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Unified image restoration 
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• Supervised training of neural networks

• suffer to generalize with multiple complex degradation

• Unsupervised generative prior

• GAN

• DDPM

Restoration methods

Learn rich knowledge of real-world scenes
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Exploiting deep generative prior for versatile image restoration and manipulation, Xingang Pan et al., ECCV2020 oral

Background: DGP

Motivation: exploit generic image prior of GAN
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Exploiting deep generative prior for versatile image restoration and manipulation, Xingang Pan et al., ECCV2020 oral

Background: DGP

Degradation Alignment
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Exploiting deep generative prior for versatile image restoration and manipulation, Xingang Pan et al., ECCV2020 oral

Background: DGP

• Iteratively optimization: time consuming

• Degradation model should be derivative

• GAN is not the best generative model 
currently
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Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22
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Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22

Linear inverse problems: 𝑦𝑦 = 𝐻𝐻𝐻𝐻 + 𝑧𝑧

Define a proper distribution of �𝑞𝑞(𝑥𝑥𝑡𝑡|𝑥𝑥0,𝑦𝑦) and p𝜃𝜃(𝑥𝑥𝑡𝑡|𝑥𝑥𝑡𝑡+1,𝑦𝑦) to meet the 
requirements of origin DDPM

Degradation model noise
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Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22

Case for inpainting with no noise: 
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Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22

Case for inpainting with no noise: 
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Linear and Multi-linear inverse problems

Non-linear inverse and blind degradation problems 
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• DGP, DDRM are limited in specific 
degradation models

• We want to explore the generative 
prior thoroughly with unified 
restoration tasks
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Similar to DGP: Degradation Alignment
Use intermediate �𝑥𝑥0 to regularize the generation process
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Use intermediate �𝑥𝑥0 to regularize the generation process
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Use intermediate �𝑥𝑥0to regularize the generation process
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Use intermediate �𝑥𝑥0 to regularize the generation process



GDP: Optimize the degradation model
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Simple but effective degradation model:



GDP: Optimize the degradation model

24

Simple but effective degradation model:
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Simple but effective degradation model:
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DDPM denoising probability:

Where r ~ , and g= 



GDP: Method
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Conditional denoising probability[*]:

Where r ~ , and g= 

*proved by Diffusion models beat gans on image synthesis, Prafulla Dhariwal et al., NIPS2021
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Conditional denoising probability[*]:

Where r ~ , and g= 

Posterior probability definition:

*proved by Diffusion models beat gans on image synthesis, Prafulla Dhariwal et al., NIPS2021

Reconstruction loss Quality Enhancement loss
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GDP-𝑥𝑥0
Calculate loss by “pseudo-clean” image �𝑥𝑥0
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GDP: Loss

• Reconstruction Loss:
• MSE, SSIM…

• Quality Enhancement Loss (options for each task)
• Exposure Control Loss:

• Color Constancy Loss:

• Illumination Smoothness Loss: 

• Maybe some good IQA metrics, all of them are adopted from ZeroDCE*

Zero-reference deep curve estimation for low-light image enhancement, Chunle Guo et al., CVPR2020 

Reconstruction loss Quality Enhancement loss
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Experiments: Another Variant

Add regularization on 𝑥𝑥𝑡𝑡, not on �𝑥𝑥0



GDP-𝑥𝑥𝑡𝑡
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GDP-𝑥𝑥𝑡𝑡

A naive MSE loss or perceptual loss will 
make 𝑥𝑥𝑡𝑡 deviate from its original noise 
magnitude and do harm to the 
generation.

y : corrupted image 
with no noise or 
noises of different 
magnitude

𝑥𝑥𝑘𝑘: noisy image 
with a specific 
noise magnitude
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Experiments
Qualitative comparison on colorization

Color Constancy Loss
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Experiments

Qualitative comparison of image enlighten task
Illumination Smoothness Loss: 
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Experiments

Qualitative comparison of image enlighten task

Exposure Control Loss:
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Experiments

Qualitative comparison of inpainting task

GDP-𝑥𝑥𝑡𝑡 may generate blurry images 
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Experiments

Qualitative comparison on HDR Recovery task

Exposure Control Loss:
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Experiments

Qualitative comparison on Multi-degradation tasks
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Experiments

Quantitative comparison of linear image restoration tasks on ImageNet 1k

Low psnr/ssim, high FID

GDP-𝑥𝑥0 performs well than GDP-𝑥𝑥𝑡𝑡
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Experiments

Quantitative comparison of image enlighten task
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Conclusion

• Image restoration -> conditional generation

• Tackle the linear inverse, non-linear and blind problems.

• Use intermediate �x0 to regularize the generation process
• Easy but effective way to insert the condition



Thanks for listening!
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