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Abstract Physics-Informed Neural Networks (PINN) are neural networks that encode model equations,
such as partial differential equations (PDEs), into components of a neural network itself. PINN is a new
numerical analysis method that can solve difficult or impossible problems using methods such as the
traditional partial differential equation solution, Finite Difference Methods (FDM), and Finite Element
Methods (FEM). In addition, PINN techniques can be applied easily to various types of PDEs, such as
fractional equations and integral differential equations. PINN is recognized as a success of deep learning
in numerical analysis by applying the excellent learning ability of deep learning to the solution of
differential equations. This paper attempts to increase the understanding of the usefulness of PINN by
introducing the basic concept and various characteristics of PINN and a wide range of application cases.
In addition, various libraries developed to easily and conveniently use the PINN method were introduced.
Although there are many improvements to PINN, the current level of PINN techniques is promising

because they provide better solutions to some problems than classical numerical techniques.
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Fig. 1. Architecture of PINN. The neural networks

can approximate the solution U of
differential equation. The idea behind PINN
is to train the network using automatic
differentiation.
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