
              

City, University of London Institutional Repository

Citation: Araz, J. Y., Mikuni, V., Ringer, F., Sato, N., Torales Acosta, F. & Whitehill, R. 

(2025). Point cloud-based diffusion models for the Electron-Ion Collider. Physics Letters B, 
868, 139694. doi: 10.1016/j.physletb.2025.139694 

This is the published version of the paper. 

This version of the publication may differ from the final published version. 

Permanent repository link:  https://openaccess.city.ac.uk/id/eprint/35970/

Link to published version: https://doi.org/10.1016/j.physletb.2025.139694

Copyright: City Research Online aims to make research outputs of City, 

University of London available to a wider audience. Copyright and Moral Rights 

remain with the author(s) and/or copyright holders. URLs from City Research 

Online may be freely distributed and linked to.

Reuse: Copies of full items can be used for personal research or study, 

educational, or not-for-profit purposes without prior permission or charge. 

Provided that the authors, title and full bibliographic details are credited, a 

hyperlink and/or URL is given for the original metadata page and the content is 

not changed in any way. 

City Research Online



City Research Online:            http://openaccess.city.ac.uk/            publications@city.ac.uk

http://openaccess.city.ac.uk/
mailto:publications@city.ac.uk


Phys. Lett. B 868 (2025) 139694

Available online 27 June 2025
0370-2693/© 2025 Published by Elsevier B.V. Funded by SCOAP³. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

Contents lists available at ScienceDirect

Physics Letters B  

journal homepage: www.elsevier.com/locate/physletb

Letter

Point cloud-based diffusion models for the Electron-Ion Collider

Jack Y. Araz a,b,c, Vinicius Mikuni d, Felix Ringer a,b,c, Nobuo Sato b, 

Fernando Torales Acosta e, ,∗, Richard Whitehill b

a Center for Nuclear Theory, Department of Physics and Astronomy, Stony Brook University, 11794, NY, Stony Brook, USA
b Thomas Jefferson National Accelerator Facility, Newport News, 23606, VA, USA
c Department of Physics, Old Dominion University, 23529, VA, Norfolk, USA
d National Energy Research Scientific Computing Center, Berkeley Lab, Berkeley, 94720, CA, USA
e Physics Division, Lawrence Berkeley National Laboratory, Berkeley, 94720, CA, USA

A R T I C L E I N F O A B S T R A C T 

Editor: H Gao At high-energy collider experiments, generative models can be used for a wide range of tasks, including fast 
detector simulations, unfolding, searches of physics beyond the Standard Model, and inference tasks. In particular, 
it has been demonstrated that score-based diffusion models can generate highfidelity and accurate samples of 
jets or collider events. This work expands on previous generative models in three distinct ways. First, our model is 
trained to generate entire collider events, including all particle species with complete kinematic information. We 
quantify how well the model learns event-wide constraints such as the conservation of momentum and discrete 
quantum numbers. We focus on the events at the future Electron-Ion Collider, but we expect that our results 
can be extended to proton-proton and heavy-ion collisions. Second, previous generative models often relied on 
image-based techniques. The sparsity of the data can negatively affect the fidelity and sampling time of the model. 
We address these issues using point clouds and a novel architecture combining edge creation with transformer 
modules called Point Edge Transformers. Third, we adapt the foundation model OmniLearn, to generate full 
collider events. This approach may indicate a transition toward adapting and fine-tuning foundation models for 
downstream tasks instead of training new models from scratch.

1. Introduction

High-energy collider experiments offer unique opportunities to 
probe the internal dynamics of protons and nuclei, study emergent 
phenomena such as hadronization, and search for physics beyond the 
Standard Model of particle physics. By analyzing the particles observed 
in detectors centered around the scattering vertex, it is possible to in

fer the dynamics of particles at subatomic scales. The next-generation 
experiment will be the future Electron-Ion Collider (EIC) [1], where 
high-luminosity electron-proton/nucleus scattering will be studied at 
center-of-mass (CM) energies up to 

√
𝑠 = 140 GeV. Analyzing vast 

amounts of recorded collider data is a challenging task where machine 
learning tools are expected to have a significant impact on the experi

mental and theoretical workflows. Example applications include detec

tor design, inference tasks, searches of beyond standard model (BSM) 
physics, fast detector simulations, jet classification, and unfolding. Sim

ilar considerations apply to proton-proton and heavy-ion collisions at 
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RHIC and the LHC. For recent results, see Refs. [2--32] and references 
therein.

