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Inverse Imaging Problem: Given a blurry or corrupted
image "measurement’, we want to generate feasible
reconstructions of the clean ground truth image.

Diffusion Model-Based Prior: Learn how images are
gradually corrupted by noise and how to reverse the
process to recover natural images. \We use a
pre-trained, score-based diffusion model for denoising,

unconditional generation, inpainting, and deconvolution.
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Partially add noise then denoise
using DDPM, Variance-Preserving
Stochastic Differential Equation.
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Annealing factor V determines
guidance strength of measurement-
consistency gradient.
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' 2 Uses diffusion model estimate of
A (x,) - y” the clean image X, as guidance.
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