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The IceCube Neutrino Observatory is a cubic-kilometer detector located in the Antarctic ice
at the geographic South Pole. It reads out over 5,000 photomultiplier tubes (PMTs) to detect
Cherenkov light produced by secondary particles, enabling IceCube to identify both atmospheric
and astrophysical neutrinos. One of the main challenges in this effort is effectively distinguishing
between muons induced by neutrinos and those generated by cosmic-ray air showers. To address
this challenge, the Advanced Northern Tracks Selection (ANTS) employs a graph convolutional
neural network. This network is designed to utilize both the sensor data and the geometric
arrangement of the detector’s photomultiplier tubes (PMTs). By representing each module as a
node in a graph and extracting features from each module, the network can capture and integrate
both local and global features. This work details the implementation of the network architecture
and highlights the improvements in background rejection efficiency compared to existing methods
for selecting muon tracks.
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Advanced Northern Tracks Selection for IceCube

1. Introduction

The detection of high-energy astrophysical neutrinos by IceCube in 2013 [1] marked a breakthrough
in neutrino astronomy. Yet, key questions remain: What are the sources? What processes produce
this flux, and what are its spectral characteristics?

The IceCube Neutrino Observatory is well suited to answer such questions, instrumenting a cubic
kilometer of Antarctic ice with 5160 digital optical modules (DOMs) on 86 strings, deployed
at depths between 1450 m and 2450 m. These detect Cherenkov light from secondary particles
resulting from neutrino interactions. For charged-current v, interactions, one of these secondaries
is a muon, which creates a detectable, elongated light signal from Cherenkov emission emitted by
the muon and its energy deposits along its trajectory — a so-called track signature in the detector.
Two main challenges arise when studying this kind of signal: First, low flux and cross-sections lead
to inherently sparse statistics. This can be mitigated by including events with vertices outside the
detector, utilizing the long range of muons. Second, a dominant background to neutrino-induced
events originates from atmospheric muons resulting from cosmic ray showers, which appear as
downgoing in the detector. This background contribution can already be greatly suppressed by
selecting only upgoing events. Figure 1 shows a visualization of the described components and an
example track event.

The Northern Tracks sample addresses both of these challenges by selecting well-reconstructed
up-going track events, as only neutrinos can produce this signature in the detector. The main
background contribution then arises from mis-reconstructed, air-shower-induced muons near the
horizon. This sample provides high statistics and effective area, enabling results such as identifying
NGC-1068 as a neutrino source [2] and precise measurements [3] of the diffuse astrophysical
neutrino flux spectrum. Over one million neutrino events have been collected over 13 years, with
the majority of them being produced in the atmosphere. A high-statistics sample of atmospheric
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Figure 1: Left: schematic of track-producing particle sources in IceCube. Atmospheric muons are the main
background contribution for neutrinos and are removed using a cut at ® > 85° on the reconstructed zenith.
Right: an exemplary muon track visualization; dot size indicates light intensity. The color indicates time,
with red denoting early and green denoting late. Directional reconstruction achieves < 1° median resolution
above 1 TeV.
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neutrinos enables an accurate description of this flux and has revealed effects such as seasonal flux
variations [4].

The selection begins with the IceCube muon track filter [5], followed by reconstruction-based
precuts. Initial steps select track-like events and already suppress the background from low-energy,
down-going muons. Reconstructions with greater computational demands follow, which are used in
a zenith cut ® > 85° for background rejection. Finally, two boosted decision trees (BDTs) are used
to remove remaining backgrounds: one removes atmospheric muons that are close to the horizon
or mis-reconstructed as up-going, while the other removes cascade events (spherical light emitted
in muonless events). They use features related to reconstruction quality, event geometry, and event
position in the detector. A final sample purity of over 99.8 % is achieved [3].

With more than a decade of data available, improving selection efficiency is a step toward increasing
IceCube’s efficiency, as higher statistics enhance the sensitivity of analysis. We demonstrate that
replacing BDTs with a graph convolutional neural network (GCNN) using full DOM-level input
instead of reconstructed high-level variables improves efficiency while maintaining purity. The new
selection exhibits strong agreement between simulation and measurement on a small subsample of
0.23 years of data collected in 2018.

The training utilizes a comprehensive set of simulations, including various ice models, and encom-
passes approximately 20 million events in total. Neutrinos are modeled using NuGen (based on
ANIS, [6]), while atmospheric muons are simulated with CORSIKA [7].

We also present extensions of this architecture for various tasks, including a regression model
for energy estimation and a classifier for event topology (e.g., throughgoing, starting, stopping,
contained, skimming, and corner-clipping). The components of the presented architecture provide
a flexible, general-purpose deep learning pipeline for IceCube track-like events.

