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• Simulated events are of high importance for HEP

experiments

• Existing workflows are costly in time and storage

resources

→Deep Generative models proposed for speedup

[1] (ms/event instead of s/event)

INTRODUCTION

Jets, high-level objects of particular interest: sparse,

highly granular, irregularly distributed in space,

can be represented as sparse sets of constituents.

DATASET

I. VAE for Collision Simulation (Parton → Reconstructed Jet Constituents): Use a trained VAE

decoder as a generator

II. VAE for Detector Parametrization (Generated Jet Constituents → Reconstructed Jet

Constituents): Use end-to-end VAE to model the detector response

• Both with a permutation-invariant reconstruction loss to increase accuracy and impose physics

constraints to the model

PARTICLE-BASED SIMULATION OF JETS WITH VAEs – TWO ALTERNATIVE PARADIGMS

Model evaluation with Earth Mover’s Distance (EMD) on jet kinematics distributions.

Comparison of jet features distributions for the target (Reconstruction) and the output (DL Prediction/ DL

Generation):

RESULTS

CONCLUSION

Presented two alternative use cases of VAEs for

particle-based simulation of jets at the LHC with:

- a permutation-invariant reconstruction loss

- jets represented as lists of particles

Potential to bypass the detector simulation, and the

event reconstruction steps of a traditional event

processing to speed up the events generation

workflow.

Future work will focus on:

• Using normalizing flows [6] to acquire a more

appropriate posterior to sample from

• Leveraging the capabilities of VAEs with graph

neural networks

• Working with varied length inputs that would

better fit the nature of the data
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Particle-based Simulation of Jets at the LHC with Variational Autoencoders

We define each jet as a list of particles where each

particle is characterized by its cartesian momenta px,

py, pz and we employ different datasets per use case.

Datasets [4] [5]

Total loss [2]:

with differing values of beta per use case. Jet transverse momentum and jet mass regression terms added to

the loss to help learning the collective kinematic properties of the particle cloud.

Permutation-invariant Chamfer distance [3] of the particles' features representing the input and output jets

as sets of particles :

VAE for collision 

simulation

VAE for detector 

parametrization


