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Abstract

The IceCube Neutrino Observatory detects high-energy astrophysical neutrinos, which
are presumed to originate from active galactic nuclei (AGNs), gamma-ray bursts (GRBs),
supernova remnants, and neutron star mergers. However, muons are also generated in
atmospheric particle cascades, requiring IceCube to distinguish neutrino-induced muons
from atmospheric background events.[1]

E�ciently simulating these muons is computationally demanding, necessitating opti-
mization strategies. This thesis investigates the use of a Recurrent Neural Network
(RNN) to improve the e�ciency of muon simulation by predicting whether a muon event
survives the veto selection process.

To facilitate training, a dedicated tool called ToyCube was developed to generate
training data by simulating muons propagating through ice and IceCube, calculating
the cumulative photon yield in IceCube’s veto region. This tool provides full control
over the simulation and demonstrates that an RNN can successfully learn to predict
photon yield.

A dedicated dataset was generated using MuonGun simulations to train and evaluate a
di�erent RNN architecture. Systematic hyperparameter tuning|including adjustments
to hidden layers, neuron counts, learning rates, thresholds, positive class weighting,
and incorporating dropout|was performed to optimize model performance. The �nal
model achieved a validation error rate of approximately 5.4 % or 6.1 %, depending on
the chosen threshold, and demonstrated the potential to reduce computational costs by
selectively �ltering muon events before full simulation.
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1 Introduction

The IceCube Neutrino Observatory is the world’s largest neutrino detector, designed to
observe high-energy neutrinos from astrophysical sources. Unlike charged cosmic rays,
neutrinos travel undisturbed over cosmic distances, making them valuable messengers
of extreme astrophysical events.[1]

The most likely sources of high-energy neutrinos include active galactic nuclei (AGNs),
gamma-ray bursts (GRBs), supernova remnants, and neutron star mergers. These
neutrinos are typically produced through the decay of pions, which decay into muons
and neutrinos.[1]

A major challenge in neutrino detection is distinguishing astrophysical neutrino-induced
muons from atmospheric muons. Simulating these muons is essential for background
rejection, but is computationally expensive.

This thesis explores the use of deep learning, speci�cally Recurrent Neural Networks
(RNNs), to enhance the e�ciency of muon simulation in IceCube. RNNs are well-suited
for processing sequential data, making them ideal for analyzing muon propagation tracks
and predicting either the photon yield in the veto region or whether a given muon event
survives the veto selection process. By training an RNN on simulated muon data, this
study aims to reduce computational costs by �ltering out background events before full
simulation.

To achieve this, a dedicated simulation tool called ToyCube was developed to generate
training data by modeling muon propagation and calculating photon yields within
IceCube’s veto region. A separate dataset, generated using MuonGun simulations,
was then used to train and evaluate a more complex RNN architecture. Systematic
hyperparameter tuning, including adjustments to the number of layers, neuron counts,
learning rates, thresholds, positive class weighting, and incorporating dropout was
performed to optimize the model’s performance.
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2 Theory

2.1 IceCube Neutrino Observatory

The IceCube Observatory is a particle detector located at the South Pole. It is a
cubic-kilometer large and almost 2,500 meters deep in Antarctic ice. IceCube consists
of several sub-detectors. At the surface is IceTop and under the ground is the inner
sub-detector and DeepCore embedded in it. Figure 1 illustrates the structural design
of the neutrino observatory. IceCube is primarily designed to study neutrinos from
extreme cosmic phenomena.[2]

Figure 1: This schematic illustrates the structural design of the IceCube Neutrino
Observatory. IceTop, located on the surface, is complemented by 5,160 Digital Optical
Modules (DOMs) distributed along 86 strings, which are deployed in the ice at depths
between 1,450 and 2,450 meters. The DeepCore sub-array is situated at the center of
the detector. The image is sourced from [2].

