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Diffusion models for inverse problem



Diffusion Posterior Sampling (DPS)

Chung, Hyungjin, et al. "Diffusion Posterior Sampling for General Noisy Inverse 

Problems." ICLR 2023

Requires denoising network backpropagation!

ොx0 = 𝔼[x0|xt]



RED-diff

Mardani, Morteza, et al. "A Variational Perspective on Solving Inverse Problems with Diffusion Models." ICLR 2024.

Poole, Ben, et al. "DreamFusion: Text-to-3D using 2D Diffusion." ICLR 2023.
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Consistency Regularization (CR)

Song, Yang, et al. "Consistency Models." ICML, 2023.



Hybrid Regularization (HR)

DDIM 
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Total variance 𝝈t
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Hybrid noise

Song, Jiaming, Chenlin Meng, and Stefano Ermon. "Denoising Diffusion Implicit Models." ICLR, 2021.
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HRDIS

A𝐛𝐥𝐚𝐭𝐢𝐨𝐧 𝐨𝐟 𝜷 HRDIS can produce diverse and 

clear inversion results



Conclusion

We address the challenges associated with solving diffusion-based inverse problems 

using Denoising Regularization (DR)：

 We introduce the Consistency Regularization (CR) method, which effectively 

mitigates the issue of inaccurate gradient estimations.

 We explore the integration of hybrid noise, resulting in the development of a 

unified HRDIS framework that fosters synergy between the two regularization 

techniques

 The proposed framework is versatile, making it applicable to both linear and 

nonlinear inverse problems. HRDIS not only surpasses current state-of-the-art 

methods but also maintains high computational efficiency



Future works

 An enticing avenue for future exploration is the extension of our approach to

tackling blind inverse problems.

 Additionally, a promising direction for advancement involves extending our

methodology to encompass latent diffusion models.

 Since HRDIS involves stochastic optimization for non-convex problems, its

convergence behavior remains an open theoretical question and warrants

further investigation.
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