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1. Linear Inverse Image Restoration Denoising Diffusion Restoration Models

image deblurring, super-resolution, and compressive sensing, inpainting,
colorization

2. Non-linear Image Restoration.

image low-light enhancement, HDR image recovery,
JPEG Artifact Correction

3. Blind Image Restoration
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1

p(y|x) = Vi exp (— [sL(D(zy¢),y) + AQ(zy)]) (8)

a heuristic approximation

£ i image distance metric

Z normalization factor

S a scaling factor controlling the magnitude of guidance
Q1  the optional quality enhancement loss
. A1 scale factor for adjusting the quality of images

logp(y | xe) = —log Z — sL(D(x¢),y) — AQ (x2)

9)
V;,;t lugp(y | :E.-,) — _Sv:ntﬁ (D(:{:;,),y) . }‘V:ﬂr Q (*‘EL) '
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Estimating the
Degradation Model

Guiding the

Restoration
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Supervision

Denoising Process

¥: Guidance image
. y'- i Guidance image
i X, n noisy image + degradation

| Fg: X + 1 degradation

D: Degradation model

i D' it Degradation model

L: Loss function
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the way of adding guidance and the variance 2 negatively influence the reconstructed images.
The Influence of Variance 2 on the Guidance.

Guidance on x.

Guidance on xt Algorithm 2: GDP-z,: Conditioner guided dif-

fusion sampling on &g, given a diffusion model
(pe (@) , Xg (2)), corrupted image conditioner y.

Algorithm 1: GDP-z; with fixed degradation
model: Conditioner guided diffusion sampling on
x;, given a diffusion model (pg (z¢), %0 (2,)),
corrupted image conditioner y.

Input: Corrupted image vy, gradient scale s, degradation model
D, distance measure £, optional quality enhancement
loss @, quality enhancement scale A,

Input: Corrupted image y. gradient scale s, degradation model
Dy, with randomly initiated parameters ¢, learning rate [
for optimizable degradation model, distance measure LC,
optional quality enhancement loss €, quality
enhancement scale A.

Output: Output image g conditioned on y

Sample x from N(0, I)

for ¢ from T to I do

Output: Output image g conditioned on y X = pg (@) , B () y=fxr+M,
Sample 27 from AN(0,T) oo — & VI-aicq(mint)
g Wy W CE g

for & from 1" 10 1 do
#}E = 1o (z1) , Zo ()
L = L(y, D (x4)) + Q(z4)
Sample x; ) by N (p + sV, L1020, ¥0)
end
return

Ll = L(y, Py (Z0)) + Q(Fo)
ﬁfh — {P e, svrp}:i,lutul

L

Sample @, | by N/ (p+svmcg=g§,g)

end
return @y




Reconstruction Loss.

MSE
structural similarity index measure

perceptual loss

Quality Enhancement Loss.

Exposure Control Loss
Color Constancy Loss

lllumination Smoothness Loss
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Gray

Figure 3. Qualitative comparison of colorization results on Im-
ageNet validation images. GDP-z( generates various samples on
the same input.
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Table 2. Quantitative comparison of linear image restoration tasks on ImageNet 1k [(2]. GDP outperforms other methods in terms of
FID and Consistency across all tasks.

Method | 4 x Super-resolution | Deblur | 25% Inpainting | Colorization

|PSNR 1 SSIM 1 Consistency | FID | |PSNR 1 SSIM 1 Consistency) FID | |PSNR 1+ SSIM 1t Consistency) FID | [PSNR 1 SSIM 1 Consistency | FID |
DGP [0] 21.65 0.56 158.74 152.85| 26.00 0.54 475.10 136.53] 27.59 0.82 414.60 60.65 | 1842 0.71 305.59 94.59
SNIPS [2°] | 2238  0.66 21.38 154.43| 24.73 0.69 60.11 17.11 | 17.55 0.74 587.90 103.50 - - - -
RED [19] 2418 0.71 27.57 98.30 | 21.30 0.58 63.20 69.55 - - - - - - - -
DDRM [7]] 2653 0.78 19.39 40.75| 3564 0.98 50.24 478 | 3428 0.95 4.08 2409 | 2212 091 37.33 47.05
GDP-z; 2427  0.67 80.32 64.67 | 25.86 0.75 54.08 500 | 31.06 093 8.80 2024 | 2130  0.86 75.24 66.43
GDP-xy 2442 (.68 6.49 38.24 | 2598 0.75 41.27 244 | 3440 096 5.29 16.58 | 21.41 0.92 36.92 37.60




