: Confusion matrices of the coincidence identi cation onceanmalized
on the ground truth of each class and once normalized on theeglictions of each
class are depicted.
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6.6 Exemplary Events and their Predictions

In this section four misclassi ed example events as well a®gsible reasons for this
results will be discussed. The events are presented in Figurd 6

(a) Event A (b) Event B

(c) Event C (d) Event D

Figure 6.16: Four exemplary event views are shown. Each event is misclasdi

Event A shows a true double bang caused by a tau neutrino with®PeV and a
tau decay length of 28 m that is classi ed as a cascade. The etethat double
bangs with small tau decay lengths get confused with cascads shown in Figures.7.

Event B is a starting track with a track length inside the detetor of 115m and a
inelasticity of 0.31. It is falsely classi ed as a cascade.h€ reason for this and the
interplay of the two quantities and their e ect on the predidion of starting tracks
is illustrated in Figure 6.10

Event C shows a track of 740 m in the instrumented volume whids classi ed as a
starting track. This case is very rare as only 2% of true trackare misclassi ed as
starting tracks. This type of confusion is however still themain part of the total
confusion for true tracks.

Event D shows an event with a coincidence that wasn't idented. The coincidence
is located in the upper right corner and consists of only fourit DOMs. Simulta-
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neously the event type was misclassi ed. While the true evertype has been a
double bang it was classi ed as a cascade, this is an e ect dfe small tau decay
length as for event A.

More detailed information to each event can be found in the Tde 6.1

| | EventA | EventB | EventC | EventD |
True Event Type | Double Bang| Starting Track Track Double Bang
Pred. Event Type Cascade Cascade Starting Track Cascade
True Starting Starting Starting Incoming Starting
Pred Starting Starting Starting Starting Starting
True Coincidence | Single Event| Single Event | Single Event | Coincidence
Pred Coincidence | Single Event | Single Event | Single Event | Single Event
Tau Decay Length 28m 24m
Inelasticity 0.76 0.31 0.21 0.44
Track Length* 115m 740m
# hit DOMs 855 649 662 313
Energy neutrino 6.2 PeV 2.4PeV 3.1PeV 6.1 PeV

Table 6.1: Detailed information about the falsely classi ed examplewents are shown.

*= inside the detector
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Chapter

Potential Applications in IceCube

To discuss potential applications of the classi er in IceCue we rst need to take a
look at the results under a realistic neutrino ux hypothess. All results presented
in Chapter 6 are shown on event-to-event basis. In contrast to this we nowant
to weight all events according to the IceCube best-t neutno ux. To conclude
the chapter we present two potential applications of the c&si er in IceCube: rst
we outline the use of the classi er in event selections. Sexbwe discuss a possible
way to search for tau neutrinos.

7.1 Weighted Results

We weight all events according to the IceCube best-t neutrio ux which is
composed of three parts: the atmospheric ux, the prompt ux ad the astrophysical
ux. We assume an atmospheric ux based on the model by Honda 2006 [L6).
Furthermore, the prompt neutrino ux suggested by Enberg in2008 P] was used.
Finally, the astrophysical ux we exploit is described by thepowerlaw

E
— 18 1 2 11
+(E)=0c 10 *°GeV “cm “sr °s 100 TeV , (7.2)
where we chose&, and the spectral index according to [L3],
=101 = 219 (7.2)

As a result we expect for our data processing a total rate of arodr9925.59 events
per year. These consist of 9527.69 events of atmospherigiori 217.67 events of
prompt origin and 180.23 events of astrophysical origin. Ese rates split into the
di erent event topologies as follows: in average we expecd®.26 cascades, 7575.05
tracks, 1386.26 starting tracks and 2.02 double bangs per yea

7.1.1 Event Type Classi cation

This section compares the event type classi cation resulisn event-to-event basis,

presented in Sectior5.3, to the ones resulting by weighting the events. The confu-
sion matrices were shown in Figuré.5. In Figure 7.1 they are shown again, but

now based on the weighted events.
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(a) ground truth normalized (b) prediction normalized

Figure 7.1: The weighted confusion matrices of the event type classi tian are
shown. The left confusion matrix is normalized on the grounttuth of each class
while the right matrix is normalized on the predictions of eeh class.

