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Ultra-high-energy (UHE) neutrinos serve as unique messengers for probing the most energetic
environments in the Universe. The search for these elusive particles has driven the development of
a new generation of in-ice detectors that utilize coherent radio Cherenkov emission (the Askaryan
effect) from neutrino-induced cascades to detect neutrinos. The kilometer-scale attenuation length
of radio waves in cold ice allows for the instrumentation of large detector volumes with sparse arrays.
Consequently, this extended propagation range significantly increases the likelihood of coincident
multi-station detections. Despite this, current reconstruction algorithms predominantly focus on
reconstruction with just a single detector’s worth of information, ignoring the rich geometric and
temporal interplay of multi-station events. In this work, we present a novel machine learning ap-
proach utilizing convolutional neural networks to reconstruct the neutrino interaction vertex from
four-station coincident events using simulated Radio Neutrino Observatory in Greenland (RNO-G)
stations. The architecture is modular, facilitating the rapid adaptation of other single-station re-
construction techniques. We demonstrate that while the model exhibits systematic under-prediction
of the vertex radius, the radial precision achieves a relative 1σ (68% containment) error of 0.32, an
improvement of a factor of two over the 0.60 achieved by current state-of-the-art single-station meth-
ods. These results highlight the transformative potential of deep learning techniques for exploiting
multi-station coincidence in next-generation radio neutrino observatories.

I. INTRODUCTION

Historically, the electromagnetic spectrum has been
the primary tool for studying the cosmos. To probe the
universe’s most energetic accelerators, standard model
multi-messenger astrophysics utilizes the particles pro-
duced by these environments—namely cosmic rays and
neutrinos—to provide critical, complementary informa-
tion on the location and inner workings of these sources.
However, in the ultra-high-energy (UHE) regime, interac-
tions during propagation limit the utility of charged par-
ticles and photons, making the UHE neutrino a uniquely
crucial messenger.

Cosmic rays are massive, charged subatomic particles,
typically protons, accelerated by extreme astrophysical
sources. However, their utility as directional messengers
at ultra-high energies is hindered by two physical fac-
tors. First, because they are charged, they are contin-
uously deflected by galactic and extragalactic magnetic
fields, effectively destroying their ability to point back
to their origins. Second, UHE cosmic ray propagation
is constrained by the Greisen–Zatsepin–Kuzmin (GZK)
limit [1][2]. At energies exceeding ∼ 5 × 1019 eV, pro-
tons interact with the ubiquitous photons of the Cosmic
Microwave Background (CMB) to produce pions. This
interaction downscatters the energy of the proton, lim-
iting its maximum travel distance to roughly 42 million
light-years, a distance that encompasses less than 0.1%
of the observable universe.

On the other hand, photons have the benefit of be-
ing electrically neutral and massless. This allows for
straight-line propagation, directly pointing back to the
sources that produced them. Unfortunately, at ultra-
high energies, photons interact with the Cosmic Mi-
crowave Background (CMB) and Cosmic Radio Back-

ground (CRB) through the Breit–Wheeler process [3] to
produce electron-positron pairs. As detailed by Gould
and Schréder [4], for photons between 1015 and 1016 eV,
the mean free path is approximately 1022 cm. This dis-
tance is actually smaller than the 3 × 1022 cm radius
of the Milky Way. Even at higher energies approaching
1020 eV, where the CRB becomes the dominant target,
the propagation distance remains restricted to scales sig-
nificantly smaller than the GZK horizon. This effectively
renders the extragalactic universe opaque to UHE light,
eliminating photons as viable messengers for the distant
universe.

This leaves neutrinos, whose neutral charge and
negligible mass mimic the attractive characteristics of
photons—such as straight-line propagation—yet do not
possess the same energy limitations, allowing for the ex-
ploration of the UHE universe. We expect these UHE
neutrinos to originate from two primary mechanisms.
First, cosmogenic neutrinos are generated during prop-
agation as a direct byproduct of the GZK process, when
UHE cosmic rays interact with the CMB. Second, astro-
physical neutrinos are produced directly within the envi-
ronments of extreme cosmic accelerators, such as Active
Galactic Nuclei (AGN), where accelerated protons inter-
act with ambient gas or radiation fields at the source.

