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Motivation
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GDP exploit pre-trained DDPMs with variational inference,
and achieve satisfactory results on multiple restoration tasks
The reconstructed image is consistent with the degraded
images

Better generalization ability

Can tackle the multi-degradation problem and blind problem

Achieve arbitrary size image generation

DDPM manifold
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Generative Diffusion Prior
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Algorithm 1: GDP-z; with fixed degradation

model: Conditioner guided diffusion sampling on
xt, given a diffusion model (ug (x¢), X9 (4)),

corrupted image conditioner y.

Input: Corrupted image y, gradient scale s, degradation model
D, distance measure L, optional quality enhancement

loss Q, quality enhancement scale .
Output: Output image x conditioned on y
Sample 7 from NV (0, I)
for t from T to 1 do

By X = pg (1) , X (1)

Ligtel = Ly, D (z1)) + Q ()

Sample ;1 by N (1 + sV, LI, )
end
return xg
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Denoising Process
y: Guidance image
y': it Guidance image
X,: nth noisy image + degradation
xL: %, +ith degradation
D: Degradation model
Dt ith Degradation model

L: Loss function

Algorithm 2: GDP-z,: Conditioner guided dif-
fusion sampling on Z(, given a diffusion model
(o (x¢) , Xg (1)), corrupted image conditioner y.

Input: Corrupted image y, gradient scale s, degradation model

D with randomly initiated parameters ¢, learning rate
for optimizable degradation model, distance measure L,
optional quality enhancement loss Q, quality
enhancement scale .

Output: Output image xo conditioned on y
Sample 7 from A(0, I)
for ¢t from T to 1 do

p, X = po (1) , Lo (x¢)
520 — Tt \/l—o_zteg(:l:t,t)
Vo Vo
L9t = L(y, Dy (F0)) + Q (o)
¢ ¢ — IV LY

Sample ;1 by N (u + sV g, L0t Z)

¢,&0°

return xg
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4x Super-resolution
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lulti-linear Degradation

Gray + Blur (3)
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Quantitative comparison
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Method | 4x Super-resolution | Deblur | 25% Impainting | Colorization

‘PSNR 1T SSIM 1 Consistency | FID | ]PSNR T SSIM 1 Consistencyl FID | ’PSNR 1 SSIM 1 Consistency] FID | |PSNR 1 SSIM 1 Consistency | FID |
DGP [57] 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 [29] | 22.38  0.66 21.38 154.43| 24.73  0.69 60.11 17.11 | 17.55 0.74 587.90 103.50 - - -
RED [63] 24.18  0.71 27.57 98.30 | 21.30  0.58 63.20 69.55 - - - - - - - -
DDRM [28]| 26.53  0.78 19.39 40.75 | 35.64 0.98 50.24 478 | 3428 0.95 4.08 24.09 | 22.12 091 37.33 47.05
GDP-z; 2427  0.67 80.32 64.67 | 25.86  0.75 54.08 5.00 | 31.06 0.93 8.80 20.24 | 21.30  0.86 75.24 66.43
GDP-z 2442  0.68 6.49 38.24 | 2598 0.75 41.27 244 | 3440 0.96 5.29 16.58 | 21.41  0.92 36.92 37.60

GDP-x, outperforms all baseline methods in Consistency and FID.
Conventional automated evaluation measures (PSNR and SSIM) do not
correlate well with human perception when the input resolution is low, and the
magnification is large.
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Blurred DDRM (20) GDP-x, Original Blurred DDRM (20) GDP-x, Original
-DDIM (20) -DDIM (20)
Task 4% super resolution Deblur 25% Impainting ‘ Colorization
as ‘ PSNR SSIM Consistency  FID ‘ PSNR SSIM Consistency FID ‘ PSNR SSIM Consistency  FID ‘ PSNR SSIM Consistency  FID
DDRM(20) [6] 26.53 0.784 19.39 40.75 | 35.64 0.978 50.24 478 | 34.28 0.958 4.08 24.09 | 22.12 0.924 38.66 47.05
GDP-2o-DDIM(20) | 23.77 0.623 9.24 39.46 | 2487 0.683 44.39 3.66 | 30.82 0.892 7.10 19.70 | 21.13  0.840 37.33 41.38
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Non-linear and blind image restoration
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Algorithm 6: Restore Any-size Image

