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Challenges

@ It isdifficult to construct paired datasets for training.
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Insight

@ Pseudo-label inspiration ® Reverse diffusion
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Results

‘ A3
fFace [9]

« Our SSDIff significantly outperforms existing methods.



Results

LQ BOPB CodeFormer [8] DifFace DiffBIR DDNM PGDiff [13] Ours

«  When the input contains no breakage areas or significant breakages, our

SSDiff also significantly outperforms existing methods.



Results

O Region-Specific Stylized Restoration O Limitations
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« SSDiff allows stylized restoration of facial

- « When large stains appear, it may lead to
components specified b Y reference to unnatural artifacts and distorted details.
pseudo-labels on inputs.
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