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Motivation

30F

Simulation of particle transport through matter is fundamental for understanding the physics of High Energy Physics ol
(HEP) experiments, as the ones at the Large Hadron Collider (LHC) at CERN. Currently, most of LHC worldwide ok
distributed CPU budget — in the range of half a million CPU-years equivalent — is dedicated to simulation. A faster :
approach is to treat Monte Carlo simulation as a black-box and replace it by a deep learning algorithm trained on
different particle quantities. Our project intends to test several DL techniques to achieve a speedup of at least x100
with respect to Monte Carlo techniques.
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Generative Adversarial Networks for fast simulation

Generative models, such as Generative Adversarial Networks (GAN) are particularly suited to replace Monte Carlo: they
generate realistic samples modelling complicated probability distributions. They allow multi-modal output, they can do
interpolation and they are robust against missing data.

We can use Monte Carlo simulation to train GANs to reproduce realistic detector output

Generative Adversarial Networks simultaneously train two models: a
Generator G and a Discriminator D
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= G reproduces the data distribution starting from random noise
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= D estimates the probability that a sample came from the training data
rather than G

® Training procedure for G is to maximize the probability of D making a }
mista ke R: Real Data G: Generator (Forger) l: Input for Generator
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3D GAN for calorimeter simulation

Start with the most time consuming simulations : high Generator and Discriminator are based on 3D
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One of the first 3D GAN implementations !

First physics results look very promising

Perform detailed validation against standard Monte Carlo comparing €. —ew |l I
high level quantities (energy shower shapes) and detailed calorimeter Y — S
response (single cell response) T T T R B e
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Agreement is remarkable (a few percent)!
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