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KM3NeT has recently reported the detection of a very high-energy neutrino event, while IceCube
has previously set upper limits on the differential neutrino flux above 100 PeV but has yet to
observe a neutrino event with an energy comparable to that of the KM3NeT detection. To
improve diffuse measurements above 10 PeV, we apply machine learning techniques to enhance
atmospheric muon background rejection and directional reconstruction. We utilize a Graph
Neural Network (GNN) to perform a classification task that distinguishes neutrinos from high-
energy atmospheric muons. The method allows for the rejection of early hits from laterally spread,
lower-energy muons in cosmic ray showers without relying on directional reconstruction as a prior.
Additionally, a Transformer-based Neural Network is implemented for directional reconstruction.
Unlike previous likelihood-based rapid reconstruction algorithms that assume a single muon track,
this method makes no prior assumptions about event topology of the particle inside the detector.
We demonstrate improved background rejection and reconstruction performance using machine
learning techniques. Applications to the development of future Extremely High Energy (EHE)
selections are also discussed.
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Enhancing the IceCube EHE Neutrino Selection Maxwell Nakos, Aske Rosted, and Lu Lu

1. Introduction
Neutrinos with energies greater than 10 PeV offer valuable insight into the sources of ultra-high
energy cosmic rays. While magnetic fields deflect cosmic rays, neutrinos travel in straight lines,
pointing directly back to their sources. Additionally, due to the GZK effect, extragalactic cosmic
rays (𝐸 > 1019.5 GeV) could interact with cosmic microwave background, producing a cosmogenic
neutrino flux [1]. The IceCube neutrino observatory is a cubic-kilometer neutrino detector situated
at the geographic South Pole. The detector consists of an inice array of digital optical modules
(DOMs) and a surface array (IceTop) for detecting cosmic rays [2]. At the highest energies, Earth
absorption [3] significantly reduces the neutrino flux, making atmospheric muons the dominant
background in IceCube’s extremely-high-energy (EHE) neutrino searches. Previous selections
have relied on overburden [4–7] or most recently, on stochastic energy loss profiles [8] to reject
atmospheric muons. In this contribution, we investigate machine learning techniques to improve
background rejection by classifying neutrinos against atmospheric muon bundles and directional
reconstruction for the development of a future EHE neutrino selection.

2. Atmospheric Muon Background Rejection

2.1 Lateral Distribution of Muon Background
The core challenge in EHE selections is to distinguish throughgoing high-energy neutrinos from
cosmic ray showers, which produce large "bundles" of muons with lateral spread, whereas muon
neutrino charge current (CC) interactions are likely to produce a high-energy muon (for 𝜈𝐶𝐶

𝜏 , 𝜏)
which deposits energy along a thin track through the detector. We seek to enhance rejection by
incorporating lateral information in addition to the longitudinal energy loss profile. Figure 1a shows

(a) (b)
Figure 1: (a) Energy deposit locations of events in IceCube, shown in cylindrical detector coordinates and
weighted by the number of photoelectrons detected. Left: a cosmic ray shower with a bundle of muons
exhibiting lateral spread from the trajectory of the initial cosmic ray. Right: a muon produced from a 𝜈𝐶𝐶

𝜇

interaction is shown traversing through the detector. (b) Number of muons in cosmic ray showers with a
primary energy of greater than 1 PeV that register an in-ice pulse (excluding IceTop). Homogenized charge
refers to the total photoelectrons (PE) in the detector excluding DeepCore and DOMs that collected more
than half of the event charge.

the distribution of simulated photoelectron hits from the locations of the muon energy losses in the
ice. The muon bundle creates wider deposition profile along its leading trajectory compared to a
single muon track. Figure 1b shows the number of muons in a cosmic ray showers with primary
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energies above 1 PeV. As the charge threshold increases, cosmic ray showers are increasingly
dominated by multiple muons. We set a charge threshold of 27,500 PE to filter out cosmic ray
showers with single muons, based on fig. 1b. Figure 2a shows the root mean square (RMS) of the
energy deposits (counted by MCPEs) from the leading trajectory for a single cosmic ray shower.
In fig. 2b, we see there is great separation power between neutrinos and cosmic rays in the lateral
spread. Heavier compositions of cosmic rays have greater lateral spread in the shower, while
neutrino-induced events exhibit a small lateral spread. We want to leverage the lateral spread of
energy deposits in high-charge cosmic ray showers to reject muon bundles using a Graph Neural
Network.