The detection of UHE neutrinos represents one of the
most active frontiers in modern astrophysics. Recent
milestones, such as the February 2025 detection of a
∼ 220 PeV neutrino by the KM3NeT observatory, pro-
vide a glimpse into the potential of UHE messengers.
However, as illustrated by the flux predictions in Fig. 1,
the anticipated neutrino rate drops as a function of en-
ergy. This restricts the probability of detection to two
main factors: the time spent observing and the physi-
cal size of the "net" cast by the detector. At the EeV
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FIG. 1. Most competitive experimental constraints on the all-
flavor diffuse flux of the highest energy neutrinos compared
to representative model predictions [5].

scale, the flux is so low that waiting for a detection with
current optical detector volumes is statistically impracti-
cal [6]. To bridge this gap, next-generation experiments
like the Radio Neutrino Observatory Greenland (RNO-
G) and IceCube-Gen2 are designed to scale the detection
volume by orders of magnitude.

A. Neutrino Detection

Neutrinos have a small interaction cross section, on the
order of 10−34 cm2 for non-UHE neutrinos [7], which is
over ten orders of magnitude weaker than electromag-
netic interactions. This makes neutrino detection heav-
ily dependent on target volume; because the probability
of a collision is so minuscule, instrumenting gigatons of
matter is an absolute necessity to capture a statistically
significant number of interactions from the already low
UHE flux.

Neutrinos interact via the weak force, specifically
through neutral-current (NC) and charged-current (CC)
interactions. In the UHE regime, these interactions oc-
cur primarily through a process known as deep inelastic
scattering (DIS) [7]. In a DIS CC interaction (shown
in Fig. 2), mediated by the W± boson, the neutrino
scatters off a nucleon quark, transferring a large fraction
of its momentum and converting into its corresponding
charged lepton. The scattered quark then generates a
highly energetic hadronic shower because of color con-
finement. If the produced lepton is a muon or tau, it
continues its path across the detector; however, if it is
an electron, it immediately initiates a secondary electro-
magnetic shower. In an NC interaction, mediated by the
uncharged Z0 boson, the neutrino transfers a portion of
its energy to knock a quark out of the nucleon, again
producing a hadronic shower.

Regardless of the interaction type, the resulting

FIG. 2. Charged Current Deep Inelastic Scattering Feynman
Diagram. Adapted from Ref. [7]. For the Neutral Current
case, the exchange is mediated through the Z0 boson.

hadronic shower is rich in neutral pions (π0), which
rapidly decay into high-energy photons. These photons
then undergo pair production, kick-starting an electro-
magnetic cascade. As electromagnetic showers propagate
through the ice, they strip the medium of electrons via
Compton scattering, while their positrons annihilate with
ambient electrons. Together, these processes generate a
net negative charge within the advancing cascade [8]. Be-
cause these relativistic charge carriers travel faster than
the phase velocity of light in the ice, they individually
emit visible light via the standard Cherenkov effect. Tra-
ditional neutrino detection relies on instrumenting mas-
sive volumes of naturally transparent material to capture
these optical flashes—a technique famously employed by
the IceCube Neutrino Observatory, which utilizes a cubic
kilometer of deep glacial ice at the South Pole [9].

A consequence of this charge-excess cascade is a pro-
cess known as Askaryan Radiation, first proposed by
Soviet-Armenian physicist Gurgen Askaryan in 1962
[10]. Askaryan predicted that for emission wavelengths
larger than the physical dimensions of the shower, the
Cherenkov radiation from the individual particles will
constructively interfere. This produces a coherent radio-
frequency pulse whose power scales quadratically with
the shower energy [11]. The emission forms a conical
shockwave aligned with the shower trajectory, with a
Cherenkov angle of approximately 56◦ in deep ice (See
Fig. 3). In the UHE regime, the pulses produced have
immense, easily detectable energy, but because the parti-
cle showers reach lengths of up to 10 meters in length the
constructive wavelengths correspond to the radio spec-
trum.

This phenomenon was confirmed in 2001 at the SLAC
laboratory using bremsstrahlung photons from 28.5 GeV
electrons on a silica sand target [11] and recently con-
firmed in nature at the ARA detector in the South Pole
[12].

To capture the low flux of UHE neutrinos, detectors
must instrument hundreds of cubic kilometers of matter.
Because constructing artificial detectors of this scale is fi-
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FIG. 3. Side-view diagram of the Cherenkov cone. The
signal propagates through the ice and gets refracted before
reaching the stations.

nancially and practically impossible, physicists must rely
on naturally occurring, dense, and transparent media,
such as the polar ice caps. While optical observatories
like IceCube have proven the viability of in-ice detection,
the standard Cherenkov light they rely on has an atten-
uation length of approximately 100 meters in glacial ice
[13]. But in the UHE regime, Askaryan radiation pro-
vides a broadband radio signal that travels an order of
magnitude further than optical light—achieving attenua-
tion lengths of approximately 1 kilometer [14]. This long
radiation length allows a sparse array of radio antennas,
spaced widely apart, to effectively monitor gigatons of
ice. Consequently, the radio method is preferred at these
energy levels, as it allows researchers to physically and
economically instrument the massive volumes necessary
to potentially detect UHE neutrinos.

