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 seqguential sampling has expensive sampling time and high computation costs
« Hinder understanding the relationship between the restoration results and the inputs



Diffusion with Parallel Sampling




Background: Diffusion Restoration

Forward process:
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Reverse process:
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Background: Deep Equilibrium Models

Assumption: each layer gradually
tends to a stable value (fixed point)

Depth

Directly solve the fixed point: no
longer calculate layer by layer

Implicit backpropagation: without
storing the intermediate layer state

(i.e., previous equilibrium)§_>

Input injection
Positional embedding

= Memory storage needed at training time
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Typical Deep Neural Network

Bai, Shaojie, J. Zico Kolter, and Vladlen Koltun. “Deep equilibrium models.” NeurlPS 2019
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Deep Equilibrium Modeling

X0:T—1 = F(xo:T—li (x7, J’))

) ) Closed-form solution:
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Anderson acceleration solver:

X971 = RootSolve( )



Initialization Optimization via DEQ Inversion

DEQ Inversion:

Loss function: £ = £(¢(x5); p(¥))
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Gradient descent: X < xp +A-0L/0x7



A New Zero-shot Diffusion Restoration

Super-Rresolution Deblurring Inpainting Colorization




Quantitative Comparisons

Datasets Methods 2xSR 4xSR Deblur (Gaussian) Deblur (anisotropic) NFEs
PSNRT SSIM{T LPIPS| PSNR{ SSIMt1 LPIPS| PSNRT SSIMt LPIPS| PSNRT SSIMt LPIPS| /Iters
Baseline 29.63 0.875 0.165 2515 0.699 0.351 1822 0529 0433 2086 0.544 0.480 -
DGP [55] 2232 0.583 0426 1835 0398  0.529 2181 0522 0472 2077 0459 0504 1500
c DPS [20] 2240 0.597 0405 2034 0488 0.464 2204 0569 0394 2182 0561 0381 1000
O | oeNet ILVRILO] 2336 0613 0334 2276 0.583 0.383 : : 2 2 , : 100
"5 g DiffPIR [87] 27.16  0.790 0.214 2431  0.649 0.350 O 2532 0673 0.29 23.37 0.535 0.439 100
= DDRM [41] 3143 0906 0.117 2621 0745 0.288 S 4070 0978 0.040 3769 0964 0.057 20
8 DDNM [68] 31.81 0908 0.097 2649 0753 0.266 s 4383 0989 0.018 3840 0970 0.038 100
a DeqIR (Ours) 3235 0913 0.082 2747 0.781 0.230 S 4342 0987 0021 3947 0973 0.036 15
| -
L Baseline 35.87 0953 0.099  30.12 0857 0.240 % 1894 0.704 0337 2316 0727 0.354 :
o DGP [55] 28.61 0.809 0.279 25.25  0.690 0.405 A 27.02  0.738 0.372 2573  0.663 0.426 1500
% DPS [20] 2871  0.818 0.219 25.01  0.710 0.282 2756  0.775  0.229 2691  0.754 0.234 1000
N CelebA-HQ ILVR [19] 2731 0.783 0.234 27.09 0.775 0.245 - - - - - - 100
DiffPIR [87] 3251 0882 0.156 2860 0.795 0.228 30.63  0.835 0.197 2932 0802 0232 100
DDRM [41] 36.76 0.953 0.074 3191 0.880 0.149 43.06 0983 0.036 4127 0976 0.053 20
DDNM [68] 36.37 0950 0.065 31.86 0876 0.136 4699 0.991 0.021 4343 0983 0.037 100
DeqIR (Ours) 36.63 0.954 0.062 3222 0.889 0.155 4718 0.992 0.019  43.57 0984 0.036 15
‘ Text mask Stripe mask ‘ ImageNet CelebA-HQ
o ¥ PSNRf SSIMP LPIPS| PSNRP ssiMp Lpres) S Methods Cons, LPIPS| FID, Cons| LPIPS| FIDJ
g Baseline 1455 0.642 0515 9.02 0.131 0.730 '% Baseline 0 0.196 90.93 0 0210 70.69
DDRM [41] 3725 0969 0223 3434 0933 0.223 —
S RePaint [53]  38.54 0974 0039 3625 o051 oosen S DDRMI41]  265.08 0.223 7942 472.25 0245 57.29
£ DDNM [68] 39.45 0980 0.023  36.75 0.957 0.076 8 DDNM [68] 45.07 0.186 77.21 5143 0.139 45.73
DeqIR (Ours) 39.72 0981 0.026 3699 0948 0.091 DeqIR (Ours) 43.15 0.171 7094 50.16 0.092 43.98
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Qualitative Comparlsons
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Interesting Applications of DEQ Inversion
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PSNR Improvement with DEQ Inversion

PSNR
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Figure D20. PSNR improvement of using initialization optimization on ImageNet (we show the first 10 samples).
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Real-World Applications

real input colorization

masked input

Inpainting

Old photo IR

Real-world SR

14



Ablation Study
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Figure 8. Ablation study of timesteps (left), iteration (middle) and hyper-parameters (right) for anisotropic deblurring on ImageNet.
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Diversity of Restoration
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Thanks for your attention!
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