PAIRED AUTOENCODERS FOR INFERENCE AND REGULARIZATION
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Nonlinear PAIR for Deblurring Example

AL Linear Autoencoders: Computed Tomography Example: MNIST Deblurring Example:
(dyx 0 ex)(x) = DEx

Introduction

e Inverse problems involve determining the causes or parameters of
a system based on observed outcomes

Linear PAIR for Computed Tomography
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e Optimal linear latent forward mapping

o The PAIR framework is datadriven. and requires learino: . - Average relative error norms for test PAIR inversion vs encoder-decoder |
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>target X autoencoder, (dy o ex) : R” — R"™, unsupervised for inversion and forward propagation.
>latent inverse map, m! : R™ — R", supervised Conclusions
>latent forward map, m : R™ — R"™ supervised

e PAIR is a new data-driven framework for Future Applications of PAIR:
inverse problems
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e Approximate adjoints

b e (b) 7. d (Z ) b 1000 2000 3000 e Theory for linear PAIR exploits a low-rank o Define new data-driven priors
Z b DR = SVD approximation with inherent regular- (e.g., approximate mean and
& /\ ot | |
= 1zatlol prior covariance)
) Qr 100 20 300 o thimal linear .latent maps defined for both o Create surrogate models using
IIl(Zb) m (ZX) linear and nonlinear autoencoders o reduced model for forward
Linear PAIR approrimations for different sized latent spaces. Note that r and e Superior for problems with many unpaired propagation of dynamical sys-
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e Numerical results show generalizability
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