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Background

Unified image restoration
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Background

Restoration methods

e Supervised training of neural networks

» suffer to generalize with multiple complex degradation

* Unsupervised generative prior

e GAN
} Learn rich knowledge of real-world scenes

 DDPM



Background: DGP

Motivation: exploit generic image prior of GAN
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o o GAN image manifold

Exploiting deep generative prior for versatile image restoration and manipulation, Xingang Pan et al., ECCV2020 oral



Background: DGP

Degradation Alighnment

? degradation 935
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Optimize
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6*,z* = argming, L(X, p(G(z;0))) (Relaxed GAN-inversion)

Exploiting deep generative prior for versatile image restoration and manipulation, Xingang Pan et al., ECCV2020 oral
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Background: DGP

Generator

Discriminator

+ Iteratively optimization: time consuming = GO | ¢e[ 00D
w2 A0 |seto JODE
* Degradation model should be derivative I
« CC[ | et | JO DD
* GAN is not the best generative model O o nemetuned 0 outpur s usec s featirefoss
currently

Exploiting deep generative prior for versatile image restoration and manipulation, Xingang Pan et al., ECCV2020 oral
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Background: DDRM

ke

16 x
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(d) Colorization (Noisy with oy, = 0.1)

(a) Super-resolution

Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22
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Background: DDRM

Linear inverse problems: y = Hx + z

! N

Degradation model  noise

Po(Xp. X1.X2.X3) Po(Xp, X1.X2.X3Y)

Y

= Use pre-trained
(}[XMXQ? XB|XO) models for linear

inverse problems |
Denoising Diffusion Probabilistic Models Denoising Diffusion Restoration Models
(Independent of inverse problem) (Dependent on inverse problem)

X¢+1,Y) to meet the

Define a proper distribution of q(x;|xq, y) and pg (x;
requirements of origin DDPM

Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22
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Background: DDRM

[H = Diagonal with 0 and 1’s]

y = Hxy + z

Case for inpainting with no noise:

Denoise Updated denoise result

Linear combination
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Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22
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Background: DDRM

Case for inpainting with no noise: [H = Diagonal with O and 1's]

y =Hxy+ z

Denoise Updated denoise result
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Denoising Diffusion Restoration Models, Bahjat Kawar, et al., NIPS22



Background

Linear and Multi-linear inverse problems

Blurred Qutput Original Low-res Qutput Original Occluded Qutput

Input Qutput QOriginal

iy ™

Multi-degradation recovery

Low-res & gray Occluded & gray

Deblur Super-resolution Inpainting Colorization

Non-linear inverse and blind degradation problems

Medium Medium

Low-light Image Enhancement Brightness Control

16



Background

 DGP, DDRM are limited in specific Methods DGP [62] DDRM [32] GDP (Ours)
degradation models

* We want to explore the generative Prior GAN DDPM DDPM
prior thoroughly with unified
restoration tasks Linear v/ v v/

Non-linear X X v
Blind X X v
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GDP: Overview

Similar to DGP: Degradation Alignment
Use intermediate X, to regularize the generation process

TS U

Xo + Degradation

Degraded image
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GDP: Overview

Use intermediate X, to regularize the generation process

Denoising process
- = X320

Xy Estimation

= X —V1—ae ﬁo

D: ko = fXg + M

dar
Supervision

d: Gradient

D: Degradation model

M: Randomly initiated mask
f: Randomly initiated scalar
L: Loss function
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GDP: Overview

Use intermediate Xyto regularize the generation process

Denoising process

X

Xy Estimation

D: ko = fXg + M

Supervision

Xo

dar

X280

LMSE

d: Gradient

D: Degradation model

M: Randomly initiated mask
f: Randomly initiated scalar
L: Loss function
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GDP: Overview

Use intermediate X, to regularize the generation process

Denoising process
X X48 i

Denoise|

X Estimation

= X —V1-ae io

Supervision

X320

X280

X200

Lysg

' r‘“h‘?

