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• How can we generate a set of "good" images?​

• Can we use this technique to recover the 

original, clean image from a corrupted 

(blurred, noisy, incomplete, etc.) image?
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• For generating images: VAE, GAN

• Generates blurry images, loss of fine details 

(VAE)

• Training instability (GAN)

• For inverse problems: HQS, ADMM (Optimization with 

regularization)

• Gives a “single solution”

• Slow convergence

However, …

Apply partial forward diffusion, 

Then reverse!
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Unconditional Generation:

PSNR/LPIPS
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(doesn’t consider image formation model)
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