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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
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Uformer: A General U-Shaped Transformer for image Restoration
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Introduction
« CNN 7|2to] ChHE S E2t5t 10 O B2 image detail FEE S75l= A0l 5 &
- 0|0 X| 2l 2ot 2tM 0|11 &&X 2l transformer-based Uformer | Ot
- Transformer block=2 A& 5H0 A S A encoder-decoder T+ ++35

- 712X U-Net2 7|Eto 2 &

[ ) .

o Uformer= 3 A F71X| design2 2 79

- Local enhanced window (LeWin) transformer block 27|

- Global self-attention Ci 4l &= E[X| 3= window-based self-attention A&
;= Local context captureStH A{ high resolution feature mapOi M AA SEHEE =Y = U=
- AS A layerof 27|17t 178 =l window AFE
- O B2 global dependencyS M & & S

- Local context= 112{5}7| £/t 3x3 depth-wise convolution =7t
- Learnable multi-scale restoration modulator 2~ 7

— Uformer decoder2| O 2{ layerO| A{ featureE Z33}7| 2|8 multi-scale spatial bias

;- CFYSH image degradation= X 2|5H7| 22
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Method

 Overall pipeline
- Skip connectionO| = A& & encoder-decoder T+ A&
- Degradation image= input projection module= &5l low level feature= ‘&
-3 x 3 Convel LeakyReLUE AtE
T (3XHXW) - Xy (CXHXW)
- 0| 20f| K-stage encoder 2 HSZ2 =0 &
- Zt encoder stage= K| HEl LeWin transformer blockZt down-sampling layerZ2 O|20{ X S
= Transformer block= &1t St flatten =l feature= down-sampling layerO| A 2D feature 2 X 74
v Down-sampling layer: 4 x 4 Conv, stride = 2

- OFX| 2} stageO| M &= LeWin transformer 2 global dependency capture

|
I 3xH 7 y 60X — F T \
| — R e
sy (g () = | IR
: Image Projection || Blocks Blocks o : i
H : L. PP
————— XN, ! K :
h 1
XNy
Restored Output Lern LeWin
Image Prolecllon Blocks Blocks

t

Modulator

} Window

Feature map
@ Down-Sampling @ Up-Sampling

(a) (c)
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Method

 Overall pipeline
- @ =E| feature S K-stage decoderl| 21O Z At
- 2} decoder stage= M| 2=l up-sampling layer2} LeWin transformer block 2 £ O|F 0| X S
= Transformer block= &1} 5] flatten &l feature= up-sampling layerO| A 2D feature 2 X7+
vUp-sampling layer:2 x 2 Conv, stride = 2
- Decoder stageOf| A1 2| Lewin transformer+= skip connection feature2} up-sampled featureS LHOZ 2+
- X|BZH O Z decoderE Sl flatten=! featureE CHA| 2D feature map2 = A -
- Output projection2 S5l C x H x W feature2 X1+
- OFX|2F 2 2 3 x 3 Convolution layerE AFE5H0 3 x H x W 2| output2 &S

Degraded Input LeWm Lern =
Image Projection Blocks Blocks e
A 4
I Restored Oulput LeWm LeWm N
1 Image Pro]ecllon Blocks Blocks

t

Modulator

}WindOW

Feature map

(D Down-Sampling @ Up-Sampling

e e ——— ) o e e i 4 (c)
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Method

» LeWin (Local Enhanced Window) transformer block
- Non-overlapping Window-based Multi-head Self-Attention (W- MSA)

- High resolution feature mapOi| A 7| E0f| A+&SHE global self-attention2 H| 2%

- Overlapping & X| &+ local window L Ol A{ self-attention==2H

AL BHES A 2E = US

- Locally-enhanced Feed-Forward Network (LeFF)

