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PINN is a method for training neural networks by constructing a loss function based on the error in the
initial-boundary value problem for partial differential equations (PDEs), but its parallel computation
method rarely utilizes the results of conventional research on PDE solvers. This study reports the results
of an application of PINN to classical domain decomposition methods such as the Dirichlet-Neumann,
Neumann-Neumann, and Dirichlet-Dirichlet methods for the two-dimensional magnetostatic problem.
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