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Background: Physics-informed Machine Learning

What is PIML?
• Combine experimental/numerical data and physical constraints

• Incorporate physics laws into model architecture or loss function, etc.

Examples of Physics laws

• Empirically improves generalization & OOD robustness

• But theoretical understanding is limited

Experimental / 

Numerical data

predict

physical phenomena

The goal is to provide a unified theoretical framework explaining 

how physics constraints improve generalization.



Represent physics constraints via a unified residual form, 

integrating collocation (PINNs) and variational (FEM) approaches.

Min-Max Complexity Error Analysis

Formulation: Complexity Error Analysis on PILR



Main Results



Example

Complexity error bound 
Linear Regression w/ Fourier Basis

Physics-informed Linear Regression

Problem: Harmonic Oscillator Equation

Basis/Trial Functions

vs

Analytical solution

When d (number of basis) ≫ n (sample size), 

performance degrades due to overfitting.

= number of basis : cos(ωt) and sin(ωt)

When d ≫ d𝒱 (the dimension of the affine variety), 

performance improves.

(Dirac measure）
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