2. Deep Learning Pipeline

The core of our event selection relies on a GCNN operating on features extracted from each
DOM using a transformer-based encoder. This two-stage setup decouples feature extraction from
event-level classification. The architecture is illustrated in Figure 2.

Each DOM records time series data of detected light pulses. Before encoding, reconstructed
data undergoes an augmentation step. Reconstructed charge—time pairs within 10 ns are merged to
reduce digitization and reconstruction artifacts that may differ between simulation and measurement.
Features are then normalized by their respective standard deviations.

The merged time values are further processed: the per-DOM median is subtracted to remove
systematic offsets, followed by a signed square root transformation to standardize dynamic range
and capture photon burst patterns. The series is then shifted so that the first hit occurs at time zero.
The information about relative time information between DOMs is saved for later use in the network
architecture.

The transformer encoder is trained as part of an AutoEncoder on this preprocessed data. The
time and charge pairs for each DOM are mapped into an array that can hold up to 256 photon
hits, sufficient for all IceCube event types. Masking ensures that the applied padding is ignored
during training, which utilizes a mean squared error (MSE) loss function to compare the input and
reconstructed sequences. The encoder consists of four multi-head attention layers [8] (each with 4
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Figure 2: Depiction of the complete network architecture that can process full detector information using
a transformer-based AutoEncoder and a Graph Convolutional Neural Network Architecture in a two-stage
approach. The first (g, t) pair detected by a DOM is represented in red and later (g, ¢) pairs (from the same
DOM) in green [8]. The Graph Neural Network then combines this information with additional information
from each DOM in a Graph representing the entire detector.

IS

heads), global average pooling, and a multi-layer perceptron (MLP) that outputs 10 latent features.
The decoder mirrors this with another MLP, a reshape operation, and four additional attention
layers.

As shown in Figure 3, the AutoEncoder reconstructs timing with high accuracy for both simulated
and measured data for the transformed times. Charges are also well reconstructed, though slightly
less precise due to the lack of inherent ordering, and are given in photoelectrons (pe). The
exemplary latent features in the third panel in Figure 3 show no differences across signal (Neutrino
events simulated with NuGen), background (Muon events from CORSIKA Air shower simulations),
or the sample measurement data, suggesting unbiased representations.

Combined with the aforementioned auxiliary preprocessing features, such as relative time infor-
mation between DOMs, the learned per-DOM representations serve as input to the GCNN for
background rejection. The network (left part of Figure 2) uses 16 per-DOM features and connects
each DOM to its 16 nearest neighbors via a fixed, weighted adjacency matrix. GCNN layers are
embedded in ResNet blocks [9] and followed by partition pooling [10]. The architecture is thus
modeled on a typical structure of convolutional neural networks for images, whereas here, the pixels
can assume arbitrary positions.

After 70 GCNN layers in total, global average pooling and small MLPs were employed to produce the
final classification on signal and background. The architecture is designed to handle complete event
information and can be extended to additional tasks by replacing the final layers of the architecture.
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Figure 3: Comparison of the charge in photoelectrons (pe) and time in arbitrary transformed units (a.u.)
with their respective reconstruction using a transformer-based AutoEncoder. Both input features show
good agreement for signal and background simulation and measurement data, particularly in terms of time
information. One exemplary AutoEncoder bottleneck feature is illustrated, showing good agreement between
simulated and measured data, as well as in the AutoEncoder output.

In addition to the background rejection task, we also demonstrate the ability to perform other tasks,
such as topology classification or energy reconstruction, using the same base network.

3. Results

The performance of the new event selection based on the graph neural network was evaluated in
comparison to the previously used boosted decision tree (BDT) classifier. As shown in Figure 4,
the new classifier significantly improves the separation between signal and background. The area
under the ROC curve (AUC) increases from 0.9833 for the BDT to 0.9992 for the GCNN-based
approach, demonstrating a significant improvement in background reduction.

