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 Background
 Deblurring via Stochastic Refinement (CVPR 2022)

« XYDeblur: Divide and Conquer for Single Image Deblurring (CVPR 2022)
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Background

 Image Deblurring

= Problem formulation

-B=1 Q®k+n
:':B: blurry image 20 X5 =7
:'=1: clean image )
? X ?7=100
:=k: blur kernel

- Ill-posed problem

Well-posed

I1l-posed
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Background

 Image Deblurring

- Optimization & regularization
P : ?x?7=100
—Maximum a Posteriori (MAP) formulation T
< prior 2-8310] 2| s} prior: B~
vO|0|X|Z2| Ed&5 AP 22 &1 ULt
A Posterior Like"FOOd ‘A Prior
P(x|6)P(6
P(6]x) = (x|6)P(6)
P(x) Evidence
o 2 priorg {2 A Bt A 2171
v'Dark channel prior
v Gradient sparsity prior
v'Deep denoiser prior
R 517 & VDS
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[1] Pan, Jinshan, et al. "Blind image deblurring using dark channel prior." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.

Background

 Image Deblurring

- Optimization & regularization
—mé{nD(x sk —y)+yPy(k) + AP (x)
X,

-Prior formulation

4]

e

[ Blind image deblurring using dark channel prior
vPrior: Blurry image2| dark channel= sparseStAl /3 =ICt

v'Conventional approach — learning-based approach

===Clear image
=== Blurred image
5000 ]
0u‘|IIlllIIIIIlIIII...I....IIII.-—:
0 0.1 0.2 0.3 0.4 0.5

15000

10000

Average dark channel pixels

(a) Clear (b) Blurred (c) Clear (d) Blurred Intensity
Figure 2. Blurred images have less sparse dark channels than clear Figure 3. Intensity histograms for dark channels of both clear and
images. The blur process (convolution) outputs a weighted aver- blurred images in a dataset of 3,200 natural images. Blurred im-
age of pixels in a neighborhood and tends to increase the value ages have far fewer zero dark channel pixels than clear ones, con-
of the minimum pixel. Top: images; bottom: corresponding dark firming our analysis in the text. The dark channel of each image
channels computed with an image patch size of 35 x 35. has been computed with an image patch size of 35 x 35.
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[1] Pan, Jinshan, et al. "Blind image deblurring using dark channel prior." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.

Background

 Image Deblurring
- Optimization & regularization
—mé{nD(x sk —y)+yPy(k) + AP (x)
X,

—Prior formulation
;-1 Blind image deblurring using dark channel prior

vPrior: Blurry image2| dark channel= sparseotA| - =l Ct

v'Conventional approach — learning-based approach

< GoPro dataset blur/sharp image pair >
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Background

 Image Deblurring
- CVPR 2022 accepted list

Learning to Deblur Using Light Field Generated and Real Defocus Images

Deblur-NeRF: Neural Radiance Fields From Blurry Images

Pixel Screening Based Intermediate Correction for Blind Deblurring

Deblurring via Stochastic Refinement

XYDeblur: Divide and Conquer for Single Image Deblurring

Multi-Scale Memory-Based Video Deblurring

Unifying Motion Deblurring and Frame Interpolation With Events

A |VDS \
6 SOGANG UNIVERSITY 7 Las


https://openaccess.thecvf.com/content/CVPR2022/html/Ruan_Learning_to_Deblur_Using_Light_Field_Generated_and_Real_Defocus_CVPR_2022_paper.html
https://openaccess.thecvf.com/content/CVPR2022/html/Ma_Deblur-NeRF_Neural_Radiance_Fields_From_Blurry_Images_CVPR_2022_paper.html
https://openaccess.thecvf.com/content/CVPR2022/html/Zhang_Pixel_Screening_Based_Intermediate_Correction_for_Blind_Deblurring_CVPR_2022_paper.html
https://openaccess.thecvf.com/content/CVPR2022/html/Whang_Deblurring_via_Stochastic_Refinement_CVPR_2022_paper.html
https://openaccess.thecvf.com/content/CVPR2022/html/Ji_XYDeblur_Divide_and_Conquer_for_Single_Image_Deblurring_CVPR_2022_paper.html
https://openaccess.thecvf.com/content/CVPR2022/html/Ji_Multi-Scale_Memory-Based_Video_Deblurring_CVPR_2022_paper.html
https://openaccess.thecvf.com/content/CVPR2022/html/Zhang_Unifying_Motion_Deblurring_and_Frame_Interpolation_With_Events_CVPR_2022_paper.html

