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Formulation of PINNs

PDE formulation:

Dlu(x;t)]=0; x2 ;
Blu(x;t)] =0; x20

e D = di erential operator, B = boundary/initial condition operator,
Rd
e Example: convection PDE
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Formulation of PINNs, continued

* PINNs approximate u(x;t) by a neural network u(x;t; w).
e This neural network is trained using a non-linear least squares loss:
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Figure 1: The PINN framework [Ko and Park, 2024].
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