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Heavy-ion collisions produce final states with thousands to tens of thousands of particles, making their
simulation among the most computationally intensive tasks in high-energy nuclear physics. We present a fast,
high-fidelity generative model for heavy-ion events based on a score-driven diffusion process and the point-
edge transformer architecture within the OmniLearn framework. A two-stage training strategy is performed:
Stage 1 trains on lower-multiplicity O-O collisions, allowing the model to learn a stable event-and-particles
representation; this is followed in Stage 2 by fine tuning on challenging high-multiplicity Pb-Pb collisions. We
benchmark the generator with a broad set of closure checks, including agreement of event- and particle-level
observables in one and two dimensions, flow consistency reconstructed from the generated particles, end-to-end
jet finding with FastJet including key jet and substructure observables, and a classifier-based application to
quantify the sample fidelity. The results are promising, showing that a compact generative model can produce
realistic, high-multiplicity heavy-ion events, at a level that makes local-scale generation for heavy-ion collisions
at high energies a practical goal.
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I. INTRODUCTION

Heavy-ion collisions at high energies produce high multi-
plicity final states, in which jet and multiparticle observables
probe both hard and collective dynamics of the medium.
As measurements become more differential and precision
driven, jet analyses and correlation studies face a persistent
challenge: the dominant backgrounds are largely combina-
torial and must be estimated with high statistical precision
across finely binned event selections. A standard tool in
this context is the mixed-event technique, where particles
from different events are combined to model the uncorre-
lated background and instrumental effects in jet, resonance,
and correlation measurements. In practice, the mixed-event
quality can drive leading systematic uncertainties and re-
quires large, well matched event pools over centrality and
event-shape selections, thus becoming both storage and com-
putationally expensive, especially as analyses move towards
higher precision and more differential measurements with the
future High-Luminosity Large Hadron Collider [1].

Machine learning approaches to heavy-ion simulation
have been explored along several directions, including the
prediction of flow observables from initial-state profiles
[2], surrogates for jet-medium hydrodynamic response [3],
end-to-end event generation from transport models and
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hydrodynamics [4,5], full-detector response simulation [6],
and point-cloud generation of individual jets [7].

In this paper, we explore a machine learning method based
on diffusion generative model application: the aim is to gen-
erate complete, particle-level heavy-ion events conditioned on
event-level information, with the goal of producing realistic
events on demand while preserving both global event char-
acteristics and the structure of particle-level kinematics. For
mixed-event workflows, this is a stringent requirement: the
generator must simultaneously reproduce single-particle spec-
tra and multiparticle correlations, maintain global azimuthal
structure associated with collective flow, and remain faithful
after end-to-end jet finding and substructure measurements.
We study heavy-ion event generation with a score-based point
edge transformer (PET) within the OmniLearn framework [8]:
a transformer-style diffusion generative model that treats the
final state as a variable-length set of particle “tokens,” condi-
tioned on event-level information. The model is thus trained
to generate both event features and per-particle kinematics in
a single pipeline, enabling direct use of generated particles as
inputs to standard reconstruction, jet finding, and mixed-event
constructions.

This paper is organized as follows. Section II introduces
the generator used in this work, including both the event-level
diffusion branch (ResNet) and the particle-level diffusion
(PET). Section III describes the simulated datasets, the event-
and particle-level feature construction used for training, and
the two-stage training strategy. Section IV presents detailed
results for O-O collisions, establishing baseline closure for
event structure, flow-related observables, and jet reconstruc-
tion. Section V discusses fine tuning on Pb-Pb collisions, and
the additional constraints needed to maintain global coherence
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FIG. 1. OmniLearn model architecture [10], showing the main blocks used in this paper: ResNet followed by the PET body.

in a high-multiplicity challenging regime. Finally, Sec. VI
summarizes the conclusions and outlines the next steps.

II. HEAVY-ION EVENT GENERATION WITH A POINT
CLOUD-BASED DIFFUSION MODEL

Our goal is to generate full heavy-ion events at the level
needed for downstream jet and correlation analyses, which
thus implies the following requirements: (i) a set of global
event properties (centrality and geometry-related information,
and global kinematic summaries) and (ii) a variable-length set
of final-state particles with per-particle kinematics.

We implement this as a conditional, score-based [9] gen-
erative model within the OmniLearn framework, where a
diffusion process is learned for both event-level and particle-
level representations. The model architecture follows the
design introduced in Ref. [10] and is illustrated in Fig. 1.

A. Conditional score-based formulation

Each event is modeled as a conditional two-stage gener-
ation problem with (i) an event-level feature vector e ∈ RJ

and (ii) a variable-length particle set {xi}N
i=1, xi ∈ RF . With N

reflecting the event multiplicity, thus varying event by event,
we store particles in a fixed-size tensor of length Nmax padding
and a binary mask m ∈ {0, 1}Nmax to indicate valid particles.
Generation proceeds in the following two steps: we first sam-
ple an event vector e0, and then sample the particle set x0

conditioned on e0 (during training e is taken from data; during
generation e = e0). This will be further discussed in the next
subsection.

