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Background

Seismic wave propagation forms the basis for most
aspects of seismological research, yet solving the wave
equation is a major computational burden that inhibits
the progress of research. This is exasperated by the fact
that new simulations must be performed when the
velocity structure or source location is perturbed. Here,
we explore a prototype framework for learning general
solutions using a recently developed machine learning
paradigm called Neural Operator. A trained Neural
Operator can compute a solution in negligible time for
any velocity structure or source location. We develop a
scheme to train Neural Operators on an ensemble of
simulations performed with random velocity models
and source locations. As Neural Operators are grid-free,
it is possible to evaluate solutions on higher resolution
velocity models than trained on, providing additional
computational efficiency. We illustrate the method with
the 2D acoustic wave equation and demonstrate the
method's applicability to seismic tomography, using
reverse mode automatic differentiation to compute
gradients of the wavefield with respect to the velocity
structure. The developed procedure is nearly an order
of magnitude faster than using conventional numerical
methods for full waveform inversion.

Neural operators [1,2] are a recent paradigm for
learning mappings between two function spaces. Neural
operators are differentiable and efficient, which can
enable improved inversion. Neural operators learn a
parametric function to map an input space 𝐴𝐴 to an
output space 𝑈𝑈 by applying ℒ many times, where ℒ is
defined by:
𝑈𝑈 𝑥𝑥 = ℒ𝐴𝐴 𝑥𝑥 = ∫𝐺𝐺 𝑥𝑥,𝑦𝑦 𝐴𝐴 𝑥𝑥 𝑑𝑑𝑦𝑦 .

In a limited sense, Neural Operators can be viewed as
generalized Green’s functions.

Conclusions
We have shown a method for efficient and
differentiable waveform prediction. Our resulting model
computes wavefields in a negligible amount of time.
Using a neural network based forward model allows for
more efficient inversion. Please see our paper
https://arxiv.org/abs/2108.05421 for more details.

Above are examples of two wavefield simulations from
the trained FNO model. The velocity models are
sampled from the same distribution as the training data.

Results from full waveform inversion using FNO as the
forward model and automatic differentiation to
compute gradients. These experiments were done
without regularization. Source locations are indicated by
red circles, whereas receivers are placed at every node
of the 64x64 grid (10 km sides).
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Results

Methods (cont.)
To train the neural operator, we constructed a training
dataset of simulations generated from random velocity
models. The velocity models are defined on a 64x64 grid
with 0.16 km spacing.

We generated 5,000 random velocity models by
sampling random fields having a von Karman covariance
function with the following parameters: Hurst exponent
κ = 0.5, correlation length a= [ax,ay] =[0.16km,0.16km],
and ε = 0.1, μ = 3km/s, and σ = 0.15km. Then, for each
of these velocity models, we apply a Ricker wavelet
source at a random point.

Example waveform reconstruction when trained with
increasing number of random velocity fields. Increasing
training samples improves waveform prediction.
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