
DMIS: Dynamic Mesh-based 
Importance Sampling for Training 

Physics-Informed Neural Networks 

AAAI2023



2

Background

Physics systems are usually described by partial differential 
equations (PDEs).

In most cases, analytical solutions are not available.

• numerical algorithms
• computationally expensive
• face severe challenges in multiphysics and multiscale 

systems
• data assimilation introduces additional uncertainties

• machine learning
• Physics-informed Neural Networks (PINNs) encode 

PDEs into the loss function of neural networks
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Physics-Informed Neural Networks

use ��(�, �) to approximate �(�, �) 

improvement directions:
• weights of loss terms
• parallel computation(domain decomposition)
• sampling



4

Importance Sampling

we want to calculate the expectation of �(�),  �~�(�), we can get �[�(�)] 
as follows:

If we can't sample from �(�), or if it's expensive to sample from �(�), 
how do we get �[�(�)]

we define importance weight:
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Sampling Strategy

Equispaced uniform grid Random sampling

Latin hypercube sampling (LHS)

layering, sampling, disordering
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Sampling Strategy

Halton sequence (Halton)

constructed according to a deterministic method 
that uses a prime number as its bases: [0, 1/2, 1/
4, 3/4, 1/8, 5/8, 3/8, 7/8, . . . ]

the same as the Halton sequence, except in the first 
dimension where points are located equidistant
from each other

Hammersley sequence (Hammersley)
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Sampling Strategy

Sobol sequence (Sobol)
Let the nth sampling point be ��, the binary representation of n is . . . �3�2�1, 
�� = �1�1⨁�2�2⨁. . ., where �� is direction number, �� = ��/2�.

FF sampling
1. find the lowest node
2. Remove all the potential points with a distance less than r
3. two neighboring points determine an arc
4. Generate K new nodes across the arc 
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Method

Datasets for PDE residuals, initial conditions and boundary conditions are denoted 
by ��, �� and ��, we only introduce importance sampling into the sampling of ��

Considering points are obtained by uniform sampling in general

the best sampling probability: 

data points with high loss lead to sharp local gradients
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Method

To further reduce the computational cost, we dynamically generate a subset 
� from ��. 
calculate the sample weights of points in � exactly, and the weights of other 
points are obtained by interpolation.

The interpolation based on Delaunay is time-consuming and it is also unnecessary 
to update the triangular mesh in each iteration step.
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Method

select anchor points

estimate other points by interpolation

sample, calculate weight

update anchor points if necessary
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Results

Schrödinger equation, Viscous Burgers’ equation and Korteweg-de Vries equation
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