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Synthetic case study representing the hydrogeological conditions for a domain in Mannheim-Kafertal, Germany.

Making surrogates robust against
model misspecification:
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Motivation :
Architecture

In large-scale groundwater models high quality data, and full Overall workflow |
representation of model complexity is rare. There can be structural
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Step 2: Learning remaining errors

Develop a surrogate model that is robust to data-quality gaps and with GPR.
model misspecification.

Goal Results

To develop a surrogate framework for making high-fidelity forecasts
while being robust against low-fidelity inputs. This Is relevant when
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Fully convolution neural network with skip
connections, known as UNET.
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Misspecified 1. Low Fidelity The combination of UNET and GPR performed better in all scenarios.
model

Learning Error Terms Conclusions Future Work

Defining the fidelity: difference between numerical model output with

| e R _ = * With increasing LF, the U-Net loses the physical context * Loss functions: Spatially correlated errors, Tikhonov
high-fidelity and low-fidelity inputs: & (x) = f(x; 0) — g(x; 6) and alone struggles to reconstruct the high fidelity truth. Regularization.
» Spatio-temporal: Combine learning of spatio-temporal
Training a U-Net to represent the structural error bias as a function of © A t‘l’VO‘SteP lstrategy Wheh".f thhe Uégletf'.de”t”;'es large- Erocesses.l —_— e I
 y 1ea - _ =\ — scale spatial patterns, while the retrines the remaining * Large scale: lest the approach 1or a large-scale
low-fidelity inputs x: 57” (X) CNN (X' (1) ) systematic errors to reach a high-fidelity output is an hydrogeological domain.
effective approach. * Architecture: Learn errors by diffusion models.

Representing the remaining residuals and €,=z —g(x;0) — &,.(x )(the
part not explainable by x ) as Gaussian Process over the spatial

coordinates: €, () ~GP (Ll 1%} Zgz,l(':'))
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