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Abstract

In collider-based particle and nuclear physics experiments, data are produced at
such extreme rates that only a subset can be recorded for later analysis. Typically,
algorithms select individual collision events for preservation and store the complete
experimental response. A relatively new alternative strategy is to additionally
save a partial record for a subset of events, allowing for later specific analysis of
a larger fraction of events. We propose a strategy that bridges these paradigms
by compressing entire events for generic offline analysis but at a lower fidelity.
An optimal-transport-based β Variational Autoencoder (VAE) is used to automate
the compression and the hyperparameter β controls the compression fidelity. We
introduce a new approach for multi-objective learning functions by simultaneously
learning a VAE appropriate for all values of β through parameterization. We
present an example use case, a di-muon resonance search at the Large Hadron
Collider (LHC), where we show that simulated data compressed by our β VAE has
enough fidelity to distinguish distinct signal morphologies.

1 Introduction

The rate and size of interaction events at modern particle and nuclear physics experiments typically
prohibit storage of the complete experimental dataset and require that many interaction events be
discarded in real time by a trigger system. For example, at the Large Hadron Collider (LHC),
collisions occur at a rate of 40 MHz, but the ATLAS and CMS experiments recording rates are
typically O(kHz) [1, 2]. For selected events, the complete experimental response is preserved for
later analysis. When the scientific goals only require identifying events which contain rare and
easy-to-identify objects, such as high energy photons, the trigger system is highly efficient. However,
this strategy leaves unexamined the vast majority of the events, including many with complex features
that are hard to quickly identify online and/or may not be rare.
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An alternative approach to fully recording a small fraction of the events is to preserve a partial record
of a larger fraction [3–5]. This strategy has allowed access to lower energy phenomena which occur at
higher rates, but the utility of these partial data records is limited. For example, a recent partial-event
analysis targets di-muon resonances [6], only recording the four-momenta of the two muons and a
small number of additional event properties for low-mass events that would otherwise be too high
rate for the full-event trigger system. This approach has the potential to make a major discovery, but
the lack of a full event record makes it nearly impossible to diagnose such a discovery. To distinguish
between several competing hypotheses which might generate a peak in the di-muon spectrum would
require recording new data with a dedicated trigger, which is both time consuming and expensive.

We propose an approach that bridges the full and partial event paradigms automatically with machine
learning. This is accomplished by training a neural network to learn a lossy event compression with
a tunable resolution parameter. An extreme version of this approach would be to save every event
at the highest resolution allowable by hardware (see e.g. Ref. [7] for autoencoders in hardware).
We present a more modest version in which we envision full event compression which could run
alongside partial event triggers to expand their utility for a larger range of offline analyses. Our
approach uses a optimal transport-based Variational Autoencoder (VAE) following Ref. [8].

In a proof-of-concept study, we compress and record a sample of simulated interactions which are
similar to those analyzed in Ref [6], preserving information which would otherwise be lost. We show
that this additional information can be used to effectively discriminate between two signal models
which are difficult to distinguish with only the muon kinematics. The overall structure of the proposal
is that first, a signal is discovered in a trigger-level analysis such as this dimuon resonance search.
Subsequently, a compressed version of the hadronic event data, which has been stored alongside the
muons, can be used to rule out or favour candidate signal models.

2 Related Work

An alternative to compressing individual events is compressing the entire dataset online [9], which
is methodologically and practically more challenging. An alternative to saving events for offline
analysis is to look for new particles automatically with online anomaly detection [10–13]. While we
build our VAE on the setup from Ref. [8] using the Sinkhorn approximation [14, 15] to the Earth
Movers Distance, other possibilities have been explored, such as using graph neural networks [16].
We leave a comparison of the power of different approaches to future work.

