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The Southern Wide-field Gamma-Ray Observatory WE0 ﬁ}\:\,{ F/A\\U

(SWGO)

Y

— Future gamma-ray detector located in
Atacama Astronomical Park, Chile.

— Ground-level detector array primarily based
on water-Cherenkov detector units

— Altitude: 4770m

— Energy range from hundreds of GeV up to

the PeV scale

— Close to 100% duty cycle and order

steradian field of view.
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The Southern Wide-field
Gamma-ray Observatory
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https://www.swgo.org/SWGOWiki/doku.php?id=start

ray Observatory

The Southern Wide-field Gamma-Ray Observatory sweo A ..... EAU
(SWGO)

300 -
SWGO still in the R&D phase
— Testing different detector and array designs 1 )
g 100 F i
=
One of the possible candidate designs: § ol |
- Roughly 280,000m? (~ 4600 units) é il | ;
- Two zones: Fill factor 80% and 5%
- Similar style to HAWC tanks 200 F : !
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The Southern Wide-field Gamma-Ray Observatory

(SWGO)

20

- Want to characterize gamma rays as good 15
as possible!

z [km]

- Need to avoid cosmic rays!

Our tasks:

1. v/ hadron separation
2. Energy reconstruction of gamma rays

10 ko
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Barnacka et al. (2012)
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Why Graph Neural Networks?
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The Southern Wide-ield
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Gamma-ray Observatory W'
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Deep neural networks

Fully connected network

hidden layers
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Erdmann et al. (2021)

output

— Problematic for large datasets
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Convolutional Neural Networks (CNNs)

Input image

Filter

Output array

=16

— Bound to regular grid structure
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Output [0][0] = (9*0) + (4*2) + (1*4)
+ (1*1) + (1% 0) + (1%1) + (2* 0) + (1*1)
=0+8+1+4+1+0+1+0+1


https://www.worldscientific.com/worldscibooks/10.1142/12294#t=aboutBook
https://www.ibm.com/de-de/topics/convolutional-neural-networks

Graph Neural Networks (GNNSs) swid A .. [E/A U

1
Propagation: hz(.lH) = U(hz(-l)WO(l) + Z ;hgl)Wl(l))
— GNNs can be applied to non-regular grids jeN; Y

Erdmann et al. (2021)
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Graph Neural Networks (GNNSs) W0 “,\,»} |,.§/A,é\\\U

EdgeConvolutions

: Construct directed Estimate edge
Create point cloud foatures

graph for each point with kernel function

Aggregate over
neighborhood
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Erdmann et al. (2021)
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Graph Neural Networks (GNNSs) SWEO “:v\, |,.§/A,é\\\U

DynamicEdgeConvolutions

- Update neighbours in feature space
for each layer

features x,

- Nodes with similar features become kol natvork. 1
neighbours

— Extract global features

kernel network 2

N/

Bister et al. (2021)
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Application of GNNs to SWGO SWe0 Q:k |,,§/A\U
Inputs

- Nodes as triggered tanks
— Different for each event

%,
- 4 inputs per tank: N

& 3
- x and y position of each triggered tank %

- Arrival times of first Cherenkov photon
measured in PMT

- Charge measured in each tank

- kNN clustering:
6 neighbours and self loop

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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Application of GNNs to SWGO sWEO AN......

Tl thern Wid -
Gommo-ray Observator .\

=AU

Network structure

EdgeConvolutions -

v
- NVIDIAA40/A100 GPUs DynamicEdgeConvolution

? Concatenation

- Implementation using PyTorch_Geometric Pooling
!

BatchNormalization

. 2

-~ 500k trainable parameters Dropout

4

ResNets
¥

Dropout

— Performed a small hyperparameter search for the

vy | hadron separation and energy reconstruction Fully connccted

layer

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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Application of GNNs to SWGO

Network structure

- Hyperparameter search (70 trainings each):

- Learning rate
- Decay factor
- Batchsize

- Weight decay

nEdgeConv

nDyn EdgeConv

nfeat

nResNet

Batchnorm
Dropout

nkNN,DynEdgeConv

- Trainings running up to 24h

Thsrh Wd‘ld L
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EdgeConvolutions

:

DynamicEdgeConvolution

? Concatenation

Pooling

.

BatchNormalization

. 2

Dropout

4

ResNets

.

