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Abstract

A central challenge in high-energy nuclear physics is to extract informative fea-
tures from the high-dimensional final-state data of heavy-ion collisions (HIC) in
order to enable reliable downstream analyses. Traditional approaches often rely on
selected observables, which may miss subtle but physically relevant structures in
the data. To address this, we introduce a Transformer-based autoencoder trained
with a two-stage paradigm: self-supervised pre-training followed by supervised
fine-tuning. The pre-trained encoder learns latent representations directly from
unlabeled HIC data, providing a compact and information-rich feature space that
can be adapted to diverse physics tasks. As a case study, we apply the method to
distinguish between large and small collision systems, where it achieves signifi-
cantly higher classification accuracy than PointNet. Principal component analysis
and SHAP interpretation further demonstrate that the autoencoder captures com-
plex non-linear correlations beyond individual observables, yielding features with
strong discriminative and explanatory power. These results establish our two-
stage framework as a general and robust foundation for feature learning in HIC,
opening the door to more powerful analyses of quark—gluon plasma properties
and other emergent phenomena. The implementation is publicly available at
https://github.com/Giovanni-Sforza/MaskPoint-AMPT,

Machine Learning and the Physical Sciences Workshop, NeurIPS 2025.


https://github.com/Giovanni-Sforza/MaskPoint-AMPT

1 Introduction

Relativistic heavy-ion collisions provide a unique environment to study the QCD phase transition of
nuclear matter at extreme temperature and density, and to probe the properties of deconfined partonic
matter, known as quark—gluon plasma (QGP) [1H3]]. Traditional observables such as particle spectra
and anisotropic flows have revealed essential QGP features [6H9], yet they are limited in dealing with
high-dimensional final-state data. This restricts their effectiveness in capturing the subtle dynamical
differences across varying collision system sizes, for example, between large (Pb+Pb) and small

(p+Pb) systems [T0-17].

Recent advances in machine learning have introduced deep learning techniques into high-energy
nuclear physics [18-28]. Since the final-state particle phase space can be naturally represented as
unordered point clouds, models such as PointNet and Point Transformer [29-H32] have been applied
to extract representations directly from their raw data [26]. These approaches enable data-driven
exploration of QGP properties beyond traditional observables [33-H36]].

In this work, we introduce a Transformer-based autoencoder into heavy-ion collision analysis,
employing a two-stage paradigm of self-supervised pretraining followed by supervised finetuning.
The training data are provided by the AMPT (A Multi-Phase Transport) model [38]], a widely
used framework that incorporates initial condition, parton cascade, hadronization, and hadronic
rescatterings, and has been shown to reproduce many experimental observables. Using Pb+Pb and
p+Pb events generated by AMPT, the autoencoder first learns latent representations by minimizing
reconstruction error. The pretrained encoder is then finetuned with a lightweight classifier for system
identification. Compared with the PointNet baseline (39, 40], our method achieves a significantly
higher classification accuracy. Furthermore, principal component analysis, correlation analysis, and
SHAP interpretation reveal that the learned features capture both linear and nonlinear connections
with traditional observables. While identifying the collision system is not a practical challenge,
we employ it as a benchmark task to quantitatively assess the discriminative power of the latent
representations learned by our model[4T].

Our results show that self-supervised pretraining with a Transformer-based autoencoder can extract
physically meaningful structures from high-dimensional collision data. This two-stage framework
offers an effective methodology for future studies of QGP properties.

2 Model Architecture and Methodology
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Figure 1: Architecture of the masked autoencoder. The input point cloud is first partitioned into
patches by PointNet and then encoded by a Transformer. During pre-training, the encoder output
is passed to a Transformer decoder for an discrimination task between real and fake particles. For
fine-tuning and analysis, only the pretrained encoder is retained as the feature extractor.




This study utilizes p+Pb and Pb+Pb collision events from the AMPT model. Each event is represented
as a point cloud composed of the three-momenta (py, py,p.) of 128 final-state particles within
the kinematic window of pseudorapidity || < 2.4 and transvese momentum pr > 0.4 GeV/c
[42,140]. To learn the intrinsic physical structure of the data, rather than degenerating into a trivial
coordinate-memorization task, we designed a masked autoencoder based on a discrimination scheme
for pre-training (see Figs. [I) [32]. Specifically, we randomly mask 25% of each event’s point
cloud using Farthest Point Sampling (FPS), and the unmasked portion, U € R%*3 is fed into an
encoder. This encoder first extracts local features using a PointNet network, then captures global
information through a 6-layer Transformer architecture, generating a 96-dimensional feature vector f.
Subsequently, a single-layer Transformer decoder employs a cross-attention mechanism to integrate
the feature vector f with either the masked "real point cloud" or a randomly sampled "fake point
cloud," which is then judged by an MLP binary classifier head using cross-entropy loss function.
This discrimination task compels the encoder to learn high-quality physical features, as detailed in
the appendifA.T.T] After pre-training, we freeze the encoder parameters for downstream tasks.