(a) (b)
Figure 2: (a) Lateral spread distribution function of a high-energy muon bundle. The RMS (root mean
square) is computed by the equation shown in the plot, where 𝑤𝑖 is the number of photo electrons detected
from an energy deposit and 𝑟𝑖 is the radial distance of the energy deposit from the highest energy muon in the
event. (b) (left) RMS over an ensemble of cosmic ray showers and 𝜈𝜇 events. The astrophysical spectrum
is weighted to the best single power law measurement using starting tracks and the cosmic ray spectrum is
weighted to H4a. (right) The RMS of cosmic rays broken down by the primary particle composition. The
blue line shows the sum over all compositions.

2.2 Rejection Method to Capture Lateral Spread Information

We apply the DYNEDGE neural network architecture [12] using the GraphNeT software pack-
age [13] to perform a classification task distinguishing neutrinos from muon bundles. As input
features per DOM, we include the position in ice (x,y,z), the first hit time, and the total charge.
For cosmic ray simulation, we used CORSIKA [14] with the hadronic interaction model SIBYLL
2.3d [15]. The primary cosmic ray energy distribution followed an 𝐸−2 power-law generation
spectrum. Meanwhile, the neutrino energy generation followed an 𝐸−1 spectrum. We imposed a
minimum charge cut of 27,500 PE on inputs for training. Training weights are applied such that sum
of the weights for neutrinos and cosmic ray showers are equal in logarithmic homogenized charge
bins. The sum was also made equal across charge bins. Additionally, the neutrino class consisted
of 90% 𝜈𝜇 events and 10% 𝜈𝜏 events (weighted). The loss function used in training is termed the
"Focal" modification to Cross Entropy Loss, which applies a greater loss to greatly misclassified
events [9], shown by the equation in fig. 3a.

2.3 Rejection Performance

This section evaluates the efficiency of the classification. As depicted in fig. 3a, we show the
ROC (Receiver Operating Characteristic) curve for the classifiers trained with different focal loss 𝛾
parameters [9]. Given that a focal loss parameter of 𝛾 = 1.5 shows the best performance, we adopt
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(a) (b)
Figure 3: (a) ROC curve for classifiers trained with different focal loss 𝛾 parameters described by [9].
The focus is on the neutrino signal dominated region of the curve. Astrophysical neutrinos are weighted
with the best fit starting track single power law fit and the cosmic rays are weighted with H4a. (b) The
score distribution for cosmic rays and neutrinos. Neutrino events have a target of 1, and cosmic ray events
have a target of 0. Astrophysical neutrinos are weighted with the best fit starting track single power law
measurement [10] and the cosmic rays are weighted with GaisserH4a [11].

this classifier for further evaluation. Figure 3b depicts the atmospheric muon rate weighted to the
GaisserH4a model [11] and the astrophysical neutrino flux is weighted to IceCube’s best-fit single
power-law flux from the enhanced starting track selection [10]. Figure 4 depicts how cosmic ray
showers of different scores and zenith angles appear in the detector. High-score showers appear

Figure 4: Energy deposit locations of cosmic ray showers in IceCube, shown in cylindrical detector
coordinates and weighted by the number of photoelectrons detected. The top row shows relatively horizontal
cosmic ray showers, while the bottom rows shows more downgoing cosmic ray showers. From left to right,
the scores of the showers decrease. High classifier scores are more "neutrino-like" events.
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thin and more like single-muons, while low-score showers have larger lateral spread and are more
distinctly identifiable. The trend is evident in fig. 5, which displays the median, 25th, and 75th
percentile classifier scores for cosmic rays based on their RMS values. There is a strong correlation
between classification ability and lateral spread of the shower.

