Image Restoration
2023 &= SHA M| OfLf

Sogang University
Vision & Display Systems Lab, Dept. of Electronic Engineering

oooo
000

Presented By
Yoon Chan Nam



Outline

« Background
- Image restoration

- Vision transformer

« Efficient and Explicit Modelling of Image Hierarchies for Image Restoration
- CVPR 2023

« Activating More Pixels in Image Super-Resolution Transformer
- CVPR 2023

g S TN 2

SOGANG UNIVERSITY

VDS

-
I
w



Background

 Image restoration

Denoising Deblur Deraining JPEG artifact removal
* Super resolution
- Classic SR, Blind SR, Stereo SR etc..
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Background

* Vision transformer
. CNNZ long range dependencyE M8 = RH 2 57| 0|2 HHEZ 4
~ CNN kernel2 content-independent S}7| &
. XFH O K 2|0 A At E| = transformerS vision taskOfl &£
- O|O|X| & patch EFR{ 2 LI+ linear projectionS =3l patch embedding 44
- Patch embedding Ol position embeddingS C{SH 3= 1 transformer encoder®| R E2 = AtE
~- Multi-head attention2 S &t patch embeddingS 72| 2A|-E global SHA 12

-XEBEHO 2 MLPE E9 classification

Transformer Encoder

Multi—Head

Attention

Embedded
Patches

R AMABTHE-D ViTe| +ZE2F SE animation Transformer encoder -+
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« Efficient and Explicit Modelling of Image Hierarchies for Image Restoration
- GRL
- CVPR 2023
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Introduction
« Image T2 & FUAO0|1 FA[H o2 RHIE Sl= H|FHLISS X ¢F
- Image 2| &= 7HX| 528t £E/4 9l cross-scale similarity2} anisotropyS 11 &
- Global, Regional and Local2| CtY ot Image AE= S0 AHE
' GRL O|2t= ME2 HERIR 7+ H|et
-CNNLZ R H 2! 87| 0{2{2 global featureE 2|8t M 22 attention & H| 2t
= Anchored stripe self-attention= K| 2tSHO W-MSA, Channel attention2} S| AFE

(a) bridge from ICB, 2749 x 4049 (c) 073 from UrbanlOO 1024 X 765

[OF=%4 box= global featuresE 2|0|35t12, =54 box= local featureE 2| 0[]
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Introduction

"= [eRe] = o=
- AAHE| BEHOIM S W MES 80| 74X 1 Y2 +2 Anisotropic S40| £8
- B | = 2 2 isotropic (& 24)0| A&

Sy

N, T/

0= 90%  180&  270&  360%

ojgd

N

0k 90= 180 270 360

Anisotropic (O]2f-d)t Isotropic (S &)1
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Motivation I: Self-attention for dependency modelling

« Window self-attention2| 34|
. 2UHIH O 2 gx8 37| 2| widowE Al
- DEElo] 2FS local £ regional B2 AT A|7|

o
- Global self-attention© £ global featureS 2 22 & 4= Q!

« Global self-attention2| $HA
- Image 2| TH| S =& RUELE A&
Y = Softmax (Q : KT/\@ vV
M = Softmax(Q - K /V/d)
- Attention map M= Al A [ pixel &= N Off CHSHA] HLHZFO| quadratic SHA| S7tot= X7 S
;= O(N?)

ﬂ A TH Sk VDS
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Motivation II: cross-scale similarity

» Anchored self-attention
- Cross-scale similarity

- Image 2| scale0f| A2t

- Cross-scale similarityOf] A{ &
:'z Anchor A= image feature
s+ 7| & global attention2| &

£Q

(a) LR image (b) HR image

Of

-0

2t
O

0

the

pixels in (b).
S A0f anchor AZ 272 DS 0] &=XHM O 2 attention mapS T3

down-scaling St 2 <ot image

ZFOoNHOM o) CE =2 = US

200

(c) Attention between
and other

le-5

15

-
Ansuayug

p
i

100 200

(d) Attention between
the red pixel and other
pixels in (b).

vN: &= image2| pixel == ,M: anchor A2| pixel &= (M < N)

X:DxHW

—>  VProj

V:DxHW

A
6 SOGANG UNIVERSITY

> QProj

Q:DxHW
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Y=M,-Z=M,(My V)
M, = Softmax(A - KT /v/d)
M, = Softmax(Q - AT /Vd)



