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Magnitude 7 EQ at the Hayward fault
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USGS, Hirakawa et al., 2022, BSSA
50 realizations are available:
.PEER-LBNL Simulated Ground Motion Database Home  Signup  Login  Documentation  Forum

The Pacific Earthquake Engineering Research Center (PEER) — Lawrence Berkeley National
Laboratory (LBNL) Simulated Ground Motion Database (SGMD) includes a large set of simulated
ground motions generated from physics-based, deterministic, broad-band earthquake simulations.
These simulated ground motions in the database have undergone careful validation, including
comparisons against recorded ground motions from actual earthquakes. The PEER-LBNL SGMD is
one of the few simulated ground motion databases globally and is anticipated to enable engineers
to utilize validated simulated ground motions in seismically active regions in the U.S. and around
the world..

The development and maintenance of SGMD is supported by the Department of Energy (DOE) and
LBNL under award number 056892.

EQSIM: DOE ECP/CESER
McCallen et al., 2025, EQSpectra




Seismic wavefields

wavefields source recleiver path
| | |
d(t,xs,x,,m) = S(t,x;) * R(t,x,) * G(t, x5, Xx,,,m),

ol |1 e

source & receiver locations

Numerical simulations suffer from
* Uncertainties/errors in S, R, m, x,
* Physics errors in wave equation
« Computational cost of large-scale 3D simulation
(e.g., large scale SFBA simulation costs128 A100 GPU nodes x 6 hours)



Deterministic Al (e.g. PINN, Fourier neural operators) learns
mapping f

d = f(t).

Deterministic Al accelerate the simulation but suffer from
» Uncertainties/errors in S, R, m, x,
* Physics errors in wave equation

d(t,xs,x,,m) = S(t,x5) * R(t,x,) * G(t, x5, %X, M),

Yang et al., 2021, Seis. Rec., 2023, IEEE TGRS
Majid et al., 2022, JGR, Ren, 2024, CPC , Aquib et al. 2024



Generative Al learns probability distribution p from data
distribution p_,.

d ~ p(d)
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“Conditional” generative model (CGM)

d~p(d|v)
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deep neural network
Conditions
Magnitude, EQ location, Sensor location,......
Generative Al can Wang et al., 2021, JGR, Florez et al., 2022,
* Learn “physics BSSA, Esfahani et al., 2002, BSSA, Shi et

« Accelerate simulations al., 2024 6



Conditional Dynamic Variational Autoencoder
Ren et al., 2024, ArXiv
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Conditional Dynamic Variational Autoencoder
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Conditional Dynamic Variational Autoencoder
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CGM-GM: Conditional Dynamic Variational Autoencoder
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San Francisco Bay Area
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» Horizontal component data
« <M4; (3 events > M5 after 2000)
 Downloaded data: 1,375,470
« Training data: 5,194
(After preprocessing and removal of low SN data)
 Frequency range: 2-15 Hz



Generated waveforms reproduce P, S, coda, duration
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Map view of Ground motion intensity
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Map view of Ground motion intensity
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Map view of Ground motion intensity
d ~p(d|D,xs,S) .

Non Ergodic GMM CGM-GM-1D

Lacour et al., 2025, submitted
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Map view of P-wave arrival time
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Residual comparisons
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P and S arrivals and Duration match observations
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Generalization: beyond training dataset

FAS at 10 Hz
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# of data points vs performance

Residual FAS value
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# of data points vs performance
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CGM-wave: diffusion model for higher resolution
Bi et al., 2025, IEEE TGRS

Step 1. Diffusion process (forward)
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Geysers Geothermal Field

» gl
\\\\\\
1.

RN oy
gnitude # T v
i A \ TR » » 1. ')
) o/ ) ] ¥ P ?.\’\ \ SO —,," 1 . Ag ] -
38.9° K AREIORMP LN 8 N e NI SRR AN
’ j . 2 N G o >
) G N "

F

) .L... A
> .. ‘. . \.
4.5 Y :
8. 5 .'o"é:’.‘ ... ‘. s
Y o:. '(’ -
o ('f‘:. v 3 [ g ’
:.I DR f TN
» LT “e
}.. o'? ‘!: -
6 1 ‘< X

Y,
TR B
38-80- / o, ’

Latitude (Deg)

Yy .L
Al
\%ﬂ‘ @
W 4" g
J

v
§ <e? MY 1
< A . ¥ /' p " -
s o, L s o
\ VRN K /""

. 'l

v

3 Y

e ) .
. A
. .‘n-.o.-.. " e ® .
-"-".?a'é'."-‘ AT
RED 27 S

Epicentral distance (km)

Ve g AL i 0o 2 4 6 8

- il ¥ Stat T Depth (km
-122.9° -122.8° -122.7° -122.6° 0 % 2 3 A

ak Longitude (Degq) i Magnitude

35 stations, 500 events in 2020-2021, 17,500 traces



Physics-inspired data augmentation with spatial continuity

Dynamic time warping for interpolating wavefields between receivers.
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Generate array observations
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Spectrogram
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Instead of time series, directly predict FAS (Path effects)

] ] Lacour et al., 2025, in prep
Non-ergodic GMM (based on Gaussian Process)

Cz ~ pHGP (d‘xs) x’l") ~ N(“QGP’ O-QGP)

spatial correlation length and standard deviation

CGM-FAS
d ™~ pQCGM (d‘xS’ XT)

Neural network
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Fitting data and keeping variability

Data fit

11/1/24
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Fitting data reduce spatial variability of data generation
Fourier Amplitude Spectra at 14 Hz
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Fitting data reduce spatial variability of data generation
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Conclusions

« GenAl can provide the approximation of synthetic wavefields. v ——gnmo—r———
* No physics constraints, Interpolation, Uncertainty quantification w:::tig(aiﬁ:S::::::I::::::Z
« Strong motion simulation/Ground motion prediction RS I . AU - RO RO S
« Seismic imaging, inversion.... OO i 2| 1 e S i i

» Currently working on evaluating credibility, resolution, generalization BG.FUMEEWVX
« Develop ergodic GMM using NGA-West2 data (Supported by SCEC) :_MW%M
ANV AAA A
« Synthetic tests to evaluate “physics” RN s e 4., 25 i e e

CGM-GM o 1 2 3 4 5 6

* |Inversion
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Anderson’s Criteria
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Physics-based EQSIM: DOE Exascale computing project (ECP)
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Figure 8: Results for a real-data example in which WaveCastNet is applied to the 2018 Berkeley earthquake (magnitude
4.4, depth 12.3 km). (a) X-component velocity waveforms at stations NC.1788 (San Jose) and BK.JRSC (Palo Alto), with
WaveCastNet predictions shown in red and observed waveforms in blue. The gray shaded regions indicate the 15.6-second
input window used for inference. (b) Spatial maps of predicted peak ground velocity (PGYV, left) and its arrival time T'pgyv
(right). (c) Scatter plots comparing predicted and observed values for PGV (top) and Tpgy (bottom).
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Model | High fidelity Fast sampling Training stability = Compression
VAE X

GAN X X

DM X X
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100 realizations for the best data fit
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Fitting data can reduce data variability
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