[1] Whang, Jay, et al. "Deblurring via stochastic refinement." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

Diffusion in Deblurring!!l

« Limitations in conventional supervised learning models

- Conventional CNNs trained in sharp-blurry image pairs
- Supervised learning by minimizing L, or L, pixel loss

;' PSNR 1, but human perception..?

.« style loss, adversarial loss, content loss, contextual loss S 37}510] E 2t

;= Single input — single output (deterministic) & Ef 2= human perception= = [}2tZ!
v'Image regression to the mean
vSingle input — multi output= L X}

- lll-posed problem= well-posed problem2 £ E2{11 o 2 X

- Generative model

Rl 8 [vos]



Diffusion in Deblurring

e Predict-and-refine

- Residual learning
- Initial predictor gg
- Residual learning= ?| gt =7 0f| ot St (deterministic)
- Denoiser network fy

A

- Residual image S target output@ 2 St0] Of 2| ¥ Sk (stochastic)

stochastic
noise Denoiser
network (fg)

L -
Jf’[r; | Residual ® 5 A
¥ - 2 '.‘ . : Initial
BlisTy Initial B & Prediction &
input predictor (99 N
deterministic - .
Initial — —l
Prediction . ' - :

Figure 2. Diagram describing our dual-network architecture. The
initial predictor produces the deterministic candidate for the de-
noiser network, which then models the residual.
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Diffusion in Deblurring

« Conditional diffusion model
- Forward diffusion step
- Markov chain

-12| noise B2 2| 7|

q(xy | Ti_1) = J\'r(fﬂt} \/&_t$t—1: (1 — ﬂit)fd);

- Generalization
q(x¢ | o) = N (x5 Varxo, (1 — g )la)

q(xi—1 | e, 0) = N (2e—1; pe (e, 0), Bela),

q(xe|xe—1)
_ X T
a arl ... art/ 1 — art
-7
p(xt—1|xt)
817t Shn.
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Diffusion in Deblurring

 Conditional diffusion model
- Forward diffusion step
—Markov chain
-13] noise 22| 7|
q(x | xiq) = N(xy; Vo, (1 —ay)ly),
- Generalization
a(x¢ | x0) = N (@4 /@wo, (1 — ar)La)
g(@i—1 | e, 20) = N(Te—; (@i, @0), Bela), "0l

xzo~p(z|y) Tt 1 T zr ~N(0,T)

qg(Te|xTe—1)

pol(xe—1|2e, Y)

’! 517 & VDS
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Diffusion in Deblurring

 Conditional diffusion model
- Reverse diffusion step
- Estimate x,!
xg = folx, t) 7t E| =5 fp St
po(xi—1|@e) = q(Ti—1 | 21, fo(Te, 1))
- Continuous noise level (Noise scheduler)
:'= Noise level a;
Ty = Jayxg + (1 — ay)e
e ~ N(0,1,)
zo~p(z|ly) @1 Ty

qg(Te|xTe—1)

pol(xe—1|2e, Y)

R AT Hdkn
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Diffusion in Deblurring

« Conditional diffusion model

- Loss
- Conditional diffusion probabilistic model

= Additional blurry input y

Lnwe(0) = E|(Q- fo(Vazo + VT —ae.a.y)|

- Residual learning

E e—fg(f) + 1 —c.‘ve.,de,y)

residual

- Overall algorithm

Algorithm 1 Predict-and-refine diffusion sampling.
The expressions for ¢, @, 3¢ can be found in Sec. 3.