Motivation III: anisotropic image features

« Stripe attention mechanism

- Anisotropic image features
- Xt imageOfl = 25 anisotropicet EXO0| AS
;- O|0f Cfot EM S ZEASt D BRI SH7| 2{5H stripe attention 7| EHS = &
- | 7tX] stripe modeE T 35H stripe THR| 2 anchored self-attentions =&
- Horizontal, vertical, shifted horizontal and shifted vertical

:+ Global self-attention®] BHY LS RIS, AL BHEE = 4+ U

s g d Rk
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Methods

« Network architecture

- Feature extraction layer

- Z+EHSE convolution layer2 /g, image featureE =g
- Representation learning

- T =& featureE S HHO| T2 feature 2 2t

- Transformer stage= O 2| Transformer layer2 T4 |, convolution layer2 OFF 2| E
- Image reconstruction module

- O™ A 0f ofsl| Al A=l feature 2 clean®t image =&

Feature Extraction
| Transformer Layer |
v
= | Transformer Layer |
v
| Transformer Layer |
v
| Transformer Layer |
v
Conv
) 4
Na
T
A 4
Transformer Stage
v
Transformer Stage
v
Transformer Stage
v
Transformer Stage
v
Transformer Stage
v
Conv
v
A4
| Image Reconstruction Module |

ransformer S

(a) Representation Learning

%

[ &l network architecture]

P irE . [vos]
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Methods

 Transformer layer (Efficient Mixed Attention Transformer Block)
- Channel attention
- 9 £HOfl 3x3 convolutions AtE3H0] local & 2|2 T+ F capture®
- Anchored stripe-attention & Window attention V2
- Regional H /2| 1= & capture S}7| 938 Swin Transformer V22| window self-attentions AF2
- Global %/ 2| 7= E capture oF7| 3 XM 2+et Anchored stripe self-attention= AL

Anchored
—>» Stripe Ed
Attention

Y
Split

Window
—» Attention
V2 .

Concatenate

v
wi )
[NV
y
MLP
v

Channel
Attention

\ 4
Conv3x3
v
Conv3x3
v

(b) Transformer Layer

[Transformer layer2| T+ 2]

ﬂ 44 '7°f- CH &1. a2 VDS
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Methods

« Anchored stripe self-attention
- Q, K, V 0[2|0] anchor AZ 7150 7l Q] attention map Mg, M= ‘&

- Down-sampling A5 s & AF250] Anchor AS A
;= Cross-scale similarityOfl =743t anchor AF-&
5:8=2

- Attention map Mg, M= 7|E global attention map M1t FAte b2 SHX| P Al M SEHE7EZ
s 7| & global attention2| Y14t 2k o(N2)O|M o(NM) L2 =Y

<

vN: 2= image2| pixel == ,M: anchor A2| pixel <= (

<

> VProj

X:DxHW

—>» QPro

HW
Q:DxHW M,:S—XHW M: HW xHW

[Anchored stripe self-attention 2| =]

U szudka |VDS |
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Experiments results

Table 1. Defocus deblurring results. S: single-image defocus deblurring. D: dual-pixel defocus deblurring.

Indoor Scenes Outdoor Scenes Ci

Table 2. Single-image motion deblurring results. GoPro dataset
[51] is used for training.