For the task of collision system identification, we remove the decoder and feed the features f extracted
by the encoder into a simple MLP classifier. Both the pre-training and fine-tuning stages were run for
up to 300 epochs, with the best-performing model saved based on validation performance.

To provide a complete overview of our experimental configuration and validation, detailed settings
and results are summarized in the appendix/A] Specifically, TablegT|and [2]list the hyperparameters
for the pre-training and fine-tuning stages, while Table3| presents ablation results validating our key
design choices, such as the PointNet preprocessor and a 25% masking ratio. Table4] further compares
the model sizes, showing that our superior performance arises from the two-stage training paradigm
rather than from an increased parameter count. To analyze the physical meaning of the features, we
use Principal Component Analysis for dimensionality reduction, then calculate the linear correlations
between the principal components and physical observables. Finally, we combine a Random Forest
model with SHAP (SHapley Additive exPlanations) analysis to investigate non-linear associations
between them [43]].

3 Results and discussion
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Figure 2: PCA projection of the latent features learned by the autoencoder during pre-training with
3D momentum inputs, shown in the PC1-PC2 plane. The two colors denote two different systems.
The clear clustering indicates that the model, even without labels, captures and distinguishes intrinsic
physical differences between the two systems.

This study demonstrates the successful application of a masked autoencoder within a self-supervised
pre-training and supervised fine-tuning paradigm to extract physically meaningful representations
from the final-state three-dimensional momentum data of heavy-ion collisions. In the pre-training
phase, the model, without any label information, learned to spontaneously distinguish between p+Pb



and Pb+Pb collision systems in its latent space (Fig. [2), highlighting the potential of self-supervised

learning to uncover intrinsic data structures.
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Figure 3: Classification accuracy between large
and small systems across V., bins for the fine-
tuned autoencoder (black) and PointNet (red).
The autoencoder consistently outperforms Point-
Net, validating the effectiveness of the “self-
supervised pre-training + supervised fine-tuning”
strategy.
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Figure 4: Distributions of PC1 from the au-
toencoder (top) and PointNet (middle), com-
pared with o, (bottom). The overlap between
Pb+Pb and p+Pb is 0.27% for the autoencoder,
lower than PointNet (2.42%) and o, (2.71%).
While PointNet approaches the theoretical limit
of o,, the autoencoder surpasses it, demon-

strating stronger discriminative power from self-
supervised pre-training.

In the subsequent fine-tuning phase, our model’s superiority is quantitatively demonstrated by
its classification accuracy, which significantly surpasses the PointNet baseline across all tested
multiplicity ranges (Fig. [B). Error bars represent the range of the accuracies over 10 independent
trials, where the test set is split into 10 subsets for each trial. To investigate the origin of this
performance advantage, we analyzed the principal components (PCs) of the features learned by both
models. This analysis reveals a striking difference in the discriminative power of their leading PCs
(Fig.[). The distribution overlap for our autoencoder’s PC1 is merely 0.27%, substantially lower
than the 2.42% overlap for PointNet’s PC1. Crucially, PointNet’s overlap closely mirrors the 2.71%
overlap of the raw physical observable, the standard deviation of pseudorapidity distribution (o)),
suggesting that its learned representation is closely tied to this single variable.
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Figure 5: Correlation coefficients between PCs and observables, with SHAP contributions to PC1.
Autoencoder PC1 shows near-zero linear correlations but a high SHAP weight from o, indicating
that it encodes key information in a non-linear manner, which explains its superior performance.

This observation motivates a deeper analysis using SHAP values and correlation coefficients to probe
the structure of the learned features. Fig.[5]shows that PointNet’s PC1 is strongly linearly correlated
with o0, indicating that it mainly reproduces a linear representation of the most discriminative
observable. By contrast, autoencoder’s PC1 exhibits almost zero linear correlation with o, yet SHAP
analysis identifies o, as its most influential contributor. This combination of low linear correlation



and high SHAP importance demonstrates that the autoencoder, through self-supervised pre-training,
learns a more complex non-linear representation. Rather than duplicating a single observable, the
pretrained encoder extracts richer and more abstract features, which explains its markedly lower
distribution overlap and the resulting superior classification performance. Therefore, this work not
only provides a high-performance model for identifying heavy ion collision systems, but clearly
demonstrates that selfsupervised pretraining can guide a model to move beyond simple linear fitting
of key physical observables and instead learn deeper, non-linear patterns within the data, offering a
powerful new perspective for Al-driven discovery in fundamental high-energy nuclear physics.

4 Conclusion, Limitations and Outlook

This work demonstrates the effectiveness of a self-supervised pre-training and fine-tuning paradigm
with a Transformer-based autoencoder for heavy-ion collision analysis. Our model learns deep and
physically meaningful representations from unlabeled data, outperforming PointNet by capturing
complex non-linear features rather than merely reproducing obvious tranditional observables.