CI N Tl N

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

Original

Original
Original

Blurred

QOccluded
Low-res
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GDP-x,

Figure 5. Results of image
SIPI images [%7] using an ImageNet model.

@ > A\ # | "
(a) Inpainting (b) 4x super resolution

Figure 4. Qualitative results of (a) 25 % inpainting and (b) 4 x
super-resolution on CelebA [*1].




CI N Tl N

AMAKLIMA LIKNNVFROITY AF AFAAMALITIAGC AMR AOTRAAMALITIAS

-}

O Zero DCE Zero-DCE++
ExCNet

-

S

T Zero-DCE++

=
ExCNet

@

c P

D . -

¥

e

=4 -

s] kgl : = =

= Input GOP-x, GDP-x, ExCNet REDNet Zero- DCE Zem DCE-H-

Figure 6. Qualitative results of low-light enhancement on the
LOL [55], VE-LOL [17], and LoLi-Phone [!1] datasets.

Deep-high-
dynamic-range

Figure 7. Example from the NTIRE dataset [65]. We com-
pare a set of patches cropped from the tone-mapped HDR images
generated by state-of-the-art methods.

HDR-GAN AHDRNet Deep-HDR Ours GT
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Table 5. The ablation study on the variance > and the way of
Table 4. Quantitative comparison on the NTIRE dataset [63]. the guidance.

Methods | PSNRT  SSIMT  LPIPS |  FIDJ Task 4 X Super resolution Deblur
PSNR SSIM Consistency FID |PSNR 5SIM Consistency FID
AHDRNet [V]] 18.72 0.58 0.39 81.98 p—
HDR-GAN [5Y] 21.67 0.74 0.26 52.71 'h_;L 22.86 0.60 88.37 68.04| 22.06 0.57 69.46 80.39
Deep-HDR [1]] 21.66 0.76 0.26 ST52 G“]g;
Deephigh-dyna | 5 .0 (o) 026 5102 1y |2209 058 9319 4122(2349 065 6867 5029
mic-range [ (/] i * g ; wi
GDP-z, 19.36 0.65 0.30 63.89 GDP -2, | 24.27 0.67 8032 64.67|2586 0.73 54.08 5.00
GDP-z, | 24.88 0.86 0.13 50.05 GDP -zq | 24.42 0.68 6.49 38.24| 2598 0.75 41.27 244
Task 25% Inpainting Colorization
PSNR SSIM Consistency FID [PSNR SSIM Consistency FID
GE.]P':E"' 25.28 0.70 171.44  7332(17.67 0.70 24626 14520
with 2
GE!P_:BG 2458 0.75 65.59 22.77| 21.28 091 66.57 38.39
with 32

GDP -z; | 31.06 0.93 8.80 20.24| 21.30 0.86 75.24 66.43
GDP -zp | 3440 0.96 5.29 16.58 | 21.41 0.92 36.92 37.60
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Table 6. The ablation study on the optimizable degradation
and patch-based tactic.

LOL NTIRE

Methods PSNR SSIM__ FID LOE Pl | PSNR SSIM LPIPS FID

Model A | 11.05 049 156.51 707.57 8.61|24.12 0.67 032 B86.69
Model B| 9.01 0.37 35599 969.89 9.04| 983 004 102 253.11
GDP-z; | 7.32 0.57 23892 364.15 8.26| 1936 065 030 63.89

GDP-zp | 1393 0.63 7516 110.39 6.47| 2488 0.86 0.13 350.05
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Gray + Blur (3)

Output

Gray +
10 % inpainting

Output

Gray +
2x Super resolution

Output
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