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In recent years, machine learning techniques have been applied to engineering. In particular, PINN (Physics-
informed neural networks) has attracted attention from researchers and engineers, as a new analysis method
for solving physical problems by learning the governing equations of physical phenomena. In this study, we
performed an analysis of two-dimensional boundary value problem by minimizing the potential energy of
the system using the above PINN, and examined the influence of learning parameters on the accuracy of the

analysis.
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x;: inputs, y;: outputs, w: weights, b: biases, o activation function
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