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Motivation

Ultra-high energy Energy and Patternin
cosmicrays Passage chargedependent arrival {'

o

o

through GMF _ : :
from source deflection directions

= |ldentify patternsto identify sources
- Patternrecognition task
- Useconvolutionalneural networks
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Graph Convolutional Neural Network Single Source

Multiple Sources

Approach
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Continuously distributed osphere

¥ Not wellsuited for
classical pixejrid-
based CNNs

- Use Graph
Convolutional Neural
Network!
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Graph Convolutional Neural Network

Single Source

Multiple Sources
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A Weight sharingfor each pair of cosmic ray
Mean over neighborsQ

1 https://arxiv.org/abs/1801.07829

% permutation invariance
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Graph Convolutional Neural Network Single Source

Multiple Sources

Network Architecture
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neighborhoods
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Graph Convolutional Neural Network Single Source

Multiple Sources

Simulation of a Single Source

Simplified scenariamne source patterrof 0 cosmic rays + isotropic background
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Multiple Sources

Graph Convolutional Neural Network Single Source

Tralning

A cosmicrayswith [ EeV spectrum similar to measurements of Pierre Auger
Observatory

A{AYdZ I GS 2y GKS nadvesfittiigdzZNA y3 GNIF Ay Ay 3 TIb
A Train onstrongmultiplets and let the network generalize
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Graph Convolutional Neural Network Single Source Multiple Sources

Sensitivity
Analyze cosmicay skies simulated using positiolependent deflection strengths from JF12
A Determine theW & A BuyfputfofQ
A p T cosmieray skies fowaryingd ; (6
A p Ttisotropic cosmicray skies
A Calculate the relative amount &8 & A Buyfputs fdm isotropy e i

10Y
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10! ¢  Mixeder— 15% H
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Works great, but what does it do?

30 35
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Graph Convolutional Neural Network Single Source Multiple Sources
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Graph Convolutional Neural Network Single Source Multiple Sources

Individual Classification of Cosmic Rays

Takemedian of first 25
dimensionsand classify
viathreshold of 3
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Graph Convolutional Neural Network

Single Source

Multiple Sources

Individual Classification of Cosmic Rays

Efficiency:

NAT OOEAAT WEAR MADIORA O

Purity:

MOE CAIADIORN O

NAT OOEAAT WEAR MADIORA O
NEAAT OE£RMRDIOCANO

1.0 1 mm.moul 1.0
. ° ' ' |
0.8 ; 0.8
0.6 ° P HHE . 0.6-
g o ! R
= = S
= 0.4 2 ; 0.4
0.2 0 EU d 0.2-
Mixed charges Mixed charges
® i o .
0.0 Hellum 0.0- Helium
0 10 20 30 40 50 0 10 20 30 40 50
Ng Ng
(of 1000 cosmic rays)
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Graph Convolutional Neural Network

Single Source

Multiple Sources

Multiple Sources: Simulation & Training

A Realistic3D universeuniformly distributed and
identical sources, accounting for:

1. Geometrical effecion fluxes’Q% Q
2. Interactions e.g. with photon fields

A Use parameters fromuger Combined Fit
A Only free parametersource densityz
A Apply deflectionbased on JF12
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Adjust network to new simulation:

EdgeComdimensions: 64/128/256
Concatenation: Yes

p 1T EA

Deflectionstrengths and directionsapsfrom JF12

randomly rotatedand used for all cosmic rays to

achieve global consistency
G[JO T " S

Train on”

o =e example training data
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Graph Convolutional Neural Network Single Source Multiple Sources

Sensitivity
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Graph Convolutional Neural Network Single Source Multiple Sources

Sensitivity: Effect of Limited Sky Coverage

L s Observatory Examplaryskycovgrage
1014 7 Nors = 1000 of observatoryin

| o All-sky galacticcoordinates
¢ New, = 1000
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Conclusion

(Dynamic) GCNN wadluitedfor sparsecosmicray data,
efficiently usingall availableinformation

Network automatically performslustering

Highsensitivity for a single pattermof one strong source
L,at’Q pBP

- Possibility tadentify individual source cosmic rays
|dentify theglobal structureof simulated universe
(L,at” p&tpm i DA

- Constrain source density

Great potentialfor data from current observatories
O *pTmNT
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Backup
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Graph Convolutional Neural Network Single Source Multiple Sources

Dynamic Graph Convolutional Neural Network
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Graph Convolutional Neural Network

Single Source

Multiple Sources

Comparisono 2pt auto-correlation
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Conservativept-p-values:
A Calculateusing180 anglebinswith 1000skies
A Chosesmallestvaluefrom allbinsfor eachsky
A Calculatamedian ofthose1000values
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Graph Convolutional Neural Network Single Source

Multiple Sources

Individual Classifier

Comparison of strategies to achieve classification of individual cosmic rays
1. W. Ayl NEB QY -ray sky tlassiier @ith #heshad

2. WLYRAQGARIZ f QY bSiGs2aN] SELXAOAGERS GNFAYSR 2
0.8
1.0 ©0000000000000000000000000000000000000)
284 ﬁ
°° z8Y%Y VoO§§§§8°§'§
o vvggg..o e®C"- @
0.8 1 - VAAAAAY 0.6 1 gVVvVOO ¢
AR AL FYVVYVVVYVYY vV o
¥V¥V¥¥¥' vvvvvy Y5040
o Vvvvv" M e
0.6- A MM gv ©
Vv 04' v (o] J
o
0.4 v v
& e Efficiency Helium (Binary) 094 ° o ® Efficiency Mixed (Binary)
0.2 . v Purity Helium (Binary) ' OO v Purity Mixed (Binary)
g o Efficiency Helium (Individual) g . o Efficiency Mixed (Individual)
Y [ FE— v Purity Helium (Individual) R — v Purity Mixed (Individual)
o 0 20 0 0 50 0 10 20 30 10 50
Ny Ns
22.09.2020 niklas.langner@rwtraachen.de 19



Graph Convolutional Neural Network Single Source

Multiple Sources

Representative skymaps

(Cosmieray skies that result in the median netwearsponse of a given source density.)
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Graph Convolutional Neural Network Single Source

Multiple Sources

Representative skymaps

(Cosmieray skies that result in the median netwarsponse of a given source density.)
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Graph Convolutional Neural Network Single Source Multiple Sources

Representative skymaps
(Cosmieray skies that result in the median netwarsponse of a given source density.)

PTT Tt @RS, No exposure

60"

p Tt I- EA

30°

UX CRs, exposur

307

22.09.2020 niklas.langner@rwtraachen.de 22



Graph Convolutional Neural Network

Single Source

Multiple Sources

Representative skymaps

(Cosmieray skies that result in the median netwarsponse of a given source density.)
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