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Abstract

The planned IceCube-Gen?2 radio neutrino detector at the South Pole will enhance the detection
of cosmic ultra-high-energy neutrinos. It is crucial to utilize the available time until construction
to optimize the detector design. A fully differentiable pipeline, from signal generation to detector
response, would allow for the application of gradient descent techniques to explore the parameter
space of the detector. In our work, we focus on the aspect of signal generation, and propose a mod-
ularized deep learning architecture to generate radio signals from in-ice neutrino interactions con-
ditioned on the shower energy and viewing angle. The model is capable of generating differentiable
signals with amplitudes spanning multiple orders of magnitude, as well as consistently producing
signals corresponding to the same underlying event for different viewing angles. The modularized
approach ensures physical consistency of the samples and leads to advantageous computational
properties when using the model as part of a bigger optimization pipeline.

1. Introduction

The detection of high-energy neutrinos opens up a unique way of perceiving the depths of the cosmos
(Mészaros et al 2019). Due to their close-to-vanishing interaction with matter, they can traverse vast dis-
tances essentially undisturbed. Hence, as messengers, they carry the potential to unambiguously identify
the location of cosmological events. However, their weak interaction also makes them extraordinarily
difficult to detect, and the instrumentation of huge volumes is required to obtain acceptable detection
rates. A cost-efficient way to achieve this is to instrument vast ice shelves in Greenland or Antarctica
with an array of compact radio detector stations (Barwick and Glaser 2023). The big volume of detector
material, combined with the high transparency of ice, allows for the occasional detection of high-energy
neutrinos.

We focus our work on the radio detector of the IceCube-Gen2 project (Aartsen et al 2021, IceCube-
Gen2 Collaboration 2023), which is currently in development for construction at the South Pole and
whose design can still be optimized. The potential improvement is large. In Glaser et al (2023), under
optimistic assumptions, it was estimated that an improved station layout, together with additional trig-
ger improvements, can lead to an up to three-times better detector at negligible additional costs. To
maximize the efficacy of the detector design, the precise locations and orientations of the radio anten-
nas need to be optimized. The differentiable programming paradigm (Baydin et al 2018, Blondel and
Roulet 2024) constitutes an intriguing option to address this problem. Constructing a fully differentiable
pipeline, from neutrino event to detector response, would allow for the use of gradient descent methods
for optimization. In this work, we consider the aspect of radio pulse generation and design a differenti-
able surrogate model to replace (parts of) the existing Monte Carlo simulations.

© 2026 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Reproduced with permission from Barwick and Glaser (2023) © 2026 World Scientific Publishing Co Pte Ltd. Left: a
neutrino interaction in ice. The collision of a neutrino with an atom in the ice gives rise to a shower of secondary particles. These
particles emit Askaryan radiation, which is strongest on the Cherenkov cone. In this plot, the viewing angle 6 = ¢, where 6¢
denotes the Cherenkov angle in ice, and where the dotted red line indicates the direction towards the observer. Right: the same
signal is depicted at different viewing angles, where AQ2 = 6 — 6c. It can be observed that the signals with A are approxim-
ately antisymmetric copies of each other*.

The radio pulses originate from neutrino interactions in ice (Barwick and Glaser 2023). A cascade
of secondary particles forms a particle shower with time-varying excess negative charge, which gives
rise to Askaryan radiation (see section 2.1 for details). A schematic of the process is depicted in the left
part of figure 1. The radiation is strongest when observed on the Cherenkov cone with viewing angle
0 = ¢, which is 56° in deep ice. In the right plot of figure 1, signals from the same event at different
viewing angles are depicted. The signals exhibit an approximate antisymmetry around f¢, and the amp-
litude decreases quickly when € diverges from it. The neutrino energy E determines the underlying signal
shapes that are possible. While the distance between the event and the observer also affects the signal, we
do not consider this aspect in this work and instead use a constant distance of 1km.