- Transformer?} local dependencyE CHE =0 A E O] ALCH= 7|E A+

~ LeWin transformer block OFX| 2t JayerOf] At

25t |ocal contextES ZHAH & = AU
e e
: hd : I ' * aYa * aYa * aYa * "\
I LE;F J|: : MsA|| Msa||MsA || MsA
: : \. 'y \ - J\ 'y J\ Y J
' LN i : D & PP
1 A 1
i P+ : : S, S )
: [ W/MW - MSA ]E | Modulator
: 1 a
W
: 'y : I }Window
"""""""" T Feature map
I
R A e K-k LeWin transformer block W-MSA
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Method

* Non-overlapping Window-based Multi-head Self-Attention (W- MSA)

- C x H x W 2| feature mapE B XX ZEA M x M window= =&
X ={Yi YZ, YE, Y

. 2t 23| windowDtLC} self-attention =& .
-

X ={X',X2 ... XN}, N=HW/M? MSA Efs?ﬁfs?ﬁfs?
Y} = Attention(X'W2, X'WEK X'WY), i=1,---,N, Y 3 - ¥
X ={Y,, Y5, YY)
i Modulator

- N: window?| 7jj== 1| x2
- k: multi-head attention2| head == N=4 3| x2 }Window
- WZ, WE WY : ZZt k BT headOfl CHt queries, keys, values Feature map

- X BH O = 2= headO| L2 =32 concatenation 2 Lt linear projection 2

7| global self-attentionOf| B35 A4 H|E= 34 =€ = U=
- 7|E global self-attention: 0((HW)?2C)
- Window-based self-attention: 0( M*C ) = 0(M?HWC)
VRS
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Method

* Locally-enhanced Feed-Forward Network (LeFF)
- Normal transformer2| feed-forward network(FFN)+= local contextS &2 sl=0| M $HH
- O] 2 pixel Y2 E 7t L2+ A2 image restorationOf| Al 523 2X|
- Transformer2| FFNO| depth-wise convolution block= =7}
- Linear projection= &3l =& El featureE 2D feature 2 reshape

- Depth-wise 3 x 3 Convolution layerZ local §2& 74X
- O|Z0f| CtA| flatten = linear layerE &3l & feature2| dimensionzt St &
;= 2+ convolution, linear layer®| GELUE activation function2 2 At-Z

1x1 Conv.

3x3 Depth-wise
Conv.
Flatten

1x1 Conv.

Fan
Y

v

Locally-enhanced Feed-Forward Network (LeFF)

g A TH Sk | VDS |
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Method

« Multi-Scale Restoration Modulator

- Light-weight multi-scale restoration modulator &i| Ot
- CHYF9t image degradations M 2|5H7| IS AHE
- FeatureE 27830 O B2 MF BEE S&
- Uformer2| decoder stage®l A] multiple modulatorE =&
-M x M x ¢ 27|2| st& 7+s Tt tensor
== M: window size, C: feature map channel size

- Self-attention 0|7 0] Z+ window®| shared bias2| HE| = G &t

- DecoderOfl Zt THOj| =71 2 [ detail S & 90| LEE A2 M2

4 ? \( *
A][MSA] MSA MSAI
\
1 h-“-l‘ i -i (a) w/o Modulator (b) w/ Modulator (c) Target
§ G DD I
| |
| |
| |
A S S | !
I MOdulator (d) w/o Modulator (e) w/ Modulator (f) Target
GoPro [45] SIDD [1] SPAD [61]
) Uformer-T Uformer-B Uformer-B
Window Modulator - v - v - v
PSNR 1 20.11 29.57 | 39.86 39.89 | 47.43 47.84
Feature map . ,
R 5-{ il &; e Table 8. Effect of the multi-scale restoration modulator.
SOGANG UNIVERSITY 11