Both steps are implemented with a diffusion model: a gen-
erative model that starts from Gaussian noise and iteratively
denoises. Given a clean target z0 (where z denotes either e
or x), a forward noising process is defined at a continuous
diffusion time t ∈ (0, 1):

zt = α(t )z0 + σ (t )ε, ε ∼ N (0, I ),

where α(t ) and σ (t ) define the noise schedule and sat-
isfy α2(t ) + σ 2(t ) = 1 with α(t ) = cos(0.5πt ) and σ (t ) =
sin(0.5πt ). The learning task is then to approximate the re-
verse transformation zt �→ z0 for all noise levels t , conditional

on the available information. The forward process destroys
structure by adding noise; while the reverse model learns to
recover structure by denoising. Rather than predicting the
noise ε directly, we use the v-parametrization [11], commonly
used in OmniLearn applications, where the network is trained
to predict

v(zt , t, ·) = α(t )ε − σ (t )z0

Concretely, the event branch takes (et , t ) as input and predicts
ve, while the particle branch takes (xt , t, e, m) and predicts vx.
Thus, from a prediction vθ , we can obtain a denoised estimate:

ẑ0 = α(t )zt − σ (t )vθ (zt , t, ·)
where the training minimizes a mean-squared error between
the predicted and the target velocities.

B. Two-branch architecture: Event and particle generator

To implement the diffusion denoisers, the two-branch ar-
chitecture is used with separate networks for the event-level
vector and the per-event particle set, as displayed in Fig. 1.

Event branch: The event denoiser is a ResNet MLP that
takes the noised event vector et and the diffusion time t . The
time embedding is injected through feature-wise scale/shift
modulation, and the network predicts the event v-target ve.
During generation, this branch is used to sample an event
vector e0 starting from Gaussian noise by running the reverse
diffusion sampler.

Particle branch: The particle denoiser is based on a PET
body consisting of stacked transformer blocks with a locality
bias, followed by a conditional generator head. It takes the
noised particle tensor xt , the diffusion time t , the event-level
conditioning vector e, and the padding mask m, and predicts
the particle v-target vx. The mask prevents padded entries
from contributing to the computation and to the loss, enabling
stable learning for variable multiplicity.

With this two-branch design, event generation and particle
generation are performed sequentially at inference time: we
first sample e0 with the event branch, which also determines
the particle multiplicity to be generated, then sample the par-
ticle set x0 with the particle branch conditioned on e0.
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III. DATA, MODEL, AND TRAINING STRATEGY

All results in this paper are obtained with Pythia8 Angan-
tyr [12,13] heavy-ion simulations for both O-O and Pb-Pb
collisions at

√
sNN = 5.36 TeV. Events are stored in HDF5

format with a fixed structure consisting of (i) an event-level
array of shape (Nevt, 11) and (ii) a particle-level array of shape
(Nevt, Nmax, 6). The same format is used for the training, test-
ing and validation datasets, and generated samples are written
in the identical structure to enable closure studies.

A. Training splits and multiplicity regimes

We use explicit train/test/validation splits to separate op-
timization from physics validation. For O-O collisions, we
train on 106 events and reserve 3 × 105 events for test and
105 events for validation, which is used for the performance
plots shown in Sec. IV. The O-O samples have a characteristic
maximum multiplicity of O(103) particles per event.

For Pb-Pb collisions, the multiplicity increases by roughly
an order of magnitude in the samples considered here, reach-
ing O(104) particles per event. This large multiplicity gap
motivates the two-stage training strategy described below in
Sec. III C. The statistics used for this fine-tuning stage is ap-
proximately one-tenth the size of the O-O collisions’ stage-1
sample size: we train on 105 Pb-Pb events and reserve 3 × 104

for testing and 4 × 103 for validation.

B. Event and particle feature vectors

In our datasets, we choose the event-level vector to contain
the following 11 scalars:

e =
(

〈pT〉,
∑

pT, Qx, Qy, ψEP, b,

Ncoll, Npart, 〈η〉, 〈φ〉, Nparticles

)
.

Here, the mean quantities are explicitly per-event averages
over the final-state particles N :

〈pT〉 = 1

N

N∑
i=1

pT,i, 〈η〉 = 1

N

N∑
i=1

ηi, 〈φ〉 = 1

N

N∑
i=1

φi.

The flow-vector components (Qx, Qy) stored at event-level are
the second-harmonic transverse flow vectors:

Qx =
N∑

i=1

pT,i cos(2φi ), Qy =
N∑

i=1

pT,i sin(2φi ).

The event-plane angle ψ2 is calculated using ψ2 =
1
2 atan2(Qy, Qx ).

The remaining components are generator-level geometry
quantities describing the impact parameter b, the Glauber-
model [14] number of nucleon-nucleon collisions Ncoll, the
number of participants Npart, and the final-state multiplicity
Nparticles.

Each particle token is represented by the six-dimensional
feature vector:

xi = (
φrel

i , pT
rel
i , ηrel

i , pTi, ηi, φi
)
.

The relative coordinates are defined with respect to the event-
level reference mean values, and the prel

T,i is defined as prel
T,i =

ln ( pT,i

〈pT〉 ).
This approach allows the model to learn both the absolute

kinematics and the event-normalized structure, stabilizing the
learning process across events with varying multiplicity. All
event-level and particle-level features are standardized prior
to training by subtracting the training-set mean and divid-
ing by the standard deviation, computed independently for
each component. The multiplicity is normalized separately
and mapped back to integer values during generation. The
same preprocessing constants are applied at generation time
to revert the model output to physical units.

C. Implementation, compute constraints, and two-stage strategy

In the particle branch, locality is introduced through the
PET neighborhood construction, which operates on a geom-
etry embedding rather than the full particle feature vector.
In our implementation, the geometry coordinates passed to
the PET body are the two relative particle-token features
gi = (φrel

i , prel
Ti ), while the full six-dimensional token remains

available to the network for denoising. This design choice
applies only to the neighborhood definition (locality bias)
and was selected empirically in our setup as it led to stable
optimization and an improved learned structure.