Additional requirements are placed on the generative surrogate model due to its usage as a com-
ponent in the detector optimization pipeline. It needs to generate signals together with their respective
amplitudes, which range over many orders of magnitude. Furthermore, it needs to be able to generate
multiple correlated signals, corresponding to the same neutrino interaction as observed by antennas at
different positions. To fulfill these requirements, we develop a modularized model architecture, which is
illustrated in figure 2.

A generative model (the generator) producing normalized signals lies at the core of this architecture.
The type of model used for the generator can be freely chosen, as long as realistic samples are generated.
Even non-differentiable simulations, such as the Monte Carlo simulation itself, are possible; it is one of
the advantages of the modularized architecture to enable (approximate) differentiability for the event
parameters also in such cases. In most of our experiments, we utilized the MC simulation as the gener-
ator. To illustrate certain aspects of the model architecture, we also employed a diffusion model (Ho et al
2020) as an alternative. The normalized signals are subsequently transformed to the different viewing
angles of interest and combined with their final amplitudes. Two additional networks are employed for
these steps.

2. Background

In this section, we give background information on the dataset and the physical processes involved in
giving rise to the radio signals under consideration.

4 Radio Detection of High Energy Neutrinos in Ice, Steven Barwick and Christian Glaser, Edited by Floyd W. Stecker, The Encyclopedia
of Cosmology, Vol 2 Chapter 6, Copyright @ 2023 World Scientific Publishing.
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Figure 2. The modularized model architecture. The generator generates normalized samples at a fixed angle and for a given
shower energy E. The 0-Net then transforms the signal to the desired viewing angle 6. Finally, the a-Net predicts the signal amp-
litude a and combines it with the normalized signal x, to obtain the signal x.

2.1. Askaryan radiation

Askaryan radiation was first described in Askar’yan (1965). Neutrinos can occasionally interact with
atoms in the ice and cause a cascade of secondary particles, called a particle shower. As the particle
shower develops, electrons outnumber positrons, and a negative charge excess builds up along its tra-
jectory, resulting in the generation of radio emission. Since the particle shower is traveling faster than
the speed of light in ice, the emitted radiation exhibits Cherenkov-like characteristics and is strongest on
the Cherenkov cone, with viewing angle 6 = ¢, where 0c = 55.82° is the Cherenkov angle in deep ice.
See figure 1 for an illustration of this process.

While the development of the particle shower is stochastic, its main characteristics depend on the
neutrino energy and the type of interaction. The higher the neutrino energy, the more secondary
particles can be created, and the larger the negative charge excess becomes. In hadronic showers, the
first few interactions are hadronic, before electrons and positrons are created via pair production. Here,
the charge-excess profile exhibits a single peak and does not differ significantly between different ener-
gies, apart from the amplitude. In electromagnetic showers, the neutrino interaction immediately gives
rise to an electron, and subsequently electron—positron pairs. Due to the Landau—Pomerachuk-Migdal
effect (Landau and Pomeranchuk 1953), electrons can travel further between interactions at higher ener-
gies. Multiple spatially separated showers can emerge, which result in charge-excess profiles with multiple
peaks, and, in turn, more complicated radio signals. A more detailed description of the processes giving
rise to Askaryan radiation can be found in Barwick and Glaser (2023).

2.2. Dataset

The data under consideration in this project consists of 1D waveforms generated with the NuRadioMC
library (Glaser et al 2020) using the ARZ2020 model (Alvarez-Muniz et al 2011). We consider electron-
neutrino charged current interactions. Energies lie in the range log,,E(eV) € [15,19], and viewing angles
in 0 € [35.82°,75.57°]. Due to the aforementioned stochasticity in the shower development, different
shower profiles are possible at the same energy. In each 0.1log,, E(eV) bin, the NuRadioMC library
provides 10 different shower profiles. The viewing angle 6 can be freely chosen in the stated range (for
values outside that range, the signal amplitude becomes vanishingly small) and we generated data on a
grid covering the range stated above with 160 values. Hence, our dataset consists of 65600 samples, in
total, but there are only 410 truly independent signals. Exemplary samples are depicted, e.g. in figures 1
and 8.