Some of the key tools to advance different areas of collider phe

nomenology are generative models that can be trained to generate full 
collider events. Various architectures have been trained in the past to 
generate collider events or jets including GANs [34--38], variational au

toencoders [39], normalizing flows [40,41] and score-based diffusion 
models [42--48,38,49--51]. In particular, diffusion models have been 
demonstrated to produce highfidelity samples. While the sampling time 
is typically relatively slow compared to GANs, it has been improved 
significantly using techniques such as distillation [52,44]. Score-based 
diffusion models learn an approximation of the score function or the 
gradients of the logarithm of the data probability. This approximation 
is then used during sampling to transform a simple distribution, such as 
a Gaussian distribution, into complex collider data. In Ref. [53], a first 
diffusion-based model was developed for EIC events based on pixelated 
images. Since > 99% of the pixels are empty and the distributions of dif
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ferent observables can fall steeply toward their kinematic endpoints, a 
suitable remapping of the input variables was required. Due to its rele

vance in Deep Inelastic Scattering (DIS), the modeling of the scattered 
electron kinematics plays a critical role in electron-proton collisions that 
requires special attention. See also Ref. [54] where an image-based dif

fusion model was developed for heavy-ion collisions. Generative models 
at the event-level can avoid loss of information in summary statistics 
such as cross sections and spin asymmetries. Such a model can be used 
in simulation based inference for many physical analyzes relevant at the 
EIC, including studies of hadron structure and hadronization, and BSM 
searches.

In this work, we extend previous results by developing a point cloud

based diffusion model for EIC events. By using point clouds and a novel 
architecture that combines edge creation with transformer modules, 
termed Point Edge Transformers (PET), we achieve significant improve

ments compared to the diffusion model of Ref. [53]. In particular, we 
focus on success metrics such as the shape of different kinematic dis

tributions as well as the event-wide conservation of momentum and 
discrete quantum numbers. We adapt the pre-existing foundation model 
OmniLearn [33] to generate full EIC events. OmniLearn was initially de

veloped for both classification and generation tasks in the context of jet 
physics at the LHC. To generate EIC events, including full Particle IDen

tification (PID), we use a two-step generation process. As a first step, the 
scattered electron kinematics are generated. Second, the remaining par

ticles in the event are conditioned on the electron kinematics. We expect 
similar multi-step generative processes may also improve the generation 
of full events in different collision systems. While we train the model de

veloped here from scratch instead of fine-tuning the foundation model, 
our approach is closely related to OmniLearn. Our results may, there

fore, point toward a transition toward adapting foundation models for 
different downstream tasks at collider experiments.

The remainder of this paper is organized as follows. In section 2, 
we describe the score-based diffusion model for EIC events developed 
in this work employing a point cloud data representation and the PET 
architecture. In section 3, we consider several metrics to evaluate the 
performance of the diffusion model. We consider different particle dis

tributions and observables as well as event-wide constraints such as 
momentum and baryon number conservation. We conclude and present 
an outlook in section 4.

2. Point cloud-based diffusion models

We start by reviewing the generation of EIC events used to train the 
diffusion model. We then describe the model architecture and the two

step diffusion process used to generate electron-proton events.

2.1. Event generation and data representation

We generate electron-proton scattering events using Pythia8 [55] 
at a representative CM energy for electron-nucleus collisions at the EIC √
𝑠 = 105 GeV. We avoid the low-𝑄2 photoproduction region by im

posing a cut of 𝑄2 > 25 GeV2. We include the following list of stable 
particles in the data set

𝑒±, 𝜇±, 𝜈 + 𝜈̄, 𝜋±, 𝜋0,𝐾±,𝐾0
𝐿
, 𝑝, 𝑝̄, 𝑛+ 𝑛̄, 𝛾 . (1)

We include all particles in the rapidity range |𝑦| < 5, and we do not 
impose a lower cut on the transverse momentum. Note that here, 𝜈 + 𝜈̄
and 𝑛+ 𝑛̄ are combined due to experimental limitations in distinguishing 
them.