Training follows the conditional diffusion objective de-
scribed in Sec. II, using the same noise schedule and
v-parametrization for both event and particle branches. The
dominant practical constraint is GPU memory in the particle
branch. PET uses transformer blocks that model correlations
within the particle set by computing pairwise interaction
weights between particles. Concretely, for a padded parti-
cle length Nmax, the model constructs a table of interaction
scores between all particle pairs, replicated over a number
H of parallel heads (independent attention subspaces). This
yields a tensor of scores with shape [B, H, Nmax, Nmax], where
B denotes the batch size. These scores are then converted
into normalized weights by applying a softmax (a normal-
ization that aligns scores to non-negative weights that sum to
one over the neighbor index), and the resulting weights are
used to aggregate information across particles. This construc-
tion implies memory that grows approximately quadratically
with Nmax. In addition, the training step further increases
the memory demand as it must retain the computational
graph needed to compute gradients for the back-propagation
purpose. Consequently, increasing the maximum multiplicity
rapidly increases the memory footprint: the regime Nmax ∼
O(103) (O-O) is tractable, while Nmax ∼ O(104) (Pb-Pb) be-
comes a limiting factor, forcing much smaller batch sizes and
motivating a staged training procedure.

Thus, we adopt the two-stage strategy aimed at transfer-
ring a stable event-particle representation across multiplicity
regimes. Stage 1 (O-O training): We train the full generator
(event and particle branches) on O-O events to learn robust
single-particle and multiparticle structure in a moderate-
multiplicity environment, establishing baseline closure for
event-level distributions, particle-level kinematics, and flow-
related observables reconstructed from particles. Stage 2
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FIG. 2. Event-level one-dimensional closure tests for the Stage-1 O-O generator. Shown are representative global event properties used for
particles conditioning and generated by the event branch: 〈pT〉, 〈η〉, the second-harmonic event-plane angle ψ2, the impact parameter b, the
number of nucleon–nucleon collisions Ncoll, and the event multiplicity Nparticles. All distributions are normalized to unit area. The lower panels
show the ratio of generated-to-validation distributions with statistical uncertainties from bin counts. The gray bands delimit ±5% and ±10%
around unity.

(Pb-Pb fine tuning): We initialize the weights from the O-O
checkpoint and fine tune on Pb-Pb events, thus adapting to a
new higher-multiplicity regime.

IV. RESULTS FOR O-O COLLISIONS

A. Model configuration and checkpoint selection

The O-O results presented in this section are obtained
from the Stage-1 model trained on the Perlmutter supercom-
puter [15] in data-parallel mode using Horovod [16] across 5
GPU nodes (20 GPUs total). Training is performed with the
OmniLearn TensorFlow/Keras implementation [17]. We use
a per-rank (local) batch size of 64 and train for 75 epochs.
Optimization uses the Lion optimizer [18] with parameters
β1 = 0.95 and β2 = 0.99. The learning rate follows a cosine-
decay schedule starting from 3 × 10−5 with a warmup phase
corresponding to three epochs. The full model contains 2.15
× 106 trainable parameters in total (event branch + PET +
particle generator head).

Throughout training, the best-performing weights are
tracked on the held-out validation loss and automatically
saved; all plots shown in this section are produced using
the best saved checkpoint (lowest validation loss) rather than
the final epoch. In early development we tested strict early-
stopping criteria based on rapid validation-loss stabilization;
this typically terminated training much earlier but led to de-
graded closure in downstream physics observables. A more
detailed quantification of the quality between different models
is described in Section IV E. In the following, we thus retain a

fixed-length training while saving the best checkpoint, which
allows the optimizer to reach an improved minima, not cap-
tured by early plateau-based stopping.

B. Event- and particle-level validation

Figures 2 and 3 summarize the one-dimensional perfor-
mance for the Stage-1 generator at both event and particle
levels.

At the event level (Fig. 2), we validate the one-dimensional
distributions of the global properties used for conditioning and
generation. The displayed variables include the event-level
mean transverse-momentum 〈pT〉 and pseudorapidity 〈η〉, the
event-plane angle ψ2, the impact parameter b, and multiplic-
ity component Nparticles. The generated distributions closely
follow the validation reference across the bulk of the phase
space, establishing that the model is successfully reproducing
the global event characteristics.

At the particle level (Fig. 3), we validate the one-
dimensional distributions of the six particles representations,
including both the relative variables and the corresponding
absolute kinematics. Good agreement is observed simultane-
ously in both the relative and absolute variables: the model
reproduces the central region, and widths of the distributions,
with the generated/validation ratio remaining close to unity
over the dominant phase-space region. The performance of
the relative variables is particularly important, as it indicates
that the generator captures event-normalized structure rather
than simply matching global averages. Fluctuations are visible
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FIG. 3. Particle-level one-dimensional closure tests for the Stage-1 O-O generator. Distributions are shown for the six-dimensional particles
representation, including the relative variables (prel

T , ηrel, φrel ) and the corresponding absolute kinematics (pT, η, φ). All the distributions are
normalized to unit area. The lower panels show the ratio of generated-to-validation distributions with statistical uncertainties. The gray bands
delimit ±5% and ±10% around unity.

in the extreme high-pT tail, where statistical uncertainties
are large because such particles are rare (only 0.0032% of
validation particles satisfy pT > 10 GeV/c). The impact of
these tails is assessed in Section IV D through the end-to-end
jet reconstruction and substructure observables.