Methad PSNRT[SSIM{|MAE|[LPIPS| [PSNRT[SSIM{[MAE]|LPIPS||[PSNRT[SSIM{|MAE||LPIPS| Gokra (B1], | FIDE( Averags
EBDBs [10] 25.77 | 0772 | 0.040 | 0.297 | 21.25 | 0.599 | 0.058 | 0.373 0.683 | 0.049 | 0336 Method Rt PO oMy PSRy /oA
DMENets [10] | 25.50 | 0.788 | 0.038 | 0.298 | 21.43 | 0.644 | 0.063 | 0.397 0.714 | 0,051 | 0.349 g;:':jl‘f;"["]' fgzgfggfi fﬁ:;ggi igf:jgggi
INBs [60] 26.73 | 0.828 | 0.031 | 0273 0.608 | 0.064 | 0.355 0.715 | 0.048 | 0315 DeblurGAN-v2 [35]| 29.55/0934 | 26.61/0875 | 28.08/0.905
DPDNets [1] | 26.54 | 0.816 | 0.031 | 0.239 0.682 | 0.056 | 0313 0.747 | 0.044 | 0277 SRN [6] 30.26/0934 | 283670915 | 293170925
KPACs [62] 27.97 | 0.852 | 0.026 | 0.182 0.701 | 0.053 | 0.269 0.774 | 0.040 | 0.227 Gao et al. [20] 30.90/0.935 29.11/0913 30.01/70.924
IFANs [41] 28.11 | 0.861 | 0.026 | 0.179 0.720 | 0.052 | 0.254 0.789 | 0.039 | 0217 DBGAN [41] 31.10/0.942 | 289470915 | 30.02/0.929
Restormers [76] | 28.87 | 0.882 | 0.025 | 0.145 0.743 | 0.050 | 0.209 0.811 | 0.038 | 0.178 MT-RNN [%7] 31.15/0.945 | 29.15/0918 | 30.15/0.932
GRLs-B 29.06 | 0.886 | 0.024 | 0.139 0.761 | 0.049 | 0.196 0.822 | 0.037 | 0.168 DMPHN [77] 312070940 | 29.09/0.924 | 30.15/0.932
Suin et al. [07] 31.85/0.948 29.98/0.930 30.92/0.939
DPDNetp [1] | 27.48 | 0.849 [ 0.029 | 0.189 | 22.90 | 0.726 | 0.052 | 0.255 0.786 | 0.041 | 0.223 SPAIR [+5] 32.06/0.953 | 30.29/0931 | 31.18/0.942
RDPD), [7] 28.10 | 0.843 | 0.027 | 0210 | 22.82 | 0.704 | 0.053 | 0.298 0.772 | 0.040 | 0.255 MIMO-UNet+ ] | 3245/0957 | 29.99/0.930 | 31.22/0.944
Uformerp [74] | 28.23 | 0.860 | 0.026 | 0.199 | 23.10 | 0.728 | 0.051 | 0.285 0.795 | 0.039 | 0.243 IPT [5] /- -1- -1-
IFANp [41] 28.66 | 0.868 | 0.025 | 0.172 | 23.46 | 0.743 | 0.049 | 0.240 0.804 | 0.037 | 0.207 MPRNet [77] 1959 | 30.96/0.939 | 31.81/0.949
Restormerp [76]| 29.48 | 0.895 [ 0.023 | 0.134 | 23.97 | 0.773 [ 0.047 | 0.175 0.833 | 0.035 | 0.155 Reatocsier [96) 3292/0000 | 3L22/9.M2 | (32.07/0.952
GRL)-B | 29.83 | 0.903 | 0.022 | 0.114 | 2439 | 0.795 | 0.045 | 0.150 0.847 | 0.034 | 0.133 GRI-B (ours) 33.93/0968 | 31.65/0.947 | 32.79/0.958

Table 4. Color and grayscale image denoising results. Model complexity and prediction accuracy are shown for better comparison.