For each of these samples, the following data is available: the waveform x on a time grid of size 1024
corresponding to a sampling rate of 5 x 10710(s), together with the event energy E, and the viewing
angle 6. We denote the amplitude as a, and the normalized sample with amplitude unity as x,. When
used as inputs to the neural networks, the values of E and # are normalized to lie in the range [0,1] via
E_s long[ZV]715 and 6 — 6[0;9—32.82'

When training our models, we split the data into train and test data. To make the test data truly
independent, when a signal was added to the test data, all the corresponding signals with the same
energy and shower profile at different angles were added to the test data as well. In total, 90% of the
data was used for training, and 10% was held out for testing. This proportion holds at all energies.



10P Publishing Mach. Learn.: Sci. Technol. 7 (2026) 025017 P Pilar et al

N/

ResNet v Skip connections

block | 3
OCKS _b i

Downsampling i Upsampling
(Avg-pool) e A4

v

g

Figure 3. The U-Net architecture (Ronneberger et al 2015) is often employed for transformations with the same input- and
output size. It consists of multiple levels that allow for the extraction of features at different scales. Each level contains multiple
ResNet blocks (the blue boxes). When moving up or down between levels, the outputs are down- or upsampled, respectively.
Skip connections connect the different levels on both sides, from the encoder (left) to the decoder (right), enabling more stable
learning. We employ U-Nets for the fine-tuning in the -Net and the denoiser in the diffusion model.

3. Model architecture>

A schematic of the architecture of our generative model is given in figure 2. Machine learning models
generally perform best when inputs and outputs lie in a narrow range of values (Huang et al 2023). For
the E and 6 values, this can be straightforwardly achieved by normalizing the data, as described in the
previous section. The large range in which the amplitudes of the radio pulses lie (compare section 2.2),
however, poses a challenge. Due to the zero-crossings of the samples, taking the logarithm as we did for
E to reduce the range of the numerical values before normalizing is not possible. For this reason, we
have introduced the amplitude net (a-Net) to predict the signal amplitudes based on their shape, as well
as the viewing angle 6 and the neutrino energy E. This allows us to use normalized data with amplitude
unity for each sample when training the different model components.

Another requirement for the model is the ability to generate the same signal when viewed from dif-
ferent angles. This is relevant when considering the case where multiple antennas located at different
positions detect the same neutrino interaction. While the generative model may automatically learn the
correct relationship from the data, this is not certain, and we want to add a stronger inductive bias to
ensure correct model behavior. We achieve this by further splitting the generative model into the gener-
ator, which now generates normalized signals at a fixed reference angle 6,, and the §-Net, which trans-
forms the thus-generated signals to the desired angle.

Apart from ensuring more accurate sample generation, the modularized architecture has additional
advantages when viewed from the perspective of a differentiable optimization pipeline. This becomes
apparent when considering the computational path that the inputs take in figure 2. The viewing angle
6 does not pass through the generator, and the computational graph only needs to be created for the
0-Net and the a-Net when computing gradients. While the generative model still takes the energy as
input, the strongest contributions to the energy derivatives are expected to originate from the amplitude.
Hence, approximate gradients can be obtained efficiently also for E when neglecting the contribution
from the generator. This approximation enables the use of expensive generative models like diffusion
models with many denoising steps. It also enables the use of non-differentiable models for the generator,
such as Monte Carlo simulations.