Results

« Qualitative comparison

Denoising Input/18.01 dB  VDNet/3444dB  DANet/34.73dB  CycleISP/34.70dB  NBNet/34.84 dB
Input RIDNet/33.77dB  MIRNet/34.84dB  MPRNet/34.71 dB  Uformer-B / 35.05 dB Target
1 Input DeblurGN-vi’Zﬁ MPRNet -
Motion blur 2321dB 27.26 dB 25.73 dB 28.90 dB 30.95 dB
Input DeblurGAN-v2
24.46 dB 26.38 dB
Real rain Input DPDNet KPAC Uformer-B Input DPDNet KPAC Uformer-B
27.49 dB 28.64 dB 28.46 dB 30.32dB 21.02 dB 22.37dB 2223 dB 23.02 dB

Input SPANet RCDNet Uformer-B Input SPANet RCDNet Uformer-B

S 30.80 dB 37.59dB 39.00 dB 46.51 dB 31.86 dB 41.99 dB 43.00 dB 49.32 dB
R YR g d k- | VDS
6 Las
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Results

 Quantitative comparison

SIDD [1] DND [46] GoPro [45] HIDE [52] |RealBlur-R [4#]|RealBlur-J [45]
Meod _ | PSNRT SSIMf|PSNRY SSIMY R et Fowa | 3251 osiT | 2787 [ 087
~ ah er at. J A . . . JZ. . B .
BM3D [15] 2565 0685 | 3451  0.351 DeblurGAN [24] | 28.70 | 0.858 | 24.51 | 0.871 | 33.79 | 0.903 | 27.97 | 0.834
RIDNet [4] 3871 0914 | 3926 0953 Xu et al. [67] 2100 | 0741 | - - | 3446 | 0937 | 27.14 | 0.830
VDN [73] 39.28 0.909 39.38 0.952 DeblurGAN-v2 [29] 29.55 | 0.934 | 26.61 | 0.875 | 35.26 | 0.944 | 28.70 | 0.866
DANet [74] 3947 0918 | 3959  0.955 DBGAN [0] 3110 | 0942 | 28.94 | 0915 | - - - -
CyclelSP[75] | 39.52 0957 | 3956  0.956 SPAIR [47] | 32.06 | 0.953 | 3029 | 0.931 | - - | 2881 | 0.875
MENar | B 03 | W esse  mmearmuowm | oo
. il 56 . . . . . . . .
MPRNEE[' A 39710958 | 3980 0.954 fDMPHN [78] | 31.20 | 0.940 | 29.09 | 0.924 | 35.70 | 0.948 | 28.42 | 0.860
NBNet [9] 39.75 0.959 39.89  0.955 fMPRNet [77] | 32.66 | 0.959 | 30.96 | 0.939 | 35.99 | 0.952 | 28.70 | 0.873
Uformer-B 39.80 0960 | 40.04  0.956 Uformer-B 33.06 | 0.967 | 30.90 | 0.953 | 36.19 | 0.956 | 29.09 | 0.886
Denoising Motion blur removal

GMM RESCAN SPANet JORDER-E RCDNet SPAIR

DMENet JNB DPDNet KPAC
5 - - fi -B
‘ (Ol 0531 1 (54 | Uformer-B B4 B3 (el [71] or e | Urermer
PSNR T 23.41 23.84 25.13 25.24 26.28 PSNR 1 | 34.30 38.11 40.24 40.78 41.47 44.10 47.84
SSIM + ‘ 0.714 0.715 0.786 0.842 | 0.891 SSIM 1 | 0.9428 0.9707 0.9811 0.9811 0.9834  0.9872 0.9925
Defocus blur removal Real rain removal

SOGANG UNIVERSITY 13 LaB
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Conclusions

« Transformer block= 7|2t2 2 &} image restoration= ¢/ 2 Uformer architecture A| €t

