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Motivation
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Ultra-high energy 
cosmicrays
from source

Passage 
through GMF

Energy- and 
charge-dependent

deflection

Pattern in 
arrival 

directions

Classification taskisotropy signal

Identify patterns to identify sources

Pattern recognition task

Use convolutional neural networks

ὉȾὤ
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Approach
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Continuously distributed on sphere

Not well-suited for 
classical pixel-grid-
based CNNs

Use Graph 
Convolutional Neural 
Network!
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EdgeConv¹Layer
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¹ https://arxiv.org/abs/1801.07829
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permutation invariance
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Network Architecture

Architecture inspired by 
network used in particle physics 

(ParticleNet¹)
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¹ https://arxiv.org/abs/1902.08570

Global Average 
Pooling

Fully-connected
ÄÉÍςυφ, ReLU, Dropout=0.1

Fully-connected
ÄÉÍς, SoftmaxEdgeConv Layer

Coordinates
(x, y, z)

Features
(x, y, z, E)

BatchNorm

EdgeConv
+ 8, Ὧ ρφ, ReLU

C

F

Concatenation
(optional)

EdgeConv
+ τ8, Ὧ ρφ, ReLU

C

F

Concatenation
(optional)

EdgeConv
+ ς8, Ὧ ρφ, ReLU

C

F

Enable new 
neighborhoods

shared weights

signal isotropy

binary classifier

https://arxiv.org/abs/1902.08570
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Simulation of a Single Source

Simplified scenario: one source patternof ὔ cosmic rays + isotropic background 
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Isotropy

Random position

Random direction

1. Coherent deflection
Rotation in random 
direction with rotation 
angles

2. Turbulent deflection 
Scattering according to 
Fisher distribution of width

‏ Ὑ ὉȾὤ
Ὀ

ὙȾὉὠ
ÒÁÄ „ Ὑ ὉȾὤ

Ὕ

ὙȾὉὠ
ÒÁÄ
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Training
Á cosmicrayswith ╔ EeV, spectrum similar to measurements of Pierre Auger 

Observatory

Á {ƛƳǳƭŀǘŜ ƻƴ ǘƘŜ Ŧƭȅ ŘǳǊƛƴƎ ǘǊŀƛƴƛƴƎ Ҧ no overfitting

Á Train on strong multiplets and let the network generalize
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Composition
Pure Helium 

Turb. deflection Ὕ
50% of JF12 maximum in train 
values from JF12 in validation

Coherent deflection Ὀ
Typical values from JF12
but larger than turbulent 

100% accuracy as 
ὔ υυis very clear 

EdgeConv dims 
16/32/64

Optimizer 
Adam

Loss 
Categoricalcrossentropy

Concatenation 
No

Source CRs
55

Source
pattern

example training data

Typical
training
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Sensitivity

Analyze cosmic-ray skies simulated using position-dependent deflection strengths from JF12

ÅDetermine the ΨǎƛƎƴŀƭΩ-output of

Áρπcosmic-ray skies for varying ╝ἡ(ὼ

Áρπisotropiccosmic-ray skies 

ÅCalculate the relative amount of ΨǎƛƎƴŀƭΩ-outputs from isotropy ●ἻἱἯ
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15% H
45% He
40% C, N, O

Works great, but what does it do?
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¢ƘŜ bŜǘǿƻǊƪΨǎ ²ƻǊƪƛƴƎ tǊƛƴŎƛǇƭŜ
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Visualize high-
dimensional point 
cloudsusing t-SNE:

One cosmic-rayskywith ╝ἡ
(Shaded: 68% percentile)

ρφ-dim.

σς-dim.

φτ-dim.

