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Abstract: Physics Informed Neural Networks (PINNs) have gained significant interest
for solving PDE-driven systems, particularly for data assimilation, but still face many
challenges. This paper introduces an approach that enhances the speed and accuracy
of PINNs training with a new natural gradient scaling as min(P2S, S?P), where P
is the number of parameters and S is the batch size. In addition, it shows an explicit

Connection to Green'’s function theory Results

Definition A generalized Green’s function is any kernel function g : 2 x 2 — R such
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Problem: This leads to low accuracy when using SGD.

Neural Tangent Kernel (NTK) .i
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Jacot et al. show that for an empirical quadratic loss: £(6) := 5 Z(ug(azz) —1,)%, :ui
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the functional dynamic of the gradient descent on £ can be described by:
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PINNs are a quadratic regression

Applying our algorithm to PINNs only requires to notice that PINNs are a quadratic
regression problem, using the model:
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Making the most of this criterion is currently the subject of an in-depth study.

' Université Paris-Saclay, LISN-A&O, INRIA-TAU. This work has been supported by the french ANR grant Scalp (ANR-24-CE23-1320). Contact : nilo.schwencke@protonmail.com




	Physics Informed Neural Networks
	Neural Tangent Kernel (NTK)
	Natural Gradient
	Empirical Natural Gradient
	PINNs are a quadratic regression
	Connection to Green's function theory
	Collocation points selection criterion
	Results
	References
	Physics Informed Neural Networks
	Neural Tangent Kernel (NTK)
	Natural Gradient
	Empirical Natural Gradient
	PINNs are a quadratic regression
	Connection to Green's function theory
	Collocation points selection criterion
	Results
	References