3.1. A diffusion model as generator

While existing MC simulations can be used for the generator, we also evaluate the option of using a
generative machine learning model in their stead. Denoising diffusion probabilistic models (DDPMs,
Ho et al (2020)) generate samples from Gaussian noise € by removing the noise stepwise, as out-

lined in appendix C. The denoiser performing this task is its centerpiece, and the U-Net architecture
(Ronneberger et al 2015) depicted in figure 3 is usually employed for it. Due to their constituent convo-
lutional layers, U-Nets are well-suited for spatiotemporal data. The different levels of the U-Net enable

5 The code for the project is available on GitHub: https://github.com/ppilar/IC_Surrogate.
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Figure 4. The architecture of the amplitude net (a-Net) is depicted. Features are first extracted from normalized signals and
then combined with an embedding of E and €. Then, these features are combined in a third network to yield log-amplitude
predictions.

the extraction of features at different scales, with skip connections helping to retain information from
extracted features at higher levels of the U-Net. In our implementation, we also chose the U-Net archi-
tecture and based it on the variant that comes with the python package by Lucidrains (2020).

Each of the U-Net layers contains multiple ResNet blocks. An average-pooling layer is then utilized
to downsample to the layer below the current one; in the upward pass, an upsampling layer is employed
instead. Skip connections connect to the opposite side of the U-Net, both from the middle and the end
of each U-Net level. The ResNet blocks contain multiple convolutional layers, supplemented with skip
connections, as well as a rescaling operation. Scale and shift for the rescaling operation are calculated
via a fully-connected layer from the embedding of the diffusion step, which is used to condition on the
current step k in the denoising process.

We have chosen 6 levels for the U-Net, with [8, 16, 32, 64, 128, 256] channels in the convolutional
layers, respectively. The Adam optimizer with learning rate 8 x 10~> was employed, and the network was
trained until convergence for 5 x 10° iterations with batch size 128. For the diffusion and denoising pro-
cess, 500 steps were chosen. When sampling signals, the effective number of steps taken can be reduced
(Salimans and Ho 2022), and we use 50 steps when sampling from the trained DDPM.

In our model, we have modified the step embedding to also condition on the neutrino energy E and,
optionally, the viewing angle #. This is done by first using three different nets to find separate embed-
dings for each of these quantities, followed by another network to combine the embeddings. The indi-
vidual embedding networks each consist of a positional encoding layer of dimension 16 followed by two
linear layers with outputs of size 32. The GELU activation function is applied between the linear layers.
Then, the embeddings are combined via another neural network consisting of two linear layers with the
GELU activation function in between.

3.2. The a-Net

Figure 4 depicts the architecture of the a-Net, which consists of three separate subcomponents. First, the
normalized waveforms x; are fed through a convolutional network to extract features. These features are
then concatenated with a learned embedding of the neutrino energy E and the viewing angle 0. Together,
they are subsequently passed through another fully-connected neural network that predicts the logarithm
of the amplitude.

The convolutional network consists of 3 layers with 32, 64, and 128 channels, respectively. The cor-
responding kernels have size 3, stride 1 and zero-padding enabled. After each convolutional layer, an
average-pooling layer with kernel size 2 and stride 2 is applied, effectively halving the size of the layer
output. After the final convolutional layer, the output is flattened into an array of size 16384. The
embedding network contains 3 layers of width 40. The third network contains 3 layers of width 256,

128, and 1, respectively. The ReLU activation function is applied after each layer, apart from average-
pooling layers.

The mean squared error loss,

Nos

(log,, (a;) —logy, (“i))za (1)

i=1

1

Lo=—
¢ Nbs

was used for training the a-Net. The Adam optimizer was used with learning rate 0.0001 and batch size
Nps = 128. The training lasted 150000 iterations, until convergence.
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Figure 5. The architecture of the 6-Net. First, the normalized signals at the fixed reference angle 6, = 65.57° are preprocessed
via equation (2). A CNN is employed to extract additional features from the reference signal. Then, the preprocessed signals are
finetuned using a U-Net, to yield normalized signals xo () at the desired angle 6.

3.3. The 6-Net

The 6-Net transforms reference signals at the fixed angle 6, = 65.57° to the desired viewing angle 6.

The precise choice for the angle 6, is essentially arbitrary, the main condition being that all relevant
details of the signals must be resolved well at this angle (compare, e.g. figure 8). The architecture of the
0-Net is depicted in figure 5, and consists of two main blocks, one for preprocessing and one for fine-
tuning the signals. Furthermore, a small convolutional network is employed to extract additional features
from the reference signals. In appendix A, an ablation study is conducted to show the impact of these
components.

