
Calorimeter shower simulation 
with machine learning

interTwin is funded by the European Union
Grant Agreement Number 101058386

Corentin Allaire, Vera Maiboroda, David Rousseau, Minh Tuan Pham



2

Computational resources for simulations

● Computing budgets are limited — not 
scaling with Run 4 requirements
→ need optimisations, fast simulation, use of HPCs 
and GPUs
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https://cds.cern.ch/record/2802918/files/LHCC-G-182.pdf
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Computational resources for simulations

● Computing budgets are limited — not 
scaling with Run 4 requirements
→ need optimisations, fast simulation, use of HPCs 
and GPUs

● MC production takes ~70% of the GRID CPU 
time in ATLAS

● Dominated by MC detector simulation

ICHEP 2024

https://cds.cern.ch/record/2905117/files/ATL-SOFT-SLIDE-2024-261.pdf
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Computational resources for simulations

● Computing budgets are limited — not 
scaling with Run 4 requirements
→ need optimisations, fast simulation, use of HPCs 
and GPUs

● MC production takes ~70% of the GRID CPU 
time in ATLAS

● Dominated by MC detector simulation

● Dominated by calorimeter simulation

SIM-2024-003

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2024-003/
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Fast calorimeter simulation for Run-3 within AtlFast3

● Geant4: all particles in Inner Detector, low energy hadrons in calorimeters, and muons 
arxiv.org/abs/2404.06335

https://arxiv.org/abs/2404.06335
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Fast calorimeter simulation for Run-3 within AtlFast3

● Geant4: all particles in Inner Detector, low energy hadrons in calorimeters, and muons 

● FastCaloSim V2: parametrization of shower development

arxiv.org/abs/2404.06335

https://arxiv.org/abs/2404.06335
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Fast calorimeter simulation for Run-3 within AtlFast3

● Geant4: all particles in Inner Detector, low energy hadrons in calorimeters, and muons 

● FastCaloSim V2: parametrization of shower development

● FastCaloGAN V2: generative adversarial networks

arxiv.org/abs/2404.06335

https://arxiv.org/abs/2404.06335
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AtlFast3 quality: speed

● AtlFast3 is 3 (for Z → ee events) to 15 (for high-pT 
dijet events) times faster than the Geant4 
simulation of the ATLAS Run 3 detector mc23c

SIM-2023-005

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2023-005/
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AtlFast3 quality: accuracy

● AtlFast3 is 3 (for Z → ee events) to 15 (for high-pT 
dijet events) times faster than the Geant4 
simulation of the ATLAS Run 3 detector mc23c

● For most observables used in physics analyses, 
AtlFast3 and Geant4 agree within a few %
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2023-004/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIMU-2024-08/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2023-004/
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CaloChallenge

CaloChallenge: 

● Setting for the calorimeter simulation ML models comparison

● Develop a model that samples from p(shower | Eincident)
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CaloChallenge

CaloChallenge: 

● Setting for the calorimeter simulation ML models comparison

● Develop a model that samples from p(shower | Eincident)

Datasets:

Origin Particle type :
# of voxels Eincident

AtlFast3 training data 𝛾: 368
𝜋: 533 [256 MeV, 4.2 TeV]

Par04 from Geant4 e-: 6480 [1 GeV, 1 TeV]

Par04 from Geant4 e-: 40500 [1 GeV, 1 TeV]

arxiv.org/abs/2410.21611

https://arxiv.org/abs/2410.21611
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CaloChallenge

CaloChallenge: 

● Setting for the calorimeter simulation ML models comparison

● Develop a model that samples from p(shower | Eincident)

Results:

● 30+ submissions

● Observed speed/accuracy tradeoff:

Diffusion
CFM

Normalizing
flow

GAN
VAE

better accuracy

better speed

arxiv.org/abs/2410.21611

https://arxiv.org/abs/2410.21611
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Towards Run 4

SIMU-2024-10

● Successful insertion of ML-based 
calorimeter simulation into Run 3 
production

