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Research Background & Significance

Heavy-Ion Collision (HIC)
● Key experimental method for studying QCD phase structure and nuclear matter under extreme 

conditions

● Generated massive data, short l i fe t ime (QGP), inverse problem

Traditional Methods
● Low dimensional observables: spectra, f low, statist ics, correlations

Artificial Intelligence
● State-of-the-art Pattern Recognition ,  Strong Representation Power
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Inverse Problems

Using artificial intelligence to infer initial conditions and physical 
parameters of the system from observational data, solving key problems 
in heavy-ion collision

Initial Condition: nuclear 
and sub-nucleon structure, 
impact parameter

Hard Probes: jet energy 
loss, jet production 
positions

Nuclear phase structure,
QCD EoS, Phase transition 
types, CEP
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Inverse problems in HIC

        Impact parameter

S.A. Bass,A. Bischoff ,  J.A. Maruhn, H. Stöcker,  and W. 
Greiner,  Phys. Rev. C 53, 2358 (1996):  MLP using QMD 
data (5*5 pz and pt distr ibut ion)

P. Xiang, Y. Zhao, X. Huang, Chi.  Phys. C 53, 2358 
(2022) ：MLP and CNN using AMPT data

F. Li ,  Y. Wang, H. Lue, P. Li ,  Q. Li ,  F. Liu,  JPG 47, 
115104 (2020):  CNN and LightGBM using UrQMD data

M. OK, J.  S, K. Z, H. S, PLB 811,135872(2020):  
PointCloud Network using UrQMD + CBMRoot event 



Inverse problems in HIC

       Nuclear Structure

Nuclear Structure: 

1. Nuclear shape deformation

2. Alpha cluster structure

3. Nucleon-nucleon SRC, n-body correlation

4. Neutron skin thickness

5. ... 



7 long-gang pang

Nuclear Structure using HICs and ML
� cluster in C and O

Y.Cheng, S.Shi, Y. Ma, H. S., K. Zhou, PRC107 (2023) 064909

LG. Pang, K. Zhou and X.-N. Wang,  arXiv:1906.06429 

J He, W. He, Y.G. Ma, S. Zhan g, 
PRC104, 044902

1. change �2, �4
2. A+A collision sim.
3. ML: final 

 
 initial 

nuclear deformation

1. sample nucleons
obeying both �(�) & 
�12(��) 
2. do HIC simulations
3. Look for features
that are sensitive to
�12(��)

Y.J. Huang, Z. Meng, L.G. Pang, X.N. Wang, arXiv:2504.00790

 RMP 89 (4) 2017. 



Inverse problems in HIC

QCD phase structure: 

1. The QCD EoS at different T, muB, muQ, muS

2. Crossover vs First order phase transit ion

3. The location of Crit ical End Point

4. The transport coeff icients of hot and dense QCD 
matter

5. CME effects

6. Jet medium interaction, Heavy quark diffusion 

7. ...

QCD Phase Structure
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Forward model: Relativistic f luid dynamics

L.G. Pang, Q. Wang and X. N. Wang, PRC 86 (2012) 024911
L.G. Pang, B.W. Xiao, Y. Hatta, X.N.Wang, PRD 2015 
L.G. Pang，H.Petersen, XN Wang, PRC97(2018)no.6,064918

Initial condition EoS Shear Viscosity

CLVisc:

1. CCNU-LBNL Viscous Hydro, CCNU = Central China Normal University
2. A 3+1D viscous hydro parallized on GPU using OpenCL

Purpose: Describe the non-equilibrium space-time evolution of hot QCD matter
Feature: 100 times faster than using a single core CPU.

��� = (� + � + �)���� − (� + �)��� + ���

Bulk Viscosity
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CLVisc for different EoS and �/�  
�/� = 0  (shear viscosity over entropy density)
Lattice QCD EoS (smooth cross over)

It is unknown whether the information of EoS survives the complex dynamical evolution of 
HICs and exists in each single event of the final state output. 

�/� = 0 (ideal hydro)
First order phase transition

�/� = 0.08 (viscous hydro) 
Lattice QCD EoS (smooth cross over)

�/� = 0.08
First order phase transition
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Tradit ional observables (EBE)

• Challenge 1: Significant 
overlap in event-by-event 
observables for different 
EoS.

