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Extremely low shear velocities can significantly
amplify ground shaking. We show one example from
the Bay area, with Bay muds of 80 m/s. We use the
novel package AxiSEM3D (Leng et al. 2019), which
simulates complex 3D models with high efficiency
based on adapting the cost to the complexity of the
wavefield. Three noteworthy considerations are:
1. Finite rupture in AxiSEM3D: facilitated by off-axis
sources (Szenicer et al., 2020).
2. Computational speedup by complexity
adaptation: Reduces cost by order of magnitude
3. Meshing: Only needed in 2D (Fourier in 3rd
dimension), with advantages for extreme variations

Simulated (red) and observed (black) 3-component
displacements for the Berkeley M4.4 earthquake
(2018). Bay muds are near station BRK. Not
including low velocities underestimates PGV by
20-40%.

Peak ground velocity in the Bay area for simulations with a point source and a
finite rupture.

Vision: super-fast synthetic seismograms using machine learning PINNs are grid-free and handle steep velocity gradients
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A hybrid solution reduces spectral complexity AxiSEM3D — Waveform modeling in extreme velocity variation
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One of the key issues with employing
PINNs in practice is that they often have
difficulty fitting multiscale solutions —
therefore, we must seek ways to reduce
the spectral complexity of the PINN. For
the seismic wave equation, we can make
use of the approximate axisymmetry of the
wavefield: seismic waves vary much more
in the depth-radius plane than azimuthally.
For example, in 2D, we make the solution
ansatz
h(x,y,t) = A(x,y,t)g(r+δr(x,y,t), t+δt(x,y,t))
where A, δr, δt and g are neural networks.
In particular, g is an axisymmetric
reference solution, trained directly on simulated data, while A, δr, δt are trained using
the PINN formalism on the target model, using a pre-optimized g. This is in effect
PINN transfer learning using a physics inspired transfer ansatz. The above figure
shows Fourier coefficient decay for the example wavefield in the top right panel; as
desired, the Fourier coefficients of A, δr, δt decay much faster than the full, finite-
difference derived reference solution, which avoids the multiscale training failure
mode of PINNs. In our implementation, A, δr, δt are outputs of the same network.

We implemented our hybrid axisymmetric PINN in JAX and applied it to the high
frequency acoustic wave equation example investigated in Moseley et al. (2021). The
axisymmetric reference solution was approximated using a 2→32→32→1 fully
connected network (FCN), while the perturbation network was a
3→64→32→32→16→3 FCN with no bias on the final layer, both using Swish
activation functions (Prajit et al. 2017). The total number of parameters was 5153, two
orders of magnitude less than required by traditional PINNs for this problem. We
trained the network via linear annealing from the uniform reference velocity model to
the desired heterogenous model, and used importance sampling (IS) to draw training
points from areas with high physics misfit. Currently, the cost of training is dominated
by calculating optimal IS locations, so accelerating or approximating the IS algorithm
will be an important focus of future work.

Deep neural networks have revolutionized our ability to process and classify big data.
In seismology, neural network solutions can now outperform human analysts in
accuracy on certain standard observational tasks, while allowing orders of magnitude
more data to be processed. This revolution was only possible, however, because of
the large, high quality labeled datasets accrued by researchers over many decades. It
is clear that traditional deep learning cannot be applied to the problem of generating
large synthetic seismogram libraries, as the cost of computing realistic 3D wavefields
is prohibitively expensive. We need to search for methods that do not require
simulation data.
One promising framework is the Physics Informed Neural Network (PINN, e.g. Raissi
et al. 2019) for solving partial differential equations (PDE). Rather than training only
on data (whether synthetic or observed), PINNs instead train to match a physical law.
Once trained, the evaluation of a PINN is drastically faster than computing the PDE
solution from scratch. Taking advantage of this, PINNs have been successfully
operationalized for challenging and expensive seismology problems, such as
nonlinear Bayesian source location in 3D media (Smith et al. 2022). Implementing a
Green's tensor PINN for the fully elastic wave equation has not yet been achieved, but
if developed, it would be broadly impactful for seismology research. One immediate
application would be the calculation of 3D wavefield effects in probabilistic seismic
hazard (PSHA), which is the goal of the TerraPINN Marie Skłodowska-Curie actions
project. Very fast repeated simulations for different source locations and mechanisms
would allow for a physics-based alternative to empirical ground motion laws.
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Previous simulation studies in the Bay area, with their minimal
shear wavespeeds and maximal frequency – the two
dominant controls on computational cost.