Color Grayscale
Method # Params [M]| CBSD68 [1] Kodak24 [16] McMaster %3] Urban100 [ 5] Set12 [12] BSD68 [17] Urban100 [2=]
=15 =25 7=50|0=15 6=25 6=50|0=15 0=25 0=50|7=15 0=25 0=50||o=15 =25 0=50|0=15 0=25 o=50|0=15 6=25 6="50
DnCNN [32] 0.56[33.90 31.24 27.95|34.60 32.14 28.95|33.45 31.52 28.62|32.98 30.81 27.59||32.86 30.44 27.18|31.73 29.23 26.23|32.64 29.95 26.26
RNAN [5] 8.96| - - 2827 - - 2958| - - 2972 - - 2908) - - 2770 - - 2648 - - 2765
IPT [5] 11533 - - 2839 - - 2964 - - 2998 - - 2971 - - - - - - - - -
EDT-B [42] 11.48|34.39 31.76 28.56|35.37 32.94 29.87|35.61 33.34 30.25|35.22 33.07 30.16|| - - - - - - - - -
DRUNet [50] 32.64|34.30 31.69 28.51|35.31 32.89 29.86(35.40 33.14 30.08|34.81 32.60 29.61|[33.25 30.94 27.90|31.91 29.48 26.59|33.44 31.11 27.96
SwinlR [43] 11.75|34.42 31.78 28.56|35.34 32.89 29.79|35.61 33.20 30.22|35.13 32.90 29.82|(33.36 31.01 27.91|31.97 29.50 26.58|33.70 31.30 27.98
Restormer [76] 26.13|34.40 31.79 28.60|35.47 33.04 30.01|35.61 33.34 30.30|35.13 32.96 30.02||33.42 31.08 28.00(31.96 29.52 26.62(33.79 31.46 28.29
GRL-T 0.88]34.30 31.66 28.45|35.24 32.78 29.67|35.49 33.18 30.06|35.08 32.84 29.78)|33.29 30.92 27.7831.90 29.43 26.49|33.66 31.23 27.89
GRL-S 3.12|34.36 31.72 28.51{35.32 32.88 29.77|35.59 33.29 30.18|35.24 33.07 30.09|(33.36 31.02 27.91|31.93 29.47 26.54|33.84 31.49 28.24
GRL-B 19.81|34.45 31.82 28.62|35.43 33.02 29.93|35.73 33.46 30.36|35.54 33.35 30.46|[33.47 31.12 28.03|32.00 29.54 26.60|34.09 31.80 28.59
Table 5. Classical image SR results. Results of both lightweight models and accurate models are summarized.
Setl4 [ 73] BSD100 [19] Urbanl00 [7] Mangal09 [50]
Method ‘ Scale | #Params [M] N ™ NR ™ PSNR ™ 1% ™
RCAN [84] x2 15.44 3827 0.9614 34.12 0.9216 3241 0.9027 3334 0.9384 39.44 09786
SAN[11] x2 15.71 38.31 0.9620 34.07 0.9213 3242 0.9028 33.10 0.9370 39.32 0.9792
HAN [52] x2 63.61 38.27 0.9614 34.16 0.9217 3241 0.9027 33.35 0.9385 39.46 0.9785
IPT [5] x2 115.48 38.37 - 34.43 - 32.48 - 33.76 - - -
SwinlR [43] x2 0.88 38.14 0.9611 33.80 0.9206 32.31 0.9012 3276 0.9340 39.12 09783
SwinlR [43] x2 11.75 3842 0.9623 34.46 0.9250 32.53 0.9041 33.81 09427 39.92 0.9797
EDT [42] x2 0.92 38.23 0.9615 33.99 0.9209 32.37 0.9021 3298 0.9362 39.45 0.9789
EDT [42] x2 11.48 38.63 0.9632 34.80 0.9273 32.62 0.9052 34.27 0.9456 40.37 0.9811
GRL-T (ours) x2 0.89 38.27 0.9627 3421 0.9258 3242 0.9056 33.60 09411 39.61 0.9790
GRL-S (ours) x2 334 38.37 0.9632 34.64 0.9280 32.52 0.9069 34.36 0.9463 39.84 0.9793
GRL-B (ours) x2 20.05 38.67 0.9647 35.08 0.9303 32.67 0.9087 35.06 0.9505 40.67 0.9818
RCAN [84] x4 15.59 32.63 0.9002 28.87 0.7889 27.77 0.7436 26.82 0.8087 31.22 09173
SAN[11] x4 15.86 32.64 0.9003 28.92 0.7888 27.78 0.7436 26.79 0.8068 31.18 0.9169
HAN [52] x4 64.20 32.64 0.9002 28.90 0.7890 27.80 0.7442 26.85 0.8094 31.42 09177
IPT [5] x4 115.63 32.64 - 29.01 - 27.82 - 27.26 - - -
SwinlR [47] x4 0.90 3244 0.8976 28.77 0.7858 27.69 0.7406 26.47 0.7980 30.92 09151
SwinlR [43] x4 11.90 32.92 0.9044 29.09 0.7950 27.92 0.7489 27.45 0.8254 32.03 0.9260
EDT [42] x4 0.92 32.53 0.8991 28.88 0.7882 27.76 0.7433 26.71 0.8051 31.35 0.9180
EDT [42] x4 11.63 33.06 0.9055 29.23 0.7971 27.99 0.7510 27.75 0.8317 32.39 0.9283
GRL-T (ours) x4 091 32.56 0.9029 28.93 0.7961 27.77 0.7523 27.15 0.8185 31.57 0.9219
GRL-S (ours) x4 349 32.76 0.9058 29.10 0.8007 27.90 0.7568 27.90 0.8357 32.11 0.9267
GRL-B (ours) x4 2020 | 3310 | 09094 29.37 0.8058 28.01 0.7611 28.53 0.8504 32.77 0.9325
AU
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Table 3. Single-image motion deblurring results on RealBlur [57]
dataset. The networks are trained and tested on RealBlur dataset.