The main purpose of the preprocessing block is to simplify the task of the subsequent U-Net. The
normalized reference signals are transformed by using a rough geometric relationship obeyed by the
signals. As can be seen in figure 8, when starting at a large viewing angle, the signals first get squeezed
when approaching the Cherenkov angle 6 = 55.82°, then flipped upside down after crossing it, and
finally unsqueezed again when moving on to lower values 6. The following expression captures this
behavior well:

)~C (t 9) _ X0 (f(t— t()) + t(),er) lf 0 2 9(:, (2)
o 1—x0 (0.75f(to — ) + 10, 6;)  if 6 < 6,

where t; = 256ns is the middle point of the chosen time grid (approximately, where signals with 6 = ¢
have their maximum), and where f = max(| gr__%cc [,0.1) is an empirically determined squeezing factor.
The minimum value of 0.1 prevents signals from being squeezed to almost zero width close to 6c,
thereby losing the information inherent in the sample. The additional factor 0.75 for 6 < 6 reflects the
fact that the signals appear to be squeezed more strongly in this regime. Both factors were determined
empirically.

The convolutional network is employed to extract features from the reference signals, which may get
lost when transforming the signal. These features are then used together with E and 6 to condition the
U-Net. Since the reference signals are zero on the left half of the time axis, only the right half is passed
as input to the CNN. The CNN consists of three convolutional layers, followed by a flattening operation
and 3 fully-connected layers. The convolutional layers have [16, 32, 64] channels, respectively, a kernel
size of 4, and a stride of 4. After the flattening operation, the outputs contain 512 features. The linear
layers then map to [100, 50, 32] hidden units, respectively. The ReLU activation function is applied after
each of these layers, except the last one.

Subsequently, the U-Net architecture depicted in figure 3 is employed for fine-tuning the signals.
The U-Net is very similar to the one used in the diffusion model, which is a slightly modified version of
the one from Lucidrains (2020). For the #-Net, we chose to use 5 U-Net levels with [8, 16, 32, 64, 128]
channels, respectively. The ResNet layers are conditioned on the parameters E and 6 in the same way as
before in the diffusion model. In contrast to the diffusion model, the U-Net is only applied once here.
Since there is no denoising step involved in this case, a constant value is used instead. Figure 6 illustrates
the signal generation via the 6-Net.
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Figure 6. Illustration of the modularized sample generation via the 8-Net. The generator (gen) generates the reference signal at a
fixed angle. Preprocessing (pre) based on an approximate geometric relationship transforms the signal to a shape close to the true

one. The U-Net then finetunes the signal shape to yield the final 6-Net prediction (6-Net). Typically, results very close to the true
curve (true) are achieved.

The loss function

Nos

L= Nsz/xoltG — x0i (£,6;))* dr (3)

i=1

was employed for the §-Net. The Adam optimizer was used with learning rate 0.0003 and batch size 128.
The model was trained for 300000 iterations until convergence.

4, Results

In this section, we investigate the performance of the individual model components. We verify that the
modularized architecture accurately reproduces the physical dependence of the signal shape on the view-
ing angle, together with realistic amplitudes. In a simple optimization experiment, we demonstrate the
usability of the model architecture in future optimization pipelines. Additional results for the DDPM as
generator are given in appendix C.

4.1. Amplitude predictions

In figure 7, the distributions of amplitudes in the training and test data are depicted, together with the
error distributions of the a-Net predictions. To evaluate the accuracy of the a-Net, we chose the distance
of true and predicted values of a in log-space, i.e. Alog,,(a) =log,,(a) —log,,(d). The 0.95-quantile

of the absolute error in log space, |Alog, (a)], lies at 0.042 for the test data. This means that in 95%

of the cases, the error in the a-Net predictions of a is below roughly 10% of the corresponding signal
amplitudes. The full evaluation metrics are shown in table 1.