We perform two-dimensional consistency checks to verify
that the Stage-1 generator successfully reproduces the joint
structure of the most important event-level and particle-level
observables. Figure 4 shows the generated-to-validation ratio
maps, with the 95th-percentile region of the validation distri-
bution delimited by the dashed lines for the event-level and the
particle-level features respectively. These validations are de-
signed to probe whether the generator preserves correlations
between global activity variables and event-shape proxies,
not only their one-dimensional projections. In the populated
phase-space region, the ratio is compatible with unity within
statistical precision, while larger fluctuations appear primarily
in low-occupancy edge bins, as expected from limited statis-
tics in the tails.

To summarize the agreement quantitatively, we compute
a binned generated-to-validation score in the full region and
report both the mean and the median over bins (the median
being more robust to sparsely populated edge bins). For the
event-level pairs, we obtain (r, r̃) = (1.02, 1.00) for 〈η〉 vs
〈pT〉 and (0.97, 0.99) for Nparticles vs

∑
pT. At the particle

level, the corresponding scores are (1.01, 1.00) for both η

vs pT and for φ vs pT, consistent with the near-unity ratio
maps in the densely populated region. This confirms that the
Stage-1 model reproduces not only the inclusive distributions
but also the dominant inter-variable structure that controls

event classification and mixing-pool definitions in mixed-
event workflows.

C. Event-particle correlations and collective structure

One of the key requirements for validating the generated
events is that particle-level kinematics remain consistent with
event-level kinematics. In particular, the generator must pre-
serve the correlation between the stored event features and
the azimuthal organization of the generated particle ensemble.
We therefore perform a set of event-particle correlation tests
that explicitly connect particle-level observables to event-level
quantities beyond one-dimensional closure.

a. Q-vector evaluation for particle- to event-level
correlation. We first test whether the event-level second-
harmonic flow vector (Qx, Qy) produced by the event branch
is consistent with the same quantity reconstructed from the
generated particles. For each generated event we recompute
Qx, Qy, using the particle-level (pT, φ) features. The left panel
of Fig. 5 shows the reconstructed (Qreco

x , Qreco
y ) from particles

as a function of the generated event-level (Qgen
x , Qgen

y ).
A strong linear correspondence is observed between the
reconstructed and generated Q, with correlation coefficients
ρ 	 0.99 for both components. The �Qx,y = Qreco

x,y − Qgen
x,y re-

sults are shown on the right panel of Fig. 5, where the
distribution is narrow and centered close to zero, with
(μx, σx ) = (0.09, 1.16) and (μy, σy) = (−0.03, 1.27). This
indicates that the generated particle ensemble reflects the
global second-harmonic azimuthal structure encoded by the
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FIG. 4. Two-dimensional generated-to-validation ratio maps probing joint structures at both (top) event level and (bottom) particle level in
O-O collisions. The dashed lines indicate the interval containing 95% of the statistics, and are shown as a visual guide to highlight the region
where most of the data populate and where the agreement between generated and reference distributions is most relevant.

event branch, thereby preserving the overall event topology
on the generated particle level.

b. Two-particle azimuthal correlations. Next, we probe
whether the generator reproduces the azimuthal correlation
structure of particle pairs in a trigger-selected configuration.

We study the distribution of �φ = φtrig − φassoc using trigger
with ptrig

T > 4 GeV/c and all associated particles within the
same event. The left panel of Fig. 6 shows the �φ distribution.
Good agreement between validation and generated samples
is maintained across the full �φ ∈ [−π, π ] interval, with the

FIG. 5. Event-particle consistency checks for the Stage-1 O-O generator. Left: Correlation between event-level Q-vector components
(Qx, Qy ) generated by the event branch and the corresponding values reconstructed from the generated particle ensemble. Right: The
corresponding �Qx,y = Qreco

x,y − Qgen
x,y distributions.
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FIG. 6. Two-particle azimuthal correlations in O-O collisions. Left: One-dimensional �φ = φtrig − φassoc distribution for triggers with
ptrig

T > 4 GeV/c and all associated particles, comparing validation (gray) with the generated (black) data. The lower panel shows the generated-
to-validation ratio with statistical uncertainties. The gray bands delimit ±5% and ±10% around unity. Right: The generated-to-validation ratio
map of the distribution (�φ, ptrig

T ). The ratio remains consistent with unity within statistical uncertainties.

generated-to-validation ratio consistent with unity at the ∼2%
level in the populated region. To further test the conditional
structure, we examine the joint distribution of �φ versus
trigger pT (Fig. 6, right). In the high-occupancy region, the
ratio map stays consistent with unity, showing that the model
preserves the �φ correlation and its dependence on the trigger
transverse momentum ptrig

T . This is important for correlation
measurements and for mixed-event pool definitions that in-
corporate event activity and trigger selections.

c. Collectivity study with v2{SP}(pT). A key requirement
for a heavy-ion event generator is to reproduce not only
single-particle kinematics but also the long-range collective
anisotropies that encode the medium response to the initial-
state geometry. The elliptic-flow coefficient v2(pT) is the
dominant harmonic in noncentral collisions and is a standard
benchmark for collectivity, as it reflects the correlation of
particle emission with a common symmetry plane and its
event-by-event fluctuations. We therefore validate the gener-
ator using a two-subevent scalar-product (SP) measurement
[19] with an η gap, which suppresses short-range non-flow
correlations by correlating particles with a reference esti-
mated in a separated pseudorapidity region. Each event is split
into two subevents A and B in pseudorapidity, and for each
subevent a second-harmonic reference is constructed from
the azimuthal distribution of particles using pT weights. In
a SP formulation this corresponds to correlating the unit flow
vector of the particle of interest with the subevent reference
and normalizing by the correlation between the two subevent
references. For particles in a given pT bin, the SP estimator is

v2{SP}(pT) ≡ 〈cos [2(φ − ψ2,ref )]〉pT√〈cos [2(ψ2,A − ψ2,B)]〉 ,

where ψ2,ref = ψ2,B for particles of interest in subevent A and
ψ2,ref = ψ2,A for particles of interest in subevent B. Figure 7
shows v2{SP}(pT) for both the validation and the generated
samples. The generator reproduces the overall magnitude and

pT dependence within uncertainties over the bulk region. This
confirms that the model preserves the event-by-event coupling
between a global elliptic anisotropy reference and the dif-
ferential particle emission pattern in a way that survives an
η-separated scalar-product definition.

