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Motivation

* Deconvolution is an inverse problem wherein the goal is
to recover a clean image from a blurry one, with
applications in medical imaging, astronomy, microscopy,
etc.

a general algorithm for solving such inverse problems
which can be guided by our understanding of what the
solution should look like by using a prior.

The presence of high noise in the image makes this
problem challenging, necessitating an effective denoising
prior in ADMM.

Diffusion models have recently been shown to produce
high quality images from pure noise through iterative
denoising [3].

Alternating Direction Method of Multipliers (ADMM) [1] is

New Technique

* The proposed algorithm uses a diffusion denoiser for the z-update in ADMM.
A diffusion model (DM) progressively adds noise to an image in a forward
Markov chain defined by:
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and then recovers a plausible sample from the data distribution through a
reverse denoising process parametrized by a neural network pg.

q(xt]xt—l) =

Po(Xe—1[xt) = N(x—1; po(xt, 1), Bo(xs, 1)) @)
Pe(Xz 1|Xt)

O 0 0n ~Cp
Xz\xrl

* From equation (1), the noisy image x; at timestep t in the forward diffusion
process can be written in terms of the noise-free image x as:
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* For a noisy image with known noise variance *, we inject it into the
reverse diffusion process at timestep t” such that §* ~ 1 — &~

* The resulting noise-free image is then used in the z-update of ADMM as a
denoising prior.
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Background

The optimal solution to a deconvolution problem can be
formulated as,
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Using Lagrangian optimization, this simplifies to the
iterative ADMM algorithm (flowchart below), where any
general denoiser can be plugged into the z-update to
guide the ADMM process [2].

Given:
b — observed noisy image
¢ — known blur kernel

p. A — hyperparameters

Intialze:

x + zeros(W, H)
2+ zeros(W, H)
u + zeros(W, H)

Update

v=z—u
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* DM acts as an excellent denoising prior when the image belongs to the class it
was trained on. On a different class, only works with low noise.

Uy PSNR is not reflective of visual quality, since the DM hallucinates details
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