• Challenge 2: Model-
dependent biases: Mean 
and variance are sensitive 
to initial conditions and 
viscosity.

• Challenge 3: Limited 
separation in two-
observable scattering plots.
• Key Question: Can we 
classify the EoS on an 
event-by-event basis?
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DL for inverse/variational problems in HICs

DL

Brain/DL

Dog

Cat

Lattce QCD EoS (crossover)

EOSQ (First order phase transition)

Human brains are not optimized for 

processing high-dimensional scientific 

data. Deep neural network can be trained:

(i) to identify optimal feature combinations

(ii) to represent variational functions
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EoS for different phase transit ion types

Nature Communications 2018, LG. Pang, K.Zhou, N.Su, H.Petersen, H. Stoecker, XN. Wang. 

 DL helps to decode the information of QCD phase transition in the QCD EoS (>93% accuracy).

����� = �
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Increasing l ist of ML for QCD EoS

Identifying the nature of the QCD transition in relativistic collision of heavy nuclei with deep learning, Yi-
Lun Du, Kai Zhou, Jan Steinheimer, Long-Gang Pang, Anton Motornenko, Hong-Shi Zong, Xin-Nian Wang, 
Horst Stöcker 

A machine learning study to identify spinodal clumping in high energy nuclear collisions, Jan Steinheimer, 
LongGang Pang, Kai Zhou, Volker Koch, Jørgen Randrup, Horst Stoecker

An equation-of-state-meter for CBM using PointNet, Manjunath Omana Kuttan, Kai Zhou, Jan Steinheimer, 
Andreas Redelbach, Horst Stoecker

Classification of Equation of State in Relativistic Heavy-Ion Collisions Using Deep Learning, Yu. Kvasiuk, E. 
Zabrodin, L. Bravina, I. Didur, M. Frolov

Neural network reconstruction of the dense matter equation of state from neutron star observables. Shriya 
Soma, Lingxiao Wang, Shuzhe Shi, Horst Stöcker, Kai Zhou

Learning Langevin dynamics with QCD phase transition, Lingxiao Wang, Lijia Jiang, Kai Zhou

Machine learning phase transitions of the three-dimensional Ising universality class, Xiaobing Li, Ranran 
Guo, Kangning Liu, Jia Zhao, Fen Long, Yu Zhou, Zhiming Li

...
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Nuclear EoS at high density region

15
PLB 822 (2021) 136669, Y.J Wang,  F.P. Li, Q.F. Li, H.L. L¨u, and K. Zhou 

Skyrme potential + IMQMD Off-diagonal = misclassified
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Auto Encoder for order parameter

16
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Hard Probes and medium response

Nuclear EoS：c�
2 = ��

��
= sin2 � Shear Viscosity：width of the shock wave

17



18 long-gang pang

Jet tomography with deep learning (di-jet) 

● Top: using f inal energy selection (FES), 
the estimated di-jet production point 
deviate from Glauber model a lot

● Middle:  init ial energy selection, 
ground truth

● Bottom :  init ial energy selection using 
predicted energy loss and init ial jet 
energy with deep learning

YL Du, D Pablos and K Tywoniuk, PRL128, no.1, 012301 (2022)
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LBT+CLVisc+DeepLearning jet tomography

Z Yang, YY He, W Chen, WY Ke, LG Pang, XN Wang,  EPJC 83 (2023) 7, 652

Z Yang, T Luo, W Chen, LG Pang, XN Wang, PRL 130 (2023) 5, 052301
Th

e 
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Detecting CME via AMPT + CNN/UNET

YS.~Zhao, LWang, K.Zhou and XG.Huang,PRC 106 (2022) 5, L051901
SGuo, L.Wang, K.Zhou and G.L.Ma,RIKEN-iTHEMS-Report-25

Gradient ascent to get the most 
responsive CME-spectra that 
demonstrates what has been learned by 
the machine.
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Capture Short and Long range correlations 

Dynamical Edge Convolution Network
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Looking for self  simi lar i ty in momentum space