RealBlur-R [57]|RealBlur-J [57]

Average

Method PSNRT/ SSIMT [PSNR? / SSIMT [PSNRT / SSIMT
DeblurGAN-v2 [38]| 36.44/0935 | 29.69/0.870 | 33.07/0.903
SRN [64] 38.65/0.965 | 31.38/0.909 | 35.02/0937
MPRNet [77] 393170972 | 317670922 | 35.54/0.947
MIMO-UNet+ [£] -/- 32.05/0.921 /-
MAXIM-3S [67] 39.45/0962 | 32.84/0.935 | 36.15/0.949
BANet [66] 39.55/0971 | 320070923 | 357870947
MSSNet [34] 39.76/0972 | 32.10/0.928 | 35.93/0.950
Stripformer [65] 39.84/0974 | 324870929 | 36.16/0.952
GRL-B (ours) 40.20/0974 | 32.82/0932 | 36.51/0953

Table 6. Grayscale image JPEG compression artifact removal results. As a compar-
ison metric, the parameter count of FBCNN [29] GRL-S are 71.92M and 3.12M.

JPEG

Set | QF|pgNR ssIM|

o

DnCNN [52]

PSNR SSIM

DCSC[15]
PSNR SSIM

QGAC [14] [MWCNN [46][FBCNN [29]|  GRL-S
PSNR SSIM|PSNR SSIM [PSNR SSIM|PSNR SSIM

27.82 0.760
30.12 0.834
31.48 0.867
3243 0.885

%

w
9
Z
Z
E
o

29.40 0.803
31.63 0.861
3291 0.886
33.77 0.900

29.62 0.810
31.81 0.864
33.06 0.888
33.87 0.902

29.84 0.812
31.98 0.869
33.22 0.892
34.05 0.905

30.01
3216
3343
34.27

0.820
0.870
0.893
0.906

30.12 0.822
3231 0.872
33.54 0.894
34.35 0.907

30.20
3249
3372
3453

0.829
0.878
0.899
0911

27.80 0.768
30.05 0.849
31.37 0.884
32.30 0.903

191

BSD500

20.21 0.809
31.53 0.878
32.90 0.907
33.85 0.923

29.32 0.813
31.63 0.880
32.99 0.908
33.92 0.924

29.46 0.821
31.73 0.884
33.07 0912
34.01 0.927

29.61
31.92
33.30
34.27

0.820
0.885
0912
0.928

29.67 0.821
32.00 0.885
33.37 0913
34.33 0.928

29.74
32.05
3343
3438

0.823
0.885
0912
0.928

Table 7. Color image JPEG compression artifact
removal results.

Set

or

IPEG

QGAC [14] [FBCNN [29]
PSNR SSIM[PSNR SSIM[PSNR SSIM [PSNR SSIM

GRL-S

581

LIVEL

10
20
30
40

25.69
28.06
29.37
30.28

0.743
0.826
0.861
0.882

27.62
29.88
3117
32.05

0.804
0.868
0.896
0.912

27.77 0.803
30.11 0.868
31.43 0.897
3234 0913

28.13
30.49
31.85
32.79

0.814
0.878
0.905
0.920

[49]

BSD500

10
20
30
40

25.84
28.21
29.57
30.52

0.741
0.827
0.865
0.887

2774
30.01
3133
3225

0.802
0.869
0.898
0.915

27.85 0.799
30.14 0.867
31.45 0.897
3236 0913

28.26
30.57
31.92
32.86

0.808
0.875
0.903
0919

Table 8. Image demosaicking results.

