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PSNR-oriented vs Perception-oriented
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Learning a deep convolutional network for image super-resolution

=i% : ECCV 2014
ZE3&H : Chao Dong, Chen Change Loy, Kaiming He, and Xiaoou Tang
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Accurate image super-resolution using very deep convolutional networks

4% : CVPR 2016
%% : Kim, Jiwon, Jung Kwon Lee, and Kyoung Mu Lee
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Real-time single image and video super-resolution using an efficient sub-pixel
convolutional neural network

£i%  CVPR 2016
ZE & : Wenzhe Shi, Jose Caballero, Ferenc Huszéar, Johannes Totz, Andrew P. Aitken, Rob Bishop, Daniel
Rueckert, Zehan Wang
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Accelerating the super-resolution convolutional neural network

=i%  ECCV 2016
ZE3&H : Chao Dong, Chen Change Loy, and Xiaoou Tang
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interpolation N

)
DeConv(9,l,5) |
J . é
2 | The convolution filters can be shared for ’ E
A /< !

Original |
low-resolution |

: o L) different upscaling factors S Stride = 2
image > P e e e W e e i
. - Patch extraction and Non-linear High-resolution £ Y
= i 1 EP{'{SSH@LIQQ7777777}\{82}11@ 77777777777777777777777777  image % i /// | For factor 3
;" ,,,,,,,,ﬂ, S e e S e N ,,,,,,,,,,,,,,,,,m ‘,,,,,,,,;}lr;\\ ‘ By | s | //; H -|< - B i
//// ": . i ‘ \:L I 1 - L \I\ -. e
4 o _:' iR X \ ] (onvA(S d,1) Conv(l,s,d) Conv(3,s,s) Conv(l,d,s) /
: mv(5.d.1) ’C v(l,s,d) ’C n(3,5,5) ! ’C onv(1,d,s) ’D( m(9,1,5) \ l § e b ; -
\ ) by o . DeConv(9,1,s)
\ AR/ Ao Convolution layers A
% Deconvolution
Mg, BTmeEon SO SOE | Doy DTG o
SRCNN & FSRCNN® H 858 deconvolution layer
=
= cvpaper.challenge
. . 1 L]
https://mmlab.ie.cuhk.edu.hk/projects/FSRCNN.html -
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Photo-realistic single image super-resolution using a generative adversarial network

£i%  CVPR 2017
%% . Christian Ledig, Lucas Theis, Ferenc Huszar, Jose Caballero, Andrew Cunningham, Alejandro Acosta, Andrew Aitken,

Alykhan Tejani, Johannes Totz, Zehan Wang and Wenzhe Shi

SRResNet.”SRGAN:GANDEA, &Y B AL B REEEGEETER

e SRResNetDig=E
o FHMi$E4E: PSNRIZSRGANKYHBULMER.
o )= F:5ZE (Mean Squared Error: MSE)ZAXRELTRL—=2 5
m ETEENBARAEBROIEHNEELDIZNS > TVAFYRERKRES DETT X
e SRGANMDIRE
o SRResNet#xGenerator&L TFHIFA
o Mean opinion score (MOS)T AR ZHLYTSRResNet&L YL RULMEE.
B MOSTRRF 26 ADTRA—IZL-TIThN=0A ) T45Eh

4 Natural Image Manifold SRResNet- SRGAN-
MSE-based Solution Set5 MSE VGG22 | MSE VGG22 VGG54

B g I : PSNR 3205 3051 30.64 29.84  29.40
= SSIM  0.9019 0.8803 | 0.8701 0.8468  0.8472
MOS 337 346 77 3738 3.58

Setl4
PSNR 2849  27.19 2692 2644 26.02
SSIM  0.8184 0.7807 | 0.7611 0.7518  0.7397
MOS 298 3157 3.43 357 372

https://openaccess.thecvi.com/content C\7Dr 2017/papers/Ledig Photo-Real
istic_Single_Image CVPR_2017_ paper.pdf

il

cvpaper.challenge



https://openaccess.thecvf.com/content_cvpr_2017/papers/Ledig_Photo-Realistic_Single_Image_CVPR_2017_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2017/papers/Ledig_Photo-Realistic_Single_Image_CVPR_2017_paper.pdf