3. Directional Reconstruction

3.1 Multitask Transformer based neural network

This section describes the Multitask Transformer-based Neural Network (MTNN) used for direc-
tional reconstruction in this analysis.

Figure 5: Classifier score distribution as a function
of the RMS of cosmic ray showers. Percentiles are
derived from unweighted Monte Carlo statistics.

This analysis includes a wide range of event
topologies such as through-going tracks, starting
tracks, cascades. Therefore, we need a direc-
tional reconstruction that makes no assumptions
about the topology of the event. Previous like-
lihood based methods, such as SplineMPE, tar-
get a specific event topology for reconstruction.
SplineMPE models a infinite single muon track
to reconstruct direction [16]. The MTNN also
simultaneously reconstructs multiple target vari-
ables, achieving this by jointly training on multi-
ple tasks. The tasks are split into supporting and
final task(s). By first introducing it to the sup-
port task(s), additional information about the final
task(s) could be induced. This idea is known as

inductive transfer [17].

(a) (b)
Figure 6: (a) Schematic illustrating how pulses are summarized at the DOM level. (b) Overview of the
model architecture, the Transformer blocks as well as the bias and encoding are inspired by the second place
solution of the IceCube Kaggle competition [18].

Another complication of the high energy data is that the number of recorded pulses rises
linearly with the energy of the incident particles, necessitating summarization of pulses. By
drawing on experience from [19], pulse summarization is performed at the DOM level as illustrated
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in fig. 6a. Pulses were chosen to be summarized per DOM, the total charge, charge weighted mean
time, timing/charge percentiles as well as closest times at a given fraction of the total charge are
calculated. This summarization significantly reduces the RAM requirements of the GPU.

The configuration used in this analysis has 2 final tasks and 4 supporting tasks. Some of these
tasks are based on the Highest Energy Particle (HEP) in the event, this HEP is the pseudo-particle
producing the highest energy deposit in the detector volume extended by 250-meter buffer. The
exact definition of the HEP varies depending on the type of event. For through-going tracks, the
HEP is the particle producing the track. For through-going bundles the highest energy particle in
the bundle determines the track but the energy is the combined energy of the bundle. For starting
events the HEP corresponds to the interacting particle at the point of interaction. The following are
the truth labels used for training.
HEP visible length (supporting) The length of the path traveled by the light emitting particle

through the detector volume.
HEP Trackness (supporting) The amount of energy deposited by track producing particles such

as muons, in fractions of the total energy deposit of the HEP.
HEP Position (supporting) The x,y,z-position of either the interaction vertex of a starting event

or the closest approach of a through-going/stopping event.
Calorimetry energy (supporting) The total amount of energy deposited in the detector by any

particle.
HEP Dir (final) The x,y,z-direction of the HEP.
HEP energy (final) The energy of the HEP as it becomes visible inside the extended detector

volume. For tracks it is defined as the energy of the light producing particle(s) as it enters the
volume. For starting events it is defined as the energy of the interaction producing particle at
the interaction vertex.

The model architecture can be seen in fig. 6b. The network uses components from the second place
solution of the IceCube kaggle competition paper [18] and the overall design is then altered to
allow for the Multitask approach. The classifier token (CLS) aggregates the information of the full
sequence to a fixed length output. By first pulling out the classifier tokens for the support tasks, the
final transformer blocks is only used for reconstructing the final task, while inductive bias is gained
from the supporting tasks. Variations of the Cauchy loss [20] is used to evaluate each of the tasks
separately.

