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• 2012 ： Discovery of Higgs boson

Overview : Nuclear Physics meets Machine Learning

• AlexNet - Birth of Deep Learning

• 2024 ： Nobel Prize in Physics • ML4Physics, AI4Science
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• Phases of matter : solid, liquid, gas, plasma

• Matter in extreme conditions reveals its constituents :

     nuclear matter → quark matter

Overview : Golden Age of QCD matter in extreme

To study the most elementary particle matter : 

• Nuclear Collisions : heat & compress matter

• Lattice Field Theory / fQCD / Effective models

• Neutron Star : dense matter, astronomy constraints



Outline: Initial state + Bulk matter + Generative model
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impact parameter determination – early attempts

4
S. A. Bass, A. Bischoff, J. A. Maruhn, H. Stöcker, and W. Greiner, Phys. Rev. C 53, 2358 (1996) 

Simple DNN
Trained on
QMD data
Input 5X5 



Further developments for impact parameter/centrality regression
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P. Xiang, Y. Zhao, X. Huang, 
Chi. Phys. C 53, 2358 (2022) 

MLP and CNN 
(on AMPT event)

F. Li, Y. Wang, H. Lue, P. Li, 

Q. Li, F. Liu, JPG 47, 115104 (2020)

CNN and LightGBM

(on UrQMD event)

M. OK, J. S, K. Z, H. S, 

PLB 811,135872 (2020)

PointCloud Network

(on UrQMD + CBMRoot event)

End-to-end b estimation



Initial clustering structure identification in HICs with BNN
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Bayesian CNN 

on AMPT events (multiple-event basis)

Charged pions (phi, pT) from 12C/16O 

+ 197Au collisions at 200 GeV

Multiple event basis



Bayesian Imaging for Nuclear Structure in Isobar Collisions
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• Nuclear Structure imaging for single system ? (caveat: model dependent)

• Simultaneous inference for isobar systems with ratio?

• Bayesian Inference: Gaussian Process emulator + PCA dim reduction + MCMC

Data: MC-Glauber + Matching (linear response approximation)

Single system works good

11

Y.Cheng, S.Shi, Y. Ma, H. S., K. Zhou, 

Phys. Rev. C 107 (2023) 064909

• Single-System Multiplicity makes it possible

• The 𝑑⊥ information is redundant

• More realistic analysis with AMPT in progress 
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QCD Transition: direct inverse mapping with Data driven supervised learning
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L. Pang, K. Zhou, N. Su, H. Stoecker, H. Petersen, 

X. Wang, Nature Commu.9 (2018), no.1, 210

Conclusion : Information of early dynamics can 

survive to the end of hydrodynamics and encod

ed within the final state raw spectra, immune to 

other uncertainties, with deep CNN we can de

code it back.
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Data-driven 

Inverse Mapping

Physics Simulation 

provide the Prior

• Collision Centrality Regression

• EoS Classification

• Small/ Large-system Identification

M. OK, J. S, K. Zhou, H. S, Phys.Lett.B 811 (2020) 135872

M. OK, K. Zhou, J. S, H. S, JHEP 10(2021) 184

S.Guo, H. Wang, K. Zhou, G. Ma, Phy.Rev.C 110 (2024)2



Nuclear liquid-gas phase transition recognition from autoencoder

9

EbE charge-weighted charge 

multiplicity distribution of quasi-

projectile as input →

Autoencoder + confusion scheme

(on NIMROD experiment)



Modern dynamical edge CNN + PCN for self similarity searching
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PLB 827(2022) 137001, 

Y.-G. Huang, L.-G. Pang, 

X.F. Luo and X.-N. Wang.,

dynamical edge convolution

network followed by a point cloud 

net is used to identify 

self-similarity and 

critical fluctuations in HIC

Repeating the KNN and edge 

convolution blocks twice helps to 

find long-range multi-particle 

correlations that are the key to 

searching for critical fluctuations.



Bayesian (Statistical) Inference of hot matter EoS from HIC data
2

11

14 model parameters

speed of sound squared slightly 

softer than lattice EoS 

But significantly overlap



Bayesian (Statistical) global fit on HICs – Shear and Bulk viscosities
2
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Trento + IEBE-VishNew + UrQMD

J. Bernhard, J. Morel, S. Bass, Nat. Phy. 15, 1113 (2019) 

G. Nijs, W. Schee, U. Guersoy, R. Snellings, PRC103,054909; 

JETSCAPE, PRL126,242301; U. Heinz+, 2302.14184 (VAH)

M. R. Heffernan, C. Gale, S. Jeon, J. Pauet, PRC109,065207;

... ... ... ...