Require: fy: Denoiser network, ggy: Initial predictor,
y: Blurry input image, c;.7: Noise schedule.

11 Tinit < 9o(Y) t> Initial prediction
2z ~N(0,1,) > Run diffusion sampling
s fort=T,...,1do
4: € ~ N(O Id)
50 ze—1 4 Mel2e, folze, o, 1)) + Bees
> Reverse diffusion step; see Eq. (3)
6: end for
7: return Ty + Zo - Return the final restoration
R sl yd R nl
SOGANG UNIVERSITY 13
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Saharia, Chitwan, et al. "Image super-resolution via iterative refinement." arXiv preprint arXiv:2104.07636 (2021).

Diffusion in Deblurring

« Architecture

- Initial predictor network (network size 1)

- Channel multiplier {1, 2, 3, 4} with initial 64
- Denoiser network (network size |)

- Channel multiplier {1, 2, 3, 4} with initial 32

e, A

z Y el €
. L
- & > 5 &

ool |x o < € g g < ° ()

ZEMs e I 3 e 2 e e e

| = r £ =
o % § = 2 ‘é

noise level
encoding

input / output

intermediate shapes

| input I
swish
|
up /down
sample
conv 3x3
swish
|
dropout
|
conv 3x3

hidden layers

residual block (BigGAN)

junke

- — = skip connections

R AT B IVES \
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Diffusion in Deblurring

e Results

MPRNet

Perceptual

Distortion

LPIPS) NIQE| FID| KID| PSNRT SSIM?T

Ground Truth 00 321 00 00 oo 1.000
HINet [| 1] 0.088 4.01 17.91 815 3277 0.960
MPRNet [ 73] 0.089 409 20.18 9.10 32.66 0959
MIMO-UNet+[14] 0.091 4.03 18.05 8.17 3245 0.957
SAPHNet [63] 0.101 3.99 1006 848 31.89 0.953
SimpleNet [10]  0.108 3152 0.950
DeblurGANV2 [35] 0.117 3.68 13.40 4.41 29.08 0918
Cours) 0.059 339 4.04 098 31.66 0.948
COurs-SAD 0.078 4.07 17.46 8.03 3323 0.963

< Qualitative result on GoPro dataset >
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Ours

Reference

Perceptual

Distortion

LPIPS,, NIQE/| FID| KID] PSNR? SSIM}

Ground Truth 00 272 00 00 oco 1000
HINet [11] 0.120 3.20 15.17 7.33 3033 0.932
MIMO-UNet+ [14] 0.124 3.24 16.01 7.91 29.99 0.930
MPRNet [73] 0.114 346 16.58 835 3096 0.939
SAPHNet [63] 0.128 3.21 16.77 8.39 29.99 0.930
DeblurGAN-v2 [35] 0.159 296 15.51 6.97 27.51 0.885
Ours 0.089 2.69 543 161 2977 0.922
Ours-SA 0.092 293 637 240 3007 0.928

< Qualitative result on HIDE dataset >




Diffusion in Deblurring

e Evaluation

- Image regression to the mean
- II-posed problemOf| CH3H StLtC| HES 7ot2{™ of2] HEE2| B S ettt

a b axb
Case 1 10 10 100
Case 2 20 5 10
Case 3 25 4 100

Average 18.33 6.33 1603

- Different models
- T Step 7 with noise level | = better perceptual quality
:'= C-KID, LPIPS, NIQE, FID
:2 “Ours” model, T =500
- T Step | with noise level 1 = lower distortion
' PSNR, SSIM
= “Ours-SA” model, T = 10 with sample averaging
- No retraining or fine-tuning needed
:= Only changing inference hyperparameter

R sl yd R nl
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Diffusion in Deblurring

e Evaluation

« “Ours” model

- better perceptual quality (C-KID, LPIPS, NIQE, FID)
« “Ours-SA” model
- lower distortion (PSNR, SSIM)

- 7| & 9| deterministic model S M2k X| &# H| £ |8} |2t

sl yd R nl
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Perceptual Quality (C—KID)

