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Motivation

Bayesian Inverse Problems
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Setup Bayesian 6 ~ Prior
Naive Approach: Approach D = F(6) + ¢ — Gaussian Noise Likelihood ~ Prior
- Guess 6 01D ~ Posteri P(D|9)P(8)
- Solve the forward model osterior m(8) =
F(0) = u P(D)
- Iterate until F(6) matches u
measured Optimization min L(F(6),D) + R(0)
Approach

* Infinite-dimensional
Gradient Descent
* Adjoint-State method



Goal

Low variance
IE9~TL' [h(@)] <E Low sample complexity

Low cost per sample

Difficulties

s ERY ,n>1
« () a P(D|O)P(H) — Un-normalized
 [P(D|0O) often costly

Purpose

Design a tool for sampling m:

* Particle transport from a

* Cheaper distribution g toward 7,

e Using cross-entropy minimization by
* A small RKHS perturbations and

* Simpler than MCMC! (Or not?)



Stein Method
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Three Key Lemmas

)
D (U +h.qllp)| =—trEDyh ,
oh h=0 R 0 2 T
D (U +h+w).q|lp) =—trEy[Vlogp hg" —VhVg]
\ Steepest Descent ohow
argmax Newton Iteration
he () TEDph = EqDpk(x,) l
Hj(h,g) = V](h) h € RKHS
Algorithm

Input: Sample {x;}; ~ g, target m, kernel

Output: Mapped Sample {Tx;}; ~ Steepest Descent

Fori=1,..,n GD with Momentum
1. Compute a Descent AdaGrad
direction G (x;) RMSprop
2. Apply transport map
T=1—-—nG Gauss Newton

endFor



Implementation in Julia
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Some Results
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