: > | "'r‘{.’ii"-" A
00 D e ¢ AN
25
sase Universitat Stuttgart
:':::::::::’:-': Institute for Modelling Hydraulic and Environmental Systems

Stochastic Simulation and Safety Research for Hydrosystems (LS3)’

Training surrogate models using input dimension reduction for

inverse modelling problems

Application to heterogeneous media problems

Maria Fernanda Morales Oreamuno’, Sergey Oladyshkin®’ & Wolfgang Nowak

/ Motivation

suffer from the curse of dimensionality and convergence problems.

kuncertainty induced by the IDR.

Surrogate model training can become computationally prohibitive for high-dimensional, heterogeneous problems given that a) more training points
from computationally expensive models are needed and b) increased training time. Additionally, (Bayesian) inverse problems in high dimensions also

We implement surrogate training approaches with input dimension reduction (IDR) and apply them for forward and (Bayesian) inverse applications
Our goal is to train surrogates for high dimensional problems, while optimizing the number of expensive model runs and accounting for any
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Karhunen-Loeve decomposition (KLD) for IDR
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IDR-error ,,aware® surrogate

* We focus on noisy-surrogates(GP), which consider the “noise” due to IDR.
 We focus on surrogates that provide Gaussian distribution over the
surrogate predictions.
- Allows to include a surrogate-induced error for a more representative UQ

Surrogate error ,,aware®“ Bayesian inference

 We use available (borehole) observations, at time step t., to update prior
knowledge on uncertain parameters.

 Through Bayesian inference we can reduce the uncertainty associated to
future time step (t,,,) simulations, for forward and optimal experimental
design (OED) simulations

We consider the surrogate error in the likelihood estimation
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Application to GW transport model

Forward UQ: IDR error

 We quantify and visualize the
surrogate error compared to
the surrogate approximation
error.
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* IDR, up to a certain number of coefficients, did not affect the
surrogate’s ability to infer the true posterior
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Posterior distributions obtained with full
complexity model, using 3 posterior sampling
approaches
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Posteriors using surrogate models with MC +
rejection sampling, considering surrogate error
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