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1 Summary

We investigate the use of variational autoencoders in the flash simulation of
proton-proton collision events at the LHC. Given a dataset of over 2 million
events, with 9 generator-level features and their software reconstructions, we
train a variational autoencoder to reconstruct these features. Through analy-
sis of distributions and residuals, we assess the validity of this flash simulation
method, identify weaknesses and propose solutions that could be applied in the
future to a wide range of particle physics experiments.

Keywords— Deep learning, LHC, Flash Simulation, Generative Models, Varia-
tional Autoencoder
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2 Introduction

2.1 Current Context

CERN’s Large Hadron Collider (LHC) is the site of several experiments. In particu-
lar, high energy proton-proton collisions are studied to re-enforce our current under-
standing of particle physics and possibly make new discoveries. In most cases, such
experiments follow a data-driven methodology, meaning that conclusions are entirely
drawn from data analysis and interpretation directly from the experiments themselves.
In the case of the LHC, it is useful to generate synthetic data from simulated proton-
proton collisions. CERN relies on experiment-specific software derived from the spe-
cialized software like GEANT4 [3]. By leveraging Monte Carlo simulation techniques,
GEANT4 produces highly accurate simulated data. Previous experiments on the LHC
have demonstrated a simulation error on the scale of a few percent. This state of the
art accuracy does come at a cost, particularly in terms of storage and power con-
sumption. With the upcoming High Luminosity Large Hadron Collider (HL-LHC)
producing data at a larger scale, it is not sustainable for GEANT4 to generate high
accuracy data at the same rate as the LHC generates real data. The relative lack of
synthetic data has been shown to lead to relatively large systematic uncertainties in
LHC experiment analyses [1]. This is a particular problem for high precision mea-
surements of Standard Model Processes with large datasets. The scientific community
is therefore called to reduce computing resources for simulation workflows by at least
one order of magnitude, to avoid offsetting the expected accuracy increase from the
HL-LHC.

2.2 Data Generation Workflow

Consider an event simulation workflow at the Compact Muon Solenoid (CMS) exper-
iment.
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Figure 1: Event generation workflow at the CMS experiment

In figure 1, we observe different phases of the CMS event simulation workflow.
First, proton-proton collisions are simulated up to the production of stable and ob-
servable particles. We call this generator-level events (GEN). This is effectively what
a perfect detector would observe. The detector response is then simulated by the
GEANT4 library (SIM). The resulting energy deposits are converted into digital sig-
nals (DIGI) which are reconstructed by the GEANT4 library (RECO). The signals
account for detector imperfections and limited experimental resolution by incorporat-
ing some uncertainties [2]. It is at this stage that high-level objects like jets are created.
Beginning with the RECO data format, a reduced analysis format (MINIAOD) is de-
rived. The bottom of figure 1 illustrates the computing resource breakdown for the
generation workflow of the CMS experiment in terms of CPU and Disk usage.

2.3 The Role of Deep Learning

In recent years, deep learning (DL) generative algorithms have been proposed as po-
tential alternatives to speed up GEANT4 [4]. For example, one can use an image
representation of LHC collisions as input for some generative model. This model
would reconstruct the input and therefore bypass GEANT4 when simulating detector
response. While this approach is promising, there is still work to be done to achieve
full integration with the centralized computing infrastructure of typical LHC experi-
ments. For example, a DL model would need to account for the irregular geometry of
a typical detector by avoiding the collision-as-image paradigm. The DL model would
also need to deliver a dataset in a format compatible with downstream reconstruction
software.

Some studies have investigated a novel approach: instead of training DL models
for broad generation tasks, one could instead design analysis-specific generators, with
the aim of learning and reconstructing arrays of physical quantities relevant to a given
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experiment. This method effectively reduces each event representation to a vector of
meaningful measurements. A successful model could generate a relatively large number
of events, in a relatively short amount of time with relatively small storage require-
ments and minimal data pre-processing. The two main generative models considered
are generative adversarial networks (GANs) and variational autoencoders (VAEs). On
a fundamental level, each of these algorithms learns the multi-dimensional probability
density function (PDF) that governs the array of physical quantities, and uses this
PDF to reconstruct data. There does appear to be a trade-off between statistical
precision (a quantity known to decrease as the amount of generated events increases)
and the systematic uncertainty that comes from a less than perfect construction of
the underlying multi-dimensional PDF. The amount of training data tends to be the
limiting factor in the performance of generative models. By balancing the statistical
uncertainty when augmenting the dataset and the systematic uncertainties associated
with the DL model’s learning process, one can hope to achieve ”good” results. The
idea of what is ”good” is application-specific and generally determines whether a GAN
or VAE is a computationally convenient alternative to classic reconstruction software
like GEANT4.