Enhanced deep residual networks for single image super-resolution

£:% - CVPRW 2017

ZE & : Bee Lim, Sanghyun Son, Heewon Kim, Seungjun Nah and Kyoung Mu Lee

EDSR.”MDSR: SRResNetD & B * R IE 1k, NTIRE 2017 T& B

e Enhanced Deep Super—Resolution Network (EDSR)

o SRResNetH 5Batch Normalization (BN) &% il f&

m BNENGLTHTRUINERT 51=6.

e Multi-scale Deep Super—Resolution system (MDSR)

o BLABAR—ILIZxt It LT-ResBlockZ%
T—XTI9Fv|ZHHAH AL T ET,
B—FTI)LTERLEART—ILOSRM T HE

e EDSR, MDSRIZxf 9 %self-ensemble M3 A T
TEgem Lk
o ANEMEDELKRER BEGEDERERAE
o ENFTNDETEZREZH AN
o MZEFRATEHEES

https://github.com/LimBee/NTIRE2017

Addition |
¥

}

X1+1

(a) Original

il

e O
BN
Conv
BN
/

[ A_ddition ]

X141
(b) SRResNet

2

Conv
RelU
Conv

N

Addition

X1+1

(c) Proposed
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MemNet: A Persistent Memory Network for Image Restoration

£=Ei%  ICCV 2017
e Ying Tai, Jian Yang, Xiaoming Liu, and Chunyan Xu

MemNet: Gate Unit®EMIZKY, 1ERO KRR IELZER

P ——

o ANDEREDFERIEIZEH
e MemNet: memory blockZ#8 21E#t L TR
o memory block: BEEHKES —,1 v

Gate Unit

S —— -—

o EREMGate UnitE CIHEHAZ I E. (c) Proposed memory block
o FHL-IEHZEReconstruction Net (ReconNet)IZA A, EITE{EZEH 7.

______________________________________________

|
1By

FENet HMemory block 1
|

—V
Jext

I
I
I
I
X I
I
I
I

Long path transmission to
the gate unit

==
e——
==

Skip connection from input

to the ReconNet

—»  Short path transmission B

https://qithub.com/tyshiwo/MemNet CVpaper'Cha"enge
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Image Super-Resolution Using Dense Skip Connections

Zinik

ICCV 2017

e Tong Tong, Gen Li, Xiejie Liu and Qinquan Gao

https://openaccess.thecvf.com/content_iccv_2017/html/Tong_lmage_Super-

SRDenseNet:dense skip connections DA,
RECNNABLVEB R MEREE ER T HLETR

dense skip connection|Z&Y, ELNLARILDLFLLARNILDFHETEFALT
ERETICEVWTHEIMIERATESEHREZENTES.

Dense block: 8D N & HIAHE THERL
o growth rateh16 (MEDIEARZF) L5, HAX128RTTDIFE <V T LS.

16 128

y

Input ==
P 1

Output

Figure 2. The structure of one DenseNet block. Each block consists of 8 convolution layers. The growth rate is set to 16 and the output of
each block has 128 feature maps.

Resolution_Using_ICCV_2017_paper.html

il

cvpaper.challenge
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Residual dense network for image super-resolution

=i% : CVPR 2018
=3  Yulun Zhang, Yapeng Tian, Yu Kong, Bineng Zhong and Yun Fu

RDN: Residual Dense Block® 3B, locali& R D EHeiC &% nl BEIZ.

e Residual Dense Block (RDB) e

o Dense block|ZResidual blockZ% &/l —R— N =
m blockBIRDY A XEEHLES-H I"‘ I ) _>I§

DenseNet® H 71121 X 1 ConvZ&iE/N (a) Residual block

o BHORDBEEHLT—FTHF vERE WATRA T RATR ‘gl_.g}_.
o local, globallE#HREEHIZHZNRIIZ i - B 1
%éf) Bhé:tﬁ‘\gﬁﬂ (c) Residual dense block

I Foi ) I X

Global Residual Learning I I

= cvpaper.challenge

Conv/
RelLU

Concat

il

https://qithub.com/yulunzhang/RDN



https://github.com/yulunzhang/RDN

Image Super-Resolution Using Very Deep Residual Channel Attention Networks

£:% - ECCV 2018

ZE & : Yulun Zhang, Kunpeng Li, Kai Li, Lichen Wang, Bineng, Zhong, and Yun Fu

RCAN: RETOVHIEFYRILTTooavI&YBRNRYRI—H%EER

o A00BLLEDRERNEEFYRILT T AR YNT—I(RCANZIRE

e RIR(Residual in Residual)|Z&YEWNR YT —o% SR ATREIC
o GEDEZEITIL—TERNWARTYTEHREZSLERXTILG=10)
o RA¥YTHEHZEZELTEEREREZREF

o FYRILTTULAVIZKYFEFYyRILEIDHEKREFREZREZERE

o FYRILTTULIALEFRETOVIIZH#H S LIResidual Cannel Attention BlockZi12Z=E
SRERVIZBITBRENRYET—HECAD BN EEEN - BEIZRLE