Jet quenching/diffusion: 

Y. He, L. Pang, X. Wang, PRL 122 (25) 252302

M. Xie, W. Ke, H. Zhang, X. Wang, PRC108 (2023) L011901; ... ...



Bayesian Inference Dense Matter EoS from HIC and Holography
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M.OK, J. Steinheimer, K. Zhou, 

H. Stoecker, PRL131,202303(2023) 

10 measurements of v2

5 measurements of <mT>-m0

10 measurements of v2

3 measurements of <mT>-m0

• Comprehensive Bayesian inference 

necessary for unambiguous solution

• Tension between data-data or model 

(UrQMD)-data

• Next-gen experiments will provide  immense 

amount of high precision data 

L. Zhu, X. Chen, K. Zhou, 

H. Zhang, M, Huang, 

arXiv:2501.15810

• Critical endpoint from 

holography (EMD) via 

Bayesian Inference



Incompressibility K from Bayesian Inference with low-energy HIC 

14

J. Wang, X. Deng, W. Xie, B. Li, Y. Ma,

arXiv:2406.07051

IQMD simulation of

proton v2 Au+Au at E=400 MeV/Nucleon

MDI: momentum dependent Interaction

Softer!



ML Holography (EMD model) with lattice QCD reference

15X. Chen, M. Huang, Phys.Rev.D 109 (2024) L051902; JHEP02 (2025)123
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Quasi-particle analysis of lQCD thermodynamics

F. Li, H. Lue, L. Pang and G. Qin, Phys. Lett. B 2023, arXiv:2211.07994

Recently generalized to finite baryon chemical potential (use lQCD res with Taylor expansion) → arXiv:2501.10012
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𝑃 𝜌

Dense matter EoS from Neutron Star obs - AutoDiff

?

Noisy/Limited NS Observables   to  EoS ?

TOV 

eqs

S. S, L. W, S. S, H. S, K. Z,  

JCAP 98(2022)071;

PRD107(2023)083028

Mock Test



First-order phase transition reconstruction from NS obs. via auto-diff

17
R. Li, S. Han, Z. Lin, L. Wang, K. Zhou, S. Shi, arXiv:2501.15819, PRD 2025

Linear response analysis get the gradients! Then use DNN :

20 points



HQ Potential by Inversing Shroedinger Eq. on lattice data

18

How to extract effective potential 
given limited spectroscopy ?  → 

?

R. Larsen, et.al, 
PRD(2019), 
PLB(2020), 
PRD(2020)

New lQCD results cannot be explained by 
Perturbative HTL-inspired potentials !

S.S, K. Z, J.Z, S.M., P. Z,  Phys. Rev. D 105 (2022) 1, 1 

Hellmann-Feynman theorem
                     Phys. Rev. (1939)

Chi2-per-data=16.5/30
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Discriminative / Generative model
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U-net Emulator for relativistic hydrodynamics

20



CNN Emulator to hydrodynamic results of heavy-ion collisions

21Similar study for intermediate energies with IBUU +DNN emulation see: B. Li, etc., arXiv:2406.18421



Generative diffusion model to heavy-ion collisions

arXiv:2410.13069
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Point Cloud Diffusion Model for HICs – AI clone of full event generation

23M. O.K, K. Z, J. S, H. S, arXiv:2502.16330, arXiv:2412.10352

PointNet encoder + Normalizing flow decoder + Pointcloud diffusion → 

• 18k UrQMD simulation events for central 

   Au-Au@10 AGeV collisions

• HEIDi: 

  Heavy-ion Events through Intelligent Diffusion

Latent encoding 
of event features, 
correlations



What’s the future? – Generative AI and LLM maybe the future 

24

17

Chat-GPT

Chat-GPh.T?

Chat-GPh.D?



Summary: Machine Learning and HENP

Thanks！

Nucl. Sci. Tech. 34 (2023) 6, 88

Prog. Part. Nucl. Phys. 135 (2024) 104084

Nature Review Physics (2025)



CNN to detect CME, and regress stochastic dynamics in HICs
2



Flow based generative model (given unnormalized distribution)

S.Chen, O. Savchuk, S. Zheng, B. Chen, H. Stoecker, L. Wang, 

K. Zhou, PRD107, 056001(2023)

Fourier Flow Model 

Albergo +, 1904.12072; Boyda +, 2008.05456; Favoni +, 2012.12901; 

Abbott +, 2208.03832; Abbott +, 2211.07541; Abbott +, 2305.02402; 

Bulgarelli+ 2412.00200 (SU(3)); Abbott +, arXiv:2502.00263

K.C, G. K., S. R., D. R., P. S., Nature Reviews Physics 5, 526-535 (2023)



Diffusion Model on lattice QFT configurations

L. Wang, G. Arts, K. Zhou, JHEP 05 (2024) 060

L. Wang, G. Arts, K. Zhou, arXiv:2311.03578 (NeurIPS 2023 workshop “ML&Physical Sciences”)

G. A, D. E. H, L. W, K. Z, arXiv:2410:21212 (NeurIPS 2024 workshop “ML&Physical Sciences) → Best Physics for AI Paper Award !

Q. Zhu, G. Aarts, W. Wang, K. Zhou, L. Wang, arXiv:2410.19602 (NeurIPS 2024 workshop “ML&Physical Sciences)



Hadron emission source reconstruction via femtoscopy

arXiv:2411.16343
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