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In real-world applications, images are often corrupted by 
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. 

Denoising Diffusion Probabilistic Models (DDPM): A 
diffusion-based generative model that iteratively denoises 
Gaussian noise to generate realistic images [2].
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