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Problem: Uncertainty Quantification in Solving Large Scale Sparse Linear Inverse Problems
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. But, how far the estimate might be from the 'true value'?

38 Uncertainty Quantification !
Goal

large scale observation — point estimate + uncertainty quantification

Challenges

o efficient computation in solving large scale linear inverse problems (e.g. imaging problems)

e optimal sparse solution to large scale sparse linear inverse problems (e.g. in wavelet domain)

¢ uncertainty quantification for the point estimate

e unsupervised hyperparameter estimation when using Bayesian methods with sparsity enforcing priors

Proposed Solution: Expectation Propagation (EP) for Unsupervised Approximate Bayesian Inference

Bayesian model

likelihood: f,,(y/Hx)
sparsity-enforcing priors: f,(x|@)

Laplace Mixture of 2 Gaussians Spike-and-Slab EP for approximate Bayesian inference
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fylo(y|Hz) f.(210)

® posterior: pxly,0) = ® unsupervised hyperparamter estimation:
/fya: y|Hz)f,(2|0)dz 6= arggnax E, zpe-0y) log f(y]6))
e MMSE (point estimate): E j|z| = /:Ep(a:|y, 0)dx

® covariance (uncertainty):

Covy(z) = [ (z — Ela])(@ — Ele]) plaly,0)dz
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