3 β-parameterized Variational Autoencoder

We represent each collider event x as a point cloud of 3-vectors {pT/HT, η, ϕ}, where η and ϕ are the
geometric coordinates of particles in the detector, and pT their transverse momenta which correspond
to the weights in the point cloud. These are normalized for each event using HT =

∑
i pT,i. We build

an EMD-VAE [8, 17, 18] trained to minimize a reconstruction error given by an approximation to the
2-Wasserstein distance between collider events x and reconstructed examples x′, with loss function

L = ⟨S(x, x′(z))/β +DKL(q(z|x)||p(z))⟩p(x) . (1)

An encoder network maps the input x to a Gaussian-parameterized distribution q(z|x) on 256-
dimensional latent coordinates z. This network is built as a Deepsets/Particle Flow Network
(PFN) [19, 20]. A decoder x′(z) maps latent codes z to jets x′, parameterizing a posterior probability
log p(x|z) ∝ S(x, x′(z))/β, where S(x, x′(z)) is a sharp Sinkhorn [15, 21–23] approximation
to the 2-Wasserstein distance between event x and its decoded x′ with ground distance given by
Mij = ∆R2

ij ≡ (ηi − ηj)
2 + (ϕi − ϕj)

2, and calculated using the same algorithm and parameters as
in Ref [8]. This decoder network is built as a dense neural network. DKL(q(z|x)||p(z)) is the KL
divergence between the encoder probability q(z|x) and the prior p(z), which we take to be a standard
Gaussian. This KL divergence can be expressed as a sum of contributions from each of the 256 latent
space directions. The details of the architecture setup is described in the Appendix.

The quantity β is typically taken to be a fixed hyperparameter of the network [24] which controls
the balance between reconstruction fidelity and degree of compression in the latent space. In this
work, we make a novel contribution by elevating β from a fixed hyperparameter to an input of both
the encoder and decoder networks. Training events are each accompanied by a value for β generated
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from some arbitrary distribution which is provided as an additional input to both the encoder and
decoder, and included in the loss calculation for each event. The encoder and decoder then become
dependent on the input value for β, and can be written as q(z|x;β) and x′(z;β), respectively. During
testing, events can be input with whatever value for β is deemed useful for a particular application.
In this work we take advantage of this property purely for its usefulness in prototyping. However, it
is conceivable that the ability to vary β on the fly could prove valuable for an online application that
has time-varying constraints on data transmission rates or requirements on reconstruction fidelity.
Furthermore, we have found that β-annealing is neither required nor helpful in improving our VAE
performance, significantly reducing the complexity and time required for training and experiments.

4 Numerical Results

In this section we will illustrate how a VAE trained to compress the full event at trigger level might be
used to augment a trigger-level dimuon resonance search and allow physicists to distinguish between
different potential hypothetical signal models without having to record new data using the full-event
trigger system.

We train our β-parameterized VAE using simulated Standard Model events, specifically an inclusive
b-quark jet sample (pT ≳ 4 GeV/c), weighted as ∼ 1/p−3

T . We then consider two potential signals
which might be found in a trigger-level dimuon resonance search: first, a light scalar decaying
to muons (S → 2µ) produced in an exotic B-meson decay (B → KS) and secondly, a dimuon
resonance produced in a hidden valley model [25], from an example in Ref. [26]. The latter model
has more hadronic activity than the former, as well as a small amount of invisible momentum, but has
otherwise very similar muon kinematics. More details can be found in the Appendix. All signal and
background events were generated with the PYTHIA event generator [27]. A simple binary classifier
(see Appendix) trained on only the two highest-pT muons taken from the two signal event samples
achieves an AUC of 0.71. The dimuon spectra are different but not convincingly so, and any attempt
to distinguish the two signals based on the dimuons alone would be additionally complicated by
the uncertainties on details of the showering model for the hidden valley scenario. However, the
hadronic activity in the two signal classes is very distinctive, and even a relatively low-fidelity VAE
reconstruction may tell them apart.