3 Objective

We are given a benchmark dataset of 9 physical quantities obtained from W+1 jet
events produced in

√
s = 13 TeV proton-proton collision events. In particular, we have

the generator-level features ~xG and the corresponding software reconstruction ~xR. We
aim to train a VAE to produce ~xDL, a reconstruction that is purely a function of ~xG
and ~xR. A successful model could lay the foundation for future, more sophisticated
use of generative models in particle physics.

In High Energy Physics applications, large values of ~xG values can generally be
obtained in relatively short time periods, we claim that the DL approach would result
in a considerable decrease in computing resources. As opposed to storing individual
collision data on the scale of O(10kB) for analysis-ready object collections to O(1MB)
for raw data, one would only be need to work with a relatively limited set of relevant
physical quantities.

4 The Dataset

Our feature vector ~x contains the following nine quantities:

• Muon momentum in Cartesian coordinates: pµx , pµy and pµz .

• Jet momentum in Cartesian coordinates: pjx, pjy and pjz.

• Logarithm of the jet mass: logMj .

• Missing transverse energy in polar coordinates: MET and φMET .

4.1 Pre-processing

We study the individual distributions of each of the given 9 variates.
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Figure 2: Distributions of raw generator-level input features

In figure 2, we see the muon momentum x and y components appear to follow
bimodal distributions. The z component appears to be unimodal. All three coor-
dinates appear approximately Gaussian and centred around 0. The jet momentum
coordinates also appear somewhat Gaussian and centred near 0. In contrast, the loga-
rithm of the jet mass and the missing energy magnitude appear to be bounded below,
unimodal and skewed. Finally, the angular component of the missing tranverse en-
ergy appears to be uniform continuous in the range [−π, π]. Bimodal distributions,
bounded distributions and uniform distributions are likely to be an issue for a VAE.
This is because non-continuous, hard edges in the distribution are difficult to learn
via continuous processes like the propagation techniques employed by VAEs. We have
several techniques to attack this problem. For the missing energy, we can convert
MET and φMET into Cartesian coordinates. For the bimodal and bounded distri-
butions, we could either employ pre-processing techniques like power transformations
or quantile transformations to map these distributions to Gaussian distributions. In
the case of our benchmark problems, it turns out the VAE performance is unchanged,
but this does not discredit these methods in a general case. In a more sophisticated
setting, one could use normalizing flows to apply a series of invertible mappings that
transform our difficult-to-learn distributions into more continuous distributions.
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Figure 3: Distributions of x and y components of missing transverse energy

In our case, we only address the uniform distributions to yield the plots in figure
figure 3.

5 Model Training

The benchmark dataset contains just over 2 million events, which are partitioned
into 60% for training, 20% for hyperparamter tuning and 20% for validation and
assessment. Prior to training, both ~xG and ~xR are scaled using a standard scaler.
This reduces each distribution to 0 mean and unit variance, ultimately speeding up
the training process. Our encoder contains 4 layers, the first with 9 neurons and
others each with 64 neurons, batch normalization and ELU activation. Our decoder
also contains 5 layers each with 64 neurons (except the last layer which contains
9 neurons), batch normalization and ELU activation. The final layer has a linear
activation function. VAEs are generally unsupervised, but we have an input ~xG and
target ~xR. Despite the high accuracy of the software used to reconstruct ~xR from ~xG,
there is still an average error of a few percent between input and target. We decide to
incorporate a loss function that accounts for this discrepancy:

L( ~xDL, ~xG, ~xR) = β
1
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where z is the latent variable obtained via the encoder. P (z| ~xG) is the true PDF
of z conditional on ~xG and Q(z| ~xG) is the PDF of z conditional on ~xG estimated by
the VAE.

The mean square error component ensures the VAE prediction ~xDL is close to the
software reconstruction ~xR. The Kullback-Leibler Divergence component ensures the
distribution of ~xDL resembles the distribution of the generator-level input ~xG. For our
particular case, we train our base model with β = 0.5, but this is a hyperparameter
that can be tuned via grid search, random search or Bayesian optimization. Another
important hyperparameter is the latent space, which is 12 for our base model and
later tuned via Bayesian optimization in the GPyOpt library to 18. We train the VAE
in the tensorflow convolutional setting, using the Adam optimizer, with an epoch-
dependent learning rate of 0.01/(1 + nepoch) with nepoch = 100 epochs. The data are
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arranged in batches of size 128 and shuffled after reach round of training to avoid over-
training. We also incorporate early stopping, a mechanism that halts model training if
the validation loss fails to decrease after 20 consecutive epochs. The VAE parameters
with the lowest validation loss are selected.

6 Results

6.1 Preliminary Predictions

The trained VAE is used to generate samples of reconstructed events from generator-
level and software reconstructions. We evaluate the model’s performance by comparing
the output distributions with those obtained by software on the same generator-level
events. We also look at the relative residual distributions.

