Preconditioned training of normalizing flows for
variational inference in inverse problems



Inverse problems

Find x such that:

observed data, y
measurement noise, € ~ N(0, o*1)
expensive (nonlinear) forward operator, F

limited access to training data (marginal or joint)




Variational inference with normalizing flows

1
m@in E zNo,1) 292 ||F(T9(z)) - yHi — log Tprior (T9(2)) — log ‘ det VZTQ(Z)”

no training data required

cheap posterior sampling: Ty(z) ~ mg(X | ¥) = Tpost(X | ¥)

requires a prior density, Tprior(X)
repeated evaluations of F and VFT

specific to one observation, y

Qiang Liu and Dilin Wang. “Stein Variational Gradient Descent: A General Purpose Bayesian Inference
Algorithm™. In: Advances in Neural Information Processing Systems. Vol. 29. 2016, pp. 2378-2386. URL:
https://proceedings.neurips.cc/paper/2016/file/b3ba8f1bee1238a2f37603d90b58898d-Paper . pdf.


https://proceedings.neurips.cc/paper/2016/file/b3ba8f1bee1238a2f37603d90b58898d-Paper.pdf

Variational inference with conditional normalizing flows
. 1 2
m(;n Ey,xwﬁy,x(y,x) 2 |Gy (y, x)||” — log ‘ det Vy x G¢(y7 x)’ )

where  Gy(y,x) = [qub(y)(/‘?/;)] , = {¢y: ¢x}

cheap posterior sampling for all y: G;:(Gd,y(y),z) ~ (x| y)
does not involve the forward operator, F
does not require a prior density, mprior(X)

heavily relies on access to training pairs, 7y« # 7y x

J. Kruse et al. HINT: Hierarchical Invertible Neural Transport for Density Estimation and Bayesian
Inference. 2019. arXiv: 1905.10687 [stat.ML].

Ricardo Baptista, Olivier Zahm, and Youssef Marzouk. An adaptive transport framework for joint and
conditional density estimation. 2020. arXiv: 2009.10303 [stat.ML].



https://arxiv.org/abs/1905.10687
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Variational inference with the preconditioned scheme

1
qusin ENo,1) 357 | F(Ty,(2)) — sz —log 7 (Ty,(2)) — log ‘ det VZT¢X(Z)H

transfer learning:

- correct for low-fidelity training data, 7 x # 7y x
- less evaluations of F and VFT

learned prior density, mg(x) := 72 (Gy, (¥, * ‘det ViGy (¥, %)

fast to adapt to new observation
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Observed data

(left) true model, (right) observed data




conditional mean before (left) and after (right) transfer learning



Contributions

Take full advantage of existing training data to:

speed-up variational inference

train a learned (conditional) prior density

https://github.com/slimgroup/Software.siahkoohi2021AABIpto
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