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Abstract

A computationally expensive physical simulation is a huge bottleneck to
advance in science and technology. Fortunately, many data-driven approaches
have emerged to accelerate those simulations, thanks to the recent
advancements in machine learning (ML) and artificial intelligence. For example,
a well-trained 2D convolutional deep neural network can predict the solution
of the complex Richtmyer-Meshkov instability problem with a speed-up of
100,000x [1]. However, the traditional black-box ML models do not incorporate
existing governing equations, which embed underlying physics, such as
conservation of mass, momentum, and energy. Therefore, the black-box ML
models often violate important physics laws, which greatly concern physicists,
and require big data to compensate for the missing physics information.
Additionally, it comes with other disadvantages, such as non-structure-
preserving, computationally expensive training phase, non-interpretability,
and vulnerability in extrapolation. To resolve these issues, we can bring physics
into the data-driven framework. Physics can be incorporated into different
stages of data-driven modeling, i.e., the sampling stage and model-building
stage. Physics-informed greedy sampling procedure minimizes the number of
required training data for a target accuracy [2]. Physics-guided data-driven
model better preserves the physical structure and is more robust in
extrapolation than traditional black-box ML models. Numerical results, e.g.,
hydrodynamics [3,4], particle transport [5], plasma physics, and 3D printing,
will be shown to demonstrate the performance of the data-driven approaches.
The benefits of the data-driven approaches will also be illustrated in multi-
query decision-making applications, such as design optimization [6,7].


https://www.linkedin.com/in/ACoAACyy-eIBgqVvaQDayjbKkfR2s8juyuKSrX8
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