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Clusters and Representation of Showers

How to represent calorimeter showers in data?

The Right Data Representation Can Turn an Impossible
Problem into an Easy One

impossible task for
linear model

Cartesian coordinates

\A Al
" ‘ﬁ”
W

Polar coordinates

Figure from:

Deep Learning, Ian Goodfellow and Yoshua Bengio and Aaron Courville,

https://www.deeplearningbook.org/
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Clusters and Representation of Showers

How to represent calorimeter showers in dgta?

Event: 2546139368 T = 1.9 Tev
2017-10-05 10:36:30 CEST jet p, = 1.9 Tev
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Clusters and Representation of Showers

How to represent calorimeter showers in dgta?

Event: 2546139368 r = 1.9 Tev
2017-10-05 10:36:30 CEST  jet p, = 1.9 TeV
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ALPs in Higgs Decays

« Z — lI: simple and clean signature H— Za— (70" vy g
¥4
« Main background: H s
Z+jetsorZ+photons T 7 b
X T
i
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ALPs in Higgs Decays

« Z — ll: simple and clean signature H — Za — 070" vy o+

« Main background: H -
Z+jetsorZ+photons T o7

» 2 categories:

+ “Resolved’/Separated:
high ALP mass
« “Merged”/Collimated: |

low ALP mass 1) Resolved
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Displaced Showers in the ATLAS Detector
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Photon Reconstruction Efficiency

» Reconstruction efficiency of ALP
decay photons as function of ny

« At HCAL: photon reco efficiency = 0
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Photon Reconstruction Efficiency

§ ATLAS Work In Progress i long-lived, 9 GeV

$ 09 ~ med.lived, 9 GeV

s 0.8 i prompt, 9 GeV

& O7E —+— long-lived, 0.4 GeV

8 063 i —— med -lived, 0.4 GeV

@ 05 —+— prompt, 0.4 GeV

3 04

o

§ 0.3

S 02

o

B 54 E0D &

% 1000 2000 3000 ~ 4000 5000 6000
L,y [mm]

» Reconstruction efficiency of ALP T T T ————ry

med -lived, 9 GeV

prompt, 9 GeV
—+— long-lived, 0.4 GeV
—+— med.-lived, 0.4 GeV
—4— prompt, 0.4 GeV

decay photons as function of ny

« At HCAL: photon reco efficiency = 0

CO jets

For large ny we need jets!

Photon as jet reconstruction efficiency

. : o ki EX R EXRX L
1 000 2000 3000 4000 5000 6000
L,y [mm]
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Lots of background jets!
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Jet Tagging with CNNs
and GNNs



How to identify displaced photons as jets?

2 approaches
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How to identify displaced photons as jets?

2 approaches

m; =0.4GeV, cT=270mm

Jetimage  Jet graph 4

& 05
10 "
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How to identify displaced photons as jets?

2 approaches

m; =0.4GeV, cT=270mm

4
3
[+CNN]‘2’
. A
0

-1.0

™ Jetimage Jet graph &

[ Which one performs better on the task? ]
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Input Processing

Common Pre-Transformation

Truth Matching
resolved: ALP

_merged: y
@ Common Cluster
Pre-Transformation ﬁ
@ 1. Remove clusters &
E <400MeV

2. Rescale E — [0,1]

@ 3. 1, — rel. coords
& /°

=
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Input Processing Recipe

Common Pre-Transformation

Truth Matching
resolved: ALP

_merged: y
D Common Cluster
Pre-Transformation
6000 - KS score: 0.6827
B signal
@ 5000 1 B background ;I
4000
3000
2000

@ 1000 1 j
0 - T T T
D 100 200 300

pr/ GeV
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Input Processing

Common Pre-Transformation

Truth Matching
resolved: ALP

_merged: y
@ Common Cluster
Pre-Transformation ﬁ
@ 1. Remove clusters &
E <400MeV

2. Rescale E— [0,1]

@ 3. 1, — rel. coords
& /°

=
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Input Processing

Common Pre-Transformation

e

Shower Development is Consistent Across Regions with
Identical Material Structure
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Image Building

sum of images signal resc.