D. Downstream reconstruction: Jets and substructure

a. Inclusive jets. A central requirement for downstream
applications is that generated particles remain usable af-
ter standard reconstruction steps. We therefore perform an
end-to-end closure test in which the generated particles are
clustered with the same jet definition as the validation sam-
ple, using the anti-kT algorithm [20] with radius parameter
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FIG. 7. Two-subevent scalar-product measurement of elliptic
anisotropy in O-O collisions v2{SP} as a function of pT for the valida-
tion (green) and generated (black) data comparison. The lower panel
shows the generated-to-validation ratio with statistical uncertainties.
The gray bands delimit ±5% and ±10% around unity.
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FIG. 8. Jet reconstruction closure in O-O collisions using FastJet anti-kT jets with R = 0.4. The top panels compare the validation and
generated distributions for pjet

T , ηjet , φjet , E jet , jet mass, and the jet constituent multiplicity. The bottom panels show the generated-to-validation
ratios with statistical uncertainties and shaded ±5% and ±10% bands around unity. The dashed lines delimit the region in which lies 99.8% of
the statistics.

R = 0.4 implemented in FastJet [21]. Figure 8 summarizes
the result of the jet clustering with one-dimensional validation
at the reconstructed-jet level for inclusive jet kinematics and
basic structural properties: pjet

T , ηjet , φjet , E jet , jet mass, and
the number of constituents. Across the bulk of the distribu-
tions, the generator reproduces the reconstructed jet spectra
and shapes with the generated-to-validation ratios close to
unity, indicating that the particle-level closure established in
Sec. IV B survives clustering and is not spoiled by reconstruc-
tion nonlinearities.

The agreement is particularly strong for the geometric jet
coordinates: ηjet and φjet remain flat and consistent with the
validation reference within uncertainties across the accep-
tance. For E jet , jet mass, and constituent multiplicity, the ratios
remain compatible with unity over the dominant support of the
distributions, demonstrating that the model captures not only
the inclusive jet yield but also the internal energy sharing and
multiplicity patterns that control basic substructure sensitivity.

In the extreme high-pT tail of the jet spectrum deviations
are most visible where the generated distribution tends to
undershoot the validation reference. The agreement remains
within the ±10% band over essentially the entire populated
region: the generated-to-validation ratio stays close to unity
up to approximately the 99.8% of the validation jet-pT dis-
tribution. The observed undershoot is confined to the final
∼0.2% of jets in the far tail, where statistical uncertainties

are intrinsically large and small absolute differences translate
into relative fluctuations.

In conclusion, this end-to-end reconstruction is particularly
important as it validates the generator after applying a stan-
dard physics analysis pipeline: jets are reconstructed from the
generated point clouds particle tokens, using the same FastJet
anti-kT algorithm applied to the validation sample, and the
resulting observables are directly comparable to those used in
experimental analyses. The good agreement across inclusive
jet kinematics therefore indicates that the generated particle
ensembles are not only distributionally accurate, but also yield
consistent physics objects under downstream reconstruction.

b. Jet substructure: Recoil-free axis, grooming, and angu-
larities. To tighten the jet-level validation beyond inclusive
kinematics, we compare substructure observables that probe
correlated radiation inside the jet and can be more sensi-
tive to mis-modelling. Figure 9 shows validation for three
representative observables, with the cut pjet

T > 10 GeV/c ap-
plied. (i) A recoil-free axis benchmark using Winner-Take-All
(WTA) [22] reclustering with the Cambridge-Aachen algo-
rithm [23], quantified by the axis displacement �RWTA-std ≡
�R(JWTA, J ). (ii) Soft-drop grooming with zcut = 0.1 [24],
reported as the groomed-to-ungroomed axis displacement
�RSD ≡ �R(JSD, J ). (iii) The jet angularity [25] λκ=1

α with
α = 2, λκ=1

α = ∑
i∈jet zi(

�Ri
R )α, zi = pT,i

pjet
T

. Across the domi-

nant support in Fig. 9, the generated sample reproduces the
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FIG. 9. Distributions for (left) the WTA-standard axis displacement �R, (middle) the Soft Drop groomed-to-ungroomed axis displacement
�R with zcut = 0.1, and (right) jet angularity with α = 2. Lower panels show the generated-to-validation ratios with statistical uncertainties
and shaded ±5% and ±10% bands around unity.

validation reference with the generated-to-validation ratios
consistent with unity, indicating that the model captures not
only inclusive jet production but also key features of the
internal angular and energy-sharing structure.

c. Underlying-event background proxy. As a final jet-
level closure test, we validate the underlying-event (UE)
background estimate obtained with the area-median method.
We estimate the event-wise background density ρ using a
median-based procedure and compute the jet background
proxy ρAjet for reconstructed anti-kT jets with R = 0.4 and
pjet

T > 10 GeV/c, where Ajet is the active jet area. Figure 10
shows the resulting ρAjet distributions for the validation and
generated samples. The generated distribution follows the
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FIG. 10. Top: Eventwise background density ρ is estimated with
a median-based kT procedure (excluding the two hardest jets) and
multiplied by the reconstructed jet area Ajet for anti-kT jets with
R = 0.4 and pjet

T > 10 GeV/c. Bottom: Generated-to-validation ra-
tios with statistical uncertainties and shaded ±5% and ±10% bands
around unity.

validation reference over the bulk of the spectrum, with the
generated-to-validation ratio remaining close to unity and
within the ±10% band across the populated region. This
agreement indicates that the generated events reproduce con-
sistent UE background levels and fluctuations when processed
through the same median-based estimator and jet-area correc-
tion as the validation reference sample.