3.2 Performance of the directional reconstruction by the network

As this analysis only makes use of the directional reconstruction of the model, only the performance
of this task is evaluated. The model was trained on events exceeding 1,000 PE in homogenized
charge. Neutrino events of all flavors as well as downgoing atmospheric muon background events
are included in the training. The analysis sample employs a stricter requirement on the homogenized
charge of 27,500 PE, such that the sample is compatible with the bundle rejection classifier which is
only trained on events above 27,500 PE. Conventional and Prompt neutrinos are weighted according
to H3a_SIBYLL23 [21], while astrophysical neutrinos are weighted according to an unbroken
powerlaw with 𝛾 = −2.52 and a normalization of Φ0

𝑎𝑠𝑡𝑟𝑜 = 1.8 × 10−18 GeV−1cm−2s−1sr−1 [22].
Background muons are weighted using the data-driven global spline fit [23].

Histogram (a) in fig. 7 shows that SplineMPE offers a better reconstruction for a small fraction
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(a) (b)
Figure 7: Weighted histogram distribution of the opening angle between reconstructed and true directions.
(a) Neutrino events (all flavor) (b) Atmospheric muon background events

of events, these events are likely to be the ones fitting the prior used to generate the PDF splines.
The MTNN starts having more cumulative events at ∼ 0.6◦ and at ∼ 3◦ has about 3 times the
number of events. Histogram (b) shows that the MTNN offers a a better reconstruction over the full
range. Fig 8 shows that the MTNN offers a more robust reconstruction for this selection of events
regardless of the neutrino flavor when compared to SplineMPE.

(a) (b)
Figure 8: (a) MTNN medians and 25/75th percentiles for different neutrino flavors. (b) SplineMPE medians
and 25/75th percentiles for different neutrino flavors.

4. Discussion

4.1 Application to future Extremely high energy neutrino selections

Table 1 Shows the expected 15 year rates of events passing a muon bundle rejection cut of 0.9,
below different levels of opening angles to the true direction. The cut is chosen to produce a sample
with roughly equal rates of atmospheric muons and astrophysical neutrinos. Specific selections
depend on the analysis and others could be chosen. The 15 year rate of atmospheric muons with
the same bundle selection is 85 ± 25. Weights as in insection 3.2.

At the loss of well reconstructed events below 0.1◦, significantly more events below 1◦ or 5◦

can be obtained by using the MTNN. A large part of the difference is driven by cascade-like events.
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Table 1: Expected 15 year rates of neutrino events with an opening angle less than the threshold and passing
a muon bundle rejection cut of 0.9. The mean rate is the bootstrap mean and the uncertainty is the standard
deviation of the bootstrapping. The best performing model at the given threshold has been highlighted.

Mean Rate - NN Mean Rate - SplineMPE
Threshold All MC 𝐸𝜈 > 10PeV All MC 𝐸𝜈 > 10PeV
< 0.1 ◦ 0.28 ± 0.06 0.039 ± 0.004 2.08 ± 0.18 0.45 ± 0.023
< 1 ◦ 20.8 ± 0.9 2.3 ± 0.04 12.5 ± 0.7 2.09 ± 0.04
< 5 ◦ 88.6 ± 2.1 5.39 ± 0.07 15.7 ± 0.8 2.62 ± 0.05
≥ 5◦ 18.4 ± 0.8 0.759 ± 0.025 91.2 ± 2.1 3.51 ± 0.06

5. Conclusion
In this study, we applied machine learning techniques to reject the background of atmospheric muons
from cosmic ray showers and to improve the directional reconstruction of EHE neutrinos. The muon
bundle rejection method demonstrated the ability to classify cosmic ray showers, correlating with
the RMS of laterally spread energy deposits in the detector from muon bundles. Additionally, the
MTNN model showed accurate reconstruction performance across all event topologies compared
to SplineMPE. Utilizing these techniques in conjunction with the background rejection methods
employed in prior EHE neutrino searches, including the muon overburden and longitudinal deposits
(stochastic loss profile), we aim to suppress additional background in the downgoing region to
detect EHE neutrinos and improve measurements of diffuse fluxes at energies greater than 10 PeV.
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