/

Upscale
module

Residual channel
attention block

@ Element-wise
sum

Long skip connection

https://qithub.com/yulunzhang/RCAN

HXWxC

IXIxC C  IxIxC IXIXC
¥

= 1 IXIX— " n,
"

=

channel attention

' Conv Sigmoid
function

ReLU Element-wise
ﬁ ® product

Global Element-wise
pooling @ sum

Residual channel attention block

il
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CARN: Convolutional Anchored Regression Network for Fast and Accurate Single
Image Super-Resolution

=i% . ECCVW 2018
ZE 3 : Yawei Li, Eirikur Agustsson, Shuhang Gu, Radu Timofte, and Luc Van Gool

CARN: HitH L= B#E 7 h—ToE&kICEM, HEEEL
o BFTEIFDF X (locally linera regression methods) 5% &L Tregression blocks BN
o A+ARNEWLST-FBATEIRDFEELIFERY, N\ RIZTRD M EERZCNNTHR A

e End2endDCNNETILIZKASRDETERFMEBETIA) TA DL —FRA T7HFKIGIZHE

2 CARN , 1 | Pet o PR

31.8 V DN — P~
31.6 ; QQQ D;’ >

%20
31.2 1d@%711

r

]

]

SRResNet :

]
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1

1
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% ESPCN 1
22 ]
1

I

I
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I
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cvpaper.challenge
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LatticeNet: Towards Lightweight Image Super-resolution with Lattice Block

&% : ECCV 2020

%‘% : Xiaotong Luo, Yuan Xie, Yulun Zhang, Yanyun Qu, Cuihua Li, and Yun Fu

LatticeNet: ST A7 AVIZEZERALTRETOVIOH HEDEVICES

o VE/INTA—ATIEMTESLattice blocklZ&>T
BIFDOSRETILDMREER ETESEEFRLT

e Lattice blockZFHE#E L L TERXET L f-LatticeNetlX
INDA—BTEEFESRETILE EZE T HEReEFiE

LE

b

Pi1(z) >>l<: ¥ P{z)
Q12 4 I

> Qi(2)
(a)

Conv+LReL
Conv+LReLU[=
Conv+LReL

=
0
4
—
+
-
=
=]
O

i d

Conv+LReL

DRRN

IDN* .B. °
-

LatticeNet(Ours)
[

IMDN
SRN CARN

MemNet
]

DRCN

—_—

Conv+LReL

500

1000 1500 2000

Fig. 2. (a) The basic unit of a standard lattice structure for a 2-channel filter bank.

(b) The structure of proposed lattice block

https://www.ecva.net/papers/eccy_2020/papers_ECCV/papers/123670273.0df = cvpaper.challenge
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LAPAR: Linearly-Assembled Pixel-Adaptive Regression Network for Single Image

Super-Resolution and Beyond

£:% - NeurIlPS 2020

%% : Wenbo Lil1, Kun Zhou, Lu Qi, Nianjuan Jiang, Jiangbo Lu, Jiaya Jia

LAPAR: BRI BB N =AM DO 2 EEDTHEREHEM

LAPAR®D 7 A T 7 I&image denoisingX>

Stage 1: &8 Residual networkZ AL T{%& 1 (Coefficients) & H
Stage 2:Stage 1DFRMEFELXANTIAILIFDITIZE T
Stage 3:Bicubic upsamplingBE[{&(Z%fL TStage 20D 7« /L 2% #E AL CTHRE{#E1H

JPEG image deblockingZi& M,

HBRERELUNDERETIRAVICHE R §E

Stage 1
LaparNet

Dictionary — D

-

——{}th}a{an

HPixelShuf H Conv.

f
i k

Residual Block

@ Concatenate ® Multiply

@ 4dd

Coefficients
HsxWsXL

Bicubic

https://github.com/dvlab-research/Simple-SR

HR—§

cvpaper.challenge
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Revisiting RCAN: Improved Training for Image Super-Resolution