4.2. 0-dependence

In figure 8, the same signal from the test data when viewed at different angles is depicted, once after
the preprocessing step and once when using the full §-Net. It can be observed that the preprocessing
succeeds at getting the signal reasonably close to the final signal, but is not yet accurate enough without
the fine-tuning via the U-Net.

In figure 9, an equivalent plot is given for the case where a DDPM is used as the generator, and
where no separate §-Net is employed. It is apparent that the DDPM alone does not automatically learn
the correct 0-dependence. It roughly reproduces the locations of the peaks, but fails to accurately repro-
duce the finer features of the signals. This shows that the -Net is also required to ensure sample con-
sistency when using a generator other than the MC simulation, in addition to bestowing properties
advantageous for the model differentiability.

We quantify the accuracy of the -Net via the normalized absolute difference between the true and
JZ0 %0 (£,0) =% (2,0) | dt
T2 Txo(1,0)[dt
along the t-axis between the positions of the true and predicted maximum of the signal, A maxx, =

predicted curve, integrated over the time domain, Axy = , as well as the difference

7
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Figure 7. Performance of the a-Net. Left: the distribution of the signal amplitudes for training and test data. Right: the distribu-
tion of the errors in the model predictions of the log amplitudes for training and test data.

Table 1. Evaluation metrics for the a-Net. For Alog, (), the mean plus-or-minus one standard deviation is given. For |Alog,(a)|, the
0.95-quantile is given.

a-Net Alog,y(a) |Alogyy(a)l
Train 0.002 % 0.004 0.008
Test 0.007 £ 0.017 0.042

argmax %, (t,0) — argmax xo(t,6). We also consider the analogous metrics in Fourier space, where Xy
t t

122 1Fo(£,0)—%(£,0)|df

= mgo > and Amaxi = argmax %(f,0) -

f

denotes the Fourier transform of x¢: Axy =
argmax Xo(f,0).

The distributions of these quantities are depicted in figure 10, for training and test data. It is appar-
ent that the model performs almost as well on the test data as on the training data, showing that there
is no overfit. The full evaluation metrics are shown in table 2. The 0.95-quantile of 0.006 for Ax, shows
that most signals are reproduced with an error of less than 1%. Furthermore, the peaks of the signals are
at the correct spot, or deviate by only one bin in the time domain in about 95% of the cases, as evid-
enced by the results for Amaxxy. Hence, the overall performance of the #-Net is excellent.

4.3. Optimization experiment

To evaluate the suitability of our model for usage as a constituent in a larger optimization pipeline, we
also conducted a simple optimization experiment. Here, the objective of the optimization is to minimize
the area under the normalized signals, by optimizing 6. For this purpose, we employ the loss function

Nos

A@zﬁz/uww@ @)
i=17

where Ny denotes the batch size. The results are depicted in figure 11. We conduct this experiment for
an architecture with #-Net acting on the training data (i.e. using the MC simulation as generator), and
an architecture with DDPM as generator, but without §-Net.

During the optimization, the viewing angle goes towards values close to the Cherenkov angle, as
expected (compare figure 8). When considering the pure DDPM variant without #-Net, the model can
take considerably longer to converge at high energies. Another advantage of the 0-Net architecture is that
the VRAM requirements during optimization are significantly lower, with about 0.8GB, as opposed to
around 3.6GB when using the DDPM (with Ny, = 10). The execution speed is also much faster, with
0.06 s per iteration for the variant with 6-Net vs 2.13 s per iteration for the variant with DDPM. When
combining the DDPM with 8-Net, the VRAM advantage would persist since the computational graph
would not need to be created for the DDPM, as explained in section 3. The accuracy of the optimiz-
ation results is limited by the resolution of the time grid. The Adam optimizer with learning rate 0.01
was used for this experiment, together with a learning rate scheduler halving the learning rate every 150
iterations.
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Figure 9. Illustrating the 6-dependence when using a DDPM as the generator without a separate 6-Net. The solid lines are the

true signals, and the dashed lines are the signals generated by the DDPM.
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Figure 10. Performance of the §-Net. The distributions of the different evaluation metrics are depicted for training and test data.
The distributions are almost the same, with only slightly heavier tails for the test data.

