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1).Initialization
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and the momentum p
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(2 A (Ax )2 P (2Ax)?

bi(Fiit) = +iF; - P1)}.

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.

Input: fO,,=fO,,, andfO

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

Then, compare the simulated results with experimental data, one can get the
information of EoS and in-medium NN cross section.
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Nuclear symmetry energy
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Convolutional neural network (CNN)

Particle put layer Output
Spectra
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Black box
One million parameters
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five-class classification task I

event-summed neutron spectra
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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.

Protons, True labels
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Skz4

Protons, Predicted labels
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TABLE II: The mean values of predicted L and its standard
deviation o obtained with Gaussian fit, in units of MeV.

Proton spectra

Neutron spectra

Lirue | Lpred o Lyrea o
Skz4 5.8 18.9 11.5 8.5 3.7
SLy230a 443 | 46.9 26.5 47.5 12.1
SV-sym36 81.2 | 84.5 23.3 96.4 14.8
Skl2 106.4| 1009 23.6 | 106.7 17.0
Skll 159.0|1 142.6 20.7 | 138.1 18.5
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Summary and outlook

» Al 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(p) 1s 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

oroton 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 Al?
Importance map, accelerate calculations, estimate uncertainties......
» How Al 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 Al?

Physics-informed neural networks: A deep learning framework fo...
https://www.sciencedirect.com/science/article/pii/S0021999118307125

Feb 01,2019 - We introduce physics-informed neural networks — neural networks that are trained to solve
supervised learning tasks while respecting any given laws of physics described by general nonlinear
partial differential equations. In this work, we present our developments in the context of solving two
main classes of problems: data-driven solution and data-driven discovery of partial ...

Cited by: 1441 Author: Maziar Raissi, PaTH%ﬁK@ K.. I] U
Publish Year: 2019 a @{t 5 26
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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.

27



Learning Techniques (today) Explainability
s (notional)

: 4'NeuraI_N_e_ts

\ ’*@cal

[ '\ Models
| .- Deep ‘~

|".. Learning }," " Bayesian
| il 2 SRL
CRFs HBNs

AOGs |\

| Statistical MLN | B
. Models Decision —

SVMs | Trees

\\\\jfnai///>\ y,

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 28
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DATA MINING AND KNOWLEDGE DISCOVERY

QM: quantum mechanics
QFT: quantum field theory

CAS: complex adaptive systems

population
uncertainty

sample size

comprehensiveness of the
description

random sample of data

distance from theory method[.] uncertain statements
about population

FIGURE 1 An overview describing the limitations of explainable artificial intelligence (AI) with respect to attainable goals. (Left)
Different scientific fields are arranged according to their increasing complexity (Anderson, 1972) starting from the best (most
comprehensive) theories of physics in the center. The further the distance from these theories the less comprehensive are the models
describing subjects of complex adaptive systems (left coordinate system). (Right) Any Al system analyzes a random sample of data drawn
from a population. One source of uncertainty is provided by the sample size of the data (right coordinate system) that translates directly into
uncertain statements about the population