£=EE : arXiv 2022
ZE 3 : Zudi Lin, Prateek Garg, Atmadeep Banerjee, Salma Abdel Magid, Deqing Sun, Yulun Zhang, Luc Van Gool,
Donglai Wei, Hanspeter Pfister

RCAN-it: FEERER/NMNBED 7 —XFTI/FrilEIZLY, RCANDEEELZ M L

. EFLOELISENEBRELRESATODH, HALBECHNET L OSBREFEH
NGNS, AN ELGEBENELTWNAZEITEBLIZRX
o 400l EDETHERINTBYRTUIUVYILAELRCANDEEREEXT YT L—RLTHRELLE
o DF2KMD=ZEFFIZunderfittingL TLVNAZ EIZ;F B L, FE R DiterationEZ1E 10
o INYFE, optimizer, FERRT V21— T DHRES LU THEEDEA LY S B ]

v G
o SEMIEBIFReLUMNSSILUIZZEE _ RCAN-it (Ours) SW'"”E,'
AN 7
39.81 £
Improved Training
I +0.44 dB /" CRAN
x /
Q3961 F
= HAN,/
Method Set5 Setl4 B100 Urbanl00 Mangal09 e &
g RCANIO\ CSNLN /,0-—"’
RCAN [50] <2 38.27 3412 3241 33.34 39.44 = S A __#" " RFANet
RCAN-it 3837 3449 3248 33.62 39.88 § ,' S\X’;’
RCAN [50] ) 32.63 28.87 27.77 26.82 31.22 39.2 //
RCAN:-it 32.69 2899 27.87 27.16 31.78 ¢ EDSR
2017 Year 2021

il

https://github.com/zudi-lin/rcan-it cvpaper.challenge



https://github.com/zudi-lin/rcan-it

Pre-trained image processing transformer

£:% - CVPR 2021

ZE & : Hanting Chen, Yunhe Wang, Tianyu Guo, Chang Xu, Yiping Deng,Zhenhua Liu, Siwei Ma, Chunjing

Xu, Chao Xu, and Wen Gao

IPT: SR, Denoising, Deraining =38 FA 7] BE%i TransformerRETJL

o ZERIFEE(ZImageNet1kZEFIFH

o %¥klidegradation|ZX R T AT=OITHBFEEZEITO

o [E—EEMNSDpatchMIB&HIAHAIFIED T, BEHEHRIZHLTILES TS

o TransformerZRDETILIEKIRIET —F TCOEFETICKYCNNRDETILOFEEEZ RS
o HEHDheadttal THEIEARVIZHIIG

©)

fine—tuningl Z& Y- AR V(2B R A8

| Multi-head flatten Flatten features Multi-tail |
. ~eal
\ine?

ity o |
! Denoising|
Head

Denoising| |
Tail

e

Transformer Encoder

Deraining]|
Tail

|

|

|

| [ [} ) )

| T
|

|

|

|

|

Transformer Decoder

¥ ¥

| L‘H%%H—m'

——— e

r

https://qithub.com/huawei-noah/Pretrained-IPT

//jj
"
—’—‘O-—
77
g’ —— IPT IGNN
-6- EDSR == RDN
0.0 0.2 0.4 0.6 0.8 1.0
Percentage of Usage of ImageNet (1.1M Images)
=
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https://github.com/huawei-noah/Pretrained-IPT

On Efficient Transformer-Based Image Pre-training for Low-Level Vision

=%  [UCAI 2023
ZE & : Wenbo Li, Xin Lu, Shengju Qian, Jiangbo Lu

EDT : low-level vision® XA Z|Z%t 9 HERIEE ORI REHREL

o low-levelZERIBAR I3 T HERIFZEDNREAE
o HBFEBZRTIE FYBFMGEREZSRDEIZEATHIENTESLLIIHD
o JAXBRETIINEDEHHRIZIZEAEEZEZEZ G

o H—ARY TIFRAARAISRE/AXRE), JILFHEEFIRIVZEFERFEELTER
o VILFEEARI(ERLGDIEHDRT—ILDSREFRIFEENNEMTHDHETRLT-
o VIFEEARITIEIT—2EVrDOMEBMNVILELTEIRELH T
MEMIZRAET B=OICEDT 7 —FTIOFVEIRE

