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Motivation

e Common imaging inverse problems, such as
inpainting and deconvolution, are fundamentally
ill-posed.

e While traditional methods rely on simple
mathematical priors, the goal of this projectis to
leverage pre-trained diffusion models to generate

priors, allowing us to reconstruct high-fidelity
images.

Related Work

e Approaches to inverse problems using
"hand-crafted" priors, such as Total Variation,
often fail to capture the complexity of natural
data.

e Recent advances have shifted toward generative

priors. This project builds on the DDPM

framework to explore score-based methods like
ScoreALD and DPS.
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