There are 5,160 so-called Digital Optical Modules (DOMs) in the detection system which
are attached to vertical cables, the so-called \strings". The strings are arranged on a
hexagonal grid with 125 meters spacing and were lowered through 86 boreholes. Eight
additional strings with a higher density of DOMs form the more compact DeepCore in
the center. The function of DeepCore is to enhance IceCube’s sensitivity to low-energy
neutrinos and neutrino oscillation measurements.[2]

Above the main detector, IceTop is located at the surface and consists of stations with
two ice-�lled tanks, each equipped with two downward-facing DOMs. IceTop serves
primarily as a veto and calibration detector, helping to identify and �lter atmospheric
muons that could interfere with the detection of neutrino-induced signals. Additionally,
IceTop is used for studying extensive air showers (EAS).[2]
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The innovative design and multi-component structure of IceCube allow it to detect
neutrinos across a wide energy range.

2.2 Neutrino detection

Neutrinos are fundamental particles that belong to the lepton family. They are electri-
cally neutral and therefore are not de
ected by magnetic �elds. Neutrinos are interacting
only via the weak nuclear force and gravity, which allows them to pass through matter
almost undisturbed, but making them challenging to detect. For a long time, their tiny
rest mass was thought to be zero. Moreover, neutrinos exist in three 
avors|electron,
muon and tau neutrinos (�e; ��; �� )|and exhibit the phenomenon of 
avor oscillation
as they travel through space. Their ability to carry unmodi�ed information over large
distances makes them invaluable messengers in the exploration of the universe.[1]

Neutrinos are produced in a variety of astrophysical environments through di�erent
fundamental processes. In main sequence stars like the Sun, they are generated primarily
via the proton-proton chain reaction, where hydrogen nuclei fuse to form deuterium,
emitting electron neutrinos [1]:

p+ p! 2H + e+ + �e:

In core-collapse supernovae, neutrinos are abundantly produced through electron capture,
where electrons are absorbed by protons to form neutrons and electron neutrinos [1]:

e� + p! n+ �e:

High-energy neutrinos, in particular, are expected to originate from supernova remnants,
but the most likely dominant sources are active galactic nuclei (AGNs). In these
environments, protons are accelerated to extreme energies by relativistic jets and
interact with surrounding photons, leading to pion production [1]:

p+ 
 ! �+ ! n+ �+:

The charged pions subsequently decay into muons and muon neutrinos:

�+ ! �+ + ��:

Muons further decay, producing electron neutrinos and additional muon neutrinos:

�+ ! e+ + �e + ���:

If the target photons originate from the cosmic microwave background, the resulting
neutrinos are known as GZK neutrinos, which are potential candidates for the highest-
energy neutrinos observed. Another possible source of high-energy neutrinos could be
neutron star mergers, where extreme magnetic �elds and relativistic out
ows create
conditions for hadronic interactions, leading to neutrino production through similar
pion decay processes.[1]

High-energy neutrinos produced in astrophysical sources are di�cult to detect and
therefore only observed indirectly. When a neutrino interacts with the ice, it produces
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electrically charged secondary particles. One key interaction mechanism is the Charged-
Current (CC) interaction, in which a neutrino exchanges a W boson with a nucleon,
transforming into its corresponding charged lepton.[1]

For example, a muon neutrino can interact with a neutron as follows:

�� + n! �� + p:

If one of these charged particles travels through the medium faster than the speed of
light in that medium, it emits Cherenkov radiation. This light is then detected by the
photomultiplier tubes (PMTs) inside Digital Optical Module (DOMs) in the IceCube
Neutrino Observatory. The observed light pattern allows reconstructing the energy
and direction of the incoming neutrino. Muon neutrinos are particularly favorable for
detection, as they produce long track-like signatures that can be used to determine
their trajectory with high precision.

2.3 Muon detection

Muons are elementary particles and, just like neutrinos, they belong to the lepton family.
Similar to electrons, they are charged particles, but with a rest mass of approximately
106 MeV/c2 they are roughly 207 times heavier than electrons. They are produced both
in the Earth’s atmosphere through cosmic ray interactions with nuclei in upper layers
and within the detector via neutrino-induced interactions. Due to their relatively long
lifetime of 2:2 µs and high penetration capability, muons can pass through signi�cant
amounts of matter, leaving distinct track-like signals in detectors. As the muon travel
through matter, it causes ionization by knocking out electrons o� atoms nearby, creating
ionized particles along its path. At very high energies, the muon can also undergo
Bremsstrahlung, in which the muon emits photons due to acceleration caused by its
interaction with atomic nuclei. When traveling faster than the speed of light in a
medium such as ice, muons emit Cherenkov radiation, which can then be captured by
the DOMs of IceCube.[1]

The IceCube Neutrino Observatory detects muons because they serve as a crucial signal
for the indirect detection of neutrinos. Muons are produced when high-energy neutrinos
interact with atomic nuclei in the ice of the detector. Particularly relevant for IceCube
are those muons that originate from interactions of astrophysical neutrinos, as they
provide insights into cosmic events in which these neutrinos were generated.