● Ongoing development of AtlFast4:

○ Improved voxelisation 
to reduce bias due to calorimeter 
geometry

○ Research diffusion models and 
Invertible Neural Networks (INNs) 
add to / replace AtlFast3 GANs

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIMU-2024-10/
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Towards Run 4

SIMU-2024-10

● Successful insertion of ML-based 
calorimeter simulation into Run 3 
production

● Ongoing development of AtlFast4:

○ Improved voxelisation 
to reduce bias due to calorimeter 
geometry

○ Research diffusion models and 
Invertible Neural Networks (INNs) 
add to / replace AtlFast3 GANs

CaloINN diagram

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIMU-2024-10/
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IJCLab activities

interTwin project

● Research INN chosen from CaloChallenge:

○ Full integration with interTwin project

https://www.intertwin.eu/
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InterTwin: itwinai
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InterTwin: itwinai
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InterTwin: itwinai
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InterTwin: itwinai
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InterTwin: itwinai
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IJCLab activities

tails
mismodelling

● Research INN chosen from CaloChallenge:

○ Full integration with interTwin project

○ Validation with Open Data Detector
more realistic detector geometry, open-source

○ Refine distribution tails
introduce postfix to the most problematic areas
and/or improve model training strategy
 → better quality keeping speed
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Refine distribution tails

● Research INN chosen from CaloChallenge:

○ Full integration with interTwin project

○ Validation with Open Data Detector
more realistic detector geometry, open-source

○ Refine distribution tails
introduce postfix to the most problematic areas
and/or improve model training strategy
 → better quality keeping speed
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Refine distribution tails

● Research INN chosen from CaloChallenge:

○ Full integration with interTwin project

○ Validation with Open Data Detector
more realistic detector geometry, open-source

○ Refine distribution tails
introduce postfix to the most problematic areas
and/or improve model training strategy
 → better quality keeping speed

Fast Perfekt

Already existing solution - FastPerfekt:
correction of the “high level” features

https://arxiv.org/pdf/2410.15992
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Refine distribution tails: CaloChallenge dataset with pions

● Select not well simulated showers

○ Dimensionality reduction for visualisation
500 voxels (normalized by total shower energy) -> 
50 features after U-map -> 
2 features after TSNE

Geant4 showers
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Refine distribution tails: CaloChallenge dataset with pions

● Select not well simulated showers

○ Dimensionality reduction for visualisation
500 voxels (normalized by total shower energy) -> 
50 features after U-map -> 
2 features after TSNE

CaloINN showers
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Refine distribution tails: CaloChallenge dataset with pions

● Select not well simulated showers

○ Dimensionality reduction for visualisation
500 voxels (normalized by total shower energy) -> 
50 features after U-map -> 
2 features after TSNE

○ Use anomalous score from Isolation Forest as a 
metric of “normality” of a shower
Trained on the Geant4 data, applied to both Gean4 
and CaloINN generated showers

Smaller the score, more anomalous are the showers
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Refine distribution tails: CaloChallenge dataset with pions

Most anomalous showers in Geant4
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Refine distribution tails: CaloChallenge dataset with pions

Most anomalous showers in CaloINN
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Refine distribution tails: CaloChallenge dataset with pions

● Select not well simulated showers

○ Dimensionality reduction for visualisation
500 voxels (normalized by total shower energy) -> 
50 features after U-map -> 
2 features after TSNE

○ Use anomalous score from Isolation Forest as a 
metric of “normality” of a shower
Trained on the Geant4 data, applied to both 
Gean4 and CaloINN generated showers

● Improve the simulaiton

Smaller the score, more anomalous are the showers
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Thank you
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Refine distribution tails

Geant4 shower features for anomalous and non-anomalous showers
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Refine distribution tails

Geant4 shower features for anomalous and non-anomalous showers
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Refine distribution tails

Geant4 shower features for anomalous and non-anomalous showers


