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For a long time, numerical simulations of plasmas and
scientific simulations have been basing on computational
methods. For complex plasma systems,
computationally-based plasma simulations have achieved
fruitful results in algorithm research and practical
applications. Learning and computation are equally
important in the development of science. With the rise of
a new wave of artificial intelligence represented by deep
learning and large models, learning-based surrogate
models and techniques have begun to emerge. Therefore,
machine learning-based plasma simulation methods have
become one of the topics urgently in need of research.
This talk will introduce machine learning-based
surrogate modeling research, neural network-based
plasma system solvers, and structure preserving neural
networks for plasma researches, their properties, and
their applications on specific problems. Structure
preserving machine learning will provide useful tools for
Al + Plasma science. It has built in physical
generalization abilities due to the preservation of
physical structures as well as similar flexibility as
standard machine learning methods.

We will take the simulation of alpha particle dynamics in
tokamak fields for example, to discuss in detail the
performance of PINN solver and the Volume-preserving
Neural Network.
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Figure 1. Three modules for Volume-preserving neural
networks
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Figure 2. Long-term simulation results using PINN and
optimized training strategies.
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