0.012

0.010

0.008

0.006

0.004

0.002

~&~ FProposed Method
MIMO-UNet MIMO-UNet+
R - BiNet
SAPHNet ]
MPRNet

31,6 31.8 32.0 322 324 326 328 33.0 332
Distortion (PSNR)
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Diffusion in Deblurring

e Discussion

- Human study for qualitative evaluation

- Preference rate

- Per-pixel standard deviation

AT Hdkn

SOGANG UNIVERSITY

HINet MPRNet Ours Ours-SA Reference

HINet [11] - 549 29.1 31.0 14.5

MPRNet [ 73] 45.1 - 26.6 253 11.9

Ours 70.9 73.4 - 58.8 37.1

Ours-SA 69.0 74.7 41.2 - 26.7

Reference 85.5 88.1 629 733 -

Input Sample1  Sample 2 s:;;’;iﬁ:i

R e T
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Diffusion in Deblurring

e Discussion

- Benefits of residual modeling
- Reduction in the computational cost of sampling
= Diffusion sampling 0l AHE Z|-= denoising network= O] 2{  St& E[O{ OF &
- X|CHSt cost7t HEE A A
v O A initial predictorE ZLA & A|
« Network params: initial predictor: 33M / residual model: 28M

- Residual images are simpler to model

§ 10000 —a— Nun_—rEEiduaI

9 —— Residual
Initial  © o _m
Prediction ; 5000 B .

£ P .I

E oL — — p—E

7.00 7.25 750 7795 800 825 850 875
Sample Quality (1 / LPIPS)

o’y
4
Referencei

SOGANG UNIVERSITY 19
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Diffusion in Deblurring

e Conclusion

- Predict-and-refine

- Initial predictor + diffusion denoising network

- Residual learning= St cost efficiency 2F &

- llI-posed problem= S A 5t7| /5 multiple output ‘8 ‘S

- Perception-Distortion trade-off

- & 2o weight2 inference parameters A

R sl yd R nl
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Perceptual Quality (C—KID)

;= Lower distortion

0.012

0.010

0.008

0.006

0.004

0.002

:'= Higher perception quality

1°goH0] S5 0f

| (2t CHE

=@~ Froposed Method

MIMO-UNet

31.6

3l.8

|
SAPHNet

32.0

MIMO-UNet+
|

32.2 324 326
Distortion (PSNR)
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MPRNet
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[1] Whang, Jay, et al. "Deblurring via stochastic refinement."” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

[2] Zhang, Hongguang, et al. "Deep stacked hierarchical multi-patch network for image deblurring.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2019.
Zamir, Syed Waqas, et al. "Multi-stage progressive image restoration." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2021.

[4] Lin, Yen-Yu, Chung-Chi Tsai, and Chia-Wen Lin. "BANet: Blur-aware attention networks for dynamic scene deblurring.” arXiv preprint arXiv:2101.07518 (2021).

g-Jin, et al. "Rethinking coarse-to-fine approach in single image deblurring.” Proceedings of the IEEE/CVF international conference on computer vision. 2021.
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» Related Works

- U-Net in deblurring
- 7| =9 image restoration task | A| U-Net HEJ2| L& X AHE
;' DMPHNIZ, MPRNet[3I

B| \| ’ g
! r / M~ 4 \
I
I L\;\\/ * ’m |
| at

Stage 3
% \

o TGN
Degraded(1)

[cae]

ORSNet Restored(X:)

o- Bl I

Stage 2

Stage 1
T ST
e

3

;= BANetl4l, MINO-Unet[®

3

Figure 2. Comparison of coarse-to-fine image deblurring network archi s: (a) DeepDeblur, (b) PSS-NSC. (c) MT-RNN. and (d) pro-

I Conv Layers N Conv Features I Blur-Aware Moduel posed MIMO-UNet.