100
10
0.75 4
0.50 8
0.25
Barrel Endcap Barrel ext. = o000 M ®
(15,15,4,1) (15,15,5,1) (15,15,3,1)
-0.25 e 4
-0.50
2
-0.75 &
-1.00
-0.75 -0.50 -0.25 000 025 050 075
¢
100 sum of images background resc.
10
. . . 0.75
« Images binned inn x ¢ =15 x 15bins . .
« Sph. symmetry, high E in center |4 1 6
o 000 gu
« Bound to fixed-size inputs 025 B 4
-0.50
« Barrel, Endcap, Barrel ext. stacked . 2

.00
-0.75 -0.50 -0.25 000 025 050 075
L
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Graph Building

e Nodes = [E, 1, ¢, {] of clusters 4
N 3

.
e Edges = AR between clusters 2
o A=0:ifAR<0.6 .
o A=1.fAR<0.6 !

~1.0¢
%'7'%‘5-%.2300
0.2

5
4 0.50,
L agen
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Model Architectures

CNN: GNN:

« Tensorflow * PyTorch + pytorch geometric

« Based on CNN developed for dark « Based loosely on jetgraphs library

photon analysis (arXiv:2206.12181)
. Conv3D + Pooling, Dense layers » Convolution/Attention Graph Filters +
| Pooling
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Hyperparameter Optimization

» Fully parallelized grid scans performed for CNN+GNN

* For 1 benchmark signal (0.4GeV, medium lifetime)

GNN Hyperparameter Scan 2

1o ]

P

C 2
Iz =)

25

r0.9346

r0.8215

ad

-0.7085

r0.5954

r0.4824

0.3693

GAT

-
iz

a-0o.
TTOUT

a a
TZO T \v T

reat

Conv.' type

# Conv. layers

Learning rate

# Hid&en ch. # Multi-r'1ead att. Concat. mu'lti-head att. Residuél norm.

green line: best hyperparam configuration

& similar for the CNN
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validation
loss

Pooling type
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Model Architectures after Optimization

max_pool_0
17.,12,1

«— CNN

input [15,15,12,1]

3x Conv3D

MaxPooling

3x Dense (n_nodes=200)
~1M parameters

(((((

GNN —

3x GATv2Conv (2 att. heads,
256 hidden ch.)
Feed-forward at every 2nd
layer

Max+Mean+Add pooling
combined

~1.3M parameters

MaxPool AddPooI MeanPool

(200)
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GATv2Conv
n_hidden = 256
n_att_heads =2

RelU

GATv2Conv
n_hidden = 256
n_att_heads =2

GATv2Conv
n_hidden = 256
n_att_heads =2

Dropout
50%
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Deploying to Analysis

C++ Framework Integration

» Python framework good for training & evaluation

» For analysis big scale inference: Implement model into ATLAS data
processing framework (TopCPToolkit) C++

« CaloClusters can be huge in data! (esp. for backgrounds with many jets)
— Only save output score for each jet & drop clusters afterwards!
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Deploying to Analysis

C++ Framework Integration

» Python framework good for training & evaluation

» For analysis big scale inference: Implement model into ATLAS data
processing framework (TopCPToolkit) C++

« CaloClusters can be huge in data! (esp. for backgrounds with many jets)
— Only save output score for each jet & drop clusters afterwards!

[ Requires algorithm written in C++ X{ ]
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Deploying to Analysis

C++ Framework Integration

» Python framework good for training & evaluation

» For analysis big scale inference: Implement model into ATLAS data
processing framework (TopCPToolkit) C++

« CaloClusters can be huge in data! (esp. for backgrounds with many jets)
— Only save output score for each jet & drop clusters afterwards!

