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5 SIMULATION AND DIGITISATION

Figure 1: ATLAS CPU hours used by various activities in 2018

assumed that the CPU time needed per event for HL-LHC will be the same as in Run 2, such that a better
physics description can be obtained with a similar CPU cost.
In the aggressive R&D scenario it is assumed that the total CPU time per event is reduced by a factor of 2,
due to a combination of software improvements, sharing of events with CMS and physics choices. In this
same scenario, it is also assumed that the total number of events generated is reduced by up to 30% by
improving the treatment of events with negative weights and the sampling of the phase space. Finally, it
is assumed that 10% fewer events will need to be simulated by further exploiting event-level reweighting
techniques, thereby reducing the need for separate generator systematic variation samples. Reduction of
the total number of events generated and simulated has an impact both on the CPU and the disk footprint.
In this scenario, we also assume that some of the event generation is now done on GPUs.

5 Simulation and Digitisation
5.1 Introduction

ATLAS currently uses both full detector simulation and fast detector simulation for physics results. Full
simulation is based on the GEANT4 toolkit. FastCaloSim [20] simulates calorimeter response to single
particles using parametrizations, and is approximately ten times faster than GEANT4. FatRas [21] is a
fast simulation of charged particle propagation in the ATLAS tracking detector with simplified material
effects, based on the ACTS toolkit (§6.2). Each physics analysis group evaluates the requirements for
statistical and systematic uncertainties for each physics sample that needs to be simulated. Based on
these studies, physicists request some simulated samples with higher-accuracy full simulation, and others
with lower-accuracy fast simulation. Reconstruction times for simulated events are currently similar for
both simulation methods. On average, currently about 50% of all samples use full simulation. For the
HL-LHC ATLAS aims to further reduce this fraction, with a consequent saving of CPU resources devoted
to detector simulation at the HL-LHC.

5.2 Run 3 Detector Simulation Strategy

Detector simulation accounts for just under 40% of the CPU hours consumed by the ATLAS experiment,
as shown in Figure 1. At the same time the physics reach of many analyses, including measurements in
the Higgs sector, is limited by the available statistics of MC events. Reducing the amount of time spent
on simulations is a priority for the HL-LHC R&D program. This problem is being tackled on many fronts
by ATLAS and by the GEANT4 collaboration R&D projects.
Besides reducing the fraction of events simulated with GEANT4, ATLAS has an active R&D program
aimed at optimizing the CPU requirements of GEANT4. Performance gains of 20% with no impact on
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/ComputingandSoftwarePublicResults

CERN-LHCC-2020-015

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

Detector Simulation is Expensive

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


Without major R&D, computing needs at HL-LHC 
will far outstrip available resources
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There is a major need for fast and accurate 
alternatives to GEANT4 calorimeter 
simulation!



Fast CaloSim with Deep Learning

Actually, regardless of computing resources, there is a lot of potential 
for improving fast calorimeter simulation with deep learning

from ATL-SOFT-PUB-2020-006



Fast CaloSim with Deep Learning

A lot of exciting work on this topic!



Existing approaches

Many different approaches have been tried for fast GEANT4 
emulation with deep learning:

• GANs 
Paganini, de Oliveira & Nachman 1712.10321 
Belayneh et al 1912.06794

• WGANs 
Erdmann et al 1802.03325, 1807.01954 
ATL-SOFT-PUB-2018-001, ATL-SOFT-PUB-2020-006

• Bib-AE 
Buhmann et al 2005.05334, 2102.12491

• VAEs 
ATL-SOFT-PUB-2018-001

• Normalizing Flows 
Krause & DS 2106.05285

• … plus many others that focus on other generative modeling tasks, e.g. jet images, 
cf HEP-ML living review

https://arxiv.org/abs/1712.10321
https://arxiv.org/abs/1912.06794
https://arxiv.org/abs/1802.03325
https://arxiv.org/abs/1807.01954
https://arxiv.org/abs/2005.05334
https://arxiv.org/abs/2102.12491
https://arxiv.org/abs/2106.05285
https://iml-wg.github.io/HEPML-LivingReview/
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But for the most part, each study uses its 
own dataset, making it hard to benchmark 

and compare different approaches

https://arxiv.org/abs/1712.10321
https://arxiv.org/abs/1912.06794
https://arxiv.org/abs/1802.03325
https://arxiv.org/abs/1807.01954
https://arxiv.org/abs/2005.05334
https://arxiv.org/abs/2102.12491
https://arxiv.org/abs/2106.05285
https://iml-wg.github.io/HEPML-LivingReview/


Proposal

Modeled after: 

• Top tagging community study 
Kasieczka, Plehn (eds) et al [https://arxiv.org/abs/1902.09914]

• LHC Olympics 2020 
Kasieczka, Nachman & DS (eds) et al [https://arxiv.org/abs/2101.08320]

A community challenge, based on a common dataset, 
for developing and benchmarking different approaches 

to fast calorimeter simulation

https://arxiv.org/abs/1902.09914
https://arxiv.org/abs/2101.08320
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Something like the dataset used 
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Metrics

Challenge should have clearly defined metrics from the outset (and 
not too many). 

Some ideas include:

• Ultimate classifier metric: classifier between real and generated samples  
see Krause & DS [https://arxiv.org/abs/2106.05285]

• Histograms

• Average Images

• Nearest Neighbor Tests

• Other metrics (Frechet distance, Wasserstein Distance…) 
see Kansal et al [https://arxiv.org/abs/2106.11535]

• Training time

• Evaluation time

• Memory usage

https://arxiv.org/abs/2106.05285
https://arxiv.org/abs/2106.11535


Timeline

Dataset in:  ~ 2-3 months

Challenge duration: ~ 1 year

Results deadline: ~ 1 month before ML4Jets2022

Presentation of results at ML4Jets2022

Community input welcome!!