The main changes introduced through the weighting are an ag@acy reduction
for starting tracks of 7%, a reduction of the precision for c@ades by 13%, an
accuracy reduction of 7% for double bangs and a larger redimt of the precision
of double bangs from 57% to 25%. The precision loss of doublngs is explainable
by their small expected rate or more precisely by the ratio dhe event rates per
type. Double bangs are expected much rarer compared to thehet topologies, for
example we expect about 3745 times more incoming tracks thaouble bangs. On
event-to-event basis though the ratio between incoming tcks and double bangs
was about 4.5. Hence by weighting, the fraction of events thaget falsely identi ed
as double bangs increases compared to the number of true gressthe other event
topologies are expected to be seen at higher rates. The psgan of tracks improves
by 4% and the precision for starting tracks by 3%.

In Figure 7.2 the absolute number of expected events of each possible trind

prediction combination is shown. Due to the high expected ratef incoming tracks

and their good accuracy and precision we see this bin dominaiithe confusion
matrix: we expect a total of 7422.93 correctly classi ed treks each year. Correctly
classi ed cascades are expected at a rate of 906.43 eventsygar, while only 52.84
true cascades are confused. Around the same rate of 939.1%exily classi ed

starting tracks are expected each year, while a lot more starg tracks are confused,
447.09. With 0.28 events per year, which equals 1 event everByears, correctly
classi ed double bangs are expected least frequently. Modttbe true double bangs,
1.72 per year, are falsely classi ed as cascades.
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Figure 7.2: The weighted confusion matrix of the event type classi catio showing
the number of absolute expected events per year is depicted.

7.1.2 Starting Event Identi cation

In this section the performance of the starting event identi ation for a realistic
ux model is discussed. The corresponding confusion mateig are presented in
Figure 7.3,

(a) ground truth normalized (b) prediction normalized

Figure 7.3: The weighted confusion matrix of the starting classi catio once
normalized on the ground truth of each class and once nornadd on the predictions
of each class is depicted.

Compared to the event-to-event case in Figuré.12, the accuracy and precision
of starting events decreased while the precision of incomiegents increased: the
accuracy of the starting class decreased from 97% to 90% aihé torresponding
precision dropped by 6%. For the incoming class the accuracges increase by
1%, while the precision also increases by 3%. This changeuiessagain from the
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Figure 7.4: The weighted confusion matrix of the starting event identication in
the number of absolute expected events per year is presented

changing ratio of the classes: on event-to-event basis marascades are in the
dataset, due to the weighting this changes to relatively mertracks and starting
tracks. The cascades are well predicted as starting events.

The confusion matrix with the absolute values for the startig event identi cation
is shown in Figure7.4. A rate of 2115 correctly identi ed starting events per year
Is expected, while 155 events are misclassi ed as startingor incoming events
7421 events are classi ed correctly each year, while confug 235 starting events
as incoming.
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7.1.3 Coincident Event Identi cation

Here the results of the coincidence identi cation if the lceCe best- t neutrino
ux is assumed are shown. In Figure’.5 the corresponding confusion matrices are
depicted.

(a) ground truth normalized (b) prediction normalized

Figure 7.5: The weighted confusion matrix of the coincidence classi tian once
normalized on the ground truth of each class and once nornmdd on the predictions
of each class is shown.

The accuracy of detecting coincidences decreases by 4% t&5Which corresponds
to pure guessing. However the precision of the prediction stpigh at 99%. As a
result 735 coincidences are correctly identi ed each yeaxhile only 6 events are
falsely classi ed as a coincidence. The confusion matrix thithe absolute values is
depicted in Figure7.6.