¥: Guidance image
X, Estimated X,
Xq : X + degradation

d: Gradient

D: Degradation model

| M: Randomly initiated mask

f: Randomly initiated scalar
L: Loss function
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GDP: Optimize the degradation model

Denoising
Process

-

/

(a) Estimating the
Degradation Model

-l

Guiding the
Restoration

| |
Supervision

Simple but effective degradation model:y = fx + M.
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GDP: Optimize the degradation model

Denoising
Process

L

(a) Estimating the
Degradation Model

Guiding the
Restoration

0

Supervision
Simple but effective degradation model:y = fx + M.
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GDP: Optimize the degradation model

Denoising
Process

L

(a) Estimating the
Degradation Model

I i
1 1 1

Restoration

Supervision
Simple but effective degradation model:y = fx + M.
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GDP: Method

DDPM denoising probability:

log pe (xi—1|x:

) = log (pe (xi—1|x¢)
~ log p(7)

Where r YN (r; pg (x4, 1) )
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GDP: Method

Conditional denoising probability[*]:

log pe (x¢—1|xt,y) = log (pe (xi—1|xe) p (y|:)) + K1
~ logp(r) + Ka,

Where r “N (r; pg (x4, t) + Xg,%) , and g= V, logp (y | x;)

*proved by Diffusion models beat gans on image synthesis, Prafulla Dhariwal et al., NIPS2021
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GDP: Method

Conditional denoising probability[*]:
log pe (x¢—1|xt,y) = log (pe (xi—1|xe) p (y|:)) + K1
~ logp(r) + Ka,
Where r “N (r; pg (x4, t) + Xg,%) , and g= V, logp (y | x;)

Posterior probability definition:

1

Py | z) = —exp(=[sL(D(@e), y) + AQ(z¢)])

Reconstruction loss Quality Enhancement loss

*proved by Diffusion models beat gans on image synthesis, Prafulla Dhariwal et al., NIPS2021
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GDP-x,

Calculate loss by “pseudo-clean” image X,

Algorithm 2: GDP-x(: Conditioner guided dif-
fusion sampling on &y, given a diffusion model
(po () , X (x4)), 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 A.

Output: Output image ao conditioned on y

Sample &7 from N (0, I)

for t from T to I do

s X = po (@t) , Lo (z¢)

Fo = -TL _ mﬁ_{;(mt 1)
Vat Vai

Cﬁ“}f = L(y,Dy (x0)) + 2 (20)

¢ ¢ — IV, L

Sample ;1 by N (,u + sV g, Liotal Z‘)

@, &p’

end
return xo

Lt = / (j{ta}() + 1 — QL+ €
. T V1 — ageg (x4, 1)

Ot it
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GDP: Loss

* Reconstruction Loss: p(y | x) = L exp (— [sL (D(z¢),y) + AQ(x:)])

« MSE, SSIM... Z

Reconstruction loss Quality Enhancement loss
* Quality Enhancement Loss (optlons for each task)

* Exposure Control Loss: | Z\Rk g
exXp — U

k=1
* Color Constancy Loss: L= > (™ -=Y")’.e={(RG), (R B),(G,B)}
Y(m,n)Ee
N _
L. 1 )
* [llumination Smoothness Loss: Liv,, = ~ SN (IVaMg |+ VoM, )% 6 = {R,G, B}
n=1ccg

* Maybe some good IQA metrics, all of them are adopted from ZeroDCE*

Zero-reference deep curve estimation for low-light image enhancement, Chunle Guo et al., CVPR2020
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Experiments: Another Variant

Add regularization on x;, not on X,

.M . .:2 .

x; + Degradation

GDP-x,

Degraded image
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Algorithm 1: GDP-z; with [fixed degradation |
model: Conditioner guided diffusion sampling on
xy, given a diffusion model (pg (x;), 29 (x¢)),
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 @ conditioned on y

Sample &7 from N (0, I)

for t from T to 1 do

logp(y | @) = —log Z — sL(D(w:),y) — AQ () 1,3 = o (), S0 (2¢)
Va, logp (y | #:) = ~5Va, L (D(@1), y) ~ AVa, Q (1) Lo = L(y, D (@1)) + Q ()
Sample @;_1 by N (1 + sV, LEo1L 3)
end

return x
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GDP-x;

A naive MSE loss or perceptual loss will
make x; deviate from its original noise

magnitude and do harm to the

. X0t noisy image y : corrupted image

generation. Y with no noise or

oise ngnitude noises of different
magnitude

34



Experiments

Qualitative comparison on colorization

Color Constancy Loss

L= Y, (Y™"=Y")?e={(R,G),(R,B),(G,B)}
V(m,n)Ee
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Experiments

Qualitative comparison of image enlighten task

RRDNet Zero DCE Zero-DCE++

llumination Smoothness LOSS'

Ltyy, = ZZ(lthn| + VoM )% ={R,G, B}
TL_l ceg

LOL Dataset

Original

ExCNet

GDP-x,

VE-LOL

=
=
)
g
o
=)

RRDNet Zero DCE Zero-DCE++

GDP-x,

ExCNet
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Experiments

Qualitative comparison of image enlighten task

Exposure Control Loss:

U
1
Lop = &3 1B~ B
k=1
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Experiments

