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Bayesian Physics-Informed Neural Networks

General formalism using Hamiltonian Monte Carlo (HMC) sampler
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BPINNSs failures modes

Uniform weights generates instabilities for multi-scale, multi-objective inference problems

Sobolev training benchmark at derivative order K
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A novel Adaptive-Weighted HMC strategy

Complex multi-objective and multi-scale potential U(©)

Question : How to set the weights A to provide balanced condition between the objective terms ?
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Adaptive-Weighted HMC for Sobolev benchmark

Balanced sampling toward an efficient exploration of the Pareto front
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AW-HMC validations and comparisons
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Reactive Inverse Problem in pore-scale imaging

Two-scale porosity model and data-driven imaging context
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Reactive Inverse Problem in pore-scale imaging
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Conclusion and prospects

>
>

Develop a novel methodology for automatic adaptive weighting of BPINNs

Robust Bayesian inference in the context of multi-objective and multi-scale
data-driven problems...

.. with unknown noise distributions and unknown model adequacy

Application to reactive inverse problem in pore-scale imaging

Quantify morphological uncertainty on e micro-porosity through a dynamical
process

Image based identification and UQ of the kinetic parameters
Extension to real uCT dissolution scans
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