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Cascadia subduction zone

Longitude

_ * Last major earthquake and orphan
tsunami: January 26, 1700

_ E. ' * Paleoseismic evidence indicates a
iz o [ | 250-500 years recurrence interval
-_ 3.0 fe—— T = —

2.0 : '
1.0
0.0

Juan de Fuca

Latitude

-1.0
-2.0
-3.0

Gorda
Plate

Mendocino Fault

- 4

Image credit: Rob DeGraff/Flickr, 2008

S Pt




Subduction earthquake tsunami generation
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Cascadia subduction zone tsunami (USGS model)
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Proposed sensor network
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Digital twin for tsunami forecasting

Current forecasting models rely on shallow water equations for tsunami
propagation

* Efficient in the far-field; does not make use of near-field pressure transients
from hydroacoustic waves

Our digital twin approach

 Use near-field pressure observations to infer the seafloor motion and
forward predict the tsunami propagation

 Employ high-fidelity, full-physics model (coupled 3D acoustic—gravity wave)
* (Quantify uncertainty via Bayesian inference

e Solve inverse problem in real time (order of seconds)



Acoustic—gravity wave propagation forward model

* Acoustic wave equation in mixed velocity-pressure form

M vp=0, ~P,95-0, max@oT
PortVP =0 p otV u Q> (0.1)

Boundary conditions

* Sea surface (coupling with surface gravity wave)
p = pgn, dn/dt = U -, on Igyrface X (0, T)
* Seafloor velouty (boundary source)
uU-n=m on orrom X (0, T)

e Lateral absorbing boundary (outgoing waves)
u-n=np/pc, on Fpsorb X (0, T)
* Homogeneous initial conditions

Implemented with MFEM using high-order finite elements and RK4 time-stepping



Bathymetry-adapted meshing
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The inverse problem

Given:
e Observations d°"S of acoustic pressure p at sensor locations

* Linear parameter-to-observable map F: m(x,t) — d(x, t) governed by forward
acoustic—gravity wave propagation model

Infer:
e Seafloor normal velocity parameter field m

This inverse problem is ill-posed

* Observations are sparse and noisy
* Parameter field is infinite-dimensional in space-time

 Many different parameter fields may be consistent with the data & model




Bayesian framework for inverse problems

The uncertain parameter is treated as a random field, and the solution of the
inverse problem becomes a probability density, the posterior distribution

The posterior 1,45t Characterizes the probability that any parameter field is
consistent with the data, the model, and any prior knowledge

b b
7Tpost("lldo S) X Tike (do Slm) 7Tprior(Tn)
With Gaussian prior and noise:

Tpost(1d*™) o exp (=3 [[Fm -2y =4 m - mpriorl[i~, )

prior




Solving the Bayesian inverse problem

Gaussian posterior
b
7Tpost(TnldO S) X N(mmap: Fpost)

where

Fpost =H ' = (F 1—‘nélseF + 1_‘pr}or

_ 1 obs 1
Hmmap F* l_‘nolsed + l—‘prlorTnprior

To compute the mean my,,p, solve the linear system Hrmyy,,, = e

To compute parameter uncertainties, compute covariance [}t




Conventional methods

* Need to solve large-scale linear system Hmyp,,, = f(d°P%) in real time!

* Cascadia digital twin: dim(m) ~ 10° parameters, dim(d°"S) ~ 2.5 - 10° data
Conventional methods are intractable!

* Constructing the Hessian H = Fp_olst requires 1 adjoint PDE solve per column of F:

~ 2.5 - 10° adjoint PDE solutions = ~25 years on 512 A100 GPUs

e Storing the Hessian in dp requires ~4 exabytes

Traditional fix of surrogates (e.g., ROMs, NNs, ...) is not feasible for high-frequency
wave propagation

* Very large parameter dimension

* Kolmogorov N-width barrier




Instead, exploit time-shift invariance of p2o map F

Autonomous dynamical system

Evolution of the physics model does not depend explicitly
on the independent variable (e.g. time)

Here: the mapping m(x,t + ) — d(x,t + 7) is the same
asm(x,t) » d(x,t)

The discrete p2o map F is shift-invariant with respect to
time-stepping




Block Toeplitz structure, FFT-based solver

F is block-Toeplitz (Ny X N¢ blocks: F;; € RVNaVm, where Ny <« Np,)

d F14 0 0 0 1 my
d; Fa1 Fiq 0 0 || my )
d; [=] F31 Faq Fi1 ™ : ms | d; =d(x,t;) € RNa
' : 0 : m; = m(%, t;) € RVm
-dNt— -FNt»l FNt—l,l o Fpp Fpp My,

* Precomputation of F by only N; (number of sensors) adjoint PDE solutions
* Compact storage of F: O(N,,,N;N;)

* PDE-free application of F and F* in Fourier space: O(N,,NyN;log N;)
Block Toeplitz matrix is block-diagonalized by FFT

* Algorithms extend to parameter-to-Qol (quantity of interest) map F,



Offline—online decomposition

Phase 1 (offline): Construct F and F; maps from adjoint wave props (MFEM)

Phase 2 (offline): Compute compact representation of the posterior covariance

Apply Sherman—Morrison—Woodbury formula to reformulate Hessian in data space
x— — -1 * *\ —
[host = (F FnoliseF + Fprlior - prior(I — F*(Thoise + FFprior‘F ) 1Frprior)

Exploit that G™ = T,iorF™ is block Toeplitz, K
where Tyrior is a Matern prior, equivalent to a block inverse screened Poisson operator

Phase 3 (offline): Compute uncertainties in Qol
q ~ N (Fymmap, FyTpostFa ), FylpostFy = F;(I — G*K™'F)G;