_ ! m single . 02 {e=Sets WSel4 6-Urbun100 ~4-Mmngs109 Model | Data | Set5  Setl4 Urbanl100 Mangal09
2 04 ®multi-urclaed g 0 EDT-B | 0 | 3845 3457  33.80 39.93
il M 2 03 EDT-B' | 50K | 38.53 34.66  33.86 40.14
:? \ -3 EDT-B' | 100K | 38.55 34.68  33.90 40.18
g 02 ‘ | z _———* | EDT-B' | 200K | 3856 3471  33.95 40.25
Z o z o  — EDT-B' | 400K | 38.61 34.75  34.05 40.37
& l I I I 00 EDT-B* [ 200K | 38.63 34.80  34.27 40.37
— 50K 100K 200K 400K

Sets Setl4 Urbanl00 ~ Mangal09 Number of Pre-training Images in ImageNet

* (XTI FREEIRVDERIFEEEIToI-2EETRT
cvpaper.challenge
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SwinlIR: Image Restoration Using Swin Transformer

£i%  ICCV Workshop 2021
ZE & : Jingyun Liang, Jiezhang Cao, Guolei Sun, Kai Zhang, Luc Van Gool, and Radu Timofte

SwinIR: Swin TransformerZSRIZHE A

e Shallow/Deep Feature Extraction, HQ Image Reconstruction® 3EX &Rk
o Deep Feature Extraction|ZSwin TransformerMD#EZEE A
o residual connectionlZ kY EGHLANILDFHHZEER
o IPTLLERTEH/NTGA—E, ENTH—IVREERK
o IPTTIXCNNR—RDETILZLEDDIZZLDT—FEEL TV =DIZXL,
SWinNRTIEEZENT—FTCNNRDETILDEEEE LR >1=

4 Deep Feature Extraction Y% SwinIR (ours)

D 32.70
: ) m
Shallow Fe.ature = E : © HQ Imagc'a __32.65] s HAN (ECCV2020) .
Extraction =l 12 Reconstruction N 2 RCAN (ECCV2018) IPT (CVPR2021)
[\ I D, /! - 32.60/ e NLSA (CVPR2021)
T = e ® IGNN (NeurlPS2020)

® OISR (CVPR2019)

| e RNAN (ICLR2019%\D
o RDN (CVPR2018)
® EDSR (CVPR2017)

0.2 0.4 0.6 0.8 1.0 1.2
Number of Parameters 1eg

(a) Residual Swin Transformer Block (RSTB) (b) Swin Transformer Layer (STL) e
= cvpaper.challenge
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https://github.com/JingyunLiang/SwinIR

Efficient Long-Range Attention Network for Image Super-resolution

£i%  ECCV 2022
ZE & : Xindong Zhang, Hui Zeng, Shi Guo, Lei Zhang

ELAN: R B #AAHEGMSAED A—)LIZ K BAELABZIRE

o BENDETIOEREEZHFZEL, |
HEARMZ O T IV EEIRE tﬁ LI
e L ﬂ

e ELAB: :
o shift—conv: ST EOX A TRV GEEZHDE c ()
o GMSA: ANBFBEEHT IL—TIZHZIL,

FNEND T IL—TIZDUVTSelf AttentionZ : g
LB ETRIEBDIKEHEES =

o ASA : HEEmEF D Self AttentionDREZEINE ’ e

m Batc h N orm 0) 1:\" (d) Group-wise Multi-scaie Self-Attention (GMSA)

(e) Accelerated Self-Attention (ASA)
oV

!E ) , e I !
. E_ , ~§0) ﬁlll 1 ‘ 55555 | 36 31 )32|33|34 35 5 E = | | HxW
- Ll + ¥ d
7 (8|9 1011|128 6|1]2|3|4]|5 | | : |
1 I * circular shift || shift-Conv I | Conv-1x1 Conv-1x1
13|14 15 | 1617 | 18 127 [8]9ef1w0|n =3
‘ | i — [ \ ‘ I gateorm|? = @ | Batehorm| I
1920|2122 23| 2 || 181314 15|16 | 17 || | | |
25|26 27|28 20 30 | 24|19 |20 21|22 | 23 I ReLU ‘ I |
1 1 =1 1 I ! | Local Feature |
a1 a2 3|4 35|36 ) 30 | 25 |26 27|28 | 20 | | Eaction | |
| |
b R & | |shift-Conv| || Iy L
& % |52 GMSA | | |
¥ - B ZHlh= S5 — ! il
5 5 (5~ | Py | |
°© e - : g 7 ) I
1 [ 2 (3 l 56 36 l 31|32 33|34 | 35 | :
7]8]o|mfn 2| o |1 SN ¢ | s : |
131415 18 17 1s | Shiftback T g gy GMSA Group-wise
‘ | el Multi-scale 11
(a) Efficient Long-range Attention Network (ELAN) & Sel-Attention 11
Il
________________________________________ I
S r 1
I
|

