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Overview of this talk

● IceCube & Event Recontruction

● Graph Neural Networks in IceCube

● Kaggle Competition

2



Machine Learning Approaches in Lattice QCD 3

IceCube

Over 5000 optical modules

Measures Cherenkov light

Geometry is irregular

Module density is irregular
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IceCube

Measurements  Reconstruction Physics

Focus of this presentation
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Reconstruction
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The Problem of Reconstruction
Each event must be reconstructed

I.e. processed into hypothesis of what it represents.

Was it a neutrino?

Direction

Energy

..

Animation from edguy99,
Illustrates the time-series side of the data.Animation from Philipp Eller,

Illustrates the geometric side of the data.

IceCube data are geometric time-series

https://www.kaggle.com/competitions/icecube-neutrinos-in-deep-ice/discussion/388858
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Reconstruction

(DNN paper)

Has evolved from single lines fits, to complex 
likelihood-based methods like
RETRO. 

Classical methods are accurate but too slow

No single paradigm for ML solutions

Aggregating to images costs information

RNNs captures time series but not geometry

https://arxiv.org/pdf/2101.11589.pdf
https://arxiv.org/pdf/2203.02303.pdf
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Graph Neural Networks
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GNNs are an emerging tool in data science

● Neural Network but input data is a graph

● A graph is a collection of two things:
○ Nodes 
○ Edges

● Graphs are versatile: Can represent most data types
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Example: Images are a special case of graphs
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• Spatial graphs are “generalized images”
○ Can represent geometric data as-is via edges

● No single definition of convolution on graphs
○ PyTorch Geometric has more than 50 

convolutional operators

Graph Neural Networks
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GraphNeT:dynedge

dynedge paper

https://iopscience.iop.org/article/10.1088/1748-0221/17/11/P11003
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Graph Neural Networks for IceCube
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We’ve applied DynEdge to a series of ML tasks

● Distinguishing muons and noise from neutrinos (classical classification)     
● Reconstructing energy, direction & other attributes (classical regression)
● Categorizing events based on their topology (classical classification)

● Removing noise pulses (node classification)

Currently being used in multiple on-going IceCube analyses

Implemented in open source GNN framework for neutrino telescopes graphnet

https://github.com/icecube/graphnet
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Defining the graph
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● Each node represents a pulse of measured Cherenkov radiation (or 
an optical module)

● Edges are drawn to nearest neighbours

Full detector Active Sensors Edges drawn
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Defining the graph
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● Each node represents a pulse of measured Cherenkov radiation (or 
an optical module)

● Edges are drawn to nearest neighbours

Full detector Active Sensors Edges drawn
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    When Should I Use GNNs?

   

EdgeConv

(https://arxiv.org/pdf/1801.07829.pdf)
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EdgeConv

(https://arxiv.org/pdf/1801.07829.pdf)
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CNN Convolutions vs. EdgeConv
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vs.

CNN Convolutions EdgeConv
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Kaggle Competition: IceCube - Neutrinos in Deep Ice
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Kaggle Competition: IceCube - Neutrinos in Deep Ice

 
Reconstruct direction

50k USD prize money

Over 450 participants

3200  entries
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Kaggle Competition: IceCube - Neutrinos in Deep Ice
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Kaggle Competition: IceCube - Neutrinos in Deep Ice

 

The early sharing prize is a new initiative by Kaggle. 

It awards prize money (5k USD) to the best solution on 
the leaderboard that is public. 

and the prize winner was..
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Kaggle Competition: IceCube - Neutrinos in Deep Ice
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Recent Applications: IceCube Kaggle Competition
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Thank you for listening!

MSc/BSc thesis on IceCube ML is available here

icecube/graphnet 26

https://drive.google.com/drive/folders/1YGMd1cTIuC-4iQwsPDIWCKPlFAlsBwui
https://github.com/icecube/graphnet
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EdgeConv

EdgeConv ‘convolutes’ the graph by updating the values in each node 
in the graph by considering the values in the nodes that it is connected 
to. (So no filters!)

