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Degradation severity

Inverse problems Perception-distortion trade-oft

ground truth y=Ax)+n measurement SDP is defined based on a notion of degradation severity: Perceptual image quality (LPIPS, FID) is fundamentally at odds with
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Reverse diffusion s s pdate t . gl

r'j\?ﬁ?;oi{ggge — . We learn to iteratively reverse small steps of degradation, which Results
Ay we call incremental reconstruction (IR).
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Diffusion models reverse a Gaussian Data-consistency is encouraged
noising process for image generation. by additional guidance.
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Incremental Reconstruction Loss (IRL)
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Key idea: tailor diffusion process to the image degradation, L1r(8) = Eo o vy [l ar (@0 (ye, 6)) — Arne(o)] > % R R
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diffusion step (Theorem 3.0). NFEs