Tagging
C

lassification

PLB 827(2022) 137001, Y.-G. Huang, L.-G. Pang,  X.F. Luo and X.-N. Wang

Dynamical Edge Convolution Network

Self similarity, scaling invariance

Look for short-range and long-range correlations
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Topological Data Analysis for CEP

Phys.Lett.B 864 (2025) 139405
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 Crit ical endpoint from holographic QCD

Einstein-Maxwell-Dilaton Framework with 6 parameters, determined by Lattice QCD at muB=0
Xun Chen, Mei Huang, JHEP 2025
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Bayesian inference location of CEP
PHYS. REV. D 112, 026019 (2025）



AutoDiff and PINNs

By embedding physical constraints into neural network architectures,PINNs  
have unique advantages in describing complex physical systems

Methods: Auto 
differentiation, Physics 
Informed Neural Network, 
Physically constrained 
network

PDEs: dynamical evolutions, 
relativistic hydro, Transport 
Equations

Variational Functions: 
Heavy quark potential in 
medium, M(T) of quasi 
partons, metric in AdS/CFT, 
AdS/QCD  
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Auto Differentiation: machine precision
● Forward Mode

Introduce dual numbers:  � → � + �� 

where   � 2 = 0

Forward mode for

Reverse mode for   

● Reverse Mode

  adjoint number :

� = 1

Differential Program，Physics Informed Neural Network Training Neural Network
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Coil Optimization via AutoDiff

coil param
eters

Engineering obj.

Physical obj.

Objective: Magnetic confinement of plasma via engineered coils.
Workflow: R, A → IFT → Integration → Biot-Savart Law → B(r)
Optimization Targets: (1) Engineering: Minimize total coil length. 
(2) Physics: Ensure B is tangent (parallel) to the plasma boundary.

N McGreivy N，SR Hudson ，CX Zhu. 2020，
arXiv:2009.00196

Blue coils & red plasma
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In medium heavy quark potential 

S.Z. Shi, K. Zhou, J.X. Zhao, S. Mukherjee, and P.F. Zhuang Phys. Rev. D 105, 014017
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Deep Learning Quasi Parton Model

 FuPeng Li, HL Lu, LG Pang, GY Qin, PLB 2023
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Consistent QCD EoS and eta/s
EoS vs Lattice QCD Learned Mass

 FuPeng Li, HL Lu, LG Pang, GY Qin, PLB 2023
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2D Quasi Parton Model:�(�, �� )

FP Li, LG Pang, GY Qin. PLB 868 (2025) 139692

Equation Of State
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4D Quasi Parton Model:�(�, �� , �� , �� )  

FP Li, LG Pang, GY Qin.  in prepare

Preliminary Results
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Auto-Diff for parton fragmentation function

1. The results agree with traditional method 
2. Automatic satisfies DGLAP evolution 

SW Dai, FP Li, LG Pang, XN Wang, 
BW Zhang, HZ Zhang, in prepare

Preliminary
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Exploring hadron–hadron interactions

？
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DL for emission sorce
Traditional：Gaussian Source

NN：Neural Network Source



Generative Models

Providing data-driven event generation methods for heavy-ion collision, with  
the potential to replace or supplement traditional first-principles simulators

Methods: VAE, GAN, flow 
model, diffusion model, 
flow matching, transformer

Benifit: Millions of times 
speed up

Applications: Fast 
simulations of HICs, Geant, 
Hydro, UrQMD, Parton 
transport models

02
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Generativive models：MC sampling

Flow-based generative models for Markov chain Monte 
Carlo in lattice field theory 
Albergo, Kanwar, Shanahan 1904.1207

Samples 
Drawn from 

N-Dim 
Normal 

Distribution

Flow 
model or 
Diffusion 
models

Similar to Box Muller algorithm
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Diffusion model for HIC simulations
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Generative model for HICs
18k UrQMD simulation 
events for training

HEIDi: 
Heavy-ion Events through 
Intelligent Diffusion

PointNet encoder + 
Normalizing flow decoder + 
Pointcloud diffusionM. O.K, K. Z, J. S, H. S, arXiv: 2502.16330, arXiv:2412.10352