Figure 7.6: The weighted confusion matrix of the coincidence identi d#on in the
number of absolute expected events per year is depicted.
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7.2 Usage for Event Selections

A rst potential application of the classi er within IceCube is its usage for event
selections. Based on the classi cation results events car belected. If for example
an analysis needs a dataset consisting of track-like eventsly events classi ed as
track or starting track are selected. Most of the time it is tkereby very important
to obtain a dataset that is as pure as possible. Hence it is becial to only use
events that are predicted more certain. Depending on the kat use case a balance
between purity and the number of remaining events has to beund. We have
shown in Section6.3.1that the p-score can be interpreted as a certainty of the
classi cation results and can thus be used as a decision crite

In the following the confusion matrix for the event type clagsation is shown three
times in Figure 7.7: the rst line shows the matrix with all events for comparison
reasons. The matrices in the second line are based on everdsihg a minimal
p-score of 0.8. Lastly, the matrices in the third row are badeon events having a
p-score greater than 0.90.

The development over an increasing cut-o p-score illusttad in Figure 7.7 shows
a continuous increase in accuracy and precision of each ta3ke largest confusion
that remains after an increase of the cut-o p-score to 0.9 ithe confusion of true
double bangs with cascades. Also a minor confusion of true giag tracks with
cascades and tracks remains as well. They are at a level of ab&Q%o each. Further
confusion matrices with a minimal p-score of 0.75, 0.85 an®8 can be found in
the Appendix A.4.

68



(a) ground truth normalized, p > 0:0 (b) prediction normalized, p > 0.0

(c) ground truth normalized, p > 0:80 (d) prediction normalized, p > 0:80

(e) ground truth normalized, p > 0:90 (f) prediction normalized, p > 0:90

Figure 7.7: The development of the two normalized confusion matrices fohe
event type classi cation task if only events with an increasag minimal p-score are
used is illustrated. Therefore the matrices are once showaded on all events, once
only with events of a p-score greater than 0.80 and nally oglbased on events
with a p-score greater than 0.90. p-score was shortened tovents are weighted

to the IceCube best- t neutrino ux.
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Figure 7.8: The fraction of data that remains as a function of the p-scoreut-o is
shown. Events are weighted to the IceCube best- t neutrino ux.

The disadvantage of only using events that got predicted wita p-score higher
than a certain threshold is that only a fraction of the data wi meet the imposed

requirement. Thereby the number of events in the sample isdeced. Figure7.8

presents the fraction of data that remains as a function of #hp-score threshold.
For a given p-score the remaining fraction of data for tracksithe largest of all

classes. It only starts to drop signi cantly at a p-score of et 0.95. In general
tracks are therefore classi ed with the highest certaintynevertheless this alone
isn't a measure for how well they get predicted. For the clasgouble bang on
the contrary, the remaining fraction of data drops very eayl starting at p-scores

of 0.50. For a p-score of less than 0.70 already more than halfthe events get
dropped. The classes of cascades and starting tracks are inween those two

extremes. Details can be found in Figuré&.8.

Coming back to the example made in the beginning of this seati, a dataset of only
track-like events is wanted. We now want to look at this seléion process in more
detail. In Figure 7.9 the joint precision and remaining data fraction of tracks and
starting tracks as a function of 1 p-scoreis sketched on a log-scale. The p-score
increases to the left side. The precision is high over the lfsbectrum. However, for
a track event selection a confusion of some sub-percentagas already be crucial.
On the log scale the remaining data fraction decreases nealilyearly starting at a
minimal p-score of around 0.5.
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Figure 7.9: For a track-like event selection the joint precision and reaining data
percentage of tracks and starting tracks as a function of 1 p-scoreon a log-scale
is sketched. The remaining data fraction is shown on the righthe precision is
shown on the left. The corresponding values for a forced prgon of about 99.7%
are highlighted.

