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What is Machine Learning

 

The field of study that gives computers the ability to learn without being 
explicitly programmed.

                           —Samuel 1959
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ML for nuclear physics

RMP 94, 031003 (2022) Amber Boehnlein, et al.  
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ML for Nuclear mass and other properties

from Prof. PengWei Zhao’s slides

 RNN, GRU and LSTM Models: 
Amir Jalili, Feng Pan, Ai Xi Chen, and
Jerry P. Draayer, 2025

ML for Nuclear Charge Radius (Review)

Dong Xiaoxu; Geng Lisheng

Ø Naive Bayesian

Ø kernel ridge regression

Ø ANN

Z, N 
 
 mass, charge radius, ...
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isotopes

ML for Nuclear mass

Product-unit network

Babette D, Uwe J, Paulo S.A. F,
John W. C. PLB 852(2024)138608

The Deep Neural Network

Ø 1 millions trainable parameters

Ø thought to be easy to overfit to training data

Ø in practice, it generalizes better than LDM
Ø complex valued x and w

Ø much fewer parameters

Ø better explanation
Li, Tong, Du, Pang, PRC 105 (2022) 6, 064306
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Ab init io calculations

�0: 
 
 ground state mass

�0: ground state wave function

Polynomial complexity

ANN-SJ: Adams, et al., PRL 127, 022502 (2021)
VMC-ANN: Alex Gnech, et al. Few Body Syst. 63 (2022) 1, 7
FeynmanNet: Yang, PWZ*, PRC 107, 034320 (2023)
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Nuclear EDFT from machine learning

Kernel ridge regression: �(�)
 

���� 

Loss function:
By learning the kinetic energy as a 

functional of the nucleon density alone, a 

robust and accurate orbital-free density 

functional for nuclei is established.
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Control NN for 3-�  breathing in C12

Constraints：（1）minimum eigen value （2）mean square radius （3）rotational symmetry

In each iteration, a new basis set {Z′} 

is obtained and diagonalized to yield 

the new total intrinsic wave function 

Ψ({Z′}) and physical properties 

corresponding to each of the three 

constraints, 
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Inverse problems in HIC

Final state hadrons

Non-linear mapping

（1）Nuclear Structure （2）Initial Parton Distribution （3）QGP properties and EoS
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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. 
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Bayesian analysis of HICs
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Bayesian analysis QCD EoS

Likelihood:

Posterior:

S. Pratt, E. Sangaline, P. Sorensen, H. Wang, PRL. 114 (2015) 202301.
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DL for inverse/variational problems in HICs

DL

Brain/DL

Dog

Cat

QCD phase structure/EoS,

Nuclear structure (deformation, nn 

SRC, neuteron skin, � clusters ), 

shear/bulk viscosity of QGP, CME ...

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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Theoretical model: relativistic hydro

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 Viscosity

Name of  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.
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CLVisc for different EoS 
�/� = 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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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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Spinodal vs Maxwell  1s t  order phase transit ion

J. Steinheimer, L.G. Pang, K. Zhou, V. Koch and  J. Randrup，JHEP 12 (2019) 122
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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
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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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Auto Encoder for order parameter
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Nuclear EoS at high density region

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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Bayesian analysis dense Nuclear EoS

S. Huth et al., Nature 606, 276 (2022) M.OK, J. Steinheimer, K. Zhou, H. Stoecker, 
PRL131,202303(2023)

Left：Bayesian Inference Dense Matter EoS from HIC 
and astrophysics

Right：Bayesian Inference Dense Matter EoS from 
HIC using model (UrQMD) data comparison

 through micro and macro collisions
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TOV equation and nuclear EoS from DL

Network

15 randomly selected points ML output: solid lines

                   Yuki Fujimoto, Kenji Fukushima, and Koichi Murase, PRD 98 (2018) 2, 023019
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TOV Equation and Nuclear EoS from DL

 S. Soma, L. Wang, S. Shi, H. Stöcker, K. Zhou, PRD 107, (2023) 083028 
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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
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Deep Learning Quasi Particle Model

 FuPeng Li, HL Lu, LG Pang, GY Qin, PLB 2023
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The learned quasi parton mass
EoS vs Lattice QCD Learned Mass

 FuPeng Li, HL Lu, LG Pang, GY Qin, PLB 2023; Extend to finite ��, arXiv:2501.1001
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DL for holographic model using PINN
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Stacked U-net for relativistic hydro

31

PRR. 3 (2021) 2, 023256, H.Huang, B.Xiao, H.Xiong, Z.Wu, Y. Mu and H.Song 
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Medium response for nuclear EoS

LBT: YY He, T Luo, XN Wang, Y Zhu, 
         PRC 91 (2015) 054908, PRC 97 (2018) 1, 019902
 
CLVisc: 
     LG Pang, Q Wang, XN Wang, PRC 86 (2012) 024911
     LG Pang, H Petersen, XN Wang, PRC 97 (2018) 6, 
064918
     XY Wu, GY Qin, LG Pang, XN Wang,PRC 105 (2022) 
3, 034909
 

CoLBT: 

W Chen, T Luo, SS Cao, LG Pang, XN Wang, 
PLB 777 (2018) 86-90
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DL assisted jet tomography

Network predictions

True locations

Jet hadron correlation for 
selected events whose locations 
are constrained to specific 
regions using DL assisted jet 
tomography

Th
e 

Je
t d

ire
ct

io
n

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
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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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Learn NN interaction potential

train the generative model on nucleon-

nucleon potentials derived at second 

and third order in chiral effective field 

theory and at three different choices of the 

resolution scale. We then show that the 

model can be used to generate samples of 

the nucleon-nucleon potential drawn from a 

continuous distribution in the resolution 

scale parameter space. The generated 

potentials are shown to produce high-

quality nucleon-nucleon scattering phas

Wen P, Holt J.W., Li M,  2306.13007



36 long-gang pang Machine Learning for nuclear theory

Generative model for HICs
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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
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Review articles

Review Of Modern Physics (2022)

Science China Physics, Mechanics & Astronomy
Thank you!