For each particle 𝑖 in the event, we record its transverse momentum 
𝑝𝑇 𝑖, rapidity 𝑦𝑖, azimuthal angle 𝜙𝑖, and PID𝑖. In addition, we consider 
the dimensionless quantity

𝑧̃𝑖 =
2𝑀𝑇𝑖√

𝑠
cosh𝑦𝑖 . (2)

Here, 𝑀2
𝑇 𝑖

= 𝑝2
𝑇 𝑖

+𝑚2
𝑖

is the transverse mass, and 𝑚𝑖 is the mass of the 
particle. This variable is of particular interest as it satisfies

∑
𝑖∈event

𝑧̃𝑖 = 2 , (3)

in the CM frame due to event-wide momentum conservation. In the limit 
of massless particles 𝑧̃𝑖 reduces to

𝑧𝑖 =
2𝑝𝑇 𝑖√
𝑠
cosh𝜂𝑖 , (4)

where 𝜂𝑖 = −ln tan𝜃𝑖∕2 is the 𝑖th particle’s pseudorapidity. While the 
relation between a massive particle’s rapidity and pseudorapidity is 
somewhat intricate, one can convert between the variables 𝑧̃𝑖 and 𝑧𝑖
using the relation 𝑧̃𝑖 =

√
𝑧2
𝑖
+ 4𝑚2

𝑖
∕𝑠.

2.2. Model architecture: Point Edge Transformer

This work extends the generalized machine learning model, Om

niLearn [33], designed for analyzing data from particle physics experi

ments. The model processes inputs consisting of particles and event-level 
information such as the particle multiplicity and is conditioned on a dif

fusion time parameter 𝑡 that determines the perturbation level applied 
to the data. In particular, for time 𝑡 we apply a perturbation to data 𝑥
such that 𝑥(𝑡) = 𝛼(𝑡)𝑥+𝜎(𝑡)𝜖, with 𝜖 ∼ (0,1) and perturbation parame

ter 𝛼(𝑡) = cos(𝜋𝑡∕2) and 𝜎(𝑡) = sin(𝜋𝑡∕2). The role of the network is then 
to predict a velocity parameter 𝑣(𝑡) = 𝛼(𝑡)𝜖 − 𝜎(𝑡)𝑥 by receiving as in

puts the perturbed data, the time value, and any additional event-level 
information available. The time information for the diffusion process, as 
done in previous diffusion models for collider physics [43,44,52], is en

coded to a higher dimensional space using a time embedding layer. This 
embedding layer utilizes Fourier features [56] and is further processed 
by two multi-layer perceptrons (MLPs) employing a GELU activation 
function [57].

The generative model designed to produce the scattered electron 
kinematic information is based on a fully-connected architecture in

corporating multiple skip connections. Specifically, the model employs 
three ResNet [58] blocks, where each residual layer is connected to the 
output of a two-layer network through a skip connection. The model is 
designed to generate particles and then integrates the time-related data 
with particle-specific information, which includes both the kinematics 
of each particle and their PID after the perturbation. These inputs are 
transformed into a higher dimensional space using a feature embedding 
composed of two MLP layers. Prior to the transformer block -- which 
is responsible for processing data in a manner that considers the rela

tionships between particles -- we insert a positional token. This token 
encodes the geometric context surrounding each particle in the event, 
aiding the transformer in understanding local particle arrangements. Al

though transformers are capable of capturing broad correlations among 
particles, adding local geometric data typically enhances the model’s 
performance by creating a latent representation aware of particle dis

tances [59]. The local encoding is constructed using dynamic graph con

volutional network (DGCNN) [60] layers, which define each particle’s 
neighborhood through a k-nearest neighbor algorithm, set to include 
ten neighbors in this work. The distances between these neighbors are 
measured in the specific rapidity-azimuthal angle space. For each of 
the k-neighbors, edge features are defined by concatenating the particle 
features with the subtraction between those features and the features of 
each respective neighbor. These edge features are then processed by a 
multi-layer perception (MLP), followed by an average pooling operation 
performed across the dimensions of the neighbors.

2.3. Two-step diffusion and training

We adopt the two-model strategy implemented in Ref. [44]. See 
Fig. 1 for an illustration of the model architecture developed here. The 
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Fig. 1. Left: Electron-proton scattering event 𝑒 + 𝑝→ 𝑒′ + 𝑋. Right: Model architecture adapted from the foundation model OmniLearn [33]. The final model is 
composed of two diffusion models: One that generates the scattered electron and the event properties, such as the multiplicity (top), and a second model that 
generates all other particles in the event with their kinematics (bottom).

first model is trained to exclusively learn event-level features that are 
then utilized as conditional information for a second diffusion model 
that processes particles as inputs. Most important for this process is the 
total number of particles in the event, 𝑁 , which is learned by the first 
diffusion model. 𝑁 is then shared with the second diffusion model that 
then generates 𝑁 particles and all their features for that event. Up to 50 
particles are saved per event to be used during training, the maximum 
of all Pythia8 events in the training sample.