Already without applying any cut a remarkable precision of 986% is obtained. If
for example a precision of 99.7% should be obtained a mininpakcore of 0.72 needs
to be forced. This cut results in dropping 4.12% of the eventsith the prediction
track or starting track. Thus 95.88% of the data remains. Theespective points
are highlighted in Figure7.9.

This principles of tuning the accuracy and precision by foroag a p-score over a
certain threshold also applies to the starting events identation and coincidence
identi cation tasks. As a short overview the evolution of th& confusion matrices
as a function of a increasing minimal p-score are shown in tiAg@pendix A.4.

7.3 Double Bang Detection

The identi cation of events originating from tau neutrino interactions is an im-
portant task in IceCube. As a double bang structure can only beaused by tau
neutrinos, the search for taus can be done by the identi cain of the double bang
topology. A reliable identi cation of the latter one through the classi er could thus
assist in the identi cation of tau neutrinos.

With the current version of our classi er 0.28 double bangs arnelenti ed correctly

each year, with a corresponding background of 0.86 events pyear, see Figure/.2

The background equals the number of falsely identi ed evesitper year. About 1.72
events of the total 2.02 double bangs expected each year alassi ed as di erent

classes.

The signal to background ratio can be tuned by applying cuts. Heby a balance
with the remaining signal has to be found.

To see which kind of double bangs we nd the accuracy as a fummt of the number
of minimal hit DOMs and minimal p-scores is shown in Figur€.1Q In more detalil,
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Figure 7.10: The accuracy of true double bangs as a function of the minimal
number of hit DOMs and the minimal p-score is plotted. Eventsr& weighted to
the IceCube best- t neutrino ux.

the x-axis shows the number of minimal hit DOMs, this meansf the number of
minimal hit DOMs has a certain valuek all events with k or more hit DOMs are
considered. The same principle applies to the minimal p-gep all events with a
p-score equal or higher than the minimal p-score are used. Agexted the accuracy
rises for higher numbers of hit DOMs as well as for higher pese thresholds. No
events have a p-score higher than 0.966, hence the top bin ikits.

As for the accuracy in Figure7.10we sketch the precision as a function of the number
of minimal hit DOMs and minimal p-scores in Figure7.11 The expected tendency
of better predictions for higher minimal p-score is con rmedagain. However the
unexpected trend of larger precisions for increasing numiseof hit DOMs seems
counterintuitive. The highest precisions are achieved fonty few hit DOMs and for

a minimal p-score of over 0.90. A part of the explanation cadilbe the underlying
event distribution, more events are expected in the area afw hit DOMs than for
many. Another part could be that possibly the double bangs geb big to be well
identi ed by the classi er.

Using the precision, two linear decision boundaries can beteiemined by choosing
a respective point in Figure7.11 Thereby a speci c signal to background ratio
could be obtained. Nevertheless this still results in two strght cuts and they do

not lead to an optimal solution. For a nal double bang detedbn analysis here
a further processing step should start, that determines meradvanced decision
boundaries.
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Figure 7.11: The precision of double bang predictions as a function of theimimal
number of hit DOMs and the minimal p-score is illustrated. Egnts are weighted
to the IceCube best- t neutrino ux.

The nal interesting question does not concern ratios, but lasolute numbers.
Therefore Figure7.12 shows the absolute number of events correctly and falsely
classi ed as double bangs per year as a function of the numbédrminimal hit
DOMs and minimal p-scores.

As expected the loser the cuts are, the higher the rates are. &imaximal values, if
no cuts are applied, of 0.28 correctly identi ed events perear and the background
of 0.86 events per year can be found in the bottom left cornef the upper sub gure
in Figure 7.12and respectively in the sub gure at the bottom. Further, we se a
higher decrease in the number of events per year in the reginoe few hit DOM
for falsely classi ed double bangs than for correctly classd ones if we increase
the minimal required p-score. Taking the ratio of the events the two absolute
plots gives the precision, shown in Figuré&.11 The two plots can be used to easily
see witch signal rate corresponds to with background rate.

