NPN Regularization For
Imaging Inverse Problems

Learning null-space components for regularizing inverse
problems in imaging
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Inverse Problems and Null-Space
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Estimating directly null-space components
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We propose to estimate G*(y) = Sx*

Learned Null-Space Regularizer
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Inverse Problems and Null-Space
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Solution on image prior
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Sx — Null-Space components span(ST) < Null(H)

We propose to learn a regularization over

blind image components to the sensing matrix




Null-Space Regularization
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The regularization acts in a orthogonal direction

Low-dimensional learning provides
to the data-fidelity

better generalization



Learning Null-Space Component
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Joint learning of S and G
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Fitting Null-Space component

Ensuring orthogonality between H and S

Ensuring invertibility in the dataset subspace A= l~




Theoretical Advantages (PnP)
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Convergence improvement zone
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Results

NPN-PnP/PnP
39.16 . 35.86




Results

NPN-PnP/PnP
32.84 28.61




Results
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