Phase 4 (online): Compute parameter and Qol means in real time




Cascadia margin-wide rupture inversion

Inverse problem configuration:

e Spatial resolution: 300 m

e Simulation time: T=420s

* Temporal dim.: Ny =420 (1 Hz frequency)
* Spatial parameter dim.: N,;; = 2.42M

* | Number of sensors: N; = 600

* | Tsunami forecast (Qol) locations: N, = 21
* | Total parameter dim.: N,,, N; = 1.01B

* Total data dim.: NyN; = 252,000

* Total Qol dim.: Ny N; = 8,820

* Total state dim.: = 3.74B spatial DOF; 336,000 RK4 timesteps




Cascadia margin-wide rupture scenario
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Acoustic—gravity simulation
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GPU Kernel optimizations

GPU-enabled finite element
kernels in MFEM:

Partial assembly (PA)
Stores data at quadrature
points

Shared PA
Exploits GPU shared-memory

Optimized PA
Uses explicit launch bounds

Fused PA
Fuses operators into single
kernel

Fused matrix-free (MF)
Computes entirely matrix-free
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Kernel optimizations with FP64 Tensor Cores

Tensor-core-enabled DMMA [double precision matrix-multiply-accumulate]
finite elements with MFEM on Grace—Hopper and Grace—Blackwell Superchips
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Strong scaling of finite element solver

El Capitan: #DOF = 434B; 100.9x speedup (128x #GPUs)
Alps: #DOF = 145B; 58.4x speedup (64x #GPUs)
: 0.
/
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Weak scaling of finite element solver
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Compute times for each phase

Phase Task #GPUs Compute time

formF:mw—d 600 x 52 m ~ 520 hours
form F;:m o ¢ 21 x52 m ~ 18 hours

form G* = TypiorF” 600 x 4.5 s ~ 45 minutes

form Gg = TpriorFy 21x4.5s ~ 1.5 minutes

form K = T,oi60 + FG* 252,000 x 24 ms ~ 100 minutes

factorize K 22 seconds

compute Iost(q) 8,820 x 150 ms ~ 25 minutes
compute Q:d — g 8,820 x 150 ms ~ 25 minutes

infer parameters m,;,, < 0.2 seconds
predict Qol qpap < 1 millisecond

Time-to-solution for the online computation is < 0.2 seconds!
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Inference of seafloor motion

Ground truth 600 sensors 175 sensors

Inferred seafloor normal drsplacement ((
0 0. o -10 -05 0.0

Relative errors of inferred seafloor displacement: 29.6% (600 sensors); 36.1% (175 sensors)
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Uncertainties of inverse solution
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Real-time tsunami wave height forecasts

Forecast locations 600 sensors 175 sensors
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Relative errors of tsunami wave height forecasts: 18.6% (600 sensors); 22.1% (175 sensors)




Sensor placement for Cascadia

e (Cascadia is currently lacking sufficient offshore instrumentation

* Deploying and operating sensor equipment is expensive, so we must
answer the following questions:

 How many sensors are required for accurate forecasts?
 Whatis the optimal sensor placement?

— Bayesian optimal experimental design (Bayesian OED)




Optimal experimental design (OED)

* Set of candidate sensor locations (e.g., NV; = 600)

* Fixed budget of B sensors

Task:

* Select optimal sensor subset S of size |S| < B that provides maximum information about
e uncertain parameters m (seafloor motion) = standard OED
e quantities of interest g (tsunami forecasts) = goal-oriented OED

Bayesian approach:

« Maximize the expected information gain from the prior to the posterior

* For linear inverse problems, this is equivalent to the D-optimal design criterion
(minimizes log-determinant of the posterior covariance)

 Use greedy algorithm to solve combinatorial optimal sensor placement problem
 Submodular objective function implies that greedy is within 63% of optimal



Greedy algorithm-based optimal sensor locations:
Standard vs. goal-oriented EIG, 175 out of 600 sensors
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EIG objective function: Standard vs goal-oriented
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Comparison of greedy solution vs random designs

Goal-Oriented Objective (Budget=175)
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Animation of posterior
pointwise standard
deviation with OED-
driven sequential
addition of sensors
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Digital twin of the Japan Trench
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Japan's cabled ocean bottom sensor networks
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Tohoku earthquake: Dynamic rupture simulat
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Forward model (acoustic—gravity simulation)
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Tohoku earthquake: Inverse solution
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Summary

Bayesian inverse problem to infer tsunamigenic seafloor motion directly from
near-field pressure data using an acoustic—gravity model in the deep ocean
Large-scale real-time inversion algorithms for linear autonomous dynamical
systems, exploiting block Toeplitz structure of p2o map F, enabling fast
construction and compact storage of F and fast FFT-based F and F* matvecs
MAP point computed exactly in <0.2 s on 512 A100s, for inverse problem with
1B parameters and 3.7B spatial DOFs

Wave heights at critical locations and their uncertainties computed in a fraction
of a second by exploiting structure of push forward of posterior to Qol
Optimal sensor selection for inverse problems governed by autonomous
dynamical systems via standard and goal-oriented D-optimal design criteria.



Ongoing and future work

Data-driven prior: Incorporation of database of hyothesized ruptures on the
Cascadia fault into a more informative prior

e Will result in a non-Gaussian prior; need to retain fast algorithms
Inference of fault slip from not only seafloor acoustic sensors, but also land-
based seismic waveform data

* Permits forecasting of seismicity and production of “shake maps”

* Seismic waves strike populated regions in less than a minute, so this is

primarily to inform first responders

Extensions to other problems with similar structure, e.g.

* Threat detection (airborne, underwater, subsurface)

* Nuclear testing detection

e Contaminant transport
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