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General context
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What we do
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SEM3D [1, 6] : an open-source HPC code for earthquake simulation

Figure – Earthquake simulation at the Volvi basin (Greece) [2]. 13 km × 11 km
wide area. ≈7 h wall-time - 216 MPI cores @Ruche (≈62 days CPU time)

epicenter

https://github.com/sem3d/SEM


The earthquake engine : SEM3D
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Figure – 1.3 ·1010 dofs 0-10 Hz Argostoli earthquake [6]. ≈20 h wall-time - 4000
MPI cores @Occigen (3333 days CPU time)

epicenter



Earthquake simulation at several nuclear facilities
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Dynamic SSI simulation of Unit 7 reactor building at Kashiwazaki-Kariwa
NPP (Japan). Weak-coupling SEM3D/code aster [3].

Figure – Courtesy of M. Korres EDF R&D.



Test numerical accuracy
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All time-histories filtered at 7 Hz
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Spinning-off : EASYRISK in a nutshell
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SATT Paris-Saclay POC’UP 2023 funding
EASYRISK : an user-friendly platform for physics-based earthquake
simulation and risk assessment at regional scale

▶ Pre-/Post-processing platform for SEM3D
▶ Use Machine Learning and BigData tools
▶ End-to-end seismic risk assessment solutions
▶ Simulate blind earthquake scenarios

Make seismic RISK estimation EASY (on cloud) !
Checkout blog article in collaboration with

https://www.aneo.eu/en/blog/sem3d-benchmark-google-cloud-compute-optimized-instance-c2d-amd-epyc
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MW 4.9 Le Teil earthquake (2019) [4]
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Figure – 80 km × 92 km × 79 km - 18.3 million hexahedra. 60 s of simulated signal :
61440h CPU time - 2048 MPI cores AMD Milan @2.45GHz (AVX2) on TGCC.



MW 4.9 Le Teil earthquake (2019) [4]
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▶ Large geology uncertainty (small
wavelengths)

▶ Impact on uncertain seismic response
▶ 40.000 heterogeneous geologies (9.6 km

× 9.6 km × 9.6 km with 32.768 samples
each)
2621440000 parameters → Curse of
dimensionality !

▶ What are the eigen-geologies ?
▶ Seismic signature of each eigen-geology ?
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Dimensionality reduction [4]
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▶ PCA : 500 eigen-geologies explain 91.% of
the variance (1000 eigen-geologies : 94.4%,
3000 eigen-geologies : 97.9%)

▶ Similar results with a 3D UNet of 4000000
weights trained over 10000 epochs (4
Nvidia Ampere A100 GPUs took 9.5 hours)



Dimensionality reduction [4]
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PCA 1024 components 3D UNet

Machine learning opportunities to conduct high-fidelity earthquake
simulations in multi-scale heterogeneous geology [4]
▶ Can we entirely replace simulations with AI ? (neural operators

might...see you tomorrow)
▶ Can we use AI to enlarge the frequency range ?



Earthquake neuralsimulator



Neural operators
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HEMEW-3D (link) : 30000+ SEM3D simulations at 5 Hz (open-source !)

Sought non-linear mapping G : L2 (Ω) ∋ cS 7→ v |∂Ωn
∈ St

St :=
{

v : Ω × [0, T ] → R3 : v ∈ H1 (Ω)3 ∀t ∈ [0, T ]
}

Neural operator : Gθ (cS) (x ) =
∫

Ω Kθ (x , y , cS (x ) , cS (y )) cS (y ) dy

https://entrepot.recherche.data.gouv.fr/dataset.xhtml?persistentId=doi:10.57745/LAI6YU


Multiple-Input Fourier Neural Operator (MIFNO)
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Figure – The MIFNO is made of a geology branch that encodes the geology with factorized Fourier (F-Fourier) layers, and a

source branch that transforms the vector of source parameters (xS , θS ) into a 4D variable vS matching the dimensions of the

geology branch output vK . Outputs of each branch are concatenated after elementary mathematical operations and the remaining

factorized Fourier layers are applied. Uplift P and projection QE , QN , QZ blocks are the same as in the F-FNO.