Input: Conditioner guided diffusion sampling on &g, given a
diffusion model (ug (xt) , o (xt)), corrupted image

A Y Mean estimated noise cqnditioner v, (.ie.gfadation model Dy : y = fe+ M
Estimate o Ai based sampling updates with randomly initiated parameters ¢, learning rate ! for
Input Guidance degradation 7% for the overlapping pixels: optimizable degradation model. Dictionary of K
= model [ 1 Z": 0 (5,51.0) overlappipg patch locaﬁqqs, and a binary patch mask P*.
. N i =1 ’ OQutput: Output image o conditioned on y

Sample 7 from A/ (0, I)

merge patches for t from T to 1 do
— gl yk  Nois eft(i;;at(:;)network during sampling g B2 = pg (xt) , Lo (T¢)
% (X° 2 't) § i Mean vector £2; = 0 and variance vector ¢, =
%, Estimation 0 and weight vector G = 0 and f = 0and M =0
Xt fork=1,...,Kdo
xf = Crop (P* o x)
y* = Crop (P* o y)
(a) Patch-based diffusive image restoration (b) Illustrating sampling for overlapping patches MFE = Crop (Pk o M)
HDR-GDP-XO wk wf M

ST Va
L0 = LW* Dy (&6)) + 2 (&6)
f* o R IV peLiite,

MFE — MF 1V g Ll08

ME &k
k _ total
pe=p+ sVﬁqu:T;g
F=f+1*
Q= Q +Pkk 'N:
— Y, =9t +PF .o
Y fCE-l—M, M =M+PF. MF
G=G+P*
end
Q=2:0G //© : element-wise division
=90 G
] M=MoG
Degraded image F=f/K
Sample @1 by N (4, ¢)
end

return Restored any-size image xo
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Low-light enhancement-LOL

LOL Dataset
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Low-light enhancement-VE-LOL

VE-LOL Dataset
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Low-light enhancement
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Learning | Methods | LOL [82] | VE-LOL-L [43] | LoLi-Phone [37]
| | PSNRt SSIMt  FID| LOE| PI, | PSNRT SSIMt FID| LOE| PI, | LOE| Pl
LLNet [45] 1791 076 169.20 38421 4.10 | 1738  0.73 12498 29159 5.54 | 34334 536
LightenNet [39] 1029 045 9091 27321 7.09 | 1326 057 8226 19945 7.29 | 500.22  6.63
Retinex-Net [82] 1724 055 129.99 51328 8.63 | 1641  0.64 13520 42141 8.62| 54229 823
Supervised learning MBLLEN [47] 1790 077 12269 17510 839 | 1595  0.70  105.74 11491 7.45| 13734  6.46
KinD [95] 1757 082 7452 37759 741 | 1807 078  80.12 25379 7.51 | 26547  6.84
KinD-++ [96] 1760  0.80  100.15 71212 7.96 | 1680  0.74  101.23 42197 7.98 | 382.51  7.71
TBFEN [46] 1725  0.83 9059 367.66 8.29 | 1891  0.81  91.30 276.65 8.02 | 21430 7.34
DSLR [42] 1498  0.67 18392 27268 7.09 | 1570  0.68  124.80 271.63 7.27 | 281.25  6.99
Unsupervised learning | EnlightenGAN [25] | 1744 074 8260 37923 8.78 | 1745  0.75 8651 311.85 827 | 37341 726
Self-supervised learning | DRBN [28] | 1515 052 9496 69299 553 | 1847 078  88.10 26870 6.15| 285.06 531
ExCNet [94] 1604  0.62 111.18 22038 870 | 1620  0.66 11524 22515 8.62 | 359.96  7.95
Zero-DCE [20] 1491 070  81.11 24554 8.84 | 17.84 073 8572 194.10 8.12 | 21430 7.34
Zero-shot learning Zero-DCE++ [38] 1486  0.62 8622 30206 7.08 | 16.12 045 8696 31350 7.92 | 308.15  7.18
RRDNet [100] 1137 053  89.09 12722 8.17 | 1399 058 8341 9423 736 | 9273  7.20
GDP-z 7.32 0.57 23892 364.15 826 | 945 050 15268 19449 7.12 | 508.73  8.06
GDP-z 1393  0.63 7516 11039 6.47 | 1304 055 7874 79.08 6.47 | 7529  6.35