E. Global fidelity metrics

To complement the observable-by-observable validations
presented in the section above, we summarize model quality
using compact metrics designed to compare training configu-
rations. In particular, we focus here on three models that use
the same architecture and preprocessing but differ in available
statistics or training time: a model trained on 20% of the
used full dataset, a 1M (where M denotes 106) training events
(full dataset) model trained for 30 epochs (early stopped),
and the final 1M training events model trained for 70 epochs.
Figure 11 shows four global indicators: (a) marginal fidelity
at the event level, (b, c) a condensed measure of event-particle
coherence based on Q-vector closure discussed in Sec. IV C,
and (d) a particle-level marginal fidelity score. For event-level
marginal fidelity we report the mean one-dimensional Wasser-
stein distance averaged over the event observables used as
conditioning inputs in this work,

〈W1〉evt ≡ 1

Nvar

∑
v

W1(pval(v), pgen(v)),

where v runs over the set of event-level variables and
Nvar is the number of variables included in the average.
W1(pval(v), pgen(v)) denotes the one-dimensional Wasserstein
distance between the validation and generated distributions of
the scalar observable v. Discrete countlike variables (Ncoll,
Npart, Nparticles) are rounded to the nearest integer prior to
computing distances. As displayed in Fig. 11(a), the event-
level score improves systematically with increased training
statistics and longer training.

To summarize conditional consistency between the gen-
erated particle set and the event-level representation, we
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FIG. 11. Global fidelity metrics for O-O models, comparing 20% statistics, 1M/30 epochs, and 1M/70 epochs. (a) Event level: mean 1D
Wasserstein distance over event conditioning observables. (b, c) Event-particle coherence: Q-vector closure (correlation, RMS). (d) Particle
level: marginal fidelity from the mean 1D Wasserstein distance over (pT, η, φ).

use the Q-vector closure discussed in Sec. IV C applied to
the different models. We reconstruct the second-harmonic
Q-vector from generated particles and compare it to the cor-
responding event-level values stored in the generated event
representation. We compress this comparison into the Pear-
son correlation corr(Qtrue, Qreco) [Fig. 11(b)] and the residual
scale RMS(Q) ≡

√
〈(Qreco − Qtrue )2〉, shown in Fig. 11(c),

quantifying the typical event-by-event mismatch between the
event-level Q and the reconstructed particle level. In both
panels we report the average of the Qx and Qy scores, with the
error bars indicating the spread between the two components.
This compact view is useful for distinguishing models that
achieve improved event-level marginals but differ in their
ability to transmit the conditioning information to particle-
level correlations. The three models separate clearly in these
metrics. The final 1M/70-epoch model achieves near-linear
correlations as discussed previously, and RMS errors of or-
der unity (RMSQx = 1.14, RMSQy = 0.99). In contrast, the
1M/30-epoch model shows a pronounced degradation in con-
ditional structure, with correlations dropping to corr(Qx ) =
0.888 and corr(Qy) = 0.901 and RMS increasing to ∼4.4–
4.6. The 20% model is intermediate: correlations remain
relatively high [corr(Qx ) = 0.952, corr(Qy) = 0.978], but the
residual scale is still larger than for the final model [RMSQx =
3.16, RMSQy = 2.07].

Finally, to include an explicit particle-level marginal score
beyond the Q-closure test, we compute a particle-level
mean one-dimensional Wasserstein distance using the single-
particle kinematic distributions of (pT, η, φ):

〈W1〉part ≡ 1
3

[
W1

(
pval

T , pgen
T

) + W1(ηval, ηgen )

+ W1(φval, φgen )
]
,

where particle samples are assembled over events after mask-
ing padded entries. For the azimuthal angle, periodicity is
handled by computing the distance in the (sin φ, cos φ) rep-
resentation. For the three models, we find 〈W1〉part 	 2.25 ×
10−3 (20%), 2.86 × 10−3 (1M/30 epochs), and 2.18 × 10−3

(1M/70 epochs), as displayed in Figure 11(d). The particle-
marginal score varies only weakly across configurations,
indicating that single-particle kinematics are captured rel-
atively early, whereas the dominant gains from increased

statistics and longer training are reflected in improved
event-level marginals and, more strongly, in event-particle
correlation.