B. Evolution of Radio Neutrino Detectors

Askaryan radiation was the inspiration for the Radio
Ice Cherenkov Experiment (RICE) which ran from 1999
to 2012 at the South Pole. Consisting of multiple half-
wave dipole antennas distributed within a 200 m x 200 m
x 250 m volume [15], RICE established the first long-
term upper limits on the ultra-high-energy neutrino flux
[16]. It also laid the groundwork for future experiments
by characterizing essential properties of the antarctic ice,
such as its index of refraction [15].

The Askaryan Radio Array (ARA) emerged as the
natural successor to RICE. Beginning construction in
2010, ARA capitalized on RICE’s foundation and be-
came the first experiment to implement a distributed,
station-based design. The ARA detector is composed of
five stations 2 km apart, with each station featuring 16
embedded antennas. ARA’s fifth and final station in-
troduced a phased array with an interferometric trigger,
which lowered the 50% trigger threshold from a signal-
to-noise ratio (SNR) of 3.4 to 2 [17]. This phased array
technique has since become a staple of radio-based UHE

neutrino detection.
While most experiments thus far have buried their de-

tectors deep under the ice, the Antarctic Ross Ice-Shelf
Antenna Neutrino Array (ARIANNA) took a different
approach. ARIANNA exploits the reflected radio waves
produced from the interface between water and ice in
the Ross Ice shelf, allowing detectors to be located at the
surface, as seen in Fig. 4[18]. Surface stations enable
the use of Log Periodic Dipole Antennas (LPDAs) which
offer higher gain and a wider resonant frequency band
than their underground counterparts. ARIANNA paved
the way for surface-level UHE neutrino technology.

FIG. 4. Single ARIANNA station. Because they are in the
surface, large LPDA antennas can be positioned without need
for a massive bore hole.

The technological advancements from these precursor
experiments have culminated in the Radio Neutrino Ob-
servatory in Greenland (RNO-G), which is currently un-
der construction [19]. RNO-G serves as a direct synthesis
of its predecessors, explicitly combining the deep interfer-
ometric phased array pioneered by ARA with the high-
gain surface LPDAs championed by ARIANNA. The ob-
servatory will consist of 35 autonomous radio stations
laid out in a rectangular grid with a 1.25 km separation.
This station spacing is an order of magnitude larger than
the 125 m separation of the optical IceCube stations [20],
allowing RNO-G to monitor a massive effective volume
with a fraction of the infrastructure. Even with this large
station separation, UHE neutrinos are expected to be
detected at more than one station. Figure 5 shows the
expected coincidence fraction (percentage of neutrino sig-
nals detected by more than one station) for different grid
spacings and different energies. We expect more than
10% of UHE events to be detected by more than one sta-
tion, highlighting the need for multistation methods in
this regime.

As shown in Fig. 6, each station comprises 24 antenna
channels distributed across the surface LPDAs, two deep
helper stations for vertex triangulation, and the deep
phased array trigger first established in ARA.

Crucially, RNO-G serves as the foundational testing
ground for the radio component of IceCube-Gen2, the
planned next-generation expansion of the IceCube Neu-
trino Observatory. Because of its pivotal role in the fu-
ture of UHE neutrino astronomy, RNO-G is the main fo-
cus of this paper, and the station simulations utilized in
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FIG. 5. Coincidence fraction (percentage of events detected
by more than one station) with respect to station grid spacing.
For in-ice events higher than 1 EeV , the coincidence fraction
exceeds 50% for current RNO-G spacing.

FIG. 6. Schematic of an RNO-G. Each of the three strings
has a set of Vertically Polarized (VPOL) and Horizontally
Polarized (HPOL) antennas, as well as a calibration pulser.

our subsequent analysis are derived directly from RNO-G
open-source models.

C. Neutrino Energy Reconstruction

A main objective of next-generation radio neutrino ob-
servatories is not just the detection of UHE neutrinos,
but the accurate reconstruction of their primary energy.
Because characterizing the high-energy limits of the as-

trophysical neutrino flux is a major motivation for these
experiments, extracting the energy from the recorded ra-
dio pulses is critical.

Work by Hanson and Connolly summarizes the
state of the art in Askaryan emission modeling from
first principles—using complex analysis and cascade
equations—vastly improving upon the computationally
intractable Monte Carlo simulation methods used previ-
ously to simulate the entire particle shower [21].