- LeWin transformer blockS 0|35} 7| & Convolution network 7|8t =0 £+ M S| 4

- Local contextE A 2| & = U2 20 OtL| 2} long-range dependency= 22822 N 7ts

- Multi-scale restoration modulator | ¢t

- Uformer2| decoder®l Z=7}+%|0{ CtFSH image degradations M2|stl S 85 a4t

- S0t =2 S5l image restoration = OfFO]| A state-of-the-arts &< &
d

- Denoising, motion deblurring, defocus deblurring and deraining

- ALt H[EO0| A1, 2 & parameterZt M 7| I 20 7| = U-Net 22 E 7t

- Z2 depth2| normal U-Nett2| A3 H| 1

GMACs # Param | PSNR 1
UNet-T 15.49G 9.50M 39.62
UNet-S 34.76G 21.38M 30.65
UNet-B 86.97G 53.58M 30.71

ViT 8.83G 14.86M 38.51

Uformer-T | 12.00G 5.23M 39.66

Uformer-S | 43.86G  20.63M 39.77

Uformer-B | 89.46G  50.88M 39.89

R AT VDS
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Restormer: Efficient Transformer for High-Resolution Image Restoration
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Introduction

« Transformer-based model2| Tt
- ResolutionOf| 2} A4t =& E S 7}
- High resolution imagei| Cii ot =R 2 &10] H-&0| 0=
- Long-range pixel2| ZtAHE CtE7| 02 &

-+ Uformer2t Z 0| window 2| E |3+t A2 long-range pixel A E CtE=H Q0 2+=E

-

Ay

o C}2FSH image restoration &= 0F0| A X2 7+5 St restoration transformer (Restormer) A| 2t

- Multi-scale encoder-decoder ++Z= 0f| transformer block At&
- Long-range pixel representations A & &= US
- Multi-Depth-wise convolution head Transposed Attention block (MDTA) | 2t
- Depth-wise convolution £ spatial local contextE 2= &= US
- Pixel Z+2] global relationships 222 & = JUZ
- Gated-Depth-wise convolution Feed-forward Network (GDFN) A| €t
- Spatial local contextE 22 = UZ

- 2% layer0l| & X =l image featureE M&

R BTN VDS

SOGANG UNIVERSITY 16 LaB



Method

 Overall pipeline

- Skip connectionO| R+ 4-level2| AEB % encoder-decoder T+ AtE

- Z} levelOfl = 02 layer2| transformer block ZE &}
- 3 x 3 Conv block2 &1+ low-level featureE &
- O|=0f| 2t A 52| transformer block?| YH2E AL
== Transformer block= X| 25t MDTA2} GDFN2 2 1M

- DecoderE S 1}5t feature= CHA| transformer block= S 1+5} refinement

XSE 22 3 x 3 Conv blocke &2t5H output map= ‘4 d gt

- Global sklp connections O| 25} input imageE Hdll &

A\
HxWxC | Transformer | HxWxC Transformer HxWx2C Transformer |HxWx2C HxWx3_ : N
| = >— estored
Fo Block |, Block | Fa Block,| |~ F, R d : (1
i FouG I Refinement
Degraded (1) A (b)
)
mMum -Dconv Head W, oG
;ranzP;sedAnemlon Tragfforkmer B J
ated Dconv OC!
[EDENF ceq Forward Network L il E %
[Norm JLayer Normalization
i ; T —O—
@Depth-wlse Convolution Skip Connections
* Downsample =
A Upsample Transformer | 1244 Transformer 22 Q® AVinE
@ Element-wise Addition oC| xL3 xL3 - mg Trarmposed-Atiention
@ Element-wise Multiplication BxWxac = Map (A)
® Matrix Mutiplication x| 8" =2 s
atrix Mul 5 —>
) thllac Pt [Z [CJ[P8] “Cu— Seftmax
© Concatenation N
® Reshape A Transiormer 492 v FiVixC AVixG gerxcE &
Hy W, ® ) >
@ GELU Activation Bgec XLy E‘x X8C 8
2t
R AMABTHE-D
SOGANG UNIVERSITY 17