However, muons are produced not only by neutrino interactions in the detector, but also
as part of secondary particle cascades resulting from the interaction of cosmic rays with
the Earth’s atmosphere [1]. These atmospheric muons are also detected by IceCube,
though they are considered background noise. Nevertheless, valuable information can
be extracted from their analysis.

2.4 High-Energy Starting Event (HESE) veto

The High-Energy Starting Event (HESE) veto is a technique used in the IceCube
Neutrino Observatory to separate astrophysical neutrinos from background events
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caused by atmospheric muons and neutrinos. It works by using the outer parts of the
detector as a veto layer, ensuring that only neutrino events that start within the �ducial
volume of the detector are considered. The veto layer is de�ned as the DOMs in the
outermost 90 m of the detector at the top, 90 m from the sides, the bottommost 10 m,
and a 60 m thick horizontal layer below the region of the most dust-concentrated ice (cf.
Figure 2).[3]

Figure 2: Schematic of the IceCube detector DOM positions. Above: The red dots
represent strings with only veto DOMs, whereas the blue dots indicate the strings which
also have non-veto DOMs. Below: This is a side view of the IceCube detector, where
every red dot is a veto DOM and every blue dot is a non-veto DOM. This diagram was
obtained from [3].

Since atmospheric muons enter the detector from outside, a set of veto criteria has been
established to �lter them out.

The �rst interaction of the event must start inside the �ducial volume to be considered.
Also, the event must have three or fewer photo-electrons (PEs) of charge detected in
the veto region, otherwise the event is rejected. In addition, if the event has hits on
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more than two veto DOMs, it is also rejected. Any light detected in the veto region
must have arrived within 50 ns after the event started to make sure that the light is
coming from inside the detector and not from an outside source. The veto system is also
able to ignore hits that happen too long before or after the event, by ignoring hits that
occur more than 3µs before or after the event start time. This helps remove accidental
background noise that isn't related to the neutrino interaction. Finally, the detected
veto hit must close enough to the event|within 3 µs� c � 899 m|to ensure that the hit
is related to the neutrino event and not caused by something else entering the detector
from the outside.[3]

Events failing these criteria are classi�ed as external background and are removed from
the HESE sample.

2.5 Recurrent Neural Network (RNN)

A Recurrent Neural Network (RNN) is a type of arti�cial neural network speci�cally
designed to process sequential data by maintaining connections across time steps.
Unlike traditional deep learning models, RNNs retain information from previous inputs
through internal states, allowing them to capture contextual relationships and temporal
dependencies. This makes them particularly e�ective for tasks makes them well-suited
for tasks where context and order matter, like speech-related tasks, but also time
series-dependent problems. Instead of treating each input independently, RNNs use past
information to enhance predictions. However, they struggle with learning long-range
dependencies due to issues like vanishing and exploding gradients, which can hinder
e�ective training.[4]

The most basic model consists of three layers, the input layer, a hidden layer and
an output layer, as shown in Figure 3. Recurrent connections allow information to
cycle through the network, which maintains a hidden state, which in turn captures
information.[4]

Figure 3: Basic RNN architecture, featuring an input layer, a hidden layer and an
output layer. The internal state of the RNN is updated at each time step, enabling it
to remember information from previous time steps. This schematic was taken from [4].

The following terms are mentioned in the subsequent research and necessary to under-
stand the internal process and functions of an RNN.
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Network architecture

Input Layer: The �rst layer, which receives the input data. It has the same size as
the input vector.

Hidden layer: Layers between the input and the output layer, which maintain recur-
rent connections to store past information and processes sequential dependencies.
They are called \hidden" because their outputs are not visible.

Output Layer: The layer which generates predictions based on the �nal hidden state.

Hidden size: The hidden size determines the number of neurons in the hidden layer
of a neural network. This parameter a�ects the model's capacity to learn and
retain complex patterns.