This analysis provides two key equations detailing the
electric field amplitude in frequency space for a neutrino
cascade. The first equation defines the field precisely on
the Cherenkov cone:

|E⃗(f, θc)| ∝
E0

R

[
f/f0

1 + (f/f0)
2

]
(1)

The second equation introduces a Gaussian attenua-
tion factor for observing the shower off-cone:

|E⃗(f, θ)| = |E⃗(f, θc)| exp

[
−1

2

(
θ − θc
∆θ

)2
]

(2)

Here, E0 is the field normalization constant (a value
linearly proportional to the shower energy), f is the fre-
quency of the signal, f0 is the characteristic decoherence
frequency (above which the pulse begins to destructively
interfere with itself), R is the distance from the inter-
action vertex to the detector, θ is the viewing angle, θc
is the Askaryan angle of maximum coherence, and ∆θ is
the angular width of the Cherenkov cone.

These two equations demonstrate that the energy of
the field normalization constant, E0, is directly calcula-
ble from the measured electric field amplitude, |E⃗|, and
the frequency spectrum, f . However, this calculation
is linearly dependent on the distance to the interaction
vertex (R) requiring the 3D location of the interaction
vertex as a pre-requisite for successful energy reconstruc-
tion. Once the field normalization constant is obtained,
we can use it to find the shower energy which—depending
on the flavor of neutrino—will inform us on the primary
neutrino energy.

D. Objective

The goal of this study is to leverage machine learning
techniques to reconstruct the exact neutrino interaction
vertex from their Askaryan Radiation. This allows us to
reconstruct the radius to the detector (R), directly from
multi-station voltage traces.

While traditional statistical approaches use likelihood
minimization methods to successfully reconstruct the in-
teraction vertex with good accuracy [22], to our knowl-
edge, deep learning has not yet been applied to multi-
station vertex reconstruction for in-ice radio detectors.
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These multi-station events intrinsically posses more data
which ideally allows us to improve neutrino vertex recon-
struction.

This work builds heavily upon the established method-
ologies presented by Aguilar et al. [22]. Their analytical
reconstruction framework serves as both the foundational
physical model for this study and the main benchmark
against which the performance and computational effi-
ciency of our Convolutional Neural Network (CNN) are
evaluated.

II. METHODOLOGY

Machine learning models are inherently "data-
hungry", requiring large amounts of preprocessed data
to train and validate. The most effective way of obtain-
ing clean, structured data for training is through simu-
lation. Thus, we designed an end-to-end data pipeline
to convert simulated voltage detections into trainable
samples. Using the procedure detailed below, we gen-
erated a dataset consisting of approximately 1 million
multi-station neutrino events. This section will cover
the dataset generation, model architecture, training, and
evaluation. The complete codebase used for this pipeline
is open-source and available on GitHub at https://
github.com/umd-pa/RNO_vertex_reconstruction_ml.

A. Dataset Generation and Preprocessing

The dataset generation pipeline is divided into three
distinct phases: neutrino injection, detector simulation,
and dataset preparation.

1. Neutrino Injection

To simulate the physical particle cascades and subse-
quent radio emissions we utilized NuRadioMC, a dedi-
cated Monte Carlo simulation framework for radio neu-
trino detectors [23]. Neutrino interaction vertices were
generated uniformly within a cylindrical volume span-
ning a depth from z = −2.7 km to 0 km and a radius of
R = 3.9 km. Primary neutrino energies were uniformly
sampled between 5×1016 eV and 1×1019 eV from a com-
bination of cosmogenic (GZK-2 [24]) and astrophysical
[25] flux model distributions.

2. Detector Simulation

The NuRadioMC pipeline simulates the incident neu-
trinos, their Askaryan radio emission, the propagation of
those radio waves through the Greenlandic ice, and the
final receipt and recording of those signals by the de-
tector hardware. For this hardware simulation, we use
the publicly-available model of the RNO-G station. We

simulate an array of four stations spaced 1.25 km apart,
which is the inter-station spacing of the RNO-G detec-
tor. We chose this layout as the simplest way to begin
studying multi-station reconstruction, as we do not ex-
pect more than four stations to see the pulse from a single
UHE neutrino.

As outlined by Aguilar et al. [22], we implemented
a simple high-low threshold trigger as a proxy for the
phased array trigger of RNO-G, with a minimum voltage
threshold of −20 mV and a maximum of 20 mV. For each
triggered event, we injected Rayleigh-distributed noise
with an RMS of 10 mV. This corresponds to an SNR of
2, which is the expected trigger threshold for the phased
array [17]. A schematic of the simulated stations and
neutrino generation cylinder can be seen in Fig. 7.