ὔ ωψυ

ὔ ρυ
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Individual Classification of Cosmic Rays
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Threshold

Take medianof first 25 
dimensionsand classify

via thresholdof 3
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Individual Classification of Cosmic Rays
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Efficiency:

‭
ΠÃÏÒÒÅÃÔÌÙÉÄÅÎÔÉÆÉÅÄÓÉÇÎÁÌÃÏÓÍÉÃÒÁÙÓ

ΠÓÉÇÎÁÌÃÏÓÍÉÃÒÁÙÓ
”
ΠÃÏÒÒÅÃÔÌÙÉÄÅÎÔÉÆÉÅÄÓÉÇÎÁÌÃÏÓÍÉÃÒÁÙÓ

ΠÉÄÅÎÔÉÆÉÅÄÓÉÇÎÁÌÃÏÓÍÉÃÒÁÙÓ

Purity:

υ„ υ„

(of 1000 cosmic rays)

υ„ υ„
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Multiple Sources: Simulation & Training

Á Realistic 3D universe: uniformly distributed and 

identical sources, accounting for:

1. Geometrical effect on fluxes: ὪᶿὨ

2. Interactions, e.g. with photon fields

Á Use parameters from Auger Combined Fit¹

Á Only free parameter: source density ⱬἡ

Á Apply deflection based on JF12
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Uniform sources in 3D

ὔȟbased
on 1., 2.

Deflectionsincluding 
directionsbased on JF12

¹ https://arxiv.org/abs/1612.07155

Adjust network to new simulation:

Á EdgeConv-dimensions: 64/128/256

Á Concatenation: Yes

Á Train on ” ρπȾ-ÐÃ

Á Deflectionstrengths and directions mapsfrom JF12 

randomly rotatedand used for all cosmic rays to 

achieve global consistency

example training data

https://arxiv.org/abs/1612.07155
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Sensitivity
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υ„at ” ρȢςẗρπȾ-ÐÃ
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Sensitivity: Effect of Limited Sky Coverage
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Examplaryskycoverage
of observatoryin 

galacticcoordinates



Conclusion

Á (Dynamic) GCNN well-suitedfor sparsecosmic-ray data, 
efficientlyusingall availableinformation

Á Network automatically performs clustering

Á High sensitivity for a single patternof one strong source 
(υ„at Ὢ ρȢωϷ)

Possibility to identify individual source cosmic rays

Á Identify the global structureof simulated universe 
(υ„at ” ρȢςẗρπȾ-ÐÃ)

Constrain source density

Great potential for data from current observatories 
(ὔ ρͯπππ)
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Backup
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Dynamic Graph Convolutional Neural Network
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Input: Point Cloud of N points 
of dimension M

Our task: 4D points 
(x, y, z, E)

k=2

Build graph by connecting points 
ὼto k nearest neighbors ὼ

tŜǊŦƻǊƳ Ψ9ŘƎŜ/ƻƴǾΩ¹ operation

Ὤ ὼȟȟὼȟ — ὼȟ — ὼȟ ὼȟ

.

.

.

Additional fully-
connected layers

Mean

ὥ ρȣὑ(number of filters)

N points in K
dimensions

¹ https://arxiv.org/abs/1801.07829



Graph Convolutional Neural Network Multiple SourcesSingle Source

Comparisonto 2pt auto-correlation
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Conservative2pt-p-values:
Å Calculateusing180 angle-binswith 1000 skies
Å Chose smallestvaluefrom all binsfor eachsky
Å Calculatemedian of those1000 values
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Individual Classifier
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Comparison of strategies to achieve classification of individual cosmic rays

1. Ψ.ƛƴŀǊȅΩΥ .ƛƴŀǊȅ ŎƻǎƳƛŎ-ray sky classifier with threshold

2. ΨLƴŘƛǾƛŘǳŀƭΩΥ bŜǘǿƻǊƪ ŜȄǇƭƛŎƛǘƭȅ ǘǊŀƛƴŜŘ ǘƻ ŎƭŀǎǎƛŦȅ ƛƴŘƛǾƛŘǳŀƭ /wǎ όмллл ƻǳǘǇǳǘǎύ
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Representative skymaps
(Cosmic-ray skies that result in the median network-response of a given source density.)
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ρπȾ-ÐÃ

ρπππCRs, no exposure

υχCRs, exposure
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Representative skymaps
(Cosmic-ray skies that result in the median network-response of a given source density.)
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ρπȾ-ÐÃ

ρπππCRs, no exposure

υχCRs, exposure

υ„
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Representative skymaps
(Cosmic-ray skies that result in the median network-response of a given source density.)
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ρπȾ-ÐÃ

ρπππCRs, no exposure

υχCRs, exposure
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Representative skymaps
(Cosmic-ray skies that result in the median network-response of a given source density.)
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ρπȾ-ÐÃ

ρπππCRs, no exposure

υχCRs, exposure


