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Related work

Deep Generative Prior (ECCV20, TPAMI21)

Denoising Diffusion Restoration Models (NIPS22)
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Motivation

• GDP exploit pre-trained DDPMs with variational inference, 

and achieve satisfactory results on multiple restoration tasks

• The reconstructed image is consistent with the degraded 

images

• Better generalization ability

• Can tackle the multi-degradation problem and blind problem

• Achieve arbitrary size image generation 

DDPM manifold

DDPM
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Generative Diffusion Prior
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4x Super-resolution
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4x Super-resolution

G
D

P-
x 0

G
 D

P-
x t

D
D

R
M

O
ri

gi
na

l
Lo

w
-r

es



8

Deblurring
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Deblurring
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25% Inpainting
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Inpainting-lorem
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Inpainting-lolcat
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Colorization

DDRMDGPGray Images GDP-xt GDP-x0
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Multi-linear Degradation
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Quantitative comparison

• GDP-x0 outperforms all baseline methods in Consistency and FID.
• Conventional automated evaluation measures (PSNR and SSIM) do not 

correlate well with human perception when the input resolution is low, and the 
magnification is large.
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Accelerated by DDIM – 4x SR
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Accelerated by DDIM – Deblur
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Non-linear and blind image restoration
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Low-light enhancement-LOL
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Low-light enhancement-VE-LOL
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Low-light enhancement-LoLi-phone
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Low-light enhancement-brightness control
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Low-light enhancement

• GDP-x0 fulfills the best FID, lightness order error (LOE), and perceptual index (PI) 
across all the zero-shot methods under three datasets. 

• The lower LOE demonstrates better preservation for the naturalness of lightness, 
while the lower PI indicates better perceptual quality.
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HDR image recovery
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HDR image recovery
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• HDR-GDP-x0 exceeds the other methods in PSNR, SSIM, LPIPS, and FID. 
• HDR-GDP-x0 achieves a better quality of reconstructed images, where the low-light parts can be 

enhanced, and the over-exposure regions are adjusted.
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Ablation Study

GDP-x0 Model A
Interpolation

Model B
Naïve restoration

Model C
Fixed parameters

HDR-GDP-x0 Model A
Interpolation
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• Model A is devised to naively 
restore the images from patches 
and patches where the parameters 
are not related. 

• Model B is designed with fixed 
parameters for all patches in the 
images.
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Conclusion

(1) We introduce GDP, an effective and unsupervised posterior sampling method, for unified 

image restoration and enhancement. 

(2) Our GDP is capable of optimizing the randomly initiated parameters of degradation that 

are unknown, resulting in a powerful GDP that can tackle any blind image restoration.

(3) Further, to achieve arbitrary size image generation, we propose hierarchical guidance and 

patch-based methods, greatly promoting the GDP on natural image enhancement.

(4) Moreover, the comprehensive experiments are carried out, different from the commonly 

utilized guidance way, where GDP directly predicts the temporary output given the noisy 

image in every step, which will be leveraged to guide the generation of images in the next step.



Thanks for listening!