FIG. 7. To-scale schematic of simulated stations and the sim-
ulation cylinder that surrounds it, rendered in GeoGebra.

3. Dataset Preparation

Each NuRadioMC simulation outputs a .nur file (a pro-
prietary file format exclusive to NuRadioMC [23]) con-
taining a collection of neutrino events. By default, NuRa-
dioMC logs events strictly on a per-station basis, imply-
ing that each station will output a different event even if
it is from the same primary. To train a multi-station neu-
ral network, it is critical that traces from the same par-
ent neutrino are aggregated across all triggered stations
into a single, cohesive sample. To fix this, we grouped
all coincident station triggers originating from the same
primary particle. Consequently, in this work, an event
is defined as the collective triggering of all stations to a
single neutrino interaction.

Because deep learning involves training on hundreds
of thousands of events, it would be computationally in-
tractable and highly wasteful to store the entire 2.4 GHz
raw voltage trace for every channel of every station as a
single input tensor. Therefore, we preprocess the data
to extract summary features for vertex reconstruction

https://github.com/umd-pa/RNO_vertex_reconstruction_ml
https://github.com/umd-pa/RNO_vertex_reconstruction_ml


6

while reducing the memory requirements. The data is
preprocessed into a multidimensional representation of a
neutrino event which we call an image. This term was
chosen because the resulting tensor layout mimics the
spatial and depth dimensions of a standard computer vi-
sion image sample. An image is produced through the
sequential procedure outlined below:

1. Time Windowing: Because spatially separated
stations observe the radio emission at different
times depending on their distance to the interac-
tion vertex, the recorded sample must possess a
sufficiently large time window to encompass multi-
ple, time-delayed traces. An analysis of the max-
imum relative arrival time across all events in 425
.nur files was conducted (see Fig. 8). We deter-
mined that 95% of all observed multi-station coin-
cident events occurred within an 8, 296 ns window.
Therefore, we aligned our traces to a fixed temporal
window of 213 = 8, 192 ns.

FIG. 8. Distribution of maximum relative time delays across
all coincident events. The 95th percentile of time windows
was found to be approximately 8, 296 ns.

2. Voltage Clamping: To accurately mimic the
physical constraints of detector hardware, we im-
plemented a hard clamping voltage of 1 V. Any ra-
dio signal exceeding this absolute value is clamped,
replicating the behavior of a saturated amplifier
and digitizer.

3. Signal Envelope and Binning: To reduce data
dimensionality and complexity, we calculate the
Hilbert envelope of the voltage trace—which iso-
lates the voltage amplitude of the signal—and then
down sample by taking the average voltage across
user-defined time bins.

Following this processing, the traces are spatially
structured into images. The binned traces of all chan-

nels from a single station are arranged along the first di-
mension, the time bins along the second, and the distinct
stations are stacked along the third. This results in a fi-
nal tensor of shape (channels, timebins, stations). Each
image serves as a complete multi-station summary of the
voltage traces from the radio signals of a single particle
primary. Figure 9 visually summarizes this generation
procedure on a simplified setup.

FIG. 9. Simplified image generation diagram for a single sta-
tion with 4 channels and no injected noise. For the full detec-
tor architecture multiple images are stacked along the depth
dimension.

For the model to learn, we pair each image with the
spatial coordinates of their simulated interaction vertex
as the regression target and the station hit counts: the
number of stations that saw the event. We define a com-
plete training sample as the alignment of three compo-
nents: the multidimensional image tensor (the network
input), the simulated 3D interaction vertex (the target
label), and the station hit count (the incidence meta-
data).

To store these samples efficiently, all events originating
from a single .nur file are compiled into a corresponding
.hdf5 file, which we define as a shard. As illustrated
in Fig. 10, each shard maintains three parallel datasets:
Images, Vertices, and Hits.
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Note that because no trace or noise is stored for a time
bin when a station does not trigger, a significant portion
of the multi-station image tensors consists of zero values,
making the resulting arrays highly sparse. By applying
GZIP lvl 1 compression to the .hdf5 image dataset, we
reduce the memory footprint to 2% of its original size.

FIG. 10. Internal schematic of a generated .hdf5 data shard.
Each file contains three parallel datasets: the multidimen-
sional input images, the true 3D interaction vertices (labels),
and the station hit counts. This strict index alignment guar-
antees consistent input-target pairing during network train-
ing.

B. Training Regime and Evaluation Metrics

To effectively train and evaluate the Convolutional
Neural Network, the generated dataset was randomly
partitioned into three independent subsets: training, val-
idation, and testing. While the data pipeline allows for
user-defined splitting ratios, we adopted a standard ma-
chine learning distribution of 80% training, 10% valida-
tion and 10% testing for this study.