L VDS

SOGANG UNIVERSITY 21
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XYDeblur

 Proposed Method
- U-Net2| {22 7 & X ¢t
- One encoder — one decoder — one encoder — two decoder=2 14
s+ Z-2ZE horizontal / vertical 40| & &
vDror» Dyer T 7HX| decoder2 14
- Of 2 U-Net 7| &t deblurring network0fl 22 7t

= Params 37t 80| & aFat

Residual,
(#)

Blurry B 1 _ Restored
Image Image

Residalz

Conv. ResModule  Conv. (stride of 2) | Transposed cony. &)
2

AT Hdkn
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XYDeblur

 Proposed Method

= 2D blur decoupling
- Linear span theory
;' Multiple independent regression outputs a larger outer space
vTwo separated decoderS AtE5}At
e Dhor» Dyer = 7HA| decoder2 -7
- Residual learning
;= Latent variable z = &(x;0,),

2= Residual image  # = Duor(2; Onor) + Dyer(2; Over),




XYDeblur

« Spatial kernel rotation for parameter sharing
- 1}A feature decouplingO| &ot= CHE E7t...2
- Naive U-Net?> M &
;= No! color shift 244
- XYDeblur &
;= Weight rotation
' = Dhor(2; Onor) + Dver(2; Over).
I' = Dhor(2; §) + Drver(z; ) -

;' 0,4 counterclockwise 90° rotated 0,

vAxial informations M3l 25 EN

31 O
ST @ @
vParameter Sharing‘é‘l.o:l deCOderO” %Sjl— Figure 3. Input ColorChecker image and resultant images. The
magnified color white of the chart and its color temperature are
parameter -9——_I'L X shown in the bottom row. (a) ColorChecker image; (b) input + r1
= L ) of U-Net®P; (c) input + r'y of U-Net?®: (d) input + 1 of XYDeblur;
El_: U-Net :I'LZF—O'” T jS—|| 'g' 7|’60 7]|'7 (e) input + r2 of XYDeblur.

PR Avmnsa |VDS \
6 SOGANG UNIVERSITY 24 Las



XYDeblur

output = 11

 Proposed Method
>-_'].‘F EI'I{'CIdHr"g(\ E'l}
" —_I-I'_(IS:| L L = self.Encoder3(x_e2)

self.Decoderl 1(x_dec nmp}

e 1 - ([x_ 1, x e2], dim=1))
self. 3

e 1 2( at([x_ 1, x el], dim=1))
self.

self.

_decomp_rot = x_decomp.transpose(2, 3).flip(2)
el rot = x_el.transpose(2, 3).flip(2)
2.transpose(2, 3).flip(2)

self.Decoderl_1(x_decomp_rot)
self. 1(torch.cat([x decomp2, x e2 rot], dim=1))
self.De :

self. 1 2( at( 2, x el rot], dim=1))
self.De : :
self.
X _decomp2.transpose(2, 3).flip(3)
=(x_decompl +(x decomp2 + x
output.append(x decompl)
output.append(x_decomp2)
output.append(x final)
output

R 47 T 8k VDS
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XYDeblur

» Experiments
- Validation of proposed method
- Synthetically blurred imageE &5l ZtZf decoder2| 284 T Y
2 Dhor» Dyer Oll 2|3l 8 El decoupled feature
e QA O 2 x i, yRtSFO 2 plurEl FAHO| Ci 8l signal power 20!
v'Signal power: % Isll5
- Number of decoders

- 2 decoders is sufficient

ol 150 Degree: 0° U-Net®
L 300 XYDeblur U-Net3D
8 ° <
% - 31 U-Net?
450 =

o ° =
b~ . 480 —
g Degree: 45° z 08k
° 3 =
& N U-Net
5 306+ , ; , ; , , ,
& 750 | [Degreeo0 56 7 & 9 10 11 12 13

- ° . The number of parameters (Million)

900 ) . )
° Figure 5. Various number of decoders and their performance. The
20 60 100 Blurry image I ¥}

Signal Power of £, radius of the circle indicates GMACsS of the network.