Method

 Multi-Dconv(Depth-wise convolution) Head Transposed Attention (MDTA)
. YHEA Ol self-attention2| A2 Hl At £FHE 7} image SHAHZ 0| [2} quadratically S 7t
- D8 A= O] imagedi| CHH LEFE QI self-attentions HEA|7|= A2 0|23
- Channel T Bt0|| Z X self-attention= X -&5l= WAl S X Ot
— Layer normalized feature(H x W x C)7} 1 x 1Conv, 3 x 3 depth-wise Conv S50 22 Q, K, vV M4

;=3 x 3 Conve local context JEE 7| ¢

.-

o

- Q, K transposed-attention map= &-g5t1, Vel element-wise &30 Z[F output feature map -
s': 7| & regular attention map (HW x HW) Ll 2 transposed-attention map (C x €)’d
vFeature®| channel =& multi-head self-attention2| head 72 LI HEHOZ ot&

K| Z™ O 2 resize & 1 x 1 Conv £

X = W, Attention (Q, K, A) + X, = . (a)
o . . . T CQS Q HWxC
Attention (Q, K, V) = V - Softmax (K -Q/ a) - | RS Transpoijlad-A(tXe?tion
I ap
X ¥ — COE K . e
- Q=w2W2Q R=WEWKK, V=wlw/v -~ i
— d "'p & — Wd VWp ™ = Wqa VWp HxWxC o
- W,: 3 X 3 depth-wise convolution = Qi v X
- W,: 1 x 1 convolution % &S ® E "
Bifal)

- X: output feature
- a : learnable scale parameter

U szudka |VDS |
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Method

 Gated-Dconv Feed-forward Network (GDFN)

- Gated-depth-wise convolution

-Fel HE BEE O|RO|H Qo F QA Zo = LIEfH = UZ
-2 AR E 221 x 1 convolution@ 2 XIS A1 3 x 3 DeonvE X
- SFLFO| B 20| = GELU activation2 At2%t
X ZXO 2 CHA| 1 x 1 convolution® E8f 2 2 channeldt ¢

- Feature transformation2 Z1tH O 2 *%‘ =AU

(b)

1x1
\ 4
3x3
Dconv

el

I
X
>
3
=2
(@)

3

>

E)

>

(@)
Norm

1x1
4
| 3x3
Dcony,

R B THSED |VDS|
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Results

« Qualitative comparison

“Noisy 14.92 dB PSNR 27.61 dB 31.83 dB 30.12 dB 31.74 dB 32.83 dB

Denoising Image Noi Reference ~ DnCNN[101] DRUNet[99] DeamNet[63] SwinIR [44]  Restormer
Noisy | 14.81 dB PSNR 33.83 dB 35.09 dB 34.86 dB 35.20dB 35.63 dB
Image Noisy Reference FFDNet [103] DRUNet [99] IPT [13] SwinlR [44] Restormer
Motion PSNR 19.45 dB 23.85 dB 23.56 dB 23.86 dB
Deblurring Reference Blurry Gao et al. [23] DBGAN [100] MTRNN [58]

19.45 dB 24.85dB 25.20dB 25.67 dB 2433 dB 26.96 dB
Blurry Image DMPHN [94]  Suineral.[71] MPRNet [93] MIMO-UNet+ [14]  Restormer

R 4475 T8 | VDS I
SOGANG UNIVERSITY 20 LaB



Results

« Qualitative comparison

f PSNR 27.19 dB 27.44 dB 28.67 dB
De OCleS Reference Blurry DMENet [40] DPDNet [3]
- - -
27.19 dB 29.01 dB 28.35 dB 29.12 dB 30.45dB
Blurry Image RDPD [4] IFAN [41] Uformer [80] Restormer
PSNR 20.23 dB 23.66 dB 25.52dB
Deraining Reference Rainy DerainNet [21] SEMI [81] UMRL [87]

26.88 dB 27.16 dB 29.86 dB 32.15dB 33.97 dB
Rainy Image RESCAN [43] PreNet [64] MSPEN [32] MPRNet [93] Restormer