Despite these advantages, several limitations remain. Our study relies solely on AMPT-generated
events and only considers p+Pb and Pb+Pb systems. The input is limited to particle three-momenta
(Pz, Py, P-), without incorporating four-momentum or additional features such as charge or spin.
Addressing these aspects is crucial for enhancing robustness and broad applicability.

Looking forward, promising directions include exploring advanced generative and Transformer
variants [44-49], embedding physics-inspired priors such as conservation laws and symmetries [50],
and strengthening the connection between latent representations and established physical observ-
ables [511152]]. Beyond the generic masking strategy adopted here, pre-training can further be designed
with physics-informed objectives to construct data-driven observables [53H58]], potentially uncovering
subtle signals such as the Chiral Magnetic Effect [S9H61]] or nuclear deformation [62, 63]. Such
strategies could transform machine learning into an active partner in the Al discovery of new physics
in high-energy heavy-ion collisions.
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Table 1: Pretraining stage training hyperparameter settings

hyperparameter  value
epochs 300
optimizer AdamW
learning rate 0.001
weight decay 0.05

LR schedule cosine decay
warmup epochs 3

batch size 256

mask ratio 0.25

mask type random

Table 2: Finetuning phase training hyperparameter settings

hyperparameter value
epochs 300
optimizer AdamW
learning rate 0.0005
weight decay 0.05

LR schedule cosine decay
warmup epochs 10

batch size 128

A Technical Appendices and Supplementary Material

Hardware and Training Time

All experiments were conducted on a laptop equipped with an NVIDIA RTX 4070 GPU (8 GB
VRAM), an Intel i7-12800HX CPU, and 32 GB of system memory. Training for 300 epochs required
approximately 45,600 seconds.

Code Availability

The implementation of our model, including pre-training and fine-tuning procedures, is publicly
available at: https://github.com/Giovanni-Sforza/MaskPoint-AMPT.

A.1 Justification of Pre-Training Design Choices

Here, we elaborate on the key design choices made during the self-supervised pre-training phase.

A.1.1 Discrimination vs. Reconstruction Task

In the domain of image processing, masked autoencoders often follow a reconstruction paradigm:
they apply patch-wise masking to an input image, retain the positional encodings of the masked
patches, and then use a decoder to reconstruct the RGB values of the masked pixels from the visible
regions [64]. The underlying assumption is that the geometric position of a pixel is known framework
information, while its color is the core information to be modeled.

However, this paradigm is ill-suited for relativistic heavy-ion collisions. In this context, the
momentum-space coordinates of the final-state particles constitute the core physical information, as
their distribution is directly linked to the thermodynamic properties of the collision. A direct applica-
tion of the image reconstruction paradigm would allow the decoder to simply copy the positional
encodings to reconstruct the momentum coordinates, causing the model to degenerate into a trivial
memorization task without learning deep physical features.

To overcome this challenge, we adopted a discrimination-based pre-training scheme [32]]. As
illustrated in Figure (1} this approach tasks the model with distinguishing between the "real" masked


https://github.com/Giovanni-Sforza/MaskPoint-AMPT

Table 3: Ablation studies: (1) Effect of PointNet preprocessing; (2) Effect of different masking ratios.

Experiment Setting Accuracy
PointNet Preprocessing With PointNet 0.9775
Without PointNet 0.7303

Masking Ratio 25% 0.9775
50% 0.7853
75% 0.7232

Table 4: Number of parameters for different models. Note that while the pretraining stage includes a
larger model due to the decoder, the finetuned model has a parameter count comparable to the PointNet
baseline. The observed performance gains thus primarily arise from the two-stage pretraining and
finetuning strategy rather than model scale.

Model Stage Total Parameters Trainable Parameters
encoder + decoder Pretrain 2.32M 1.16M
encoder + downstream head  Finetune 1.07M 1.07M
PointNet Baseline 0.74M 0.74M

particles and randomly sampled "fake" particles. This forces the encoder to learn the underlying
distribution and correlations within the particle point cloud to successfully identify what constitutes a
physically plausible particle within the context of the event, thereby learning a much richer and more
meaningful feature representation.

A.1.2 Sampling Strategy: Farthest Point Sampling

We chose Farthest Point Sampling (FPS) over a uniform random sampling strategy to select the 25%
of points to be masked. FPS iteratively selects points that are maximally distant from the set of points
already chosen. This ensures that the unmasked points provide a more uniform coverage of the entire
point cloud’s geometric structure.

A.1.3 Dataset and Training Procedure

Both the self-supervised pre-training and the supervised fine-tuning stages utilized the entire available
AMPT-generated dataset. The models were trained for a maximum of 300 epochs. We employed a
checkpointing strategy, saving the model weights after each epoch if the performance on a validation
set improved. The final models used for analysis correspond to the epoch with the best validation
performance.
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