The structure that is learnt by the VAE as a function of β is qualitatively illustrated in Figs. 1 and 2.
In Fig. 1, the red points represent an event from the bb̄ test sample, and the blue its maximum
likelihood estimate (MLE) reconstruction (defined using the the maximum likelihood latent code for
reconstruction rather than a random sample) at various values for β. Each point represents a particle
in the event, with area proportional to the momentum pT of the corresponding particle. We see that
for large β, the VAE learns an uninformative average over all training events, but for smaller values
of β it begins to learn a more precise reconstruction.

Figure 1: Reconstruction of an SM event as a function of log10 β. Red points: Example test event.
Blue points: MLE reconstruction of the same test event. Each point represents a particle in the event,
with area proportional to the particle’s pT. The number of active latent dimensions (defined as those
with DKL,i > 0.1) is 0, 9, and 48 at each of these β values respectively, and the compression rates
DKL are 0, 12, and 145 bits, respectively.
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Some properties of the information content of the learnt representations are reflected in Fig. 2. In
the left plot, we show the individual KL divergences associated with each of the 256 latent space
directions as a function of β. We see that for β > 1, all latent space directions are uninformative.
Latent directions start to become sequentially informative with DKL > 0, for β < 1. For any value of
β, there is a clear hierarchy of information content in different latent directions, which can be utilized
for an efficient encoding: those values which are encoded with low resolution (large variance for
q(z|x)) can safely be represented with lower precision numbers than those having higher resolution.
Note that the ⟨DKL(q(z|x)||p(z))⟩p(x) > I(x; z), with I being the mutual information, and therefore
the KL divergence places an upper bound on the minimum number of bits required for the lossy
compression algorithm with average distortion ⟨S(x, x′)⟩.
The overall structure of the left plot is summarized by the two heat capacities in the right plot, defined
in analogy with the thermodynamic heat capacity [8, 28, 29] by

CS =
d ⟨S(x, x′)⟩

dβ
, CKL = −d ⟨DKL(q(z|x)||p(z))⟩

d log β
. (2)

Because the lines in the left plot have gradient close to −0.5, the heat capacities are related to the
effective number of degrees of the system by dim ≃ 2C, similarly to a thermodynamic system with
quadratic Hamiltonian. There is a plateau for β ≲ 10−2, indicating that the VAE is unable to learn
additional informative structure at smaller scales than this. For β ≲ 10−4, the VAE begins to overfit
the data and the two heat capacities diverge.
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Figure 2: Left: KL divergences of the 256 individual latent space directions as a function of β,
averaged over the test SM data. Right: Heat capacities on same data, defined in the text.
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Figure 3: AUC for classification be-
tween the two signal models as a func-
tion of β, the parameter that controls the
compression fidelity.

Having trained a VAE on SM data, we want to explore
the distinguishability of our signal models after being
compressed and reconstructed. To do this we trained a
PFN classifier on the HT-normalized VAE reconstructions
of the two signal categories. The details of this architecture
and training parameters are described in the Appendix.

In Fig. 3, we see the AUC for classification between re-
constructed signal events as a function of β. For β > 1.
the VAE reconstruction is uninformative for signal clas-
sification, but it contains increasingly useful information
for classification for 10−2 < β < 1, before a plateau is
reached for β < 10−2. This corresponds with the fea-
tures in Fig. 2 right, which shows a plateau in the effective
number of degrees of freedom of the learnt representation
below 10−2. These features could be combined with the
dimuon resonance information (which alone provides an
AUC of 0.71), and the overall HT of the events (which
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alone provides an AUC of 0.84) to further improve separa-
tion between the signals.

