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WHY SURROGATES
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SURROGATE MODEL
TECHNIOUES

a) Physics-Based b) Data-Driven c) Physics-Based Machine Learning
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DATA VS. PHYSICS

No Data Some Data A lot of Data

A lot of Physical Some Physical No Physical
Knowledge Knowledge Knowledge
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PROCEDURE

1. Construct a training and test data set
— Latin Hypercube sampling for training set
— Random sampling for test set

2. Scale the data-sets
- training and test snapshots

3. Perform the POD with pre-defined tolerance
LB
i=1 A7

— Input: training snapshots
— Output: basis functions

4. Perform the projection (machine learning)
— Input: training parameters (e.g., material properties)
— Output: reduced coefficients

5. Surrogate: u,,(0) = Xi_, T(Z)(H)l/zi € Vup
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SOLUTION
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» Reduction of the amount of data required ~10004 -_0.05§
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» Error distributions following physical laws ~3000 . _o.ls‘g
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WORKFLOWS

Construction of the

Global Sensitivity Analysis
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Degen et al. (2022a)
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Degen & Wellmann (2026), Sobol

S E N S I T I V I TY A NA LYS E S (2001), Wrainwright et al. (2014)

A sensitivity analysis determines the

influence of the model parameters on
the model response.

= Two categories:
» Local sensitivity analysis
» Global sensitivity analysis

» Local sensitivity analysis: » Global sensitivity analysis:
» Local influence - with respect to pre-defined » |.e. Sobol sensitivity analysis - variance-
reference based
= Vicinity of the input parameters » Parameter distribution does not need to be
= No correlations considered know a priori

= Possible consideration of correlations
= Many evaluations
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BERLIN-BRANDENBURG:

= Markov chain Monte Carlo

= Aims at reducing the uncertainty by incorporating data

» Based on Bayes Theorem
P(u| y)ecP(y | w)P(w)

= P(u|y): posterior B _

Maan Tamperature ["C] - 53
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UNCERTAINTY QUANTIFICATION
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RELIABLE AND
INTERPRETABLE MODELS

»= Governing Equations (coupled THM simulation): Lm0 ™ Geclogy
xm - Hannover rormation-l
1 Opy -
Mb at + v qD O’ ElbebqsesqndstorTeI
. k e
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oT
(pc), T + V. ((pc)quT - )\bVT) = 0,

V(o' —Bpsl) + ppg = 0.

7777777777777777
00000

0 ——

» Simulations performed with Golem (Cacace &
Jacquey, 2017) Degen et al. (2022b)
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Interpretable physics-consistent surrogate models J
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PARAMETER ESTIMATION

— F‘ Improved “best-fit” model with quantified uncertainties |
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HIERARCHICAL APPROACHES
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DATA INCOPERATION

POD modes variable 1 (e.g. pressure): \ ) Projection

@@LEN} . - ' e.g., (Deep) Neural Network
Full Order : ' Reduced Order
Model (FOM) POD modes variable 2 (e.g. temperature): | P MOdeI (ROM)

+ Updated ROM
Kolmogorov-Arnold Network
A (Data — FOM) = \

N

Data Residual

Model E

Faber et al. (2026, in prep.)
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FLEXIBILITY
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Degen et al. (2022h)
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