Taken together, Figure 11 shows that longer training
and larger statistics primarily improve the conditional struc-
ture of the generator: the 1M/70-epoch model achieves the
best event-level marginal fidelity and, more importantly, the
strongest event-particle coherence (highest Q correlation and
smallest RMS). In contrast, the particle-level marginal score
varies only weakly across the three trainings, indicating that
particle-level marginals saturate earlier, whereas the domi-
nant gains from extended training are expressed in event-level
agreement and in the faithful propagation of event-level con-
ditioning information to particle level.

a. Classifier-based discriminability test. As an additional,
fully multivariate validation, we train a lightweight super-
vised classifier to distinguish generated from validation events
and particles. The classifier performance is then summarized
by the receiver operating characteristic (ROC) curve and its
area under the curve (AUC), where AUC = 0.5 indicates no
separability (random guessing) and larger AUC values quan-
tify increasingly detectable differences between generated and
validation samples. For the event-level test, we train a multi-
layer perceptron (MLP) on the event feature vector to classify
validation events versus generated events. We use a 70/15/15
train/test/validation split. Input features are normalized using
the mean and standard deviation computed on the training
subset, and the same transformation is applied to the valida-
tion and test subsets. For the particle-level test, we use an
order-invariant classifier suitable for variable-length particle
lists. Each particle is processed by the same small MLP to
produce an embedding, and these embeddings are averaged
over particles using a mask to ignore padding, similar to the
DEEP SETS [26] architecture. The resulting event embedding
is then passed to a final MLP head to classify validation versus
generated events. This construction ensures that the classifier
output is insensitive to the arbitrary ordering of particles in the
input.

Figure 12 shows that, for the final O-O model, both the
event-level and particle-level classifiers yield ROC curves
consistent with random guessing (AUC 	 0.5), indicating
that the generated samples are difficult to distinguish from
validation in these global representations.
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FIG. 12. Classifier-based discriminability test (ROC) between validation and generated samples for the final O-O model. Left: Event-level
MLP. Right: Particle-level order-invariant classifier.

V. FINE TUNING WITH PB-PB COLLISIONS

We now extend to the two-stage training strategy by fine
tuning the Stage-1 O-O generator on Pb-Pb collisions. This
step targets the high-multiplicity regime, where preserving
global coherence between the event-level conditioning vari-
ables and the particle ensemble becomes substantially more
challenging. The Pb-Pb training uses the same OmniLearn
architecture and pre-processing pipeline as described for O-O
collisions in Sec. IV, and the same HDF5 data format. The
used Pb-Pb sample corresponds to 10% of the O-O statistics.
Fine tuning is performed on the Perlmutter supercomputer in
data-parallel mode using Horovod across 5 GPU nodes (20
GPUs total), the same as the Stage-1 training. We initialize
the model from the best O-O checkpoint and train for 25
epochs, saving the best-performing weights according to the
validation loss. Due to the substantially larger per-event multi-
plicities in Pb-Pb, GPU memory constraints require a per-rank
batch size of 1.

A. Validations at event and particle levels

We first assess whether the fine-tuned model reproduces
the marginal distributions of key Pb-Pb collisions observables.

Figure 13 shows event-level validations for the following
representative global quantities: the impact parameter b, the
number of binary nucleon-nucleon collisions Ncoll, and the
multiplicity Nparticles. As expected for Pb-Pb collisions, these
observables span a broad dynamical range and are dominated
by large event-by-event fluctuations associated with vary-
ing collision geometry. The generated sample reproduces the
dominant support of all three distributions, with the generated-
to-validation ratios remaining compatible with unity over the
phase space. More precisely, the Pb-Pb fine tuning extends
the accessible geometry and activity ranges by more than an
order of magnitude relative to the O-O model: the impact
parameter distribution reaches b ∼ 18 (compared to b � 10
in O-O), Ncoll extends up to ∼3 × 103 (compared to ∼102),
and the multiplicity spans up to Nparticles ∼ 104 (compared to
∼103).

The particle kinematics (pT, η, φ) are validated in Fig. 14
after masking padded entries. The generated sample re-
produces the steeply falling Pb-Pb transverse-momentum
spectrum over the dominant support, with the generated-to-
validation ratio remaining close to unity through the bulk and
deviations becoming visible only in the far high-pT tail where
statistical uncertainties are largest. The pseudorapidity and
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FIG. 13. Top: Distributions shown for the impact parameter b, the number of binary collisions Ncoll, and the multiplicity Nparticles for both
generated and validation samples. They are normalized to unit area. Bottom: The generated-to-validation ratios with statistical uncertainties
and shaded ±5% and ±10% bands around unity.
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FIG. 14. Top: The absolute single-particle kinematic (pT, η, φ) distributions for both validation and generation samples. The distributions
are normalized to unit area. Bottom: The generated-to-validation ratios with statistical uncertainties and shaded ±5% and ±10% bands around
unity.

azimuthal distributions are very well described: within the
track acceptance, η is reproduced with a flat generated-to-
validation ratio at the percent level, and φ remains uniform
and consistent with the validation, indicating that the fine-
tuned model does not introduce spurious longitudinal or
azimuthal distortions at the particle level.

B. Downstream reconstructions

a. Inclusive jets. We next validate that the fine-tuned Pb-
Pb generator remains consistent under standard jet finding.
Anti-kT jets with R = 0.4 are clustered from the generated
particle ensembles with the same FastJet configuration as
for the validation sample. Figure 15 (left) compares recon-
structed jet observables, including pjet

T , ηjet, φjet , jet energy,
jet mass, and constituent multiplicity. The generator captures
the dominant support of the inclusive jet kinematics, with the
generated-to-validation ratios remaining in agreement with
unity over the bulk of each distribution. The geometric jet

coordinates show particularly stable closure: ηjet and φjet are
flat and consistent with the validation reference, indicating
that the fine tuning does not introduce any acceptance distor-
tions or azimuthal biases at the reconstructed level. Compared
to O-O (Sec. IV D), the Pb-Pb distributions extend to larger
jet activity and significantly higher constituent multiplici-
ties, reflecting the denser underlying environment; the fact
that the closure remains stable across this broadened phase
space provides a nontrivial end-to-end validation of the Pb-Pb
fine tuning. Deviations become more pronounced only in the
most extreme high tails, which affects around 0.2% of the
data.

