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Motivation & Background
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High residual region

Focusing on more informative samples to enhance the performance
• PINN problem with residual ℛ 𝐱 ≜ 𝜕𝑡𝑓 𝑥, 𝑡 −𝒩 𝑓 𝑥, 𝑡 where 𝐱 = (𝑥, 𝑡)
• High - residual points are more informative → Adaptively sample and emphasize high - residual regions



Motivation & Background

Q. Do we really need to sample only high - residual points?
A. No! theory explains the failure mode.

Adaptive PINN sampling often over - focus on high - residual regions
• Over - focusing algorithms( R3 , 𝑳∞) have shown superior performances on STIFF PDEs

Overconcentrate on high residual region

Random - R RAD R3 𝐿∞



Over - focusing on high residuals can destabilize training.
• This sharpens the loss landscape ( steep curvature ) [Propositions 3.1 and 3.2 ]
• Then the model needs very small learning rates → training collapses [Theorem 3.1 ]

Analysis



LAS: Langevin - based Adaptive Sampling
• We move collocation points using a Langevin update:

➢ Sample high - residual regions in a balanced manner

Method
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Enhanced stability due to the properties of Langevin dynamics:
• LAS naturally favors flat maxima [Theorem 4.2 ] → prevent sharp peaks

Method
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Enhanced stability due to the properties of Langevin dynamics:
• Does not rely solely on Monte- Carlo estimation for sampling

• Monte- Carlo breaks down in high - dimensional PDEs ( curse of dimensionality )

Method
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Experimental result
Robustness across various experimental setup
• Scales with NN depth & learning rate



Experimental result
Robustness across various experimental setup
• Stable even in high-dimensional PDEs (up to 8D)



Computational efficiency & robustness to Langevin parameters
• Residual landscape changes slowly  → no need for heavy Langevin iteration

➢ Just one step per iteration works 
➢ Efficient and scales well as PDE dimension grows 

Experimental result



Thank You!
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