A critical metric for physics analyses is the selection efficiency as a function of the reconstructed
muon track direction. Figure 5 shows the distribution of the cosine of the reconstructed zenith
angle after applying the selection cut chosen to match the original BDT purity of 99.8 %. The
new selection retains 95 % of the original neutrino signal, indicated by the dotted line in Figure 5,
which enhances the selection by approximately 25 %. This improvement in statistics is particularly
valuable for subsequent analyses using the sample. Effectively, the improved selection translates
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Figure 4: ROC Curve of the previous selection of muons from the northern hemisphere and the newly
proposed ANTS selection, illustrating a drastic improvement in classification efficiency.

into gaining the equivalent of several additional years of data without requiring any new detector
exposure. This is achieved primarily through the more effective utilization of the already recorded
events. The most challenging region for background rejection is near the horizon (cos (Zenith) =~ 1),
where mis-reconstructed atmospheric muons are most likely to contaminate the sample. The new
classifier enhances selection across the full zenith range, particularly in the upgoing region, where
it achieves nearly 100 % efficiency. The classification threshold was chosen to match the target
purity of the previous selection. However, it is possible to further increase sample purity at the cost
of signal efficiency, depending on the specific analysis requirements. Most importantly, the final
selection shows excellent agreement between data and simulation across the relevant kinematic and
reconstruction variables, as illustrated in Figure 5. This agreement is critical, as the selected sample
serves as the foundation for multiple downstream physics measurements and searches and was a
particular focus during the development of the network and preprocessing pipeline.

In addition to background reduction classification, the architecture can be trivially modified to
support event-level regression and multi-class classification tasks. One such extension is muon
energy reconstruction, where the network reconstructs the muons deposited energy in the detector.
As shown in Figure 6 (left), the regression model exhibits strong agreement between simulation
and prediction. Minor deviations at low energies—Ilikely due to limited statistics or resolution—are
expected to diminish in future retraining.

The second extension involves classifying the event topology, which describes how a muon event
signature is detected within the detector. The network distinguishes between throughgoing, starting,
stopping, contained, skimming, and corner-clipping events. The resulting confusion matrix, shown
in Figure 6 (right), demonstrates a good classification performance. Misclassifications are rare and
mostly occur between classes that continuously merge into each other, consistent with the expected
difficulty of these distinctions.

These results highlight the network’s flexibility as a general-purpose tool for various reconstruction
and classification tasks within the IceCube experiment.
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Figure 5: Improvement over the previous selection illustrated by the reconstructed cos (Zenith) distribution.
The ANTS selection recovers a total of ~ 23000 events in the 0.23 year data sample with good Data/MC
agreement while retaining 95 % of the full signal prediction. This represents a ~ 25 % increase in event
statistics compared to the BDT selection, which recovered ~ 18500 events from this sample.

IceCube Preliminary

Normalized by prediction

0.17 0.01 0.01

— T throughgoing

1 -
107 & - — Reco | .
E —— El starting

Rate [

105 ¥ 4

10-6 [ L _: stopping

iy
True

107F |ceCube Preliminary

1086, oy

LN Ly S B B B s S S B B B

contained

D% 13(5) 3 [T Reco/Truth E skimming

075 E 3

PR L1 L1 PSR SR R SR ST N S SR
2.0 2.5 3.0 35 4.0 4.5 5.0
log10 (Egepositea/GeV)

o
S
=
o
S
)
o
2

o
o
=3

clipping 0.00 0.

throughgoing
starting
stopping
contained
skimming
clipping

Predicted

Figure 6: The left plot shows the result of the muon energy reconstruction, which demonstrates high
agreement between the truth and reconstruction, as illustrated by the residual plot below. The right plot
shows the classification confusion matrix between different event topologies, indicating that the ANTS
architecture is capable of effectively distinguishing between event topologies.

4. Conclusion & Outlook

We have presented a highly efficient classification network based on a graph neural network archi-
tecture that fully incorporates the spatial and temporal structure of IceCube events. By combining
DOM-level features from a transformer-based encoder with graph-based reasoning, we developed a
classifier for northern hemisphere muon tracks that achieves the same level of purity as the existing
BDT-based selection while increasing the total selected statistics by approximately 25 %o.
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This gain in efficiency directly translates into enhanced sensitivity for a wide range of physics
analyses. The network’s ability to process complete event information makes it a powerful and
flexible tool for other applications as well. We demonstrated its applicability beyond classification
with tasks such as energy reconstruction and event topology classification.

Looking forward, we plan to improve further the data—MC agreement using domain adaptation
techniques based on backpropagation [11]. These methods enforce consistency between simulation
and real data by construction. Additionally, we aim to integrate the new selection into a complete
physics analysis to validate the sample and quantify the physics reach. Systematic uncertainty
studies will also be conducted to understand better the robustness of the network predictions and
their impact on the resulting measurements. We also plan to evaluate the existing extensions and
implement a neutrino directionality reconstruction to create a complete reconstruction package that
can then be used for subsequent physics analyses.

Given the network’s fast evaluation time, we plan to explore applying it at earlier stages in the
event selection chain, potentially even as part of real-time filtering. This would enable the earlier
rejection of background events and improve the selection of rare signal events, thereby
maximizing the utility of the IceCube data stream.
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