In addition to the global event variables such as multiplicity, the first 
model is also tasked to learn the kinematic distribution of the scattered 
electron in the event. This information is then used to generate the par

ticle candidates: instead of generating the full four-momentum of each 
particle 𝑖 we use the electron 𝑒− to generate particles in relative coor

dinates, learning instead 𝜙𝑖 − 𝜙𝑒, 𝑦𝑖 + 𝑦𝑒, and 𝑝𝑇 𝑖∕𝑝𝑇 𝑒. This choice of 
coordinates is invariant under rotations in the 𝑦−𝜙 plane and improves 
the model generalization. The set of particle features learned by the sec

ond diffusion model is:

log10(𝑝𝑇 𝑖∕𝑝𝑇 𝑒), 𝑦𝑖 + 𝑦𝑒, 𝜙𝑖 −𝜙𝑒, log10(𝑧̃𝑖), 𝐶𝑖, PID𝑖, (5)

where 𝐶𝑖 is the particle charge, and 𝑧̃𝑖 is given in Eq. (2). The ranges of 
𝑝𝑇 𝑖∕𝑝𝑇 𝑒 and 𝑧̃𝑖 still span several orders of magnitude, so the logarithm 
is taken for better normalization.

By conditioning the full event distributions on the dominant flow of 
momentum, we expect that the multi-step approach developed here can 
be extended to other collision systems such as 𝑒𝐴, 𝑒+𝑒−, 𝑝𝑝, and heavy

ion collisions. We leave a more detailed exploration for future work.

The training is carried out on the Perlmutter Supercomputer [61] 
using 128 GPUs simultaneously with the Horovod [62] package for data 
distributed training. A local batch of size 256 is used with model training 
up to 200 epochs. OmniLearn is implemented in TensorFlow [63] with 
Keras [64] backend. The cosine learning rate schedule [65] is used with 
an initial learning rate of 3×10−5 , increasing to 3

√
128×10−5 after three 

epochs and decreasing to 10−6 until the end of the training. The Lion 

optimizer [66] is used with parameters 𝛽1 = 0.95 and 𝛽2 = 0.99. The PET 
body model has 1.3M trainable weights, while the generator head has 
416k trainable parameters.

3. Numerical results

In this section, we consider different kinematic distributions as 
benchmarks to assess the performance of the point cloud-based dif

fusion model. In addition, we consider several event-wide constraints 
and we quantitatively assess the improvement compared to the image

based diffusion model for electron-proton scattering events presented in 
Ref. [53].

3.1. Kinematic distributions with full PID

We start by analyzing the average particle multiplicities per event. 
In the left panel of Fig. 2, we show the results from the diffusion model 
compared to Pythia8 for all particle species. Overall, the diffusion 
model performs better for particles with higher average multiplicity. For 
several of the most frequently produced particles, the average yield from 
the diffusion model agrees with Pythia8 within the statistical uncer

tainties. For muons, which have the lowest average yield of the particles 
considered here, we observe differences of ≲ 20%. This can be attributed 
to the fact that the muon yield is three orders of magnitude lower than, 
for example, the photon multiplicity. Instead of considering only the 
average multiplicities, we plot the particle multiplicity distributions for 
four representative examples in the right panel of Fig. 2. Overall, we 
observe good agreement between the diffusion model and the Pythia8 
results. The distributions fall over multiple orders of magnitude for large 
multiplicities and we observe small differences only in the tails of the 
distributions.

As a next step, we consider the distribution of different kinematic 
variables. Since the distributions exhibit rather different features, we 
choose electrons 𝑒− and pions 𝜋+ as representative examples. The results 
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Fig. 2. Left: Average particle multiplicities produced by the diffusion model compared to the Pythia8 training data. Right: Comparison of the event-wide particle 
multiplicity distributions for electrons 𝑒−, pions 𝜋+, kaons 𝐾+, and muons 𝜇−.

