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Surrogate Modeling for Calorimeter Showers

CERN-LHCC-2022-005

https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

Detector simulation with GEANT4 is the single largest computational bottleneck 
at LHC and other experiments
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ML methods can provide fast and accurate “surrogate models” for GEANT4 etc


• Snowmass WP — detector sim — 2203.08806


• Snowmass WP — event generation — 2203.07460

GEANT4  events1010

Surrogate model

SLOW but ACCURATE

FAST and ACCURATE?

3

GEANT4  events105

(GAN, VAE, Normalizing Flow, …)

Learn underlying distribution of GEANT4 events

 events1010

Surrogate Modeling for Calorimeter Showers

https://arxiv.org/abs/2203.08806
https://arxiv.org/abs/2203.07460


CaloGAN and CaloFlow
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CaloGAN [Paganini, de Oliveira & Nachman (2017)]

First-ever deep surrogate model for fast calosim

Toy ATLAS ECAL — 3 layers, 504 voxels
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CaloGAN [Paganini, de Oliveira & Nachman (2017)]

First-ever deep surrogate model for fast calosim

CaloFlow [Krause & DS (2021)]  
First fast calosim using Normalizing Flows, major advance in quality

Toy ATLAS ECAL — 3 layers, 504 voxels



CaloGAN and CaloFlow
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Also, first application of the classifier test to HEP 
generative modeling

Table 1. blahblabblah

AUC GEANT4 vs. CaloGAN GEANT4 vs. CaloFlow

e+ 1.000(0) 0.847(8)

� 1.000(0) 0.660(6)

⇡+ 1.000(0) 0.632(2)
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CaloGAN and CaloFlow
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Also, first application of the classifier test to HEP 
generative modeling

Can speed up GEANT4 by up to ~105

Table 1. blahblabblah

AUC GEANT4 vs. CaloGAN GEANT4 vs. CaloFlow

e+ 1.000(0) 0.847(8)

� 1.000(0) 0.660(6)

⇡+ 1.000(0) 0.632(2)
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Figure 12. Comparison of shower generation times, using the fastest CaloGAN numbers for com-
parison.

6 Conclusions

In this work, we have presented CaloFlow v2, a faster-sampling normalizing flow for

Geant4 calorimeter shower emulation that matches the speed of CaloGAN yet retains the

superior fidelity of CaloFlow v1 [17]. To achieve this impressive performance, CaloFlow

v2 is based on the fast-sampling IAF architecture, whereas CaloFlow v1 was based on the

alternative MAF architecture. We overcame fundamental obstacles in training IAFs for high

dimensional datasets using the novel technique of Probability Density Distillation to fit the

“student” IAF to the “teacher” MAF instead of directly to the Geant4 data. We also im-

proved and innovated beyond the existing ML literature for Probability Density Distillation,

inventing several new loss terms that greatly improve the matching of the IAF to the MAF.

We expect there could be many applications of this “fully-guided” teacher-student training

to other domains in fundamental physics and beyond.

Through [17] and the present work, we have demonstrated that normalizing flows are an

extremely promising method for fast and accurate generative modeling of high dimensional

datasets. With regards to calorimeter emulation, many interesting future directions remain,

including generalizing this work to even higher dimensional calorimeters (e.g. ILD [14, 15] and

CMS HGCAL [11, 35]), generalizing beyond perpendicular and central incident particles [6, 9–

13, 16], and including simulations of both ECAL and HCAL showers.
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CaloChallenge

https://calochallenge.github.io/homepage/

Completed data challenge for fast calorimeter simulation 

Organizers: Giannelli, Kasieczka, Krause, Nachman, Salamani, DS, Zaborowska


3 datasets: 

• “easy” — official ATLAS CaloSim (~  voxels)

• “medium” — GEANT4 example detector (~  voxels)

• “hard” — GEANT4 example detector (~  voxels)
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https://calochallenge.github.io/homepage/


CaloChallenge — Pareto Fronts
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Upsampling Cosmological Simulations for Mock Star Catalogs

• Cosmological simulations of DM, stars and gas are increasingly sophisticated 
and realistic


• They are extremely computationally expensive, taking weeks-months and 
enormous supercomputing resources to run 7

https://www.illustris-project.org/media/ https://fire.northwestern.edu/latte/



Upsampling Cosmological Simulations for Mock Star Catalogs

• However, turning these 
cosmological simulations 
into mock star catalogs (eg 
for Gaia) is not automatic: 
the simulations produce 
“star particles” that each 
represent  stars


• Need to “upsample” 
(superresolve) cosmological 
simulations to turn star 
particles into stars

104
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https://wwwmpa.mpa-garching.mpg.de/auriga/about.html



• Previous attempts at upsampling used a 
crude form of density estimation (EnBiD) + 
Gaussian kernel sampling


• Led to a “blotchy” star catalog!


• Perfect opportunity for deep generative 
models

9

Upsampling Cosmological Simulations for Mock Star Catalogs

x ∼ pgen(x) ≈ psim(x)

Should be much smoother than Gaussian kernel sampling!



GalaxyFlow
Lim, Raman, Buckley & DS 2211.11765

Trained a continuous normalizing flow on a hydrodynamical cosmological 
simulation from the Auriga collaboration. 
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The result is much smoother and agrees better with the reference star particle distribution!


