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

mapping from interface velocities to reaction forces
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NN I maps interface quantities to local displacements 
NN II extracts a reduced manifold from the local state 
NN III predicts the time evolution of the latent vector 
NN IV maps local displacements to interface forces

FEM NN I NN II

Local model

Global model

𝛺! Interface velocities

Interface forces

𝑡! 𝑡!"#

𝛺$ NN-based 
ROM

Learning of complex constitutive models

Hybrid twinPhysical structure

Set of in-situ 
measurements

Structural 
diagnosis

Safety 
control

Command law synthesis

Model bias correction with Neural 
Networks 

(Focus of this poster)
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CRE(ŝ) +

↵

2

Z T

0
||⇧u� uobs||2

ii

Weights and 
biases of the 

neural network

Space of parameters defined 
such that physicals 

requirements are satisfied

Static and kinematic
admissibility
guaranteed

ALL RELIABLE INFORMATION GUARANTEED BY 
CONSTRUCTION

Distance to observations

Model bias indicator based on the residual
of Legendre-Fenchel transform
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• Learning state equations & evolution laws
• Thermodynamically consistent strategy
• Convexity of potentials enforced with ICNNs
• Approach very robust to noisy data
• Automatic tuning of hyper-parameters 

Fourier neural operator for 3D wave propagation
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