Because our data was distributed across many simi-
lar shards, we performed the partitioning at the shard
level rather than the event level. We randomly assigned
each complete shard to a specific subset, ensuring that
the overall 80/10/10 event ratio was conserved. To pre-
vent data leakage, this assignment is recorded in a .json
manifest file prior to training.

1. Dataset Demographics

We generated exactly 1,017,714 events. To ensure that
the model generalizes correctly, it is critical that the
training, validation, and testing splits represent identi-
cal physical distributions. We verified this by examining
the spatial coordinates of the primary neutrino interac-
tion vertices across all three splits. As demonstrated in
Fig. 11, the normalized spatial densities for the X, Y, Z
coordinates exhibit no appreciable variation between the
subsets.

FIG. 11. X,Y,Z distribution of simulated neutrino vertices
across testing, training and validation. They all resemble the
same distribution.

Furthermore, because multi-station reconstruction is a
focus of this study, it is important to quantify the distri-
bution of station hit counts across the dataset, detailed
in Table I.

Roughly 88% of the events consist of single station
events. This further highlights the necessity of multi-
station reconstruction considerations as we expect the
radiation of one out of every ten events to reach more
than a single station.
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TABLE I. Distribution of station incidence counts across the
training, testing, and validation sets. The relative proportions
remain highly consistent across all three splits, ensuring that
the model is evaluated on the same physical distribution it
was trained on.
Stations Training (%) Test (%) Validation (%)
1 719,281 (88.39%) 90,162 (88.43%) 90,282 (88.49%)
2 89,522 (11.00%) 11,166 (11.95%) 11,148 (10.93%)
3 4,749 (0.58%) 610 (0.60%) 580 (0.57%)
4 179 (0.02%) 16 (0.02%) 19 (0.02%)
Total 813,731 101,954 102,029

C. Model Training

We implemented our models using the PyTorch frame-
work. To mitigate potential data-generation biases, we
dynamically shuffled the simulated data on a per-shard
basis using a custom Dataset class. While this does not
guarantee true global randomness, we consider it suffi-
cient as the data originates from event-independent sim-
ulations, making the sequence of samples largely inde-
pendent.

The network was trained to predict the 3D interaction
vertex coordinates by minimizing the MSE Loss between
the normalized predicted and true simulated vertices.
Network parameters were optimized using the AdamW
optimizer with a batch size of 256, an initial learning
rate of 0.0001, a weight decay of 0.0049 and a dropout
rate of 0.1. These values were obtained after a hyper-
parameter grid-search sweep through the AI developer
platform Weights & Biases (W&B).

Given our large dataset of 106 events, each train-
ing epoch encompasses approximately 3100 gradient up-
dates, resulting in rapid convergence compared to smaller
datasets. To exploit early rapid learning while fine tun-
ing optimization in later epochs, we employ PyTorch’s
built in scheduler, CosineAnnealingWarmRestarts with
an initial cycle length of T0 = 5 epochs and a cycle mul-
tiplier of Tmult = 2. The cosine schedule rapidly reduces
the learning rate within each cycle before restarting the
learning rate decay. This proved more effective than
ExponentialLR with γ = 0.8, which decays the learn-
ing rate to near-zero over the training run, prematurely
suppressing gradient updates before convergence.

During an epoch we perform one complete pass over
the training dataset, evaluating the model on a separate
validation set at the end of each. To prevent overfit-
ting, we employed an early stopping criterion, terminat-
ing training if the validation loss failed to improve for
10 consecutive epochs. All models were trained using an
NVIDIA RTX-4090 GPU on the UMD Particle Astro-
physics computing cluster.

D. Model Architecture

Convolutional layers have become ubiquitous in mod-
ern computer vision due to their ability to extract impor-
tant features from multidimensional data. These layers
utilize a learnable kernel (or filter) that sweeps across the
input tensor. At each step, it performs a local dot prod-
uct between the filter weights and the data elements it is
sweeping through. By employing multiple output chan-
nels, the layer simultaneously applies numerous indepen-
dent kernels, each optimizing to detect different patterns
from the data.

Because convolutions are fundamentally linear oper-
ations, they must be paired with non-linear activation
functions to model complex, real-world phenomena. The
most standard activation is the Rectified Linear Unit
(ReLU), defined mathematically as f(x) = max(0, x).
By mapping all negative values to zero, ReLU enforces
sparsity, effectively muting background noise or regions
without a physical signal.