Figure 4: Distributions of VAE Predictions

Looking at figure 4, we see the muon momentum coordinates are well predicted by
the VAE as the distributions overlap over the whole domain. There is some statisti-
cally significant noise, particularly around 0, but this can be attributed to the software
reconstruction mechanism which accounts for random errors stemming from resolution
limits and detector imperfections. In contrast, the jet x and y coordinates are not well
predicted, particularly around 0. This can be, in part, attributed to the very high
peaks in the two modes for each distribution. This is equivalent to a hard edge which
is difficult for a VAE to learn in general. The z coordinate is relatively well predicted,
but it achieves a relatively low peak around 0 unlike the software reconstruction and
generator-level measurements. The the jet mass is not well predicted specifically for
measurements close to 0. This can be, in part, attributed to the discrepancy between
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the generator-level input and the reconstructed target, as well as the hard edge around
0. Finally, the missing energy components appear to be equally well predicted, de-
spite the slight discrepancy in the distributions of the generator-level and software
reconstruction.

Figure 5: VAE Residual Distributions

Looking at figure 5, we see that all residual settings are close, if not, Gaussian.
The muon momenta x and y components appear to have very sharp peaks, with some
bimodal behavior. This is to be expected since the generator-level and software recon-
structions follow bimodal distributions. The distribution of the z component of the
muon momentum appears slightly skewed positively, suggesting there may be a slight
systematic error in the VAE. The residuals for the jet momentum components seem
reasonably symmetric and close to Gaussian with 0 mean. The residual for the x and y
components of the missing transverse energy seem reasonably Gaussian and 0-centred,
suggesting their distributions are well-understood by the VAE mechanism. The resid-
uals for the logarithm of the jet mass follow a slightly positively skewed distribution.
This, in conjunction with the plot of the out-of-sample VAE reconstructions in figure
4 suggest this variate is poorly predicted by the VAE. One alternative could be to use
another function of the jet mass. The logarithm is bounded below for positive masses
and this introduces the hard edge problem we previously addressed. One could use
a function that spreads out jet mass values continuously over a symmetric range for
example. Such distributions seem to lend themselves well to VAE reconstructions.

6.2 Reformulating the problem

Our results show that a significant discrepancy between the generator-level data and
reconstructed data can negatively affect VAE predictions, particularly because of the
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way our loss function is formulated. In the spirit of classical regression problems, we
could use ~xDL as input to the VAE, and have ~xG − ~xR as the target.

Figure 6: VAE Predictions Reformulated

In figure 6, we see an overall improvement in VAE predictions. In particular,
the muon momentum distributions overlap perfectly, ignoring the effect of random
noise around 0. The jet momenta predictions in the x and y coordinates improve
drastically, but the harsh peaks around 0 are still not well predicted by the VAE.
The jet momentum z coordinate is not as well predicted as in the previous problem
formulation, particularly as the VAE tends to overestimate small quantities around
0. The jet mass also appears to be better predicted, but again this is limited by
the drastic difference in the generator-level and software reconstruction distributions.
The missing transverse energy components seem to be predicted equally well in both
paradigms.

7 Conclusions

We carried out a small scale test for a new flash simulation which exploits variational
autoencoders to convert an analysis-specific representation of collision events at gen-
erator level to the corresponding reconstruction. The aim was to assess the validity
of this data augmentation strategy by identifying strengths, weaknesses and ways the
strategy could be generalized to more LHC experiments. If this approach is successful
on a large scale, one could replace any request of N events with a request of n < N
events. The remaining N − n events could be kept at generator level. Avoiding the
detector simulation and reconstruction process for these N − n events could save on
scarce resources, particularly in the current context of the HL-LHC.
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We demonstrated that although a simple VAE achieves a good performance, it
requires careful data pre-processing. In particular, VAEs have been shown to be rel-
atively poor at learning non-smooth distributions. Such distributions are likely to
be exhibited in LHC experiments, so it is important to have solutions to this prob-
lem. One approach could be to use normalizing flows: use a deep learning model to
transform the difficult-to-learn distribution into a more desirable distribution via a
sequence of continuous and invertible mappings. Typically, one would aim for Gaus-
sian distributions, but depending on the experiment in question, there may be better
candidates. This would involve training another deep learning model, which would
entail more resource allocation. Another approach would be the transformation of the
difficult-to-learn distribution via a simple function. Depending on the experiment and
data at hand, one could use power transformations, quantile transformations, polyno-
mial transformations or change of coordinates. The difficulty here is that inverting the
VAE predictions may disproportionately highlight any mispredictions. Nonetheless,
this method is less resource-intensive than normalizing flows. In the case where there is
a significant difference between the given generator level and reconstructed events, one
could train the VAE to predict the difference between the input and target, as this has
been shown to be successful in most cases. Even in the best of settings, there is likely
to be some edge effects which are not well learned by the VAE. One approach could
be to cherry-pick activation functions for such variables and emphasize the training
process at the edge of the bounded domains. The downside is that this method is not
easy generalize.
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