5 Conclusions and Outlook

Particle and nuclear physics experiments produce data at such volumes that analysis is impossible
without some kind of sacrifice. The traditional approach is to keep full records of a small subset
of the data, while newer strategies store partial information about a larger fraction. In some cases,
however, neither strategy is sufficient to discover and characterize the physics behind evidence of a
new kind of particle or interaction. We propose an alternative approach to address this limitation by
automatically compressing the full experimental information, relying on an optimal-transport-based
Variational Autoencoder with a parameter β that controls the bandwidth. In a benchmark test, we are
able to distinguish between new physics scenarios at a level significantly beyond what is available
from the partial event system. We expect in the coming run of the Large Hadron Collider, such a
system may be able to help discover and diagnose new physics.
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Appendix

Simulation details

Our first signal benchmark is that of single, real scalar field (S) which mixes with the SM Higgs
boson. As as result of this mixing, there exist a penguin diagram which induces an exotic decay mode
of B-mesons to S plus a strangeness-carrying final state [34–36]. Despite the loop-suppression of this
partial width, the branching ratio may nevertheless be appreciable due to the very small total width of
the B-meson. The branching ratio for S → 2µ is rather uncertain, but is thought to be between 10%
and 1% for most of the mass range where 2mµ < mS < mB −mK [37]. Phenomenologically, the
main signature of the model is a low mass (displaced) dimuon resonance, which often sits inside a
b-jet. For the purpose of our study, we set mS = 0.4 GeV and work with a leading order inclusive
unweighted b-b̄ sample subject to pT > 10 GeV at the parton-level.

Our second signal benchmark is a hidden valley model [25], in which the SM Higgs decays to a dark
sector with some confining dynamics. This includes a parton shower in the dark sector, followed by
a hadronization into dark mesons. Some of these dark mesons are taken to be stable and therefore
invisible, while others can decay to a pair of dark photons through a dark sector chiral anomaly.
These dark photons may subsequently decay to SM final states, among which dimuons. (See [26] for
a detailed description and definition of the model.) We take the dark photon mass to be 0.4 GeV, to
match the dimuon invariant mass chosen for our first benchmark. The signature of this model is a low
mass dimuon resonance, surrounded by hadronic activity plus a small amount of missing energy. The
kinematics of the muon pair is very similar in both models, but the pattern of hadronic activity and
missing energy in the event can differ substantially.

While analysis in [6] is able to record hadronic activity in a coarse-grained manner, by recording
anti-kT jets [38], our approach is able to retain more fine-grained substructure information, which
may ultimately be needed to distinguish similarly looking signatures.

VAE architecture and training details

In our experiments, the encoder network consists of four 1D convolution layers with filter size 1024,
kernel size 1, and stride 1, followed by a sum layer, followed by four dense layers of size 1024. β
is also provided as an input to these dense layers, in parallel with the sum layer. Unless otherwise
specified, all layers have activation function Leaky ReLU with negative slope coefficient of 0.1. 256
latent space µ, log σ2 are encoded with linear activation. Sampled codes z are used as input for a
decoder, alongside β. The decoder consists of five layers with size 1024, followed by a linear dense
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layer which outputs fifty particles represented as {(pT/HT, η, sinϕ, cosϕ)}, and then an arctan
function reduces this to {(pT/HT, η, ϕ)}. The explicit arctan allows the network to avoid learning a
discontinuity in ϕ, which is also the motivation for the trigonometric form of the inputs.

In order to reduce the number of particles to less than 50 for computational speed, events that have
more than 50 particles are reclustered using the exclusive-kT algorithm [39] with radius parameter
R = 1.0 and terminating when there are exactly 50 particles left in the event. The VAE works with
pT-normalized inputs, and so the pT for each event is rescaled by HT =

∑
i pT,i before being input

into the encoder. This HT is recorded separately for each event, and can be used to rescale the event
reconstructions.