During training, the network optimizes its filter
weights through backpropagation, utilizing the chain rule
to calculate how much each weight contributed to the fi-
nal error [26]. However, this gradient-based learning in-
troduces the risk of network collapse via "dying neurons"
when paired with standard ReLU. If a large weight up-
date pushes a neuron’s pre-activation value to a large neg-
ative number, the neuron will continuously output zero.
Because the local derivative of ReLU is exactly zero for
negative inputs, the back-propagated gradient is entirely
zeroed out for that node. The weights are therefore never
updated, preventing the neuron from ever recovering or
learning again.

To mitigate this risk, our model utilizes Batch Nor-
malization (BatchNorm) layers immediately preceding
the activation functions. BatchNorm dynamically stan-
dardizes the outputs of a convolutional layer, forcing
the feature maps to maintain a mean of zero and a
variance of one. By keeping the pre-activation values
strictly bounded and centered, BatchNorm prevents the
inputs from swinging deeply negative. This effectively
shields the network from dead neurons while simultane-
ously smoothing the optimization landscape and allowing
for faster convergence.

The sequential combination of a convolutional layer, a
batch normalization layer, and a ReLU activation func-
tion are so prevalent in CNNs that they receive a special
name, the convolutional block as seen in Fig. 12.

Even with stable activations, deep networks suffer from
the broader vanishing gradient problem. During back-
propagation, gradients are multiplied sequentially via the
chain rule; as the network scales in depth, these repeated
multiplications cause the gradient to decay exponentially,
halting the learning process in the earliest layers. To
overcome this limitation, He et al. developed the Resid-
ual Network (ResNet) [27]. ResNet blocks introduce
a skip connection that bypasses the convolutional trans-
formations and adds the original input directly to the
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block’s output. Because the derivative of this identity
mapping with respect to its input is exactly one, it pro-
vides an unimpeded gradient pathway during backprop-
agation, preserving the learning signal regardless of net-
work depth.

Importantly, unlike usual machine vision architecture,
we explicitly omit max pooling layers. Max pooling is
ubiquitous in image-based CNNs because discarding in-
termediate pixel data rarely prevents the network from
reconstructing macroscopic visual features. However, in
voltage vs. time signal traces, each data point is criti-
cal to reconstruction. We stray away from max pooling
and rely entirely on strided convolutions (convolutions
which skip tensor values as they sweep) to ensure that
strict timing intervals are maintained and no fine-grained
physical data is arbitrarily discarded.

Our architecture is heavily inspired by 3D ResNet
paradigms and separates the data processing into three
distinct stages. The full architecture is outlined in Fig.
12.

• Stage 1: Per-Station Temporal Feature Ex-
traction. We repeatedly apply one-dimensional
kernels strictly to the time-bin dimension. We uti-
lize aggressive strides and kernel sizes (Fig. 12),
as the vast majority of voltage time bins consist
of zeros. This allows the network to quickly com-
press the 8,192 time bins into a dense, manageable
feature space.

• Stage 2: Per-Station Channel & Temporal
Feature Extraction. We apply two-dimensional
kernels across both the channel and temporal di-
mensions of each individual station trace. The pur-
pose of this stage is to extract cross-channel cor-
relations and localized features from the distinct
channel traces of each station.

• Stage 3: Cross-Station Time of Arrival Anal-
ysis. Only in the final convolutional phase do we
mix the signals from all four distinct stations. This
promotes architectural modularity, mitigating the
need to develop entirely new network architectures
when adapting to different station numbers, and
closely mimics independent station-level triggers in
real-world data reconstruction.

Following this third stage, the multi-dimensional fea-
ture maps are flattened into a single 1D feature vector
and passed through a regression head consisting of fully
connected (linear) layers, which outputs the final pre-
dicted (x, y, z) coordinates of the neutrino interaction
vertex.

III. RESULTS

Figure 13 illustrates the training and validation loss
curves over the training duration. To demonstrate the

impact of the CosineAnnealingWarmRestarts learning
rate scheduler on the loss landscape, the learning rate is
visualized alongside the loss. Training was terminated
via early stopping at epoch 71, and the model weights
with the minimum validation loss (0.568) at epoch 61
were retained for subsequent evaluation.

To evaluate reconstruction performance, we applied
the optimized model to an independent test dataset of
N = 102, 029 events, as outlined in Table I. The model
infers the 3D vertex positions directly from the multi-
station input image tensors. Figure 14 presents the dis-
tribution of the relative error for the reconstructed radial
distance.

In Table II, we compare the median relative error and
68% containment interval (1σ) of our proposed neural
network against the single-station analytical baseline es-
tablished in Section I D.

TABLE II. Comparison of relative error for the reconstructed
radial distance (Rreco − Rtrue)/Rtrue. The 68% containment
interval represents the 16th and 84th percentiles of the distri-
bution.