LSTM layers: An LSTM layer is a special type of RNN layer designed to handle
sequential data and long-term dependencies. It avoids the vanishing gradient
problem, which is a problem where the gradients become tiny, making it di�cult
for the model to learn and update weights.

Linear Layer (Fully Connected (FC) Layer): A layer where every neuron is con-
nected to all neurons in the previous and next layers. They provide simple and
fast mapping between inputs and outputs and are often used as the �nal layer
before the output layer.

Activation function: Activation functions are used to enable the network to learn
complex patterns, by introducing non-linearity to the outputs of neurons.

ReLU (Recti�ed Linear Unit): This popular activation function introduces non-
linearity while being computationally e�cient. If the input is positive, the output
remains the same, but if the input is negative or zero, the output is set to zero.
The function is de�ned as: f (x) = max(0 ; x).

Training parameters

Learning rate: Determines how much the weights of a neural network are updated
during each iteration of training. A high learning rate speeds up training but may
cause instability, while a low learning rate ensures more stable convergence but
may take longer.

Batch size: Number of training samples processed together in a single training step.
Larger batch sizes speed up training, but may generalize worse.

Early Stopping: A technique to prevent over�tting by stopping the training when
the model's performance on a validation set stops improving.

Positive weight: A parameter used to adjust the loss function to handle class imbal-
ance by assigning more weight to the minority class, ensuring the model doesn't
become biased toward the majority class.

Dropout: A regularization technique where a fraction of neurons is randomly set to
zero during training to prevent over�tting and improve generalization.
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General Terms

Over�tting: A modeling error where the model learns not only the underlying patterns
but also incorporates the noise in the training data, leading to poor performance
on new, unseen data.

Loss: The loss is the error calculated as the di�erence between the model's predictions
and the actual target values. The lower the loss, the better.

Training loss: The loss calculated on the training dataset, indicating how well the
model is learning the training data.

Validation loss: The loss calculated on the validation dataset, used to monitor the
model's performance and detect over�tting during training.

Testing loss: The loss is the error calculated on a separate test dataset that the model
has never seen before, used to evaluate the �nal performance.
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3 ToyCube Simulation

ToyCube is a simulation tool designed to generate training data for neural networks
using the proposal package. It simulates the propagation of muons through ice and
calculates the total photon yield in IceCube's veto region. The initial conditions of the
muons, including energy, starting position, and direction, are randomly generated within
a prede�ned framework. The number of samples (muon tracks) can be freely chosen.
After generation, the training data is �ltered and structured to minimize memory usage
and computational overhead.

This chapter provides a detailed explanation of the development of this tool. The source
code is available at [5].

3.1 Proposal package

The proposal python package is a dedicated simulation tool designed to model charged
lepton propagation (especially muon propagation) within a prede�ned medium. It
allows simulating the muon's trajectory and computes discrete energy losses due to
interactions with the medium. Each interaction is characterized by its spatial coordinates,
interaction type (e.g. ionization, bremsstrahlung, photonuclear interactions, electron
pair production) and the associated energy deposit.[6]

3.2 Energy reconstruction and photon yield conversion

The muon propagation function of the proposal package only outputs the positions,
types and energies of the individual energy loss events. To convert these losses into
observable photon yields, we employ the following photon yield function for a point
source:

� (r ) = n0A
1

4�
e

� r
� p �

1
� cr tanh( r

� c
)
: (1)

In this expression, the following medium-dependent parameters are de�ned:

� a = 98 m; � e = 24 m; � = e� � e
� a ; � p =

q
� a � � e

3

1:07
and � c =

� e

3�
: (2)

The propagation length (� p) is de�ned by the absorption length ( � a) and the e�ective
scattering length (� e). The factor 1.07 is a correction factor used by [7] for a better �t
to the experimental data. Equation 1 and its parameters (Equation 2) were taken from
[7].

The prefactor n0 � A in Equation 1 is determined via curve �tting to the experimental
data in Table 1.