Datasets

Matlab [

) I 30

DDR Deeploint MMNet RLDD RNAN DRUNet GRL-S

1561 [24]1  [85]  [80]  (ours)

Kodak [16]

McMaster 53]

3578 41.11
3443 37.12

42.00
39.14

40.19 4249 4316 42.68 4357
37.09 39.25 39.70 3939 4022
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Experiments results

 Real world super resolution
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Conclusions

» Image restoration= /Tt GRL network | 2t

- Anchored stripe self-attention module X| 2t
- Image 2| cross-scale similarity2} anisotropic E-0A S22 S
- Ct=% image restoration= €2t Af £ GRL network T2 X[ ©F

- Global, regional, local @92 2+ D& & = S
- M| L&l network= CHYFot image =& 2 10|| CHoh X EE A= HA

oot

R S THEE D
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 Activating More Pixels in Image Super-Resolution Transformer

- HAT
- CVPR 2023
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Introduction

« Low level visionOf| A1 2| Transformer

2o axo0

=2 TEl 45 Y2 HOE
. SHX|OF Q)

« Hybrid Attention Transformer (HAT)S K| ¢F

OL

. 7| & Transformer L2 E 7| M 35}0] T 2L pixel2 &3}

-

- Channel attention2t window self-attentionS Z & H0] AL
:'= Global feature 2F local feature &5 &2 17| Q&

- Overlapping cross-attention module K| €t
= Cross window S EE O & & A 57|

|

- HEHA 45 42 2 same-task pre-training T

L—

R AT
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Motivation

« SwinIRS| SHA|
- LAM (Local Attribution Map)

- O 20| [Eiot IR S Sot=0 7+ B0l 7|05t A2zt of= SHE

EDSR RCAN SwinIR HAT (Ours)

LLAM Attribution

SR Results

- EDSR, RCAN 1} Z2 CNN 7
;= SWinIRO| CNN 7| gt 2

vSwinIRO| CNN 7|8t 2HH H L M2 pixel 2 = mapping= & & SHH
VO B pixel2 EEIICHH O L2 M52 P2 4t 2 £ 98

_|
i
=
re

- B2 pixelS activating 5H7| 28l HA

PR Axwga
S SOGANG UNIVERSITY 19




Motivation

« SwinIR2| BHA
- Blocking artifact

- SwinIR2| window partition mechanismOi| 2|3 &4
CE St Shifted window 24! 0| cross window A2 &6t =0 H 228 ¢

-+ HATOl| A cross-window information interactions 2F&HA|7{ blocking artifact 22}

Layer 1 Layer 2 Layer 3

SwinIR

Urbanl100: img 062

[Layer OtCHO| &2t feature &2 Z1H

s g d Rk
SOGANG UNIVERSITY 20




Method

e Qverall architecture

- Shallow Feature Extraction

- Simple convolution layer2 7’3 | shallow feature =&
- Deep Feature Extraction

- RHAG(Residual Hybrid Attention Group) block2 2 O|F0{ %l deep feature =& F7t
- Image Reconstruction

- Global residual 2= 0| 28}0] shallow feature2} deep featureS S50 =S

#- Lt -

Shallow Feature Image
Extraction Reconstruction

Deep Feature Extraction

AB

(S) W-MSA

Residual Hybrid Attention Group (RHAG)
Hybrid Attention Block (HAB)

Femm——— i — - l i —
' ! | Conv shuffle function
|

1 Global @ Element-wise sum
Channel Attention (CA) pooling @@ Element-wise product
Overlapping Cross-Attention Block (OCAB) Channel Attention Block (CAB) @ Sigmoid function
R S THEED [Overall architecture of HAT network]
SOGANG UNIVERSITY 21



Method

« HAB (Hybrid Attention Block)

- SW-MSA (Shifted Window-based Multi-head Self-Attention)
- SWinIRO| A AL83t= SW-MSAE JTHE ALE
- CAB (Channel Attention Block)
-Global 25 Z& & =+ A7 =20 & E2 pix g T
- CAB2I MSA2| =5 YX|5H7| 2l8l X2 &= a% CAB =30 =3l =

- GELU activation At

LayerNorm

Hybrid Attention Block (HAB)

| Channel Attention (CA)l pooling @ Element-wise product
___________ @ Sigmoid function

----------- ] ‘ Pixel Activation
| Conv shuffle function
|
I ' Global @ Element-wise sum

Channel Attention Block (CAB)

[HAB (Hybrid Attention Block)2| T+%&]

R 447 CH 8k
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Method

« OCAB (Overlapping Cross-Attention Block)
- Overlapping &|= window partition= Key, ValueE A&
- Query = standard window partitionS At
7|E9| W-MSAE Q, K, VE 25 Z2 window partition featureOf| A{ AtE
- Standard window partition®| A y 4t 0f| [t2F overlapping window 37| =&
2 37| LEHE S QI5H zero paddingS AtE