Fig. 3. Left to right: Kinematic distributions for the rescaled momentum variable 𝑧, rapidity 𝑦, and azimuthal angle 𝜙 (relative to the scattered leading electron). 
We show the diffusion model results along with the Pythia8 training data for electrons (top row) and pions (bottom row). The shaded red uncertainties show the 
statistical errors of the diffusion model. The blue error bands in the ratio plots include the statistical uncertainties from the diffusion model and Pythia8.

from the diffusion model compared to Pythia8 are shown in Fig. 3. We 
show histograms for the rescaled momentum fraction 𝑧, the rapidity 𝑦, 
and the azimuthal angle 𝜙. For both particle species, the azimuthal an

gle is considered relative to the scattered leading electron. We observe 
good agreement in the bulk of the distribution and smaller deviations 
toward the endpoints where low statistics lead to larger uncertainties 
that are, however, statistically distributed around the target result. We 
note that these results constitute a significant improvement compared 
to the diffusion model for electron-proton events presented in Ref. [53]. 
To further evaluate the performance of the diffusion model, we con

sider the kinematic distributions of muons and neutrinos, which are the 
particles with the lowest average event multiplicities, see Fig. 2. As an 
example, we show a comparison of the 𝑧-distributions in Fig. 4. As ex

pected, while the agreement between the diffusion model and Pythia8 

is slightly worse compared to the distributions for electrons and pions 
in Fig. 3, we find overall satisfactory results.

Next, we consider kinematic variables that are particularly relevant 
for the analysis of electron-proton scattering data. First, we consider the 
Deep Inelastic Scattering (DIS) cross-section, which is differential in the 
scaling variable Bjorken 𝑥 and the photon virtuality

𝑥 = 𝑄2

2𝑃 ⋅ 𝑞
, 𝑄2 = −𝑞2 = −

(
𝑘− 𝑘′

)2
. (6)

Here 𝑘,𝑘′ are the four momenta of the incoming and outgoing electron, 
respectively, and 𝑃 denotes the incoming proton momentum. Second, 
we consider Semi-Inclusive DIS (SIDIS), where the following two addi

tional variables are typically defined
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Fig. 4. Distributions of the rescaled momentum variable 𝑧 for neutrinos (top) 
and muons (bottom) from the diffusion model and Pythia8.

𝑧ℎ =
𝑃 ⋅ 𝑃ℎ
𝑃 ⋅ 𝑞 

, 𝑞𝑇 =
𝑝𝑇ℎ

𝑧ℎ
. (7)

Here, 𝑃ℎ is the four-momentum of an observed final-state hadron, 
and 𝑝𝑇ℎ is its transverse momentum in the Breit frame. In the target 
rest frame, 𝑧ℎ is the hadron energy over the photon virtuality. See 
Ref. [67] for frame-independent definitions of the relevant variables 
listed above.

In the upper left panel of Fig. 5, we show the results from the dif

fusion model for the DIS variables in Eq. (6) as a two-dimensional his

togram. In the upper right panel, we show a comparison of the diffusion 
model results for the DIS variables relative to Pythia8. We observe good 
agreement over the entire kinematic range. Minor deviations are notice

able only near the kinematic endpoints. Similar to the results for the 
kinematic distributions for the leading electron in Fig. 5, the deviations 
near the endpoint are likely due to statistical effects. In the lower two 
panels of Fig. 5, we show the analogous results for the SIDIS variables 
given in Eq. (7) for pions. Again, we find good agreement indicating the 
suitability of our model for different applications at the future EIC.

Generative models of full collider events need to satisfy global con

straints such as momentum conservation; see Eq. (3) above. In addition, 
discrete quantum numbers such as the total baryon and lepton numbers 
need to be conserved. For each electron-proton event, we expect to have ∑
𝑖∈event 𝐿𝑖 = 1 and 

∑
𝑖∈event 𝐵𝑖 = 1, where 𝐿𝑖 and 𝐵𝑖 are the lepton and 

Fig. 5. Top row: Diffusion model results and comparison to Pythia8 for the DIS 
variables Bjorken 𝑥 and photon virtuality 𝑄2. Bottom row: Analogous compar

ison for the energy 𝑧ℎ of pions and transverse momentum 𝑞𝑇 in the Breit frame 
relevant for SIDIS.

baryon numbers of the 𝑖th particle in the considered event, respectively. 
For electrons, muons, and neutrinos, we assign 𝐿 = +1 and 𝐿 = −1 for 
their antiparticles. All other particles are assigned 𝐿 = 0. Analogous 
considerations apply to the baryon number. Due to experimental consid

erations, we combine neutrinos and anti-neutrinos as well as neutrons 
and anti-neutrons and exclude them when evaluating the event-wide 
lepton and baryon number. To assess the agreement between the diffu

sion model and Pythia8, we consider the ratio between the two for the 
momentum sum rule as well as the discrete quantum numbers within a 
1-𝜎 confidence level:

Momentum: 0.999(3) ,

Baryon number: 0.995(2) ,

Lepton number: 1.001(2) .