We trained the VAE on the bb̄ background events. Each batch of training data consists of an array
of shape (nbatch, 50, 4), with nbatch = 100, which is input to the VAE encoder, and an array of shape
(nbatch) samples for β, which is an auxiliary input to the encoder and decoder. These samples are
drawn from a log-uniform distribution in the range log10 β ∈ [−6, 1]. The loss for each training
example is also calculated using this β. Training is performed using the Adam optimizer [40] with
learning rate initialized at 3× 10−5. Each epoch consists of 1000 batches (as opposed to the entire
training dataset), and the learning rate is decreased in factors of

√
10 each time the validation loss has

not improved in 10 epochs. Training is stopped after validation loss has not improved in 20 epochs.
This entire cycle is repeated 10 times.

The code for this paper can be found at https://github.com/erichuangyf/EMD_VAE/tree/
neurips_ml4ps.

Classifier architecture and training details

The PFN model used to classify reconstructed signals consists of three time-distributed dense layers
of size 128 followed by a sum layer followed by three dense layers of size 128. Each PFN was trained
on events with shape (nbatch, 50, 3), with the batch size nbatch = 1000. Training is performed using
the Adam optimizer with learning rate initialized at 10−3. The learning rate is decreased in factors
of 101/4 each time the validation loss has not improved in 5 epochs. Training is stopped after 200
epochs or the validation loss has not improved in 10 epochs.

We also trained the PFN classifier on the hardest two muons taken from the two signal event samples.
The training procedure is similar to the PFN on full signal events, except the input shape for each
event was truncated to (nbatch, 2, 3), with the batch size nbatch = 1000. The muon-only PFN model
consists of three time-distributed dense layers of size 128 followed by a sum layer followed by
three dense layers of size 128. Training is performed using the Adam optimizer with learning rate
initialized at 10−3. The learning rate is decreased in factors of 101/4 each time the validation loss
has not improved in 5 epochs. Training is stopped after 200 epochs or the validation loss has not
improved in 10 epochs.

All training was performed on NVidia Quadro RTX 6000 with CUDA version 11.2 using TensorFlow
version 2.4.1. The training time for the VAE model was about 24 hours and the training time for each
PFN model was about 5 minutes based on this setup.

Potential Broader Impacts

Compression is used throughout science and industry and so our observations may be useful to setups
beyond collider physics.

Checklist

The checklist follows the references. Please read the checklist guidelines carefully for information on
how to answer these questions. For each question, change the default [TODO] to [Yes] , [No] , or
[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

• Did you include the license to the code and datasets? [Yes] See Section 5.
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• Did you include the license to the code and datasets? [N/A] The code and the data are
proprietary.

• Did you include the license to the code and datasets? [N/A]

Please do not modify the questions and only use the provided macros for your answers. Note that the
Checklist section does not count towards the page limit. In your paper, please delete this instructions
block and only keep the Checklist section heading above along with the questions/answers below.

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s

contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes]
(c) Did you discuss any potential negative societal impacts of your work? [Yes]
(d) Have you read the ethics review guidelines and ensured that your paper conforms to

them? [Yes]
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [Yes]
(b) Did you include complete proofs of all theoretical results? [N/A]

3. If you ran experiments...
(a) Did you include the code, data, and instructions needed to reproduce the main experi-

mental results (either in the supplemental material or as a URL)? [Yes]
(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they

were chosen)? [Yes]
(c) Did you report error bars (e.g., with respect to the random seed after running experi-

ments multiple times)? [N/A]
(d) Did you include the total amount of compute and the type of resources used (e.g., type

of GPUs, internal cluster, or cloud provider)? [Yes]
4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [N/A]
(b) Did you mention the license of the assets? [N/A]
(c) Did you include any new assets either in the supplemental material or as a URL? [N/A]

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A]

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A]

5. If you used crowdsourcing or conducted research with human subjects...
(a) Did you include the full text of instructions given to participants and screenshots, if

applicable? [N/A]
(b) Did you describe any potential participant risks, with links to Institutional Review

Board (IRB) approvals, if applicable? [N/A]
(c) Did you include the estimated hourly wage paid to participants and the total amount

spent on participant compensation? [N/A]
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