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Abstract 

 

Physics-Informed Neural Networks (PINNs) are an emerging framework for data-driven multiphysics simulation, widely regarded for its 

ability to solve forward and inverse problems. PINNs allow for a meshless approximation of the solution, using a compact representation that 

reduces the effects of the curse of dimensionality found in most traditional numerical methods. Moreover, this approach gives us the ability to 

easily incorporate real data into the training process, often producing more accurate results. Unfortunately, these networks face many 

challenges when modeling seismic wavefields due to the difficulty of representing high-frequency components and their spatial-temporal 

localization. This localization leads to an unbalanced training, as the solution is near zero across most of the domain, with a significant part of 

the dynamics confined to smaller regions. Training PINNs requires enforcing a differential equation on a collection of points in space-time at 

each training step. The set of points the model will be evaluated on, and the order in which they are presented, can have an effect on the final 

result. The standard practice for this choice is to use randomly selected coordinates, typically done by uniformly sampling in a predefined 

domain. In this work, we study how different adaptive sampling strategies can help tackle these problems, and how they affect the model's 

accuracy and performance. In general, adaptive sampling works by dynamically redistributing the points based on the magnitude of the losses 

observed during training, trying to zoom into the most relevant regions from the wavefield. Furthermore, they can help with a reduction of 

computational resources, by focusing on these specific regions. Our results were produced using our novel pipeline designed to run 

experiments with PINNs. We tested the seismic wavefield simulation on complex media using state-of-the-art parameters, comparing adaptive 

sampling techniques with the traditional uniform sampling approach. For stratified media, adaptive approaches allowed a reduction of ten times 

in the number of collocation points while maintaining the same accuracy order. Our experiments also showed that adaptive sampling can lead 

to reduced memory usage and improve overall computational efficiency for this method. When compared to the uniform sampling, the adaptive 

approach was able to reduce the mean-squared error between our solution and the groundtruth in approximately 5 times using the same number 

of points. In order to work with complex media, e.g. the Marmousi model, the standard approach requires a time-slice strategy that trains a 

sequence of models in order to get a good approximation of the solution. In this context, adaptive sampling can achieve similar results with a 

single model trained in the entire time domain, substantially reducing the number of points required. We conclude that using adaptive sampling 

for Physic-Informed Neural Networks in the seismic wavefield problem has several advantages. By replacing the uniform sampling with an 

adaptive strategy, we are able to reduce training time, improve accuracy, and simplify the learning scheme required to train the PINN on 

complex media. 