Dropout

Q0000
OO0

Output

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)

Fully connected
layer

=AU
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Hyperparameter search SWEo }}} |,,§/A,g\\\U

Validation losses

10°
—val loss: 0.1294

6x 101

4x%x1071

3x1071

Validation Loss

2%.107%

80

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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v / hadron separation weo = [EAU

Performance for different input features

109
- Training output: e ® ®
Score that indicates likelihood of 4 S ® ®
particle type z 10-1+¢ i
e °
= ®
: .
_2 L |
- Background contamination: § 10 ®
Fraction of protons relative to the I ® _
simulated number of protons > ® T
misclassified as gamma rays S T
g y %” 103 ¢ w
© 3
m
® position only
position & time v
10-4 ® position & charge
— Position, time & charge information - & position, time & charge ]
yields the best results 102 103 104 105

Ereco / GeV . X i .
Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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v / hadron separation WE0 ‘,‘% F/A\U
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Performance estimation

100
* * *
- LIC and PINCness as standard * ¢
- . e
parameters originating from HAWC .S 10-1F =R 2 e & ol '* |
g ! v 4 A A ¥
- Background rejection of GNN 3 v
surpasses standard methods in all § 1072} E
energy ranges 9 ¥
2 Y
21073} :
— Improvement by a factor of two at A Eyéllilil?ld at 80%
low energies and one order of 1 LIC&PINCRess
magnitude at high energies _4| @ LIC
107%} & pPINCness ]
102 103 104 10°

Ereco/ GEV
Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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Energy reconstruction WE0 .. |,,§/A,;\\\U

. . . éamm}rey Observator, y “J
Dispersion matrix

5 F i
- Training output: log. (E__/GeV) Py
8

33 7
- Ideal curve: log, (E, /GeV) =log, (E,../GCeV) @
Ly
E

83} -

— Good agreement between reconstructed and
true energy in dispersion matrix 5 L |
2 3 4 5
10910 (Etrue/GeV)

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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Energy reconstruction WE0 “,.\:\, F/A%\\U

Performance estimation

0.30 —
©® GNN: 6 =30°
0 GNN: 30° <6 =45°
0.25 F Template: 6 < 30°
- Energy resolution as T 0 Template: 30° <6 <45°
RMS of Iog10(Ereco/Etrue) = I 3
g 0.20 % II Ir == m
W &
- Compare both to the current u? 0.15 | o - g Lk A
template-based standard method = 5 T %
o &
% 0.10 F T -
— GNN outperforming current standard b 3 o g
method over the whole energy range 0.05 _
102 103 104 10°
Etrue/GeV

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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Summary V@G ‘f.\:\., ‘‘‘‘‘‘‘‘‘‘‘‘‘ |E/A%\U

Successfully applied Graph Neural Networks (GNNs) to an SWGO
candidate configuration:

&
o

- v/ hadron separation 3
- Energy reconstruction

=5

— Great improvements compared to current standard

methods over the whole energy range T e
= ‘ Fa
. . =10-1l & - . . ]
— Further Details in our paper: - : I + =
. . . . g A
Glombitza., Schneider, Leitl. Funk, van Eldik (2024) Lo v ] o0 TonNes30m
§ v Y F 0.25 | Eggnljpl:gezeség‘?
E, o T Template: 30° <6 < 45°
<1073} 1 - o o
4 &y fixed at 80% ’% 0.20 F on -
What we are working on now: T < 2 3 S
1074 :’I:’ﬁCness w 0.15 - =
- Applied GNNs to other candidate configurations o O e’ o 8010 ‘ = 1]
— Networks robust when changing configurations ool ToE o3 F |
- GNNs for direction reconstruction, Vision Transformers,

0.00

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)

I 1 1 I
102 103 10% 105
Etrue/ GeV
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Architecture for 7 / hadron separation

Layer features setting input shape output shape

EdgeConv Nioai [J;: mean Niodes X 4 Wiades X Misai

ReLU . - Nnodes X Nfeat Nnodes X Mfeat

9 { EdgCCOIlV Nfeat Dj: mean Nnodes X Mfeat Nnodes X Nfeat
ReLLlU Nnodes X Tfeat Nnodes X Tfeat
DynEdgeConv Nfeat [J;: mean rodes X Tk Vnodes X TRost
Concat — layer outputs 4 - (Npodes X Nfeat) 4 - (Tnodes X Nfeat)

MaxP OOliIlg : 3 (nnodes X nfeat) 4- (nnodes X nfeat)
Dropout =013 4-Nusass X neai) 4~ (Nusdas X Nest)

ResNet Nfeat — 4- (nnodos X nfeat) Nfeat

4 x { ResNet Nfeat = Nfeat Nfeat
Dropout p=0.13 Nfeat Nfeat

Linear 2 Nfeat 2

SoftMax - - Nfeat 2

Table 1: Network architectures for the separation task. mn,o4es describes the number of
nodes in the input graph, which depend on the number of triggered tanks, and ng,: the
number of features. We further use a bottleneck layer in the first ResNet layer to adjust the

dimensionality. _ _ . _
: Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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Backup

Architecture for energy reconstruction

Weo)

The Southern Wide-field
Gammo-ray Observatory

Layer features setting input shape output shape
EdgeConv Tfeat UJ;: mean Nisdes X4 Ticdas X Nesat
Linear Nfeat Mnodes X 1 TMnodes X Nfeat
Addition - — Wnodag X4 Tinodes X Nfont
ReLU - - NMnodes X Mfeat Mnodes X Mfeat
EdgeConv Nfeat UJ;: mean Bnodoa KMot Niodios X Wisat