- W-MSAZ QI8l| 7| = blocking artifactE 2ttt 4= S

M=4 =05,
M,=(1+y) x M=6
Standard l l overlapping
window partition window partition

Q

K/V

[OCA (Overlapping Cross Attention)2| window partition 43 Of| A[]
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Experiments results

* Pre-training strategy

- Transformer2| %

1= SEAL
o

S I8l T2 2] ImageNetOf| Al x4 SR 2 &S pre-traingt
3=l Transformer?| A S Boj=22|7| ¢t

=
o
Es
=2

-HEE <=0 S
X~

- 0| 20| ZF £7 taskOf| &= dataset= AHESH0] fine-tunning

- Same-task pre-training

« Ablation study

Table 2. Ablation study on the proposed OCAB and CAB.

Table 3. Effects of the channel attention (CA) module in CAB.
Baseline Structure w/o CA w/ CA
OCAB X v X 4 PSNR /SSIM | 27.92dB/0.8362 27.97dB /0.8367
CAB X X v v
PSNR | 27.81dB 2791dB 2791dB 27.97dB Table 4. Effects of the weighting factor o in CAB.
Baseline w/ OCAB w/ CAB Ours 8] O 1 0.1 001
g PSNR | 27.81dB 27.86dB 27.90dB 27.97dB
b ' o Table 5. Ablation study on the overlapping ratio of OCAB.
e : y 0 0.25 0.5 0.75
PSNR | 27.85dB 27.81dB 27.91dB

27.86dB

PSNR(dB) / SSIM  12.91/0.5263

R 447 CH 8k
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Experiments results

IGNN NLSN SwinIR
PSNR(dB)/SS]M 23.43/0.5950  23.73/0.6214  24.46/0.6992

||
ll
2
(Il
i

2
1
HR IGNN NLSN SwinIR
_PSNR(dB)/SSlM 8.68/0.1939  8.03/0.0550 8.28/0.1023

HAT (ours) EDSR HAN RCAN HAT (ours)
Urban100 (x4): img_002 22.79/0.5198  23.47/0.6016  23.23/0.5950  26.26/0.8224 Urban100 (x4): img_011 8.37/0.1474  9.36/0.3042  9.11/0.2698  18.85/0.9970

_E—

g.

NLSN SwinIR
28.39/0.6511  28.56/0.6560  28.89/0.6874

_ E A
w
Z
=
.
&5
=
4
=

HAT (ours)

; i EDSR HAN RCAN HAT (ours)
Urban100(x4) img_030 18.53/0.5684  18.73/0.6416  18.26/0.6339  23.45/0.8679

27.90/0.6491  28.24/0.6524  28.00/0.6485  29.75/0.7801

IGNN NLSN SwinIR
PSNR(dB)/SSIM 14.20/0.3399  14.21/0.3213 14 59/0 3734

EDSR HAN RCAN HAT (ours) G . EDSR HAN RCAN HAT (ours)
UrbanlOO(X4) img 073 14.11/0.2819  14.20/0.3055  14.13/0.3732  19.45/0.8195 Mangal09 (x4): PrayerHaNemurenai  21.29/0.5181  21.83/0.5759  22.06/0.5915 24.55/0.7819

HR IGNN NLSN SwinIR
PSNR(dB)/SSIM 21.68/0.5564  22.15/0.6111  22.14/0.6146

Eyd Lk VDS
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Conclusions

« Hybrid Attention Transformer (HAT)E X|Ct
- Channel attention 1} self-attentionS 2 gt
- O B pixel2 23 610 52 M50 DA image 22

= =2 O
;= Swin Transformer 2Lt G B2 pixelE &2}

LS — —

- Cross window self-attention | 2t
- Cross widow 7t2| /2 Xt &S SFefA|7| 7| fe
;= Swin Transformer2| blocking artifact 2t}
- Same-task pre-training
- L & 2 ImageNet dataset= AFESHO] x 4 SR 222 pre-training
- 0| Z0f taskOil 5= specific dataset= fine-tunning

- §8H, YFH2 R 7|E2 SOTA model2| §5& 3 57t

oot
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