Qualitative comparison of inpainting task

o -

Occluded DP-xt GDP-x, Oriinal

GDP-x; may generate blurry images

Occluded GDP-x;

GDP-x, Original
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Experiments

Qualitative comparison on HDR Recovery task

Exposure Control Loss:

U
1
Lexp — EZ‘Rk —E|

k=1

HDR-GAN AHDRNet

Deep-HDR

Dee p-high-
dynamic-range

QOurs
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Experiments

Qualitative comparison on Multi-degradation tasks

Gray + Blur (3) w i &

Gray +
2x Super resolution
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Experiments

Quantitative comparison of linear image restoration tasks on ImageNet 1k

Method ‘ 4 Super-resolution ‘ Deblur ‘ 25% Inpainting ‘ Colorization
‘PSNR 1 SSIM 1 Consistency | FID | ‘PSNR 1 SSIM 1 Consistency] FID | ‘PSNR 1 SSIM 1 Consistency| FID | ‘PSNR 1 SSIM 1 Consistency | FID |

DGP [62] 21.65 0.56 158.74 152.85] 26.00 0.54 475.10 136.53| 27.59 0.82 414.60 60.65 | 18.42 0.71 305.59 94.59
SNIPS [33] | 22.38  0.66 21.38 154.43| 2473  0.69 60.11 17.11 | 17.55 0.74 587.90 103.50 - - - -
RED [69] 2418 0.71 27.57 98.30 | 21.30  0.58 63.20 69.55 - - - - - - - -
DDRM [32]| 26.53  0.78 19.39 40.75 | 35.64 0.98 50.24 478 | 3428 095 4.08 24.09 | 2212 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 | 2130 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

Low psnr/ssim, high FID

GDP-x, performs well than GDP-x;

41



Experiments

Quantitative comparison of image enlighten task

Leamning \Metho ds | LOL [25] | VE-LOL-L [47] | LoLi-Phone [41]
| | PSNRT SSIMT FID| LOE| PI| | PSNRT SSIMt FID| LOE| PI, | LOE]} PI)
LLNet [50] 17.91 0.76 16920 38421 4.10 | 17.38 0.73 12498 291.59 5.54 | 34334 5.36
LightenNet [43] 10.29 045 9091 27321 7.09 | 13.26 0.57 8226 199.45 729 | 50022  6.63
Retinex-Net [55] 17.24 0.55 12999 51328 8.63 | 1641 0.64 13520 421.41 8.62 | 54229 823
Supervised learning MBLLEN [52] 17.90 0.77 122.69 17510 839 | 1595 0.70 10574 11491 745 | 13734 6.46
“ KinD [104] 17.57 0.82 7452 37759 7.41 | 18.07 0.78  80.12 25379 751 | 26547 6.84
KinD++ [102] 17.60 0.80  100.15 712.12 7.96 | 16.80 0.74 101.23 42197 798 | 38251  17.71
TBFEN [51] 17.25 0.83 9059 367.66 829 | 1891 0.81 9130 276.65 802 |21430 7.34
DSLR [46] 14.98 0.67 18392 27268 7.09 | 15.70 0.68 12480 271.63 7.7 | 28125  6.99
Unsupervised learning | EnlightenGAN [29] | 17.44 0.74 8260 37923 8.78 | 1745 0.75 86.51 311.85 8.27 | 37341  7.26
Self-supervised learning | DRBN [92] | 15.15 0.52 9496 69299 5.53 | 1847 0.78  88.10 268.70 6.15 | 285.06 531
ExCNet [99] 16.04 0.62 111.18 220.38 8.70 | 16.20 0.66 11524 225.15 8.62 | 35996  7.95
Zero-DCE [23] 14.91 070  81.11 24554 884 | 17.84 0.73 8572 194.10 8.12 | 21430 7.34
Zero-shot learning Zero-DCE++ [42] 14.86 0.62 8622 30206 7.08 | 16.12 045 8696 31350 7.92 | 308.15  7.18
) RRDNet [ 106] 11.37 0.53  89.09 12722 8.17 | 13.99 058 8341 9423 736 | 9273  7.20
GDP-z; 7.32 0.57 23892 364.15 826 | 9.45 0.50  152.68 194.49 7.12 | 508.73  8.06
GDP-z 13.93 0.63 7516 11039 6.47 | 13.04 055 7874 79.08 647 | 7529  6.35
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Conclusion

* Image restoration -> conditional generation
* Tackle the linear inverse, non-linear and blind problems.

* Use intermediate X, to regularize the generation process
* Easy but effective way to insert the condition



Thanks for listening!
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