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Spotwelds modelling with local/global coupling

Simplified full
vehicle model
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Objective : develop a quick and accurate meta-model of spot-welded patches and
Integrate seamlessly into explicit dynamic FEM solvers

t+At, '
z z,,
!
Pu "|}"’ 'H' Pu e I

; NN | ";" i NN IV g 7"pt+Atg
Intlerfacle forces | :, | N ﬂ ‘HE
. K -X\ ----------------- i 8 | *tﬂA y i
I—4 O
N
\ " " " " ]
_Qg e — mapping from interface velocities to reaction forces
nterrace velocities

Global model NN | maps interface quantities to local displacements

+1 -

t9 t9 NN Il extracts a reduced manifold from the local state
NN lll predicts the time evolution of the latent vector
NN IV maps local displacements to interface forces

tg1 tyo ty3 tga tys

® . N o ?0 Global time-scale

v v i
- = va - =—
~ ~ - - \ / _ -~ - A
~ DN \ k—/ - :
Interpolation LVs to [ Extraction LV at 5 ]

local time-scale

4 )
Model bias correction with Neural
— Networks
Set of in-situ L_—MJM&S‘:W Updated
measurements |, Sequential data model
assimilation %9

T Local model

adaptivity
\_ W,

Physical structure Hybrid twin
Safety Structural
control diagnosis

Command law synthesis
- N
~ T
. . : 2 ~ 2
N Popt = argmin n | E&rp(8) + 5/ TTu — ups|| H
eights an
eighsand > (pePy IGEAD T 0 )
biases of the - aVa J

neural network / / \ Distance to observations

Fourier neural operator for 3D wave propagation

random homogeneous &

heterogeneous
layers

random fluctuations materials database

SEM3D Database

\ J

velocity fields h

elastic wave equation database

E-W velocity snapshots
Ground truth =1 g Prediction

0.
- ] - . 2.4 -
i i)
>
e 7.2 1

z | Spectral Element Code
SEM3D

0.01

0.00

m/s

x y

-0.01
9.6

% point-wise source \_ X )

0.0

2.4 - i :
£us '
>
7.2 :
1253 -

9.6
0.0

2.4 - - - 0.01
S48 ' | E 1 'K "' 0.00
= 4

- J ~0.01

0.01

0.00

m/s

-0.01

m/s

TRAINING N Y [

548

"2 W | Y

9.6

0.025
0.000
-0.025

m/s

. t=3.1s

0.0 * —‘4

0.02
2.4

_—

0.00

 B——
—

m/s

£ s

>
T2

el N

0.0 24 48 7.2 96 00 24 48 7.2 96
x (km) x (km)

Ug UnN Uz
a Output: velocity wave field t
t t
Uplift = o —_—
Pl : ~——
; . network ’ xT d X * 4 X f Y

y

-0.02

X

Z'Ol

Projection Projection Projection
: Q Q Q
Input geology - network . network = network

Fourier Fourier )
F
IL block J st block |8 A A A

. Fourier Fourier
2 F7
block block

U2
--------------------------------------------- d =L e wm—
ro| Fourier F6 Fourier - / ARK
block block \
U3
----- O skip connection ?‘5

Fourier

with concatenation .
Fa V4 Fourier -
block block [

FNO

References

[1] A. Pulikkathodi et al., A neural network-based data-driven local modelling of
spotwelded plates under impact (2023)

[2] A. Pulikkathodi et al., A data-driven approach for the real-time modelling of spot-
welded patches under impact using deep learning (2023)

[3] A. Benady et al, NN-mCRE: a modified Constitutive Relation Error framework for
unsupervised learning of nonlinear state laws with physics-augmented Neural Networks
(2023)

[4] A. Benady et al.,, Physics-augmented neural networks for constitutive modelling:
training with the modified constitutive relation error (MCRE) (2023)

[5] F. Lehmann et al., Machine learning opportunities to conduct high-fidelity earthquake
simulations in multi-scale heterogeneous geology (2022)

[6] F. Lehmann et al., Fourier neural operator surrogate model to predict 3D seismic
waves propagation (2023)

4 N ( ) _
Space of parameters defined Static and kinematic I
such that physicals admissibility
requirements are satisfied guaranteed 0.
. ’ ) o 1 2 3
ALL RELIABLE INFORMATION GUARANTEED BY Model ?'Las '”décat‘;r ba;eld on ”;e residual
CONSTRUCTION OoT Legenare-rencne transtorm
x10~5 __ Y(€11,81=0,67=0) x105  Y(€11=0,&1,&2=0)
1.04 © EE Ezfjvfrlin;i]rarrrlll(iilgrlgirzrz:?:rllization 0] o EE E:f\?vrjrlin;frarrrlll(ijlgr]girzrzz?::lization
 Learning state equations & evolution laws 514
 Thermodynamically consistent strategy
« Convexity of potentials enforced with ICNNs
* Approach very robust to noisy data -
* Automatic tuning of hyper-parameters 00
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