MIFNO
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Figure – Source-to-site finite-fault simulation with MIFNO.
1. choose randomly one geology in the Le Teil database
2. for each point on the fault plane, predict the surface wavefields with the fine-tuned MIFNO
3. deconvolve all surface wavefields by the spice bench source time function
4. convolve each surface wavefield by the source time function corresponding to its associated point source
5. sum all surface wavefields



Niigata earthquake 2007
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Zero-shot MIFNO

20



Best-matching geologies
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Best-matching geologies (cont’d)
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Best-matching sources
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Data-tuned MIFNO
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Earthquake neuralsimulator



The “plague” of spectral bias
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Model rRMSE rFFTlow rFFTmid rFFThigh
FNO 0.23 ± 0.088 -0.17 ± 0.18 -0.30 ± 0.24 -0.44 ± 0.30
U-NO 0.22 ± 0.088 -0.16 ± 0.16 -0.28 ± 0.22 -0.44 ± 0.28

G-FNO 0.26 ± 0.073 -0.53 ± 0.12 -0.76 ± 0.11 -0.94 ± 0.04
F-FNO N(ℓ) =4 0.23 ± 0.081 -0.29 ± 0.16 -0.42 ± 0.21 -0.55 ± 0.26
F-FNO N(ℓ) =8 0.21 ± 0.083 -0.15 ± 0.14 -0.26 ± 0.19 -0.37 ± 0.26

F-FNO N(ℓ) =28 0.17 ± 0.081 -0.08 ± 0.10 -0.14 ± 0.15 -0.23 ± 0.22

Table – Mean and standard deviation of relative biases for 1000 validation samples. rFFTlow,
rFFTmid, rFFThigh : frequency biases/deviations [5].



FreqNO-DPS : fuse a diffusion prior, sensors, and a frozen NO
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∇uτ
log pτ (uτ | y , uNO) ≈ ū0 − uτ

σ2
τ︸ ︷︷ ︸

prior (Tweedie)

+ ∇uτ
log p(y | uτ )︸ ︷︷ ︸

sensor anchor

+∇uτ
log p(uNO | uτ )︸ ︷︷ ︸
NO guidance
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Observations & calibration
precomputed, one-time

Denoiser training
on SEM ground truth wavefield u

Inference: posterior sampling
one reverse-diffusion step on ∇uτ log pτ (uτ | y,uNO)
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w(τ)∥ū0 − u∥2

]

∇θL

uτ

noisy state

(i) Prior score
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repeat for Nsteps = 64 steps
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Spoiler alert !
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The key idea : spectrally shaped NO guidance
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Per-mode error model, calibrated from paired data :

F(uNO)(k )c = H(k ) F(u)(k )c + η̂NO(k ), E|η̂NO|2 = σ2
NO(k ).

Two-step LMMSE, with X = F(u)c , Y = F(uτ )c , Z = F(uNO)c :
Step 1 — diffusion channel : estimate clean X from the noisy state Y
Wiener filter α (shrinks Y toward the prior mean) and its error σ2

L :

α(k ) =
Pu (k )

σ2
τ + Pu (k ) , σ2

L(k ) = σ2
τ α(k ) ≤ min

(
Pu , σ2

τ

)
.

Step 2 — NO channel : refine with the surrogate Z
Innovation r(k ) = Z − H(k ) α(k ) Y has variance

λτ (k ) = |H(k )|2 σ2
L(k ) + σ2

NO(k ).



Result : near-zero spectral bias at 2–5% coverage
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Closed-form score — two FFTs, no denoiser backprop :

∇uτ
log p(uNO | uτ ) = F−1(λ̃τ ⊙ r

)
, λ̃τ (k ) = 2 H(k ) α(k )

λτ (k ) −−−−−→
high ∥k∥

0.

Method (ρ = 5%) rMAE ↓ rFFThigh→ 0
MIFNO (surrogate) 0.133 −0.239
DPS (sensors only) 0.113 −0.232
DPS + NO (iso) 0.099 −0.210
FreqNO-DPS 0.100 +0.002

Isotropic guidance improves pointwise
error but keeps the bias. FreqNO-DPS
reaches near-zero bias at no pointwise
cost (+0.047 even at ρ = 2%).
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Guiding regimes
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ν(k , τ) := σ2
τ

Pu (k )

γ(k ) := σ2
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Takeaways

▶ Frequency-dependent calibration is essential, not merely
beneficial : it is what separates useful NO guidance from a
faithful reimport of its bias.

▶ Cheap and modular : closed form, two FFTs per step, no
denoiser backprop ; wraps any frozen surrogate.

▶ Distribution-agnostic : an exact score identity plus error
bounds across the frequency–diffusion-time plane preserve the
guidance’s spectral shape regardless of distributional
assumptions.

▶ Lightweight prerequisites : only paired surrogate/reference
data for calibration, plus a coherence diagnostic to verify
applicability to a new surrogate.

Applies broadly to FNO-family surrogates across wave propagation,
fluids, and other PDE settings.
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Thank you !
Contact : filippo.gatti@centralesupelec.fr
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