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2).Propagation

Nucleon moves in the mean
field. Density, momentum,
Isospindependent.

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

4). Cluster recognition

an isospirdependent

Minimum Spanning Tree
Then, compare the simulated results with experimental data, one can get t
information ofEoSand inmedium NN cross section.
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1 N, events
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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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Result of five-class classification task The confusion matrix for five-class classification ta

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. 23