[ Requires algorithm written in C++ X{ ]

+ TopCPToolkit can talk to ONNX models [/
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Deploying to Analysis

C++ Framework Integration

» Python framework good for training & evaluation

» For analysis big scale inference: Implement model into ATLAS data
processing framework (TopCPToolkit) C++

« CaloClusters can be huge in data! (esp. for backgrounds with many jets)
— Only save output score for each jet & drop clusters afterwards!

[ Requires algorithm written in C++ X{ ]

e TopCPToolkit can talk to ONNX models ['4

* To accomplish:
1. Export models to ONNX
2. Rewrite model-inputs processing in C++ Algorithm
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ONNX Export

Part |: The scatter_reduce fight

« ONNX does not support torch.scatter reduce with
include self=False

« E.g. GATv2Conv layers in GNN from torch geometric use this

* Luckily, there was a long-awaited fix to torch geometric lib (commit)
* GNN: variable-sized inputs (“dynamic axes”):

1.0 1
0.8

)

1.0 4

0.8 1

061 o 0.6
x
z o

0.4 A 0.4

0.2 1 0.2 1

torch.export () torch.dynamo export ()
0.0 0.0
0.0 02 0.4 0.6 0.8 10 0.0 02 0.4 0.6 0.8 10

PyTorch
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Input Building

Part ll: Attack of the <vector<vector<vector<vector<...>>>>>

* No trivial task: Have to mimic exact behavior of e.g. graph building in C++
(incl. special-cases, numerical precision, ...)

« Step-by-step align graph building in both frameworks by matching output scores:

10 . /
> = ".' "_. -‘ ‘ .f.’\".ﬁ.
087 y - vt X%
% §h o
0.6 1

C++

08
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Input Building

Part ll: Attack of the <vector<vector<vector<vector<...>>>>>

* No trivial task: Have to mimic exact behavior of e.g. graph building in C++
(incl. special-cases, numerical precision, ...)

« Step-by-step align graph building in both frameworks by matching output scores:

10

0.2 1

r_}ﬂ’ ¥ 2 =g .
0o 02

L5 08 1

Ddeythonﬁ
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Input Building

Part ll: Attack of the <vector<vector<vector<vector<...>>>>>

* No trivial task: Have to mimic exact behavior of e.g. graph building in C++
(incl. special-cases, numerical precision, ...)

« Step-by-step align graph building in both frameworks by matching output scores:

10

0.2

0.0 .
oo 0.2

DﬂPythonﬁlﬁ LF i 1.0
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Input Building

Part ll: Attack of the <vector<vector<vector<vector<...>>>>>

» No trivial task: Have to mimic exact behavior of e.g. graph building in C++
(incl. special-cases, numerical precision, ...)

» Step-by-step align graph building in both frameworks by matching output scores:

10

0.8 A

04 D .

0.2 1

0.0

0.0 0.2 0.8 10

d4 dG
Python

DESY. | Anomalous Shower Detection with GNNs in the ATLAS Detector | Lukas Bauckhage, 20.06.2025 Page 59



Input Building

Part ll: Attack of the <vector<vector<vector<vector<...>>>>>

» No trivial task: Have to mimic exact behavior of e.g. graph building in C++
(incl. special-cases, numerical precision, ...)

» Step-by-step align graph building in both frameworks by matching output scores:

10

0.8 -

i
P

+ ; F
6 0.6 o

0.4 '//

4 /

”
/'/
02 7 'o/
0.0 / : : . .
0.0 0.2 0. 0.6 0.8 10
4Python
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Recent
Results



CNN vs. GNN
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CNN vs. GNN

Tagging efficiency vs pr

10
E CNN
0.8 [ [[ ﬂ[ﬂﬁi i I E GNN
g ki I [
v
£ 04
8 I
0.2
0.0 0 20 pix A p 4

* (0.4GeV, medium lifetime sample)
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CNN vs. GNN

