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Abstract. Detector simulation uses the largest fraction of computational resources of the
ATLAS experiment at the LHC, with about 80% of that only used for simulation of
calorimeters. Interventions to ease this burden are necessary for HL-LHC. A solution,
already in production, involves the usage of Machine Learning-based fast simulation tools,
capable of simulating calorimeter response faster than traditional tools but preserving good
accuracy. However, these systems require large resources in the training phase, therefore a
further strategy involves the deployment of fast simulation training to resources external to
CERN, with the opportunity to have an additional boost in computing performance. This
work introduces BoloGANtainer, the containerized version of the training part of the
Machine Learning-based fast simulation tool used in the ATLAS Collaboration. This paper
contains a description of how the tool can be trained on more powerful devices like High
Performance Computing clusters and how it reduces software dependencies on local or
distributed file systems. The testing methodology is also presented, together with results
obtained on different resources with different operating systems and installed software, with
or without GPUs.

1 Introduction
The simulation of the detector response is a major computing challenge at the ATLAS experiment [1] at
the LHC, as shown in Fig. 1 [2]. In particular, simulation of calorimeters is the most demanding part,
as it alone takes about 80% of the resources used by detector simulation [3] and is expected to increase
with the forthcoming start of the High Luminosity LHC (HL-LHC). Therefore, solutions to ease this
burden are particularly needed.
A solution already developed involves the usage of fast simulation tools mainly based on Machine
Learning, able to simulate calorimeter response faster than the full simulation software Geant4 [4, 5, 6],
preserving at the same time good accuracy. In particular, the ATLAS Collaboration has developed
AtlFast3 [3] as its fast simulation tool, which combines a classic parametric approach with one based on
Generative Adversarial Networks (GANs) [7, 8]. This tool is already in production for Run 3 of the
LHC.