GDP-x, fulfills the best FID, lightness order error (LOE), and perceptual index (PI)
across all the zero-shot methods under three datasets.
The lower LOE demonstrates better preservation for the naturalness of lightness,
while the lower PI indicates better perceptual quality.
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HDR image recovery

Methods

PSNRT SSIMt LPIPS| FIDJ
AHDRNet [26] 1872 058 039  81.98
HDR-GAN [55] 21.67  0.74 026  52.71
Deep-HDR [84] 2166  0.76 026  57.52
Deep-high- 15,33 7 026  51.92
dynamic-range [26]
GDP-z, 1936  0.65 030  63.89
GDP-z 2488  0.86 013  50.05

« HDR-GDP-x, exceeds the other methods in PSNR, SSIM, LPIPS, and FID.
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Deep-high-
dynamic-range

 HDR-GDP-x, achieves a better quality of reconstructed images, where the low-light parts can be

enhanced, and the over-exposure regions are adjusted.
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Ablation Study
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Task 4 % Super resolution Deblur
PSNR SSIM Consistency FID |PSNR SSIM Consistency FID
GDP-Z¢ |86 060 8837  68.04|22.06 057  69.46  80.39
with 32
OO 2012209 058 9319 4122|2349 065 6867 5029 |
GDP -z, | 24.27 0.67 80.32  64.67|25.86 0.73 54.08 5.00

GDP -z | 24.42 0.68 6.49 38.24|25.98 0.75 41.27 2.44

Task 25% Inpainting Colorization

PSNR SSIM Consistency FID |PSNR SSIM Consistency FID
GD.P Tt12528 0.70 17144  73.32|17.67 0.70 246.26  145.20
with X2
GwDifh_;O 24.58 0.75 65.59 22.77|21.28 091 66.57 38.39
GDP -z, | 31.06 0.93 8.80 20.24|21.30 0.86 75.24 66.43 |
GDP -z | 34.40 0.96 5.29 16.58 | 21.41 0.92 36.92 37.60 i it . By

GDP-x, Model A Model B Model C

Interpolation Naive restoration Fixed parameters

LOL NTIRE

Methods | 5sNR SSIM FID  LOE _ PI [PSNR SSIM LPIPS FID

* Model A is devised to naively
restore the images from patches

Model A | 11.05 0.49 156.51 707.57 8.61|24.12 0.67 0.32 86.69
Model B | 9.01 0.37 35599 969.89 9.04| 983 0.04 1.02 253.11
GDP-z: | 7.32 0.57 238.92 364.15 8.26|19.36 0.65 030 63.89

and patches where the parameters
are not related.
* Model B is designed with fixed

parameters for all patches in the

GDP-zo | 13.93 0.63 75.16 110.39 6.47|24.88 0.86 0.13 50.05
images. 26
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Conclusion

(1) We introduce GDP, an effective and unsupervised posterior sampling method, for unified
image restoration and enhancement.

(2) Our GDP is capable of optimizing the randomly initiated parameters of degradation that
are unknown, resulting in a powerful GDP that can tackle any blind 1image restoration.

(3) Further, to achieve arbitrary size image generation, we propose hierarchical guidance and
patch-based methods, greatly promoting the GDP on natural image enhancement.

(4) Moreover, the comprehensive experiments are carried out, different from the commonly
utilized guidance way, where GDP directly predicts the temporary output given the noisy

image in every step, which will be leveraged to guide the generation of images in the next step.
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