Fake rate vs pr

10
kF CNN
F GNN
0.8 -
1) 06 N
B I
k-,
£ 04 -
¥
0.2 -
¥
¥ E
x _ FEFFEggx3¥ X
0.0 L I L 1
0 20 40 60 80 100
pr [GeV]

* (0.4GeV, medium lifetime sample)
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CNN vs. GNN

Tue Positive Rate

- —— CNN (AUC = 0.90)
% —— GNN (AUC = 0.94)
0.0 £ . . . .
0.0 0.2 0.4 0.6 0.8 10

False Positive Rate

* (0.4GeV, medium lifetime sample)
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CNN vs. GNN

Tue Positive Rate

) - CNN (AUC = 0.90)
s —— GNN (AUC = 0.94)
0.0 £5 ; . . :
0.0 0.2 04 0.6 08 10
False Positive Rate
[ GNN seems to perform better than CNN! ]
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1) Resolved

GNN Signal Topology Dependence

« So far only trained on ma=0.4GeV (merged) sample
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1) Resolved

GNN Signal Topology Dependence

« So far only trained on ma=0.4GeV (merged) sample

[ Separate GNNs for merged/resolved topology? () ] 4= — — — — ,
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1) Resolved

GNN Signal Topology Dependence

» So far only trained on ma=0.4GeV (merged) sample

2) Merged

[ Separate GNNs for merged/resolved topology? { ) ] @ — — — — — ,

* Train 2 GNNs on merged (0.4GeV) and resolved (9GeV) scenario — cross-tests!
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GNN Signal Topology Dependence

1) Resolved

» So far only trained on ma=0.4GeV (merged) sample

[

Separate GNNs for merged/resolved topology? { )

S

* Train 2 GNNs on merged (0.4GeV) and resolved (9GeV) scenario — cross-tests!

]
I
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> 1
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4
sl A merged response
. (R4 1
—— 0.4GeV med signal/Zee (ROC AUC = 0.95)
—— 9GeV med signal/Zee (ROC AUC = 0.94)
4 —— 0.4GeV med signal/QCD jets (ROC AUC = 0.88)
0.0 £ S S— T T
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/| resolved response

—— 0.4GeV med signal/Zee (ROC AUC = 0.93)
—— 9GeV med signal/Zee (ROC AUC = 0.95)
/' —— 0.4GeV med signal/QCD jets (ROC AUC = 0.84)
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1) Resolved

GNN Signal Topology Dependence

» So far only trained on ma=0.4GeV (merged) sample

|
[ Separate GNNs for merged/resolved topology? { ) ] @ — — — — — |

* Train 2 GNNs on merged (0.4GeV) and resolved (9GeV) scenario — cross-tests!

T T
1.0 1 : 1.0 : —
i . i N . s
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_________ B e e e Yoot e e e e e e S
[ ’ r /
1 7’ I 4
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4
sl A merged response sadl resolved response
. [Rd 1 . 1 1
—— 0.4GeV med signal/Zee (ROC AUC = 0.95) —— 0.4GeV med signal/Zee (ROC AUC = 0.93)
—— 9GeV med signal/Zee (ROC AUC = 0.94) —— 9GeV med signal/Zee (ROC AUC = 0.95)
,/ —— 0.4GeV med signal/QCD jets (ROC AUC = 0.88) ,/— 0.4GeV med signal/QCD jets (ROC AUC = 0.84)
0.0 e — T T 0.0 ¥ . S T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False positive rate False positive rate

e Both GNNs perform well on both test datasets!

Can train 1 GNN for both scenarios!
e = no need for separate GNNs for merged/resolved!
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GNN Prompt Photon Background

« Other signal topologies: - what about other backgrounds?
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GNN Prompt Photon Background

« Other signal topologies: - what about other backgrounds?