3 % Lin.ez-a,r Nfeat Nnodes X Mfcat TMnodes X Nfcat
Addition - - Nnodes X MNfeat Nnodes X Nfeat
ReLU Mnodes X Mfeat Nnodes X Nfeat
DynEdgeConv Thsat [J;: mean Nnodes X Pfsan Wiodos X Nt~ 2
Linear Nfeat - Nnodes X MNfeat Nnodes X Nfeat * 2
Addition - - Nnodes X MNfeat Mnodes X Nfeat * 2
ReLU Tnodes X Mfeat * 2 Tinodes X Mfeat * 2
Concat layer outputs 5 - (Mnodes X Meat) 9 - (Mnodes X Mfcat)
MaxP OOIng = — e (nnodes X nfeat) - (nnodes X nfeat)
Batchnorm momentum — 0.1 5 (Npodes X Nfeat) 9 ° (Pnodes X Meat)
Dropout =024 F5(Nneden X Niat) 9 “(Piedin X Teat)
ResNet Nfeat - 5- (nnodes X nfeat) Nfeat,
2x ¥ ResNet Nfeat Tfeat Tfeat
Dropout p=0.24 Nfeat Nfeat
Linear 1 Tofcat 1

Table 2: Network architectures for the energy reconstruction task.

Npodes describes the

number of nodes in the input graph, which depend on the number of triggered tanks, and
Nfeat the number of features. The “Addition” denotes a residual connection that connects
consecutive convolutional and linear layers. We further use a bottleneck layer in the first
ResNet layer to adjust the dimensionality.

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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Backup

Kernel network he

layer features settings

Linear Nfeat no bias
Batchnorm —  momentum—0.9
Activation

Linear Nfeat no bias
Batchnorm —  momentum—0.9
Activation

Linear Nfeat no bias
Batchnorm —  momentum—0.9
Activation = -

SWEO AN ...

.
The Souther Widefild e lre | | posgrmoramcs
Gamma-ray Observator; . %

Residual Module "ResNet"

(a) Architecture of the kernel function he, where
Nfeat 18 t0 be chosen by the user. For the v/hadron
separation, we used SiLU as an activation function

and for the energy reconstruction ReLLU.

layer features settings
Linear Nfcat no bias
SiLU — —
Batchnorm momentum (.1
Linear Nfoat no bias
SiLU - -
Batchnorm momentum (0.1
Add
SiLU - -

(b) Details of our used ResNet modules.

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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v / hadron separation
Current standard method: LIC and PINCness

Compare performance of GNN wit parameters originating from HAWC:

C PE . maximum
LIC = logm (%134()) .

N
&)

iy
o

()]
Quality factor

with CxPE, as largest charge measured in PMT at least 40m from shower
core and n,_. number or tanks hit in event

_ maximum |
e

N 2
1 (logio(g:) — (logig(g:))) 1.0

and PINCness = N Z =

=0 0.5
with o as charge uncertainty and g, as the charge of the i-th PMT triggered in 0 2 m 6 8 10 12
an event. C

(a) 2.5 < logig (Ereco/GeV) < 3.0

— Find the cuts for LIC (C,) and PINCness (C,) for our dataset by optimizing Glombitza. Schneider, Leitl, Funk. van Eldik (2024)

)
the quality factor in eaclh energy bin
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Energy reconstruction

\.
. et S T LI/ o\
Current standard method: Template-based reconstruction

- Templates:

MC simulations of gamma-induced EAS
binnedin X, Eand 6

Xnax - 400 to 450 g/cm? Energy: 10.0 — 11.2 TeV; Zenith angle: 0 to 19 deg

log, ,(Mpg)

Save the information if a tank did not
measure any charge log, (P,)

Minimise log-likelihood to get best fit
parameters

logL = =2 ) 10g(F(10g:o(Npe)1 i, Xmaxs E16, )
i

' p 0 200 400 600 800 1000 1200 1400 1600 12
0g, 0( 0)

r [m]
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Energy reconstruction We0 ‘\\\ |§/§\\\U

Performance estimation

mmmmmm Observmw
)’ ¥

Estimate performance via

-  Energy bias as mean of log, (E . /E,..)

- Energy resolution as RMS of log,(E, . /E,..)

reco —true

and compare both to the current template-based standard method

: 0.30
$ GNN: §=<30° % GNN: 6<30°
s 5 GNN: 30° <6 =<45° 5 GNN: 30° <0 <45°
0.8 Template: 6 = 30° 1 0.25 - Template: 6 < 30° :
'@ Template: 30° <8 < 45° ) @ Template: 30° <6 < 45°
o p : =
i ] P jui T
<5 08 ' 20.20 [ Ix - = 5
il = . ¢ | & 3
S g E @ O e
g 04r } £0.15F ; 1
ol & w - L]
= E e
= o o 0
o 02r o T % 0.10 |- o |
& L -
0.0 F ir . L ]
g O EeS O B 5 0.05
_02 1 | 1 1 | | 1 |
102 103 104 10° 000 102 103 10 10°
Etrye / GeV Etrue / GeV

— GNN outperforming current standard method over the whole energy range

Glombitza, Schneider, Leitl, Funk, van Eldik (2024)
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