
Diffusion Restoration Models: 

Sequential Sampling vs Parallel Sampling
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RNN vs Transformer
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Most Existing Diffusion Model-based IR
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• Long sequential sampling has expensive sampling time and high computation costs

• Hinder understanding the relationship between the restoration results and the inputs
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Diffusion with Parallel Sampling
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Background: Diffusion Restoration

Forward process:

Reverse process:
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Background: Deep Equilibrium Models

Assumption: each layer gradually 

tends to a stable value (fixed point)

Directly solve the fixed point: no 

longer calculate layer by layer

Implicit backpropagation: without 

storing the intermediate layer state

Bai, Shaojie, J. Zico Kolter, and Vladlen Koltun. “Deep equilibrium models.” NeurIPS 2019
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Deep Equilibrium Modeling
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∗ = RootSolve 𝐹 𝒙0:𝑇−1; 𝒙𝑇 , 𝒚 − 𝒙0:𝑇−1

Anderson acceleration solver:
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Closed-form solution:
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Initialization Optimization via DEQ Inversion

DEQ Inversion:

inverse Jacobian

Gradient descent: 𝒙𝑇 ← 𝒙𝑇 + 𝜆 ⋅ 𝜕ℒ/𝜕𝒙𝑇

Loss function:

ℒ
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A New Zero-shot Diffusion Restoration

Super-Rresolution Deblurring Inpainting Colorization



Quantitative Comparisons
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Qualitative Comparisons
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Interesting Applications of DEQ Inversion
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PSNR Improvement with DEQ Inversion



Real-World Applications
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Ablation Study
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Diversity of Restoration
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Thanks for your attention!
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