[ What about prompt 's? () ]
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GNN Prompt Photon Background

« Other signal topologies: - what about other backgrounds?
[ What about prompt ’s? {_J ]

» l|dea: Train separate GNNs on 4 datasets different backgrounds (same signal)
(X% photon gun + 1-X% SCDIEE)
* Here: Test on 100% - and 100% photon gun
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GNN Prompt Photon Background

« Other signal topologies: - what about other backgrounds?

Tue Positive Rate

0.2 -

0.0
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0.4 1

[ What about prompt 's? () ]

|dea: Train separate GNNs on 4 datasets different backgrounds (same signal)
(X% photon gun + 1-X% SCDIEE)
Here: Test on 100% [BGIDNEE and 100% photon gun

ROC curve

\

\
aadkad Yol

\

S|gnal + _ bkg response

= B = 25% photon gun (AUC = 0.93)
Pid - B = 50% photon gun (AUC = 0.93)

g — B = 75% photon gun (AUC = 0.75)

B = 100% photon gun (AUC = 0.21)

g
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0.2 04 0.6 08
False Positive Rate

10

Tue Positive Rate
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0.6 1

0.4 1

0.2 -

ROC curve

signa|,,+'p‘hoton bkg response

= B=25% photon gun (AUC = 0.90)

Pl = B = 50% photon gun (AUC = 0.91)

== B = 75% photon gun (AUC = 0.95)
B = 100% photon gun (AUC = 0.95)

|l T T T

0.2 04 0.6 0.8 10
False Positive Rate
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GNN Prompt Photon Background

« Other signal topologies: - what about other backgrounds?

[ What about prompt 's? () ]

» l|dea: Train separate GNNs on 4 datasets different backgrounds (same signal)
(X% photon gun + 1-X% SCDIEE)
« Here: Test on 100% [@BBNEIE and 100% photon gun

Tue Positive Rate

ROC curve ROC curve
0.8
v
I
o 0.6 4
W
=
g —
04 S|gnal + _ bkg response L 041 signal #-photon bkg response
/ .E P
' L+~ = B = 25% photon gun (AUC = 0.93) _»~~" — B=25% photon gun (AUC = 0.90)
02{/ v .7 —— B = 50% photon gun (AUC = 0.93) 0.2 L7 = B = 50% photon gun (AUC = 0.91)
B ~— B = 75% photon gun (AUC = 0.75) P — B =75% photon gun (AUC = 0.95)
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 =Low number of prompt photons to achieve for good separation
« >=Trade-off: ' “Perfect mixture” " for training around - 098 prompt »
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Combining what we have learned
The Ultimate Training

* J|dea: Train GNN on combined dataset

Y hd
Signal Background
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* J|dea: Train GNN on combined dataset
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Conclusion

« Cluster images/graphs well suited to identify anomalous (here:
displaced photon-) showers
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* No need to have separate GNNs for different signal topologies

« With ~low fraction of training data, GNN can achieve good separation
against prompt photons

DESY. | Anomalous Shower Detection with GNNs in the ATLAS Detector | Lukas Bauckhage, 20.06.2025 Page 83



Conclusion

« Cluster images/graphs well suited to identify anomalous (here:
displaced photon-) showers

 GNN seems to be preferred solution in terms of performance here
* No need to have separate GNNs for different signal topologies

« With ~low fraction of training data, GNN can achieve good separation
against prompt photons

* Next: Evaluating signal model dependence of GNN tagger
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What else can you do with GNNs?

(A Cliffhanger)

 Exa.TrkX: advanced tracking with ="
GNNs in HEP

« Side-project with Federico and
Thomas

0.5

» Tracking at future muon collider
experiments (e.g. MAIA)

Incl. timing (4D Tracking)
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https://exatrkx.github.io

Thank you!
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Photon Reconstruction Efficiency

Overlap Removal
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Tagging efficiency Lxy
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Output Score Distribution Features
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