Table 2. Evaluation metrics for the 6-Net.For positive quantities, the 0.95-quantile is given. Otherwise, the 0.05- and 0.95-quantiles are
given.

0-Net Axp AXy Amax xp (ns) Amax % (GHz)
Train 0.003 0.039 [—0.500, 0.500] [—0.008, 0.008]
Test 0.006 0.106 [—0.500, 0.500] [—0.023,0.010]
DDPM 0-Net
- — E=1.00e+15eV
— E=1.00e+16eV
— E=1.00e+17eV

0 100 200 300 400 0 100 200 300 400
iteration iteration

Figure 11. Optimizing the viewing angle to minimize the area under the normalized signals. The dashed line indicates the
Cherenkov angle. Left: using a vanilla DDPM. Right: using MC data and modeling the angular dependence with the 6-Net.

5. Conclusions and outlook

We have presented a differentiable surrogate model for the generation of radio pulses from in-ice neut-
rino interactions. The model consists of three main components: a generative model, a network to adjust
the viewing angle of the signal, and a network to predict the signal amplitude. This modularized model
architecture allows for realistic and consistent sample generation across a wide range of energies and
viewing angles. In particular, it allows for the creation of related signals as measured by different anten-
nas that stem from the same underlying event. Moreover, the model remains differentiable even when
using a non-differentiable generator, such as Monte Carlo simulations.

We have evaluated the different model components separately and demonstrated good model per-
formance. As of now, the best choice is to use existing Monte Carlo simulations for the generator. While
the diffusion model succeeds at reproducing the training data, more data would be required to enable
the generation of truly novel samples. Both the §-Net and the a-Net are highly accurate at their respect-
ive tasks. Most importantly, the modularized model architecture has proven effective at enabling differ-
entiability of the signals with regard to the parameters of interest in an accurate and hardware-efficient
manner.

10
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In the future, we aim to utilize the model developed in this work in a larger optimization pipeline
to optimize the design of the radio detector in IceCube-Gen2. We have already taken first steps in this
direction for a simplified detector setup (Ravn ef al 2025). Similar model architectures may also prove
effective for enabling differentiability in unrelated applications, where the effect of the parameters of
interest on the signal shape can be separated from the fundamental generative process. A separate amp-
litude net may be useful for generative models in general, which deal with data that covers an extensive
range of amplitudes.
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Appendix A. Ablation study for the 6-Net

In this appendix, we conduct an ablation study to demonstrate the impact that the different compon-
ents of the #-Net depicted in figure 5 have. The evaluation metrics introduced in section 4.2 are given in
table 3 for the §-Net with different components missing.

The preprocessing without any further fine-tuning performs clearly worse than the full -Net. When
omitting the preprocessing, the resulting model also performs poorly. This demonstrates that the U-Net
benefits from being given a simpler task to learn. A likely reason for this is that long-range depend-
encies, which are relevant when transforming signals from large to small angles, can be difficult to
learn for convolutional architectures. Omitting the CNN for extracting additional features only slightly
degrades the performance. Its inclusion is therefore not essential, but still beneficial.

Table 3. Ablation study for the 6-Net. For positive evaluation metrics, the 0.95-quantile is given. Otherwise, the 0.05- and
0.95-quantiles are given. Bold font highlights best performance.