b. Underlying-event background proxy. A distinctive fea-
ture of jet reconstruction in high-multiplicity Pb-Pb collisions
is the need to account for the underlying-event background.
We therefore validate the per-jet background proxy ρAjet ,
where ρ consists of the eventwise median background density
estimator and Ajet the active jet area. Figure 15 (right) shows
the ρAjet distribution for jets, with the cut pjet

T > 10 GeV/c

FIG. 15. Left: Inclusive anti-kT reconstructed jet observables reconstructed with R = 0.4 (top), with the generated-to-validation ratios
(bottom) displayed for each of the observables with statistical uncertainties. The dashed lines delimit the region in which lies 99.5% of the
statistics. Right: Jet-level background proxy ρAjet for pjet

T > 10 GeV/c.
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applied, for both the validation and generated samples, to-
gether with the generated-to-validation ratio. The generator
reproduces the shape and normalization over the populated
region, with the ratio remaining close to unity within the
±10% band for most of the distribution. Relative to O-O
collisions, the ρAjet spectrum is substantially broader and
extends to larger values, reflecting the stronger underlying-
event background in Pb-Pb collisions. The observed closure
thus indicates that the fine-tuned model reproduces this new
learned background environment consistently when processed
through the same median-density and jet-area pipeline as the
validation sample.

C. Physics-informed loss

A central requirement for a realistic heavy-ion event gen-
erator is that the produced particles collectively encode the
azimuthal anisotropy specified by the event-level condition-
ing. This collective structure is characterized by the flow
vector Q and the associated event-plane angle, as discussed
in Sec. IV C. Thus, for the model to be physically meaningful,
the Q-vector components and event-plane angle reconstructed
from the generated particles must correlate, event by event,
with the generated values. In the fine-tuned Pb-Pb model,
however, this coherence is initially absent. The Q-vector
correlations collapse to ρQx = 0.11 and ρQy = 0.06, and the
reconstructed event-plane angle is uniformly distributed rel-
ative to the conditioned value: 〈cos(2�ψ2)〉 = 0.028. This
breakdown originates in the per-particle training objective.
The mean-squared-error loss treats each particle indepen-
dently and imposes no explicit constraint on the collective
azimuthal structure of the generated event. In O-O colli-
sions, with multiplicities of O(103) and batch sizes of 64, the
gradient signal propagated through the attention mechanism
is sufficient for the model to implicitly learn the global φ

modulation on the particle-level. However, in Pb-Pb, with
multiplicities of O(104) and per-rank batch size of 1 due
to memory constraints, each particle’s azimuthal coordinate
contributes a vanishingly small fraction to the overall flow pat-
tern, and the standard loss carries insufficient information to
enforce the collective constraint. To address this, we introduce
a physics-informed auxiliary loss Lψ that directly enforces
collective azimuthal alignment. At each training step, the
de-noised particle estimate x̂0 obtained from the v-prediction
(Sec. II B) is reverted to physical pT and φ coordinates, from
which we reconstruct the corresponding event-plane angle
ψ reco

2 . The loss penalizes the angular misalignment with the
conditioned value:

Lψ = 1 − cos
(
2
(
ψ reco

2 − ψ true
2

))
.

This loss term is applied only at low noise levels (t <

0.5), where the de-noised estimate is physically meaning-
ful. Starting from the O-O Stage-1 model, four epochs
of training with Lψ enabled raise the flow-vector correla-
tions from (ρQx , ρQy ) ≈ (0.11, 0.06) to (0.74, 0.82), and the
angular alignment from 〈cos(2�ψ2)〉 = 0.04 to 0.87. This

demonstrates that a physics-informed constraint targeting the
collective flow structure can recover azimuthal coherence that
the standard data-driven objective misses at this multiplic-
ity scale. The rapid convergence suggests that the model
has already learned the relevant particle-level features during
standard fine tuning; the auxiliary loss serves to align the
collective output with the conditioning.

VI. CONCLUSIONS

We have presented a score-based diffusion generative
model for the generation of heavy-ion collision events, built
on the OmniLearn framework and the point-edge transformer
architecture. The model employs a two-stage training strategy:
initial training on O-O events, followed by fine tuning on
Pb-Pb events at

√
sNN = 5.36 TeV.

For O-O collisions, the model achieves excellent per-
formance across a large set of the studied observables.
The generated events agree with the training data across
event-level properties, particle-level kinematics, two-particle
correlations, and reconstructed jet observables including sub-
structures. The model correctly captures the differential
elliptic flow v2{SP}(pT), and the event-by-event Q-vector cor-
relations exceeding 0.99, evidence that the model learns the
azimuthal structure underlying flow. Event generation takes
around 2.9 s per O-O event on a single NVIDIA A100 GPU,
providing a speedup of one to two orders of magnitude com-
pared to transport-model generators [27].

Fine tuning on Pb-Pb collisions produces similarly good
agreement in event- and particle-level distributions, jet prop-
erties and their substructure. However, the event-by-event Q
reconstruction from generated particles disagrees with ex-
pected values. We attribute this observation to the extreme
multiplicity and memory-limited batch size, which limits the
gradient propagation below the level needed to enforce the
global azimuthal structure. We then introduce a physics-
informed auxiliary loss Lψ in Sec. V C that recovers this
correlation, increasing 〈cos(2�ψ2)〉 from 0.04 to 0.87 in
only four training epochs. This result illustrates how targeted
physics constraints can complement data-driven diffusion
training in regimes where collective structure is too dilute for
the standard training to capture.
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