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Background and Motivation
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Statistical methods Big data driven
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Application of AI in our life 
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Application of AI 
in physics.

DATA & AI
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History of the application of AI in nuclear physics

1992 nuclear mass
1993 impact parameter
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Recent work about the application of AI in nuclear physics

Since 2016, more and more 

studies in nuclear physics using 

machine learning or deep 

learning. For example, many 

works focused on the nuclear 

mass.

R. Utama and J. Piekarewicz, Phys. Rev. C 96, 

044308 (2017)

L. Neufcourt, Y. Cao, W. Nazarewicz and F. Viens, 

Phys. Rev. C 98, 034318 (2018)

Z. M. Niu, J. Y. Fang and Y. F. Niu, Phys. Rev. C 100, 

054311 (2019)

X. H. Wu, L. H. Guo and P. W. Zhao, Phys. Lett. B 

819, 136387 (2021)

……
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Recent work about the application of AI in symmetry energy

2019, Bayesian inference

2017, Bayesian inference

2020, Gaussian processes (GPs)
Jun Xu, et al. PLB 810 (2020) 135820

Wenjie Xie, Bao-an Li, ApJ 899 (2020) 4

Wenjie Xie, Bao-an Li, PRC103 (2021) 035802

Zhen Zhang, et al. Chin. Phys. C 45 (2021) 064104

W. G. Mewton, G. Crocombe, PRC 103 (2021) 064323

S. Huth, et al. arXiv:2107.06229

……

x: model parameters to be constrained

y: experimental data

P(x): prior probability, initial knowledge of x

P(x|y): posterior probability

P(y|x): Likelihood function which quantifies 

how well the model describes the data
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Recent work about the application of AI in HICs

D. Everett et al. PRL 126 (2021) 242301,
G. Nijs, et al. PRC103 (2021)054909 ……



13

Transport model: Ultrarelativistic Quantum Molecular Dynamics Model

4). Cluster recognition
an isospin-dependent 
Minimum Spanning Tree

Input：fσpp=fσnn , and fσnp

1).Initialization
Get  the coordinate r 
and the momentum p 

2).Propagation
Nucleon moves in the mean-
field. Density, momentum, 
isospin-dependent.  

3).Collision term
Medium modified cross section. 
Density, momentum, isospin-
dependent.  Pauli blocking.

Then, compare the simulated results with experimental data, one can get the 

information of EoS and in-medium NN cross section.

[Ref]Qingfeng Li and Yongjia Wang, et al. PRC 83, 044617 ; 89.034606;
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Convolutional neural network (CNN)
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Methods

Transport model 

simulation

Particle distribution

机器学习模型：
卷积神经网络、
决策树

Training data

Symmetry energy

Initialization

Au+Au, Elab=0.4A  GeV

b=5 fm, diff sym.

𝑓 𝑥: 𝜃
Training

test data validation 

data

A deep convolutional neural network (CNN) 
is trained to learn the mapping between 
the symmetry energy and the particle 
distributions.
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Results I: Impact parameter

F. Li, Y. Wang, et al.,  J. Phys. G: Nucl. Part. Phys. 47 (2020) 115104, 

Phys. Rev. C 104 (2021) 034608

C. Y. Tsang, et al. arXiv:2107.13985 

Input data

Architecture of CNN

The true impact parameter vs the predicted one.
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Results I: Impact parameter

F. Li, Y. Wang, et al.,  J. Phys. G: Nucl. Part. Phys. 47 (2020) 115104, 

Phys. Rev. C 104 (2021) 034608

C. Y. Tsang, et al. arXiv:2107.13985 

Generalizability
We hope the trained AI model is robust enough, i.e., it works 

when testing data are obtained from different model parameter 

sets or from different models, or from experimental data.

Data are generated with different model parameter sets.
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Results I: Impact parameter

F. Li, Y. Wang, et al.,  J. Phys. G: Nucl. Part. Phys. 47 (2020) 115104, 

Phys. Rev. C 104 (2021) 034608

C. Y. Tsang, et al. arXiv:2107.13985 

Importance map

Explainability
What can we get from AI?
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Results II: Symmetry energy
See i.e., very recent review paper, Bao-an Li, et al. Universe 7 (2021) 182.
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Results II: Symmetry energy

Due to initial fluctuations and the random 

nucleon-nucleon collisions, fluctuations on 

the rapidity and transverse momentum 

distributions are very large, consequently, 

the effects of symmetry energy on the 

distributions are hidden.
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Convolutional neural network (CNN)

Black box
One million parameters
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Results II: Symmetry energy

Result of two-class classification task Accuracy increases with increasing difference in L.
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Results II: Symmetry energy

Result of five-class classification task The confusion matrix for five-class classification task

The diagonal entries show the fraction of correctly 
classified testing data.
Off-diagonal cell: the probability that the object of the 
symmetry energy (vertical label) being misclassified as the 
horizontal labelled symmetry energy. 
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Results II: Symmetry energy

Result of regression task
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Summary and outlook

➢AI can be used to deduced impact parameter with high accuracy.

➢On event-by-event basis as input, the accuracy for classifying the very soft 

and stiff Esym(ρ) is about 60%, while by setting event-summed proton 

spectra as input, the classification accuracy increases to 98%. 

➢By combining 100 events = 1 samples, accuracy is about 55% and 70% with 

proton and neutron data, respectively, for five-classification task.

➢ For regression task, mean absolute error are about 20.4 and 14.8 MeV for 

proton and neutron data, respectively.
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➢What benefit can we get from AI?

Importance map, accelerate calculations, estimate uncertainties……

➢How AI can help us constrain symmetry energy in multi-messenger ear?  

Bayesian inference and more……

➢How can physics-guided neural networks (PGNN) and physics-informed 

neural networks (PINN) in the study of symmetry energy?

➢Can we open the black box of AI?

Summary and outlook
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Summary and outlook
arXiv:1710.11431v2

A schematic representation of 

physics-guided neural networks in 

the context of other knowledge

discovery approaches that either 

use physics or data. The X-axis 

measures the use of data while the 

Y –axis measures the use of 

scientific knowledge.
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Explainability of machine learning models appear inverse to their prediction accuracy. 

F. Y. Xu, H. Uszkoreit, Y. Z. Du et al., in Natural Language Processing and Chinese Computing, NLPCC 2019, Lecture 

Notes in Computer Science, Vol. 11839 (Springer, Cham, 2019), pp. 563–574
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F. Emmert-Streib, O. Yli-

Harja, and M. Dehmer, 

WIREs Data

Mining Knowl. Discovery 

10, e1368 (2020)