Axp AXy Amax xp (ns) Amax X (GHz)
Only preprocessing 0.020 0.237 [—1.500, 2.000] [—0.045,0.113]
No preprocessing 0.028 0.176 [—1.500, 1.000] [—0.039, 0.020]
No CNN 0.010 0.107 [—0.500, 1.000] [—0.016, 0.012]
Full 6-Net 0.006 0.106 [—0.500, 0.500] [—0.023, 0.010]
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Appendix B. Hyperparameter selection

The final choices for the details of the model architecture stated in section 3 were guided by the require-
ments of computational efficiency and accuracy. In general, the number of network layers and their
respective numbers of channels and widths were chosen as small as possible without negatively impact-
ing the validation accuracy. For the model components involving a U-Net in particular, the number of
levels, the depth of the ResNet blocks, as well as the number of channels were tuned. Omitting the self-
attention layer, which is sometimes applied after the final ResNet block of each level in U-Net architec-
tures led to significant improvements in both the network size and the model performance. The presen-
ted model outperformed variants of the architecture with both roughly half as many and twice as many
parameters.

The training hyperparameters were chosen to ensure effective and efficient training. We manually
tuned the learning rates to train the different model components fast, without negatively affecting their
validation accuracy. Increasing the learning rates by an order of magnitude over the chosen values typ-
ically led to decreased performance. The number of iterations was chosen to stop the training after
convergence.

Appendix C. Background on diffusion models

Denoising diffusion probabilistic models (DDPMs) (Ho et al 2020) have gained a large amount of pop-
ularity since they were first introduced. They have been successfully used in a large variety of applica-
tions (Yang et al 2023), most prominently in computer vision (Croitoru et al 2023). A major advantage
of DDPMs over other generative models, such as generative adversarial models, is that the training is
more robust due to their likelihood-based objective function. They are also less prone to suffering from
issues such as mode collapse.

When training DDPMs, two processes are involved. In the forward or diffusion process, noise is
added step-by-step to samples x, from the training data:

q(xx | x—1) =N (xk; V1— kakflaﬁko , (5)
q(xi | x0) = N (xk; V@0, (1 — @) 1) (6)

where the ) define the noise schedule, x; denotes the sample after adding noise k times, and where
ar=1— P ax = Hf:l a;. In the reverse or denoising process, the diffusion model reverts this process
and removes the noise step-by-step:

po (xk—1 | %) =N (k15 o (xx, k), Bel) (7)

where x; = \/@xxo + /1 — @ and € ~ N(0,I), and where g denotes the predicted mean. In practice,
however, it is more effective to let the diffusion model predict the noise directly. The model is then
trained with the loss function

L= Euyex|[le— o (Varso+vI=are, K[| (®)

where €y denotes the noise prediction of the denoiser, which constitutes the main component of the
DDPM that needs to be learned. Once fully trained, the DDPM can generate samples from random
Gaussian noise.

C.1. Generated samples

In figure 12, generated samples from the diffusion model at fixed E and 6 values are compared to corres-
ponding samples from the training data. It is apparent that the DDPM accurately reproduces the train-
ing data. This shows that the DDPM is well-suited for modeling this type of data. However, while the
generated samples exhibit a certain variation around the training samples, the DDPM does not yet pro-
duce truly novel signals. This is presumably due to the limited size of the training data, which contains
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Figure 12. Radio signals at different energies E and viewing angles 6. Left: samples from the Monte Carlo simulation. Right:
samples generated by the diffusion model.

only 410 fundamentally different samples. There are efforts underway to generate a larger dataset, which
may enable the DDPM to go beyond merely reproducing the training data in the future.

In figure 13, the distribution of the existing data and the generated data is depicted around different
energies E and viewing angles 6. It is apparent that, on the whole, the distributions agree well, indicating
that the DDPM reproduces the entire training data and does not suffer from mode collapse.
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Figure 13. The distribution of real and generated signals, conditional on the energy E and angle 6 (within +0.025Ap /¢ of the
corresponding values in logspace). The values on the y-axis correspond to the signal amplitude. The shaded blue area corres-
ponds to the real distribution, with the light blue area corresponding to the total range of signal values at that point and the dark
blue area to the range from the 0.1-quantile to the 0.9-quantile. The dashed lines depict the corresponding quantiles for the gen-
erated data.
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