XYDeblur

» Experiments

- Generalization

-HEHOZ MO|=

U-Net 20| M &

- PSS-NSC, DMPHN, MSCNN1} &

. Deeper network
- d5 SY2 thed| HEJIE O #A mhM ot et

'« Network©urs, NetworkChamnel ' NetworkLaver

n AT Hdkn

SOGANG UNIVERSITY

T pssonscons
( PSS-NSCLavee!

(4)
-+ . PSS-NS( Channelt
vi.__PSSANSC @ h
| DMPHNOw:
.[,5'- ) . DMPHNts1
. DMPH’N I\—’ . DMPHNC el
-~ & _ MSCNNows (T
m .’.. T Y I\\-\_--'.
= w0 ( |
& MSCNNChannelt <~
o i \

205
- MSCNN [

% |
L il
: i Q
MECNNEavert

243 B 10 12 14 l6 18 20 22 3‘4 26 Z;S
The number of parameters (Million)

(a)

29 - PSS-NSCO=

e _ PSS-NSCLost
"-T;-/'PSS-NSC ( _ P
(80 0)]
285} -
:  MSCNNwe
-~ DMPHN®= ) MSCNNClanel] —
. 3l O i )
2 (4] (1 )
= ()" MsoNN o
[ DMPENLavert MSCNNL
Z 275
173}
(=9
57 1 PMPHN DM PHNChamelt
e .
(R
265 B L L
k3 10 12 14 16 18 200 22 24 26 28
The number of parameters (Million)
(b)
27

U-Net & E 2| deblurring network 0| H-&



XYDeblur

e Results

Table 2. The proposed approach in the top-performing networks

N GoPro RealBlur Complexity™
Method | Variations | ——pexp——T"GSIN [ PSNR | SSIM | Params | GMACs | VRAM
Bascline™ | 30043097 | 0.0404 | 2878 | 08716 | 698 | 116724 | 379
pss.nsc | Chamnel! | 3106 [ 09509 | 2863 | 08667 | 17.89 | 302081 | 597
Layer! 308 | 09524 | 2878 | 08721 | 10.08 | 170395 | 555
Ours 3127 | 09531 | 28.88 | 08765 | 698 | 178430 | 5.68
Bascline™ | 30283025 | 0.0408 | 2697 | 08170 | 723 | 11008 | 182
pvpN | Chennel! | 3023 | 09414 | 2686 | 08201 | 1863 | 306028 | 252
Layer! 3048 | 09443 | 2778 | 08366 | 1033 | 1509.11 | 230
Ours 3063 | 09458 | 2802 | 08450 | 723 | 175407 | 241
Baseline™ | 20.2230.05) | 09273 | 2701 | 08442 | 1172 | 412869 | 321
yisenn | Chennell | 2034109292 | 2792 | 08432 | 2894 | 1167307 | 484
Layer! 2897 | 09250 | 2792 | 08449 | 17.25 | 696032 | 471
Ours 2008 | 09382 | 28.19 | 08550 | 1172 | 6966.13 | 478

* The PSNR in parentheses is the value reported by the authors in their original paper.

t The number of parameters is measured in million.

T GMACs is estimated for the input resolution of 720P (1280x720).

T The usage of VRAM is measured in GB with the input size of 256 x256.

The increased and decreased PSNR and SSIM value compared to the baseline method are : —— =
shown in red and blue, respectively. MSCNN DMPHN PSS-NSC

L VDS

A SOGANG UNIVERSITY 28




XYDeblur

« Conclusion

- Contribution
- Feature decoupling2 S5l U-Net & E{ 2| deblurring network ‘d-& 24
- Horizontal + vertical residual learning

- Params S 7} X

—_

r1

St

—
(]
— —

-

- Weight rotation (transpose)= =%+ 7t

- Limitation
- Params S7F= SiX| 2 A At B GPU AL & S7t= =7t
- Residual learning HENZ H &
= Full image training 21 & A| 22 &
3 Ef% SENC| decoder7t EXHE A| &
'« Transfer block 50| =X & A| 0j2{& =X

R AT Hdkn
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