The update of values of the j’th node is done via

        Where f is a learned function (a neural net)
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Applications of GraphNeT:dynedge

 
1)                          Classification
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 Classification
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Background:

IceCube is not sensitive to individual neutrino flavours, but uses two 
morphological classes as proxies for the neutrino flavor at low energies. 
“Tracks” which are charged-current (CC) muon neutrino interactions, and 
“Cascades” which are all others. Required for oscillation analysis.

ML Task: Distinguish Track-like vs Cascade-like event signatures
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 Classification
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About 6% improvement in AUC

 Classification
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 Classification
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Provides much cleaner bins

 Classification
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Applications of GraphNeT:dynedge

2)          Reconstruction: Energy
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LogCosh:

Resolution Definition: 

(Corresponds to 1 sigma for Gaussian residuals)

(Positive means better)

Reconstruction: Energy

 



Machine Learning Approaches in Lattice QCD 53

Reconstruction: Energy

 

Average improvement of about 20% in 
oscillation relevant energy range
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Applications of GraphNeT:dynedge

3)          Reconstruction: Zenith
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2DVonMisesFisher:

Explained on next slide

Resolution Definition: 

(Corresponds to 1 sigma for Gaussian residuals)

(Positive means better)

Reconstruction: Zenith
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2DVonMisesFisherLoss
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We regress each angle individually. We 
do so by embedding the true angle ø via

and the GNN then directly outputs a 
vector [output1, output2] which is a 
direct estimate of the embedded vector 
and an error estimate k. 

We then ask the GNN to minimize the 
angle between the true and predicted 
vector using a 2D von Mises Fisher 
distribution

where k~1/sigma**2, and    is the angle between the true and reconstructed embedded vectors.

Pull distributions of the uncertainties from the GNN (in blue). 

Reconstruction: Zenith
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Reconstruction: Zenith

 

Average improvement of about 20% in 
oscillation relevant energy range
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Estimated Uncertainties as Event Quality Indicator
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The GNN produces an estimate on the 
uncertainty of the angular regressions.

There is a high (positive) correlation between 
estimated angular uncertainties and resolution 
improvement for other variables without 
uncertainties. 

As shown in this slide, the zenith uncertainty 
estimation can be used as an event quality 
indicator. This is clear because events with 
lower zenith uncertainty also have better 
energy resolution.

This could be a valuable tool in an event 
selection Events are binned by their estimated zenith uncertainty. The 

relative improvement in resolution compared to the events with 
worst estimated zenith uncertainty is shown on y-axis.

Reconstruction: Zenith

 



Machine Learning Approaches in Lattice QCD 59

Applications of GraphNeT:dynedge

4)          Impact on Oscillations
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Simple    Oscillation Contours as Evaluation Tool
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Background:

IceCube uses an analysis software called PISA for oscillation analyses. By 
providing PISA with energy, zenith and track/cascade estimates, PISA can 
produce the corresponding oscillation contours. The sensitivities depends 
on systematic uncertainties, and how sensitive the reconstruction method is 
to these, which requires separate studies. However, one can turn off these 
systematic uncertainties that require separate studies of the reconstruction 
algorithm, thus yielding a simplified oscillation contours, that can serve as a 
reconstruction benchmark.

The plot on the next slide is a simplified oscillation contour.

https://github.com/icecube/pisa
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Improvements seen on this plot 
corresponds to 2.5 detector 
years, or in terms of area, 20%.

Simple    Oscillation Contours as Evaluation Tool
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Applications of GraphNeT:dynedge

5)                 Classification
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At the example threshold, the 
GNN improves signal efficiency 
by 18%. 

At the same signal efficiency, 
the GNN reduces the muon 
background by over a factor 8 
(to below 0.5%)

Classification

 