Event-by-event jet eloss
and medium response

Flow model and flow 
matching are used to learn 
the high dimensional  
distribution for faster 
medium response sampler

credit: https://lilianweng.github.io/

K.Y. Wu, Z. Yang, L.G. Pang and X.N. Wang, in prepare



41 long-gang pang

Stacked U-net for relativistic hydro

41

arXiv: 1801.03334; NPA2018, H.Huang, B.Xiao, H.Xiong, Z.Wu, Y. Mu and H.Song 



Other Applications

Including  unsupervised learning、Bayesian analysis、active learning and RL 
methods, providing new approaches and tools for heavy-ion collision research

Unsupervised Learning: 
PCA, T-SNE, VAE, 
Contrastive learning

Active learning: 
data efficent, small 
labeled data

Bayesian analysis: 
precise physics, 
uncertainty estimations

04

More
RL, Bayesian 
Optimization



Challenges and Outlook
Model Dependence

Heavy reliance on the fidelity of physics models and effective theory.

Performance is bounded by the accuracy of the underlying assumptions.

Interpretability

The optimization process is often a "black box".

Lack of intuitive, physics-driven insight into why a specific configuration is optimal.

Generalization & Extrapolation

Solutions are often tailored to specific scenarios.

Uncertain reliability when applied to large muB regions (without constrains from data).
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Challenges and Outlook
Outlook: The Autonomous AI HEP-Physicist

An LLM-powered agent that reasons like a human physicist, formulating hypotheses and 
designing numerical/physical experiments

Deep, Context-Aware Research

Automating the literature review cycle

Closed-Loop Scientific Discovery

Fully autonomous pipeline: from theoretical design and experimental planning to data analysis 
and the discovery of novel physics insights.
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Review articles

Review Of Modern Physics (2022)

Science China Physics, Mechanics & Astronomy
Thank you!
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Determining nuclear deformation

L.-G. Pang, K. Zhou and X.-N. Wang,  arXiv:1906.06429 

��

��

Data: Trento + Matching
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Identifying the �-clustering structure

Junjie He, Wan-Bing He, Yu-Gang Ma, Song Zhang PRC 104, 044902 (2021)

� clusters Fail in EbE Succeed with 4000-events average
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Nucleon nucleon SRC 

We developped a Monte carlo method to sample nucleons in Au nucleus obeying not only the 
single nucleon distribution �(�) but also the two-nucleon distribution �(∆�) 

(a)

Y.J. Huang, Z. Meng, L.G. Pang, X.N. Wang, arXiv:2504.00790

Single nucleon dist. Inter-nucleon distance dist.
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A novel neural network for nn correlations
Network structure
Ø Point cloud network
Ø Self attention (used in large 

language models like chatgpt 
and deepseek)

Ø Multi-event mixing

Correlations of latent 
features

where �� is the i-th latent feature
f(...) reprents the 1D convolution 

�(�1 − �1, �2 − �2, ⋯, �� − ��)

Y.J. Huang, Z. Meng, L.G. Pang, X.N. Wang, arXiv:2504.00790
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Classif ication accuracy

Accuracies

Ø lowest for un-corr vs nn-corr
Ø Decreases: Initial nucleus      Trento      SMASH
Ø Indicating information loss during dynamical evolution
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Bayesian analysis QCD EoS

51

Likelihood:

Posterior:

S. Pratt, E. Sangaline, P. Sorensen, H. Wang, PRL. 114 (2015) 202301.
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Global f i t t ing with Bayesian analysis

PRC 94.024907,   J. E. Bernhard, J. Scott Moreland, S. A. Bass, J. Liu, U. Heinz

52

Trento + iEBE-VISHNU + UrQMD

Nature Physics 2019,   J. E. Bernhard, J. Scott Moreland, S. A. Bass
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Active learning to map out unphysical EoS

4 parameters from 3D Ising model QCD EoS Lables for classification

Acceptable = Stable + Causal

D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta, PRC 107, 054911 
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Active learning 

D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta, PRC 107, 054911 

Achieve high performance with much fewer data (O(102))
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RL for beam control in accelerator

55

Scientific Reports volume 14: 15733 (2024) 