U szudka |VDS |
6 SOGANG UNIVERSITY 21 LAB



Results

 Quantitative comparison

® Restormer

(Ours)
*
MPRNet [93]
(CVPR21)
MSPFN
(CVPR20) 4
[32]

PreNet [64]
(CKPRIQ)

RESCAN [43]
* (ECCV18)

33.1
©® Restormer
32.81 (Ours) [13] N 33.51
IPT
_ 3257 *(CVPR21) o) | 3251
2] MimoUNet+ [aa]
B 32.2 (Iccv21)[14] [93] o 31.51
o o
LZn 31.94 L%
2 % 30,51
~ |MTRNN| [58] [100] 29.5
31.3‘(ECCV20)DMPHN DBGAN '
* [94]
310 (CVPR19) (CVPR20) % | 5854
140 240 340 440 540 640 740
Number of Flops (G)
(a) Deblurring (Tab. 2)
28.4 40.2
[
28.3 Restormer
8.317 (Curs) 400
28.2 1
39.81
@ 28.1 DAGL [55] SwinIR [44] @
= 28.01 * % (iccvzy) % (ICEVW21) L 39.61
DZ: 27.9+ ?RUNet) DZ: 39.4
wn | (TPAMI21 wn
27.71 .
57.64  DeamNet[s3 106 RNAN 39.01
o (CupR21) 1031 (1061 (cLR19)
27.5+= ‘ 38.8

30 130 230 330 430 530
Number of Flops (G)

(b) Deraining (Tab. 1)

140 240 340 440 540 640 740
Number of Flops (G)

(¢) Gaussian Denoising (Tab. 4)

SOGANG UNIVERSITY

A
S

Restormer
@ (Ours)
[93]
*x Uformer[80] MPRNet *
(ArXiv21) (CVPR2Z1)*  MipNet
(ECCV20)
DeamNet [63] [92]
* (CVPR21)
% DAGL[53]
(Iccv2l)

22

40 140 240 340 440 540 640 740
Number of Flops (G)

(d) Real Denoising (Tab. 6)

VDS
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Conclusion

- D AE O|O| K|S M 2|35H7|0f| 28X 2l Restormer architecture A| Ot
- Transformer block2| Tt 24 HYH
~- Multi-Dconv head Transposed Attention (MDTA) blockX| 2t
;2 7| & transformer model2| A4t ST = E 2t21SH1 local context SEE BHCE CHE

Table 2. Computational comparison of Transformer-based image
restoration models.

Params

(M)

115.3
11.50
26.11

FLOPs Time (s)
(B) 256 x 256 patch

379 335

PSNR (Denoising; Table 5)
Urban100, ¢ = 50

IPT [8]
SwinlIR [22]
Restormer

29.71
29.82
30.02

444 1.80
141 0.11

- Gated-Dconv Feed-forward Network (GDFN) A| 2t

;' Gate mechanismea T 215}0] feature transformations & & control & = US
;= OFEFZEX| 2 local context §EE N O 2 CHE

- Transformer Tt 0| CNN2| M & F 7+

- MDTA, GDFN 2 5 depth-wise convolution2 A& 50 local context encoding 7

U szudka
S
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Simple Baselines for Image Restoration
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Introduction

- Image restoration= ?[TF BH2l'd 40| EH S O[F

SFX| 2t computational complexity 7t S 7tSHs 2 X

. 7| = SOTA BIAlIO| M52 ST18D AME o2 Z8H 0l paseline A Al
- Complexity 2t 0| M XX 9| intra EE+ inter-block X E 12{%
- SOTA &4 S 24l510] = 7d @4-8h= F =70t baseline 75

|0

- 7| & SOTA &AIZ2 S74SHAL, computational cost 5
- BaselineOf| A| Nonlinear Activation Free Network (NAFNet) Xi| Ot
- Non-linear activation function2 M| 7St Lt CHX|SHO] baselineg C S tHest

