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To solve ill-posed inverse problems such as 
inpainting, denoising, image reconstruction with  
generative priors. Diffusion models show great 
promise in unconditional generation. They model 
gradient of the log probability density of a data 
distribution, which guides the inverse process by 
acting as powerful score based prior that 
constraints the solution to the manifold of natural 
images.

3 methods build on top of a) pre-trained u-net based diffusion model pre-trained on FFHQ256 
dataset b) VP formulation of forward and reverse diffusion process [7]

• BM3D [1] Conventional approach gold standard:
Collapse on complex textures, over smoothing,  
artifacts on high noise level

• [2],[7] introduce concept of forward and reverse 
diffusion process & [3] demonstrates it for high 
quality image generation:
main problem: sub-optimal log likelihood
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SDEdit [4] ScoreALD [5] DPS [6]

for t = T, …, 1:
    

end for
return x0

    
Main idea: xt partially noised image input 
+ DDPM [3]

for t = T, …, 1:
    

end for
return x0

    
Main idea: xt random noise + DDPM [3] + sampling 
with guidance using current noisy estimate i.e. x t

annealing factor

    

for t = T, …, 1:
    

Practical 
hyper 
parameter

    

end for
return x0

    
Main idea: xt random noise + DDPM [3] + 
conditioning on current denoised estimate 

Metric 2: LPIPS (lower is better)Metric 1: PSNR (higher is better) 

T
300

500

700

blur+noise Reconst.

SDEdit
24.65/0.12

20.62/0.196

16.62/0.289

Mask
+ noise

Reconst.

25.00/.11 20.9/.18 16.4/.29

T 300 500 700

ScoreALD

Anneal [10,15] Deconv. 22.54/0.15

Anneal [15,20] Inpainting 21.95/0.14

T=1000 for all experiments

DPS

*best results shown here, more in the full paper for full effect of hyperparameter

Scale

0.3

1.0

Inpaint Deconv

T=1000 for all exp

34.89/0.02 28.59/0.06

35.12/0.02 27.76/0.11

*here we can see which hyperparameter is the best for which task
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