Overall, we observe very good agreement with deviations limited to the 
subpercent level.

The extent to which these conservation laws need to be satisfied de

pends on the specific application of the diffusion model. Alternatively, 
additional constraints could be incorporated into the training process, 
where violations are penalized, or the conservation laws can be strictly 
enforced on an event-by-event basis. We leave a quantitative compari

son of different approaches for future work.

3.2. Learning event-wide constraints

Table 1
Metrics quantifying the performance of the image- and point cloud-based diffusion models compared to Pythia8. Small 
values are preferred for each metric except for the coverage.

Image-based diffusion model, Ref. [53] Point cloud-based diffusion model (this work) 
𝑒− 𝐾+ 𝜋+ 𝑒− 𝐾+ 𝜋+

𝑊 𝑃
1 (𝜂) 63.167 ± 0.035 36.669 ± 0.029 57.887 ± 0.062 0.266 ± 0.009 0.041 ± 0.003 0.310 ± 0.016

𝑊 𝑃
1 (𝜙) 18.910 ± 0.054 18.736 ± 0.048 18.789 ± 0.030 0.015 ± 0.004 0.025 ± 0.009 0.158 ± 0.003

𝑊 𝑃
1 (𝑝𝑇 ) 5.917 ± 0.005 0.323 ± 0.002 0.820 ± 0.007 0.251 ± 0.004 0.129 ± 0.005 0.464 ± 0.007

Cov 0.011 0.017 0.010 0.546 0.518 0.473 
MMD 1.266 2.160 1.945 0.166 0.382 0.595 
KPD 7 × 107 ± 1 × 107 20.576 ± 26.608 4.6 × 103 ± 1.5 × 103 0.0023 ± 0.0003 0 0.0062 ± 0.0009
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3.3. Image vs. Point cloud-based diffusion models

To better evaluate the improvements achieved in this work compared 
to the image-based diffusion model from Ref. [53] for electron-proton 
scattering events, we present the values for several quantitative metrics 
in Table 1. We evaluate the models using the Wasserstein distance for 
the particle transverse momentum, rapidity, and azimuthal angle along 
with coverage (Cov), Maximum Mean Discrepancy (MMD) using the en

ergy mover’s distance, and kernel physics distance (KPD). See Ref. [68] 
for more details. We only focus on the comparison for electrons, kaons, 
and pions, as the image-based diffusion model in Ref. [53] was limited 
to these three particle species. Lower values of the different metrics in

dicate better results except for the coverage, where higher values are 
preferred. While some metrics show a more significant improvement 
than others, the point cloud-based model presented here consistently 
outperforms the image-based diffusion model of Ref. [53]. This can be 
attributed to both its more advanced architecture and the loss of gran

ularity in the image-based model due to pixelation.

4. Conclusions and outlook

In this work, we introduced a diffusion model to generate full events 
at the future Electron-Ion Collider. Expanding on previous work, we 
developed a point cloud-based model combining edge creation with 
transformer modules to generate all particle species in the event. We 
evaluated the model’s performance using different metrics and kine

matic distributions, observing significant improvements across all met

rics compared to earlier results. The model approximately learned event

wide momentum conservation, as well as the conservation of discrete 
quantum numbers such as baryon and lepton numbers. We expect that 
a similar multi-step generative process employed here could be ap

plied to generate full events in other collision systems. While estimating 
the statistical power of generative models is a difficult task, there are 
some works trying to address this question [69,70]. By adopting the 
foundation model OmniLearn, our work may indicate a transition to

ward adapting foundation models for downstream tasks in fundamental 
particle and nuclear physics. In future work, we will explore different 
applications of the diffusion model developed here in the context of col

lider phenomenology, including fast simulations, inference tasks, and 
anomaly detection.
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