Additionally three histograms can be found in the AppendibA.5 showing the num-
ber of true double bangs, the number of predicted double basi@nd the number
of correctly identi ed double bangs per year binned in numberfdit DOMs and
p-score.
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Figure 7.12: Number of double bang predictions per year as a function of the
minimal number of hit DOMs and the minimal p-score. On the toghe number of
correctly identi ed events per year is shown. In contrast tb bottom graph shows
the number of double bang predictions per year that are fals@he di erent orders
of magnitude for the two graphs should be taken into accounEvents are weighted

to the IceCube best- t neutrino ux.
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Chapter

Conclusion and Outlook

8.1 Conclusion

This thesis evaluated the use of deep neural networks for evéype classi cations
in IceCube. The training and evaluation of the neural network were based on
Monte Carlo simulations by the IceCube collaboration.

Firstly, we have shown that special care needs to be taken torggate a consistent
dataset. Label de nitions should be as clear as possible toable the network
to learn the di erent event topology characteristics. Furher the ratio between
the di erent classes should be carefully chosen to achievebalanced dataset. We
have shown that equally distributed labels prevent biase®wards speci ¢ classes.
Additionally we suggested to adjust the distributions of edcindividual class further
to avoid biases here. An similar distribution in number of hitDOMs among all
classes seems promising.

As the available four dimensional input for one single event w have been
too large and too complex to train on, we proposed a reducedpirt size. It is
stacked of three dimensional features, containing chargeantiles and the total
measured charge per DOM. Furthermore, we used a compressed gepresentation
by rearranging the strings.

The architecture of the presented neural network is based dhe ndings of a

broad exploration of parameters including the general strtiere of the architecture,
the network's respective size, di erent loss functions, ophizers and the extend of
using di erent regularization methods. The nal classi er presented in this thesis
is based on Google's InceptionResNet. It uses the Adam optiraizand dropout
as well as batch normalization for the regularization of théraining. Furthermore,

it utilizes multi-task learning to enable better generalizaon and to have a more
generic application. Each intermediate version of the clgiser had been carefully
evaluated by checking its results against our physical exgatons.

The resulting classi er was able to distinguish the four toplogies, cascades, tracks,
double bangs and starting tracks, fairly well. 87.9% of itsrgdictions are correct.
The confusion of double bangs with cascades remains the ksgopen issue. Start-
ing events can be distinguished from incoming ones in more th@0% of the cases.
The coincidence identi cation detected around half of all ccurring coincidences,
while if a coincidence is predicted the classi er is mostly cagct. This needs further
investigation.
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Finally we outlined two potential applications for the classer in IceCube: event
selections and searches for tau neutrinos. However, furthewestigations have to
be done to validate the consistency of the neural network. Ane-tuning of the
classi er to the respective task is expected to further impnee its performance.

In general we see the achieved results of event classi catithrough our proposed

architecture as a proof of principle. We have shown that it isgssible to classify
event topologies in IceCube on a competitive level through ¢husage of deep neural
networks.

The framework for developing deep learning applications ieeCube partly created
within this thesis is publicly available at the following git repository: https:
/[github.com/MaxiKro/DeeplcelLearning

8.2 Outlook

Many open questions and starting points for improvement reain: on the one side
the classi er itself can further be optimized while a more @mfound understanding
of the internals of the classi er could be gained. On the otheside its usage should
be evaluated in more detail for the various applications inceCube.