— Non-linear activation functionO| image restoration =O0F0f| 2 Q40| ML= AS B F

rir
P
rE
=
e
-

ﬂ BTN VDS
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[ ] [ ] [ ]
Method: Build a Simple Baseline
« Architecture
- Inter-block complexityE 0| 7| ¢[o 27X Q1 U-Net 4178 ::';m
x3, dconv
* Plain block
Y
. Baseline2 T3 St7| ™ block LHFE Z[CH D Th=dHA 7+ ekl
- Convolution, ReLUZ O| F0{ &
o Al23LK| ate \4
- Transformer block= AIESHX| E S S
- Transformer= computer vision0|Aq| 2 &= EO[X[F L& I&HX| Y2 &/
- Self-attention 2.C} ZHEFSE depth-wise convolution AFE —
» Normalization
- Layer normalization AF-& \ 4
1x1, conv
- Transformer2| &7 1t S| layer normO| B2 SOTARNAIO|AM At El
Y
"M Block Block ™% ekl
| I v
Blo:)clx{]J Bloclx(rl 1x1, conv
| T
BIOCIED \ 4
3 (b)PlainNet’s
R S THEED (c) UNet Architecture(ours) Block VDS
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Method: Build a Simple Baseline

« Activation
- GELU (Gaussian Error Linear Unit) AF-&

- 7|Z& SOTA 2HHO| A= RelU activationS GELUZ CHN| 8= Q&0

« Attention

. Self-attention 7| 812| A| At S & = = feature map=7| 0| quadraticStA| S 7t

- Spatial attention= channel attention 2 2 HZAS}0] A

~ Channel attention2 £ A& 28842 SFAIZ|12 global SE2E & A7 f

- {24 0| A image restoration &= OFOf| channel attention2| 217t HE

31 — GELWU
RelU
— ELU

4 3 2 A 0 1 2 3
Figure 1: The GELU (z = 0,0 = 1), ReLU, and ELU
(a=1).

R 447 CH 8k

SOGANG UNIVERSITY 27
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LayerNorm

|

1x1, conv

3x3, dconv

|y
GELU

-

1x1, conv

1x1, conv

f_/

(c)Baseline’s
Block(ours)

VDS




Method: NAFNet

« Nonlinear Activation Free Network (NAFNet) | t

- Baseline| Ct=A S O X|SIHM M52 O SFA

 Gated Linear Units (GLU)

. GLUE= 25 SOTA image restoration 2 20 AM H52 22|7| Y AHE ! -
- Activation2 2 A0t GELURF HEH A "'*“'

- Gate(X, f,9,0) =f(X) © a(g(X)) 11, conv
' GELU(X) = xd(x) 9:

- f, g  identity function, o(-)E o2t & = AS LayerNorm

- f(X) © g(x) M| 7t B 9 E X 0| 7| =0 non-linear activation o (-) 4 = 1x1,im
- 2t GLUE === ===

7|8t2 = activationO| X[ &l simple gate= CHA| :
= SimpleGate(X, Y) =X QOY

s X, YE 22 input featureS 262 $t feature

—
H \
o w ®j H
H Mw
0\% w

(c)Simple Gate
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Method: NAFNet

 Simplified Channel Attention (SCA)
- BaselineOf| A| AF& St channel attention= 7HEHS}
- Global ‘& & A2t channel B 42 &8 7|52 |FXISHH 7tazt
2 CA(X) = X * o(W, max(0, Wypool(X)))
L CAX) = X * W(X)
-1 x 1 Conv2} activation layerS 1 x 1 Conv StLtZ2 ¢
:: SCA(X) = X * Wpool(X)

o

e = o—)
ol g
[ 5]

