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Identify parameters p from measurements B™<as| I
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Inverse Problem

:

Forward Problem

(

[Kigller, Master Thesis, DTU Lyngby, 2007]
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Three directions :

1. Forward solver surrogates : y = f(p) [7, 8]

2. Inverse surrogates : p* = fi (ym) [9, 10]

Ym — finv(}’m) — p*
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Three directions :

1. Forward solver surrogates : y = f(p) [7, 8]

2. Inverse surrogates : p* = finv (ym) [9, 10]

3. Equation discovery : [11, 12]

= ODE/PDE in loss function
= Optimize the PDE parameters along with NN

g = Ut + p1utly — DUy

9/24




1. Introduction

2. ML for Parameter Identification

= Example : linear material identification

3. Summary

10/24




IGTE

Optimization parameters
Number of parameters in p depends on the number of subdomains ,,,.

11/24




IGTE

Optimization parameters
Number of parameters in p depends on the number of subdomains ,,,.

Reducing parameter space dimension

11/24




IGTE

Optimization parameters
Number of parameters in p depends on the number of subdomains ,,,.

Reducing parameter space dimension

= Using prior knowledge

11/24




IGTE

Optimization parameters

Number of parameters in p depends on the number of subdomains ,,,.

Reducing parameter space dimension

= Using prior knowledge

= Establish mapping pa — p P
y=0.4 6=3.5mm
10 10 =
L—T
09 sl 09 ///
I / 08 /
5 08 s /
i Sor
307 1
E H
1/
/ 0.5 /
03 e 6=0.5mm 0.4 y=03
“ 6=2.5mm y=06
0.4 —— 6=5mm | 03 — =091
00 25 50 75 le.D 125 15.0 17.5 20.0

T t
00 25 50 75 100 125 150 17.5 20.0
X in mm

xin mm

11/24
A




IGTE

Optimization parameters
Number of parameters in p depends on the number of subdomains ,,.

Reducing parameter space dimension

= Using prior knowledge

= Establish mapping pa — p

Construct inverse surrogate
ﬁd - finv (Ym)

11/24
A



IGTE

Optimization parameters
Number of parameters in p depends on the number of subdomains ,,.

Reducing parameter space dimension

= Using prior knowledge

= Establish mapping pa — p

Construct inverse surrogate
ﬁd - finv (Ym)

= Sample expensive model |

11/24
A



IGTE

Optimization parameters
Number of parameters in p depends on the number of subdomains ,,.

Reducing parameter space dimension

= Using prior knowledge (s 7, 8) = prer(1—(1=7)e 3 ). (3)
= Establish mapping pa — p

Construct inverse surrogate
Pd = finv (Ym) V-os smsamm

= Sample expensive model |

)
= Fewer samples needed as input space i M/
is smaller / -l

11/24




IGTE

Optimization parameters
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= Using prior knowledge (s 7, 8) = prer(1—(1=7)e 3 ). (3)
= Establish mapping pa — p

Construct inverse surrogate
Pd = finv (Ym) V-os smsamm

= Sample expensive model |

)
= Fewer samples needed as input space i M/
is smaller / -l

= Fit the surrogate to the data
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Mno0 P1 B
Y2 02 P2 5
X=|. | P=pxX)=|" |, B =" = feu(P) (4)
IN 0N PN By
Sampling plan N, Ny N
(P,B)™an 50 50 2000

(P,B)™ 50 50 500
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Bo- . _ . Hall sensor array
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Cutting’edge Bi, Hi
= Nonlinear BH-curve for each subdomain
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v(B;icm) = com + c1mB*™, VB = [[B|2 (5)
T
p=[coo c11 ¢21 ... Com LM C2M) (6)
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5. | Differentiable - B —
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= Material model acts as regulizer

= Can use complex material models

= Independent of FEM simulation
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= Data generated via openCFS and pyCFS

= Parameter ranges are crucial
= Mapping approach

= Reduced parameter space
= Data regularized by prior knowledge
= Decoupling of Param-Id and FEM

Thank you for your attention! }
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