
1

with Deep Learning
Michela Paganini
Yale
! mickypaganini

http://github.com/mickypaganini


How can Deep Learning 
empower Physics 

at the LHC?

Yale



• Lots of convenient, but minor improvements across all aspects 
of the experiments

YaleSo far…

How Does Machine Learning Fit In? 
•  In analysis: 

–  Classifying signal from background, especially 
in complex final states 

–  Reconstructing heavy particles and improving 
the energy / mass resolution 

•  In reconstruction: 
–  Improving detector level inputs to 

reconstruction  
–  Particle identification tasks 
–  Energy / direction calibration 

•  In the trigger: 
–  Quickly identifying complex final states 

•  In computing: 
–  Estimating dataset popularity, and determining 

how number and location of  dataset replicas 
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• But nothing has really stood out as a major game-changer

until…

from M. Kagan



CaloGAN: 
Simulating 3D High Energy Particle 

Showers in Multi-Layer EM Calorimeters 
with Generative Adversarial Networks

Michela Paganini 
with Luke de Oliveira, Ben Nachman
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YaleMotivation and Challenges

Time

Disk 
Space

Non-Trivial 
Distributions

Full Simulation is slow 
Detector simulation can take 

O(min/event), and ME 
calculations to high order in 

perturbation can compete for 
total generation time

Fast Simulation is inaccurate  
Current fast simulation techniques are not 

always precise enough to describe all 
fluctuations correctly

Petabytes of  
Simulated Data 

Large amounts of simulated 
data needs to be stored  

and transferred
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YaleLooking for a Solution

Fast

Portable Specialized
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1. “Fast Simulation”: 

• Parametrized showers, frozen showers, … 

• Not accurate or fast enough 

2. Deep Learning approaches: 

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

YaleFast Simulation
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GANs

Tries to turn noise into 
credible samples

Tries to distinguish real images 
from generated images

Generative Adversarial Networks (Goodfellow et al., 2014): 
• Two player non-cooperative game between two deep 

neural networks, the Generator and the Discriminator

Yale
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https://arxiv.org/abs/1406.2661


YaleATLAS EM Calorimeter

Learn more: 
ATLAS LAr Calorimeter TDR

11

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


YaleShower Images
• 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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• 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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• 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

3x96

12x12

12x6

• Goal: 
generate this 
fixed representation



Qualitative Performance (1)

GEANT GEANT GEANTGAN GAN GAN

Yale
• Average shower images per calorimeter layer



Qualitative Performance (2) Yale
• 5 random shower images and their nearest GAN-generated neighbor



Qualitative Performance (2) Yale
• 5 random shower images and their nearest GAN-generated neighbor
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YaleShower Shapes
Check: does the GAN recover the true data distribution as 

projected onto a set of meaningful 1D manifolds?



Compared to single core sequential GEANT 4 simulation, can obtain an evaluation 
time speed ~100,000x when evaluating GAN on GPU

YaleComputing

GEANT 4 generation time grows with energy, 
GAN generation time is constant 

20



• Main point: we have a working solution! 

• Problem we are trying to tackle: accurate, fast calo simulation 

• Emphasis on reproducibility: 

• Goal: getting this to work in ATLAS/GEANT in the not-so-
distant future

YaleSummary

arXiv:1705.02355

Data Code

github.com/hep-lbdl/CaloGAN

contribute!
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Backup



YaleGrid Utilization
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YaleCaloGAN Generator
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arXiv:1701.05927

https://arxiv.org/abs/1701.05927


YaleCaloGAN Discriminator
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arXiv:1701.05927

https://arxiv.org/abs/1701.05927


YaleShower Shape Variables



Yale

NIPS Workshop 2014, 2015  

DS@HEP 2015, 2016, 2017 

Connecting the Dots 2016, 2017 

IML Workshop 

CERN OpenLab workshop on ML and Data Analytics

Yale
Recent HEP-ML  Conferences 
and Workshops

https://sites.google.com/site/hepml14/home
http://yandexdataschool.github.io/aleph2015/
https://indico.cern.ch/event/395374/
https://indico.hep.caltech.edu/indico/conferenceDisplay.py?confId=102
https://indico.fnal.gov/conferenceDisplay.py?confId=13497
https://indico.hephy.oeaw.ac.at/event/86/overview
https://indico.cern.ch/event/577003/
https://indico.cern.ch/event/605622/
https://indico.cern.ch/event/627852/overview

