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Motivation Method & Experimental Results

In real-world applications, images are often corrupted by Unconditional Image Generation:
noise, blur, or missing regions, making many imaging
tasks inherently ill-posed. Diffusion models have
emerged as a powerful class of generative models
capable of addressing these challenges.

Related Work

Denoising Diffusion Probabilistic Models (DDPM): A
diffusion-based generative model that iteratively denoises
Gaussian noise to generate realistic images [2].
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Inpaint | Anneal 15-20 inpaint scale=0.5

inpaint t=300 inpaint t=500 PSNR=23.18, LPIPS=0.127 PSNR=35.77, LPIPS=0.011
PSNR=23.20, LPIPS=0.139 PSNR=20.66, LPIPS=0.191
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Denoised
Original Noisy (t=300) PSNR: 27.59 LPIPS: 0.177

Training a Noise Estimation Network:

Inpainting

Deconv | Anneal 10-15
deconv t=300 deconv t=700 PSNR=22.37, LPIPS=0.167 deconv scale=0.5
PSNR=23.23, LPIPS=0.165 PSNR=16.45, LPIPS=0.313 PSNR=2847, LPIPS=0.066
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