One of the biggest constraints of the neural network was ouedision to use a special
architecture based on three dimensional convolutional neal networks. There are
other architectures which may have bene cial aspects for owtassi cation task.
For sure it is worth investigating them further. A rst potential step could be the
use of four dimensional convolutions, as the raw IceCube dais four dimensional
as well. This architecture would match the data more naturahs well as make the
calculation of speci c input features obsolete. An alternave approach would be
the use of recurrent neural networks. These are able to deal ramaturally with
the time component of the waveform. Graph neural networks otine other hand
could o er the possibility to deal with the irregular geomety of the detector.
Lets assume we stick with the general architecture of our ned network. Addi-
tional potential lays in the further optimization of the hyperparameters through a
structured hyperparameter scan.

Based on the discussion on the signi cant in uence of the daset composition in
section5.6, we argue that the biggest potential for improvement for theurrent
architecture is hidden in the dataset. We therefore suggesi train the classi er
again on a further optimized dataset. An equal distribution dr the number of hit
DOMs among the classes seems promising here.

DeepCore increases the resolution of the detector by exteng the energy range
in which lceCube can measure e ectively. However the inforrtian measured by
DeepCore's DOMs has not yet been included in our classi er. hE challenge is
an e ective implementation in the current input shape of the eural network. We
expect an improved performance through its inclusion.

The classi er has so far only been trained on a speci ¢ set ofraulations that all
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have the same ice properties. We have not yet tested the netkan systematic

datasets, which should be done to evaluate how robust the st er is and in which

way its performance is a ected.

A big step in any machine learning application that was trainé on simulated data
is its application on experimental data. As often slight disagements between
simulated and experimental exist, the applications can shodi erent performances.
This test is an important step, which still needs to be done. $pecially it has to be
checked, weather the neural network has trained on speci catires inherent to

the Monte Carlo simulation.

Some additional ideas that we want to mention but don't want ¢ outline further

are the inclusion of dropped DOMs in IceCube, the use of hexagl kernels, an
event dependent loss function and the visualization of theemral network feature
maps. Additionally more tasks, like a direction reconstructin, can be added.

Some of the possible applications in IceCube of such an classivere already
shortly outlined in Chapter 7. We further see the possibility to increase the active
volume for starting events to the vicinity of the instrumental volume. This would
allow for a detailed study on the performance of the startingvents identi cation
with di erent volume sizes. If this works ne, this would allow to increase the
starting event datasets.

Neural networks are extremely fast applied, in an order of nideconds, once they
are trained. Additionally they don't need many computationdresources. Therefore
the classier could be used at the South Pole by allowing fastvent topology
predictions online. The classi er could furthermore be uskto perform a avor
ratio analysis based on the predictions of the neural netwkar

Independent of which application will be targeted, the clas er should further be
ne-tuned to this speci c task. We thereby expect a further ncrease in performance
such that the classi er becomes competitive as an alternag approach to the
present methods applied in IceCube.
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Appendix

Appendix A

A.1 Monte Carlo Simulation

The directories of the used simulations on the cluster of theeCube collaboration
in Madison are listed below:

/data/ana/Cscd/StartingEvents/NuGen _new/NuE/
medium.energy/IC86. asher_p1=0.3_p2=0.0/12

/data/ana/Cscd/StartingEvents/NuGen _new/NuMu/
medium_energy/IC86. asher_p1=0.3_p2=0.0/12

/data/ana/Cscd/StartingEvents/NuGen _new/NuTau/
medium_energy/IC86. asher_p1=0.3_p2=0.0/12

A.2 Additional Distributions of Physics
Parameters
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(a) All Event Types

(b) Event Types after relabeling

Figure A.1: Distributions of the whole dataset against the distributedenergy once
split for all event types and once for the event types which shild be classi ed are

shown.
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(a) All Event Types

(b) Event Types after relabeling

Figure A.2: Distributions of the whole dataset against the inelasticit once split for
all event types and once for the event types which should beaski ed are depicted.
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(a) All Event Types

(b) Event Types after relabeling

Figure A.3: Distributions of the whole dataset against the cousin of theenith once
split for all event types and once for the event types which shild be classi ed are
presented.
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(a) All Event Types