Figure 4 shows the curve of Equation 1 �tted to the values in the Table 1. In the
analysis, the combined prefactor is found to be

n0 � A = (6 :4 � 0:5) � 108 number of photons� m2:

The curve does not �t perfectly to the data, but without the mentioned prefactor of
1.07 in Equation 2 it would be even worse.
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distance [m] 30 50 78 94

photons 5500 780 229 68

Table 1: Experimental data used to �t the photon yield curve. This data was obtained
from [8].

Figure 4: This plot illustrates the photon yield as a function of distance. The red dots
represent the experimental data from Table 1 while the solid curve is the �tted model
according to Equation 1 and the parameters in Equation 2.
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The data in Table 1 are standardized to an energy of 300 TeV. For instance, a 300 TeV
loss event leads to 5,500 hits after 30 m. Therefore, to calculate the number of photons,
the energy loss itself does not directly contribute to the total number of hits. Rather, it
must be divided by 300 TeV.

Thus, the �nal equation to compute the total number of photons produced by a given
energy loss is:

Nphotons (E; r ) =
E � � (r )
300 TeV

(3)

This formulation enables the calculation of the number of photons that would be
detected by a Digital Optical Module as a function of both the distance r between the
energy loss and the DOM, and the energyE deposited during the interaction.

3.3 Visualization of photon yield

To visually demonstrate the photon yield calculation, a simpli�ed scenario is considered
wherein the simulation volume is modeled as a sphere of ice with a radius of 1020 m. A
positive muon is propagated through this medium under predetermined initial conditions.
For a representative test case:

� an initial energy of 107 MeV,

� a starting position located 105 m above the IceCube center,

� and an initial propagation vector given by (1; 0; � 3)

is chosen.

Figure 5 shows the complete track of energy losses along the muon's path, as it travels
through the ice. The red diamond marks the position of a virtual observer, acting like
a DOM, which observes the emitted photons of the individual energy losses as shown
in Figure 6. Each energy loss event is color-coded according to its interaction type.
The legend of these �gures reveal that blue dots stand for ionization, orange dots for
electron pair production, green dots for photonuclear reactions and red dots stand for
bremsstrahlung.

In Figure 6, one can see the virtual observer again, as well as the proportion of photons
it observes from which energy loss location. Size and color represent, as mentioned,
the amount of photons, which reach the DOM and the type of energy loss the photons
develop from. The closer the interaction, the more photons survive the distance traveled.
It becomes evident that, at a certain distance, the photon yield drops to a point where
no photons can be detected by the observer. This can be equated with the number of
photons falling below the threshold of the detector, resulting in a track, that appears to
be much shorter. The number of photons observed is calculated by Equation 3, where
the distance for each photon yield calculation is the distance between the DOM and
each point where an energy loss event happens.

Figure 5 and Figure 6 shows very well that the tool and the photon yield function
(Equation 3) work successfully. Ultimately, the objective is to determine the amount of
photons detected by each veto DOM in the IceCube observatory. This information allows
calculating the total photon yield for each traversing muon. Later, this information
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Figure 5: A 3D representation of the muon's energy loss events, where the dot size
re
ects the magnitude of the energy loss and the color indicates the interaction type.
The red diamond at coordinates (0; 0; 0) represents a virtual DOM observing the muon
track. Please note that the circles have been scaled for better visibility.

Figure 6: The photon yield, observed by a virtual DOM, represented by the red diamond
at coordinates (0,0,0). The circle sizes correspond to the number of photons produced
at each energy loss location, which were actually detected by the DOM. The interaction
types are color-coded the same as in Figure 5. Here, too, the circles have been scaled
for improved visibility.
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is used to develop a machine learning framework designed to predict the total photon
yield for each muon event.

Further, the geometry of IceCube's underground detector is needed. Speci�cally, for
future purposes, only the veto region is needed. The veto region de�ned for the HESE
veto contains a 60 m thick horizontal layer below the region of the most dust-concentrated
ice. However, since this simulation uses a homogeneous ice sphere, a simpli�ed version
of the veto region is used, excluding the said horizontal layer. Only the veto region is
relevant, because later this is the main target area for the neural network predictions.

In Figure 7 the red dots represent the veto region, whereas the blue dots mark the
remaining DOMs. One can see, that the topmost four DOM layers, as well as the outer
rim of strings and the bottommost DOMs belong to the veto region. The DeepCore is
visible by the more densely packed dots in the center.

