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Main point: we have a working solution! 

• Problem we are trying to tackle = calo simulation 

• LAGAN 

• CaloGAN 

Emphasis on reproducibility:

Data Code

YaleLayout

arXiv:1701.05927

arXiv:1705.02355

also see Sofia’s talk

github.com/hep-lbdl/CaloGAN

also see Victoria + Matt’s talk

also see Josh’s and 
Amir’s talks
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1. “Fast Simulation”: 

• Parametrized showers, frozen showers, … 

• Not accurate enough 

2. Deep Learning approaches: 

• Variational Auto-Encoders, Autoregressive Models, 
Generative Adversarial Networks, …

YaleFast Simulation



LAGAN



• Ad-hoc design to fit Physics data: 

sparsity 

high dynamic range 

highly location-dependent features

YaleLAGAN for Jet Images

arXiv:1701.05927see Ben’s talksee my IML talk

• Modification of DCGAN and ACGAN

https://arxiv.org/abs/1701.05927
https://indico.fnal.gov/contributionDisplay.py?contribId=16&confId=13497
https://indico.cern.ch/event/595059/contributions/2497383/
https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1610.09585


YaleLAGAN

Locally-Connected LayerConvolutional Layer  
(weight sharing)



YaleLAGAN

• Activation: 

• Batch Normalization: 

• Mini-batch Discrimination:

ReLU

High Entropy

Low Entropy

Leaky ReLU

to induce sparsity

recommended in GAN literature

helps with high 
dynamic range

helps reduce 
mode collapse



YaleLAGAN



CaloGAN



YaleShower Images
• More realistic scenario. 
• EM calorimeter drawing 

inspiration from the ATLAS 
geometry. 

• Built with GEANT4. 

• Heterogeneous longitudinal 
segmentation into 3 layers. 

• Irregular granularity in eta and phi.  
• Sequence of alternating lead and 

liquid argon sublayers.
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YaleShower Images
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• More realistic scenario. 
• EM calorimeter drawing 

inspiration from the ATLAS 
geometry. 

• Built with GEANT4. 

• Heterogeneous longitudinal 
segmentation into 

• Irregular granularity
• Sequence of alternating lead and 

liquid argo

Simulated showers of e+, pi+ and y 
incident ⟂ to the center of the detector 

with uniform energy in [1, 100] GeV



YaleShower Images
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• More realistic scenario. 
• EM calorimeter drawing 

inspiration from the ATLAS 
geometry. 

• Built with GEANT4. 

• Heterogeneous longitudinal 
segmentation into 

• Irregular granularity
• Sequence of alternating lead and 

liquid argo

Simulated showers of e+, pi+ and y 
incident ⟂ to the center of the detector 
with a uniform energy in [1, 100] GeV



YaleShower Images

• Energy depositions in each layer as a 2D image, 
similar to jet image

3x96

12x12

12x6

• Goal: 
generate this 
fixed representation



Tested ACGAN and C-GAN, but obtained best results with one net per particle type

YaleCaloGAN Generator
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YaleCaloGAN Generator



YaleCaloGAN Generator



YaleCaloGAN Discriminator
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YaleCaloGAN Discriminator
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YaleCaloGAN Discriminator



YaleCaloGAN Discriminator



YaleCaloGAN Discriminator



YaleCaloGAN Discriminator



YaleCaloGAN Discriminator



• Deep Learning is flexible enough to let us write in physics constraints 
• These can be used as features, or optimized for in a loss

YaleEncoding Domain Knowledge

• No need for tension between physics and machine learning.  
The two can play well together.



Qualitative Performance (1)

GEANT GEANT GEANTGAN GAN GAN

Yale



Qualitative Performance (2) Yale



YaleShower Shapes
Check: does the LAGAN recover the true data distribution as 

projected onto a set of meaningful 1D manifolds?



• At test time, ask for any E 

• Great response  
from the GAN! 

• Can even ask for E outside 
 of training domain and get  
acceptable results  
—> extrapolation

YaleConditioning on Energy

• Training domain: E ∈ [1, 100] GeV



Can obtain an evaluation time speed up of 100,000x on GPU!

YaleComputing



Super quick classification task using simple fully-connected net on 70k showers for 
each particle type

YaleClassification

vs.

vs.

trained on tested on accuracy
GAN GAN ~99%
GAN GEANT ~96%

GEANT GEANT ~99%

trained on tested on accuracy
GAN GAN ~99%
GAN GEANT ~54%

GEANT GEANT ~54%



generated 3D EM showers in a multi-layer sampling LAr calorimeter with 
uneven spatial segmentation 

attempted to preserve spatio-temporal relation among layers 

 infused Physics domain knowledge 

up to 5 orders of magnitude increase in computational efficiency 

work with GEANT + experiments 

expanding the complexity of the training dataset: 

 incoming particles at different locations and angles 

hadronic calorimeter 

computational performance HPC clusters 

YaleConclusion and Outlook



Backup



• This paper on the arXiv [1701.05927] 

• Github repository: centralized location with all links 

• Download the training dataset of Pythia jet images, or generate 
them yourself using this Docker image 

• Train a DCGAN, fully-connected GAN, hybrid GAN, or LAGAN using 
the code we provide in models, or load our pre-trained weights 

• Use the jupyter notebook in analysis to make plots like ours

YaleReproduce the LAGAN work!

https://arxiv.org/pdf/1701.05927.pdf
https://github.com/lukedeo/adversarial-jets
https://data.mendeley.com/datasets/4r4v785rgx/1
https://hub.docker.com/r/lukedeo/ji/
https://zenodo.org/record/400706#.WM6EaBIrKRs


YaleLAGAN Performance
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YaleATLAS EM Calorimeter

Learn more: 
ATLAS LAr Calorimeter TDR

https://inspirehep.net/record/432394/files/CERN-LHCC-96-41.pdf


Yale1D Manifolds



YaleImplementation Note

“Separating per-particle-type CaloGAN architectures and 
implementations affords many benefits. It is easy to imagine a situation 
where the life cycles surrounding models for different particle types 
are very different. In addition, this allows for total independence of 
versioning, framework, or language – i.e., an ecosystem of RPC clients 
around various generators for specific tasks. 

When possible, any GAN should maximally employ batching – we 
imagine most applications can request all showers from one event 
simultaneously, maximally taking advantage of CPU/GPU while 
minimizing data transfer overhead.”