(b) Event Types after relabeling

Figure A.4: Distributions of the whole dataset against the cousin of the anuth
once split for all event types and once for the event types wdti should be classi ed
are plotted.
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(a) All Event Types

(b) Event Types after relabeling

Figure A.5: Distributions of the whole dataset against the energy of the 1s
particle once split for all event types and once for the eveypes which should be

classi ed are shown.
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A.3 Details to the Classi ers Setup

A3.1 Stem
| Position |  Layer Type | Number of Filters | Filter Size | Stride |
1 3D Conv. with bn* 32 (2,2,3) 1
2 3D Conv. with bn* 32 (2,2,3) 1
3 3D Conv. with bn* 64 (2,2,3) 1
4 MaxPooling (1,1,2) 1
5 3D Conv. with bn* 80 (2,2,3) 1
6 3D Conv. with bn* 96 (2,2,3) 1
7 MaxPooling (2,2,3) (1,1,2)

Table A.1: Details of the di erent layers of the stem are presented.
*= three dimensional convolution with a batch normalization hyer

For all convolutions we used a same padding and a RelLu actii@t function.

A.3.2 Training Parameter

The hyperparameters we used in the training process were chnsas follow:

| Parameter | Choice |
Patience 20
Verbose 1
Delta 0
Max Queue Size 3
Learning Rate 0.001
Optimizer Adam
Single Gpu Batch Size¢ 16

Table A.2: Choices for the parameters used in the training process arstéd.
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A.4 Confusion Matrix p-cut

A.4.1 Event Type Classi cation

(a) ground truth normalized, p > 0:75 (b) prediction normalized, p > 0:75
(c) ground truth normalized, p > 0:85 (d) prediction normalized, p > 0:85
(e) ground truth normalized, p > 0:95 (f) prediction normalized, p > 0:95

Figure A.6: The development of the two normalized confusion matrices cam

event-to-event basis for the event type classi cation task only events with an

increasing minimal p-score are used is illustrated. Themt the matrices with an
minimal p-score of 0.75, 0.85 and 0.95 are shown. The values hased on the
weighted events.
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A.4.2 Starting Events Identi cation

(a) ground truth normalized, p > 0:75 (b) prediction normalized, p > 0:75
(c) ground truth normalized, p > 0:85 (d) prediction normalized, p > 0:85
(e) ground truth normalized, p > 0:95 (f) prediction normalized, p > 0:95

Figure A.7: The development of the two weighted normalized confusion nrates
for the starting events identi cation task if only events wih an increasing minimal
p-score are used is illustrated. Therefore the matrices widm minimal p-score of
0.75, 0.85 and 0.95 are shown. The values are based on the ke events.
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A.4.3 Coincidence ldenti cation

(a) ground truth normalized, p > 0:75 (b) prediction normalized, p > 0:75
(c) ground truth normalized, p > 0:85 (d) prediction normalized, p > 0:85
(e) ground truth normalized, p > 0:95 (f) prediction normalized, p > 0:95

Figure A.8: The development of the two normalized confusion matrices sad
on weighted events for the coincidence identi cation task ionly events with an
increasing minimal p-score are used is illustrated. Themt the matrices with an
minimal p-score of 0.75, 0.85 and 0.95 are shown. The values based on the
weighted events.
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A.5 Tau Analysis

Figure A.9: All true double bangs depended on their number of hit DOMs and
there p-score are shown in form of a histogram. Events are ghied to the IceCube
best- t neutrino ux.
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Figure A.10: All predictions of double bangs depended on their number of hit
DOMs and there p-score are shown in form of a histogram. Evenare weighted to
the IceCube best- t neutrino ux.

Figure A.11: All correct predictions of double bangs depended on their nlar of
hit DOMs and there p-score are shown in form of a histogram. Ents are weighted
to the IceCube best- t neutrino ux.
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