Figure 7: Geometry of the IceCube observatory (excluding IceTop). The red dots
indicate the DOMs that are part of the veto region. The blue dots mark the remaining
DOMs. The more densely packed DeepCore is visible in the center.

The Recurrent Neural Network, trained on the simulated muon tracks, should be able
to predict the number of detected photons in the veto region. Later, a second RNN,
based on the previous one, is trained on MuonGun simulation data, which then predicts
whether the muon survives the veto decision or not.

The procedure illustrated in Figure 6 for a single DOM is now extended to all veto
DOMs. The initial simulation parameters (sphere of ice, energy of the muon, starting
position and direction) stay the same. Figure 8 visualizes the resulting cumulative
photon yield across the veto region, which is placed inside the ice sphere. The positions
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of the purple circles are equal to the positions of the veto DOMs. However, their sizes
are determined by the total sum of the photons they observe. This sum is calculated by
simply taking the sum of all photons each DOM observes (cf. Figure 6). Veto DOMs
which do not detect any photon at all are not visible. The additional colored markers
in the �gure show a segment of the muon track, as in Figure 5. This time, the trace
is cut to the spatial boundaries of the IceCube detector, which is why the rest of the
track is not visible.

Figure 8: Spacial distribution of the photon yield across the veto DOMs. Each DOMs
size is de�ned by the total number of photons it observes at that location. One can also
see the trace of the propagating muon through the detector and its energy losses, as
well as the color-coded type of loss. It should be mentioned, that the circle sizes are
scaled to improve visibility.

A method is now established to calculate the number of photons that each veto DOM
would detect as a muon passes through the observatory. The next step is to generate
training data that can be used for the development and training of a Recurrent Neural
Network.

3.4 Generation and preparation of training data

The training data should comprise two components:

1. Input data: The positions of individual energy losses along the muon track and
the corresponding energy deposits.

2. Target data: The total number of photons detected by all veto DOMs for that
muon event.

To produce an appropriate amount of training data, many simulated muon tracks are
generated. Each track is characterized by unique initial conditions, including random
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starting positions, propagation directions, and random starting energies. The �rst step
is to create random starting positions.

Figure 9a illustrates 1000 evenly distributed random starting positions on a disk of
800 m radius, while Figure 9b displays the corresponding random propagation directions.

To avoid biasing the simulation with muons propagating predominantly in one direction
(e.g., vertically downward), a rotation to the initial position is applied using the
corresponding random propagation directions. These are generated evenly spread
around a unit sphere as shown in Figure 9b.

(a) This �gure shows a disk of 1000 evenly
distributed randomly generated starting po-
sitions for muon tracks. The disk has a
radius of 800 m and is located 930 m above
the IceCube center.

(b) A plot of 1000 uniformly distributed
dots on the unit sphere. Each of them is
used as a random propagation direction for
the muon track.

Figure 9: These plots illustrate the distribution of the random starting position (9a)
and the random generated propagation directions (9b).

There is a function provided by [8] to calculate the three-dimensional rotation of a vector
~x = ( x1; x2; x3) to a new vector ~x0 = ( x0

1; x0
2; x0

3). Equation 4 calculates the rotation
matrix of ez on the direction vector ~d = ( d1; d2; d3) and applies it to the position vector
~x.
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The resulting positions after applying Equation 4 to all random initial positions is shown
in Figure 10.

Figure 11 presents the non-rotated and rotated starting positions, including the IceCube
veto region for scale.

Finally, for the initial muon energy, a range between 105 and 109 MeV is chosen.
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Figure 10: Random initial positions after rotating, demonstrating the e�ect of applying
Equation 4 to the random initial positions shown in Figure 9a based on the random
propagation direction shown in Figure 9b.

(a) Initial random positions (non-rotated) (same
as Figure 9a) with the IceCube veto region.

(b) Rotated initial positions (same as Figure 10)
including the IceCube veto region.

Figure 11: Comparison of non-rotated (11a) and rotated random initial positions (11b)
with the IceCube geometry for spatial reference.
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3.5 Data reduction and optimization

Some methods are needed to reduce the computing time of the simulation. Not only
that, but also the training duration of the RNN needs improvement. To achieve this,
unnecessary parts of the training data get removed, without compromising essential
information.