ooling

I I
ooling

O H *—> O H
W W

(a)Channel Attention (b)Simplified Channel Attention

>{<—>
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Results

« Ablation
- PlainNet=2 7|49t2 = GELU &

2 channel attention (CA)E X

ot A2 baselineEE =

2
o=

- Baseline= 7|22 2 simple channel attention (SCA)Z simple gate (SG)2| &
Ir LN |ReLUGELU | CA PSI\?;DS%IM PSSEnglM
PlainNet | le * 39.29 0.956] 2851 0.907
PlainNet*| le™® - - - -
le=? v 39.73 0.959|31.90 0.952
le™® v v 39.71 0.958|32.11 0.954
Baseline | le™® v v v 39.85 0.959|32.35 0.956
SIDD GoPro
GELU—SG | CA—SCA PSNR SSIMIPSNR SSIM speedup
Baseline 39.85 0.959| 32.35 0.956| 1.00x
v 39.93 0.960| 32.76 0.960| 0.98x
v 39.95 0.960| 32.54 0.958| 1.11x
NAFNet v v 39.96 0.960| 32.85 0.960| 1.09x

R 447 CH 8k
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Results

« Qualitative comparison

29.68 dB 31.58 dB

_ 23.21. dB
Deblurring Blurry Image Blurry Restormer [39] Baseline(ours)
Reference 28.89 dB 30.35 dB - 3254dB
PSNR MPRNet [37 MPRNet-local [¥] NAFNet(ours)
Noisy Image
Denoising

Noisy, 26.29 dB

R 5-‘ '70.‘ cu &'; ) Reference, PSNR PMRID, 37.96 dB NAFNet(ours), 38.35 dB
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Results

« Quantitative comparison

PSNR on GoPro

w
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w
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2
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¥ o MAXIM-3S
AHINet MPRNet
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MAXIM-3S
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Table 6: Image Denoising Results on SIDD/[1]

Method | " ran) o] [6] (3]

MPRNet MIRNet NBNet UFormer MAXIM HINet Restormer|Baseline NAFNet

[32] [5] [39] ours ours

PSNR 39.71 39.72  39.75  39.89
SSIM 0.958 0.959 0.959  0.960

39.96  39.99 40.02 40.30 40.30
0.960 0.958 0.960 0.962 0.962

MACs(G)| 588 786 88.8 89.5

169.5 170.7 140 84 65

Table 7: Image Deblurring Results on GoPro[2(]

MIMO-UNet HINet MAXIM Restormer UFormer DeepRFT MPRNet|Baseline NAFNet

Method 7] 5] [32] [39] [36] [25] -local[%] | ours ours
PSNR 32.68 32.71 32.86 32.92 32.97 33.23 33.31 33.40 33.69
SSIM 0.959 0.959 0.961 0.961 0.967 0.963 0.964 0.965 0.967

MACs(G) 1235 170.7 169.5 140 89.5 187 778.2 84 65

Table 8: Raw image denoising results
on 4Scenes[35]
Method PSNR SSIM MACs(G)

PMRID[7] 39.76 0.975 12
NAFNet(ours) 40.05 0.977 1.1

32

Table 9: Tmage deblurring results on
REDS-val-300[27]

Method PSNR SSIM MACs(G)
MPRNet[77]  28.70 0811  776.7
HINet[)] 28.83 0.862  170.7
MAXIM[32]  28.93 0.865  169.5

NAFNet(ours) 29.09 0.867 65
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Conclusion

« SOTA BIHES 23510 T Qs 1A QA OO 2 paseline &
- Image denoising, deblurringOf| A] SOTA &4

7|8t 2 Z nonlinear activation function= CHX| S Lt K| H$H NAFNet | 2F

2
€=
- O Brest £ AKX T 452 baseline 2CF EHLE 25

« X|2tot baseline2 £ image restoration =0f2| idea B0 =232 &

|1 & 2% 9l baseline A| Al

\
i
Ot

« 0|2 2| computer vision 2 & M7 0f A&t

- Image restoration =O0f0| M SOTA d52 & SH=0| non-linear activation2| & L2842 & &

ﬂ AW THEE D VDS
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