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Motivation Formulation

e Conditioning models on data, via statistical inference, is central to many
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* Evidence/normalization is difficult to compute

* Posterior evaluations may be expensive: forward model (PDE) appears inside
the likelihood

 Parameter x may be high-dimensional

Optimization problems

Example 4: PDE-constrained inverse problem (139 dimensions)

* Map exists (under weak conditions) but is not unique e Elliptic PDE: infer heterogeneous diffusivity k from limited/noisy
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 Two optimization formulations guarantee existence and uniqueness of a
monotone map

flexible and broadly applicable, but several drawbacks

e Substantial gains in both accuracy and speed over MCMC

* Variational Bayes: suitable for a special set of inference problems , , 3
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propagation and inference
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Map pushes forward the prior measure to the posterior measure
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