Work Median Error σ68%

Aguilar et al. [22] 0.01 [−0.25, 0.35]
This Work −0.32 [−0.48,−0.16]

Furthermore, to facilitate future machine learning
benchmarking in this domain, we report the absolute
Euclidean distance between the predicted and true ver-
tex positions for all test events in Fig. 15. This serves
as a standard evaluation metric for 3D vertex regression
tasks.

IV. DISCUSSION

As observed in Fig. 14, the model exhibits a system-
atic tendency to under-predict the radial distance. We
hypothesize that this behavior arises from the interplay
between the MSELoss function and signal attenuation in
the ice at large distances. As the true radial distance
increases, physical attenuation severely degrades the sig-
nal, making it blend with the noisy background. Because
MSELoss penalizes the squared absolute error across all
dimensions, it disproportionately punishes incorrect pre-
dictions made at extreme distances. To avoid large
squared penalties from over-predicting the distance of an
uncertain event, the network "hedges" its estimates by
pulling them radially inward. Figure 16 provides strong
visual evidence for this behavior. While the high-density
core of predictions starts off near the ideal reco = true
baseline at shorter distances, it distinctly breaks away
and under-predicts at higher radii, illustrating this in-
ward pull.

Despite this systematic under-prediction at further
vertices, the model still achieves a substantial overall im-
provement in radial resolution. The network successfully
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FIG. 12. Architecture of the multi-station neural network model. The pipeline is partitioned into three sequential stages,
each designed to extract features across a distinct dimension of the input tensor. Notably, the network employs a late-fusion
approach: signals from individual stations are processed independently and are not merged until the final Cross-Station Analysis
stage. This preserves a modular structure, enabling single-station feature extraction before multi-station analysis.
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FIG. 13. Training and validation loss (top) and the cor-
responding cyclical learning rate schedule (bottom) across
epochs. The minimum validation loss was achieved at epoch
61.

FIG. 14. Distribution of the relative error for the recon-
structed radial distance, (Rreco − Rtrue)/Rtrue, evaluated on
the independent test set (N = 102, 029).

shrinks the 68% containment band of the relative radius
error by nearly a factor of two, reducing it from 0.60 to
0.32 compared to the baseline.

V. CONCLUSION

Accurate reconstruction of the primary neutrino en-
ergy relies critically on determining the physical distance
to the interaction vertex. The kilometer-scale attenu-
ation length of radio waves in ice allows for the con-
struction of massive, sparse detector arrays, like RNO-G,
which present the opportunity to reconstruct events cap-
tured across multiple spatially separated stations. Cur-
rent analytical algorithms rely heavily on single-station

FIG. 15. Distribution of the absolute Euclidean error distance
between the true and reconstructed 3D vertex positions. The
right-skewed distribution highlights the core resolution of the
model alongside extreme outlier events.

FIG. 16. 2D histogram comparing the reconstructed radial
distance against the true radial distance for the test dataset.
The red dashed line denotes the ideal baseline of perfect re-
construction (Rreco = Rtrue). The color axis represents the
event density on a logarithmic scale. Reconstruction distance
appears to decay at higher radii.

frameworks, largely discarding the rich geometric inter-
play of multi-station coincidence.

In this work, we presented a novel deep learning ap-
proach for multi-station vertex reconstruction in in-ice
radio detectors. We trained a convolutional neural net-
work on a simulated four-station RNO-G sub-array to
predict the 3D interaction vertex directly from the time-
binned Hilbert envelopes of the raw voltage traces.

Our results demonstrate the viability of leveraging
multi-station coincidence events through machine learn-



12

ing. The CNN achieved a smaller relative radial error 1σ
containment as compared to the baseline achieved by cur-
rent state-of-the-art single-station statistical frameworks.
While the model exhibits a distance-dependent under-
prediction bias for highly attenuated, low-SNR events,
the improvement in precision demonstrates possible ad-
vantages of the network’s multi-station feature extrac-
tion.

This work serves as a starting point for further algo-
rithmic refinements. Specifically, future iterations will
focus on mitigating the aforementioned spatial bias by
exploring geometry-aware or relative-error loss functions.
Because standard MSELoss evaluates absolute Cartesian
distances, it fails to penalize near-field and far-field frac-
tional errors equally. Implementing tailored loss func-
tions will be critical for forcing the network to maintain
its predictive power in low-signal, distant regimes. Ulti-

mately, unlocking the full potential of machine learning
for multi-station event reconstruction has the potential
to shift the paradigm of neutrino energy reconstruction
entirely.
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