One way to save on negligible training data is to choose a threshold for minimal detected
photons per loss. This is to cut o� all data which contributes virtually nothing to the
total amount of photons in the veto region. This threshold is set to 0.01 photons. For
example, when simulating 1,000 muons there are 1,059,606 energy loss events total from
which only 76,908 are considered relevant due to the minimal emission criterion. The
total saving is in this case about 92.7 %.

Another method is to reduce the memory consumption, by changing the structure of the
stored data, which helps to load all the training data faster into the RAM for quicker
access. It is also faster to restore the original structure of the data after loading it
instead of loading the not optimized training data.

The training data is restructured to speed up RAM loading and processing. Instead of
storing each energy loss event in the form of

E1; ~x1; E2; ~x2; : : : ; En ; ~xn ;

the data is reorganized to

~x0; ~r; E1; d1; E2; d2; : : : ; En ; dn :

For clari�cation, ~xn is the position of an energy loss, whereas~x0 is the starting position
of the muon,En is the energy released,~r is a normalized vector which points in the
direction of the muons trajectory and dn represents the distance along the track at
which the nth energy loss occurs. This distance is calculated by taking the norm of the
di�erence between the starting position and the loss position, as indn = jjx0 � ~xn jj .

With the simpli�cation of just storing the starting position and direction of the trajectory,
everything else needed is the distance traveled to each energy loss.

This restructuring nearly halves the number of stored entries. For example, a muon
track with 3000 interactions would require 12000 entries in the original format, but only
6006 entries in the optimized format (including the 6 entries for the starting position
and direction).

The neural network does however require the �rst type of data structure for training.
The original spatial coordinates for each energy loss event can be recovered using:

~xn = ~x0 + ~r � dn ;

thereby enabling full reconstruction of the track if necessary.

The introduction of a minimal emission threshold and an optimized data format not
only reduces storage requirements but also accelerates data loading, preprocessing, and
the training duration.
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4 Recurrent Neural Network Training

This section focuses on the development and training of a Recurrent Neural Network
(RNN) designed to accurately predict whether a muon survives the veto decision or
is rejected. The motivation behind this approach is to reduce the need for exhaustive
simulations of all possible muon propagation scenarios, which would be computationally
prohibitive. By e�ectively �ltering out muons classi�ed as atmospheric, the RNN
enhances the e�ciency of muon simulations in IceCube research.

4.1 Training with ToyCube data

The overarching goal of generating synthetic data using the ToyCube mini tool and
training a neural network on this dataset is to establish a proof of concept. This
approach ensures full control over the simulation while assessing the network's ability
to learn from the structured data.

To determine whether the model can learn at all, the initial model parameters were
determined through trial and error. The most important parameters are the number of
hidden layers (in this case, LSTM layers) the number of hidden states (or neurons) in
each layer, and the learning rate.

The structure of the training data created by the ToyCube tool reveals that the input
layer size is four, corresponding to the energy and spatial position of each loss event.
The training data is loaded sequentially, loss by loss, for each muon track sequence.
The output layer size is one, as the target is the total amount of photons in the veto
region. A batch size of 1,024 was chosen for training on the GPU cluster.

With picking a learning rate of 0.001, the next step is to investigate the impact of the
number of layers and their size on the model's performance.

4.1.1 Number of layers and layer size testing

To identify the optimal parameter set for predicting the number of photons in the
veto region of IceCube and determining whether the veto is triggered, nine di�erent
combinations of layer con�gurations (1, 2, or 3 layers) and sizes (64, 128, or 256 neurons)
are tested. The trained RNNs are then evaluated to determine the best-performing
parameter set.

In Figure 12, the RNN's predictions are compared with the actual values from the
training dataset. In any case, more than 70 % of the data points are located within
the 1� con�dence band. The sigma value is determined by calculating the standard
deviation of the di�erences between the actual values and predicted values. If the
absolute value of this di�erence is smaller than� than the data point is located inside
the con�dence band. It turns out, that for two LSTM layers with 128 neurons, the most
(78 %) predictions are located within � 1� .

To �nd out how high the false prediction rates are, we assume, that to trigger a veto
event, �ve photons are needed. When the RNN predicts more than �ve photons, but
there are actually less than that, then this is called a false positive.
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