| i
https://github.com/xindongzhang/ELAN

(c) Shifted Window for Consecutive ELABs (b) Efficient Long-range Attention Block (ELAB)


https://github.com/xindongzhang/ELAN

SRFormer: Permuted Self-Attention for Single Image Super-Resolution

=& : ICCV 2023

ZE & : Yupeng Zhou, Zhen Li, Chun-Le Guo, Song Bai, Ming—Ming Cheng, Qibin Hou

SRFormer: Fv> R ILEM, ZRIARDIERZE/ T ALK
Z Bpermuted self-attentionfé a1 fit

e permuted self-attention (PSA)ILEETFD
window self-attentionN—XDSRET JLIZEHIZEHATR

e SwinlR&KY¥{LDVE

Depth-wise Conv 5x5

Channel Compression

/1 /]
A /
/| 4
% /j 9%
/// — //
///j 1/
//// /] //
/// /
NV %
%

INTGA—Z LE
Urban100(ZF 0LV T0.46 dBELNROAT X ERL

Permutation

https://github.com/HVision-NKU/SRFormer

(oN)

HEOXRT,

(P) Compression&Permutation

7

(R) Reshape

(Jesun] ][Jein ](Jeaui)

w
w
W

WS:16 x 16
PSNR : 33.40

WS:24 x 24
PSNR : 33.51

w
bxad
i

WS: 16 x 16
PSNR : 33.26 WS:12 x 12

PSNR : 33.28

PSNR on Urban100
w
@
w

w
)
(38}

WS:12x12 WS:8x8
PSNR : 33.08 PSNR:33.09 SwinIR [37]
e SRFormer

24 2.6 2.8 3.0 32 34 3.6
MACs (T)

(YRelLU X Matrix-Multi.
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https://github.com/HVision-NKU/SRFormer

Efficient Mixed Transformer for Single Image Super-Resolution

£ &% : Engineering Applications of Artificial Intelligence 2024
ZE & : Ling Zheng, Jinchen Zhu, Jinpeng Shi, Shizhuang Weng

EMT: BRI DB L EBRERDOEITTO#LIERIRL f=Transfer

e Efficient Mixed Transformer (EMT)DiRZE
o  Mixed Transformer Block (MTB)MDE A
m /N\TA=Z(FEMLAL
m  :tE WM (floating—point operations) HIE 0L ALY

Mixed Transformer Block Global Transformer Layer Local Transformer Layer

D —

EJ

SWSA |
\L/
MLP

sy ]
PM
N
N>
LE
%

S ) . .
: [ Self-attention calculation within the window ] o St”ped WmeW fOF SA (SWSA)

hE TN _ g
_’":= _’,.."nlw ””Hn!- um.I- ﬁ * ulu nJm IIJH ﬁln ml&at © )—?frgﬁ/r%(f HITE TR
R o window self—attention

) ] . ! /{_ — : »
::”h\ “I m m m [ Self-attention calculation within the window Z 0) S R:ET )l/ ' ﬁ Fﬁ
bk

TN ﬁmhtﬁﬁiﬁﬁ o

https://qithub.com/Fried-Rice-Lab/EMT cvpaper.challenge
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https://github.com/Fried-Rice-Lab/EMT

Attention Retractable Frequency Fusion Transformer for Image Super Resolution

=% - CVPR 2023
ZE3& : Qiang Zhu, Pengfei Li, Qianhui Li

ARFFT: 2B H4E@2WI“HiR

e spatial-frequency fusion block(SFFB) Zig=E
o RElRE A & ZE RtEE D Hr iz FI A
o RAFZFEBZRERICIHKLETILORIRENZHLE
e Dense attention block(DAB)&Sparse AB(SAB)IZ&KY BFrEIEBFTD (Gl
o D-MSATHEBFEDr—I2 & S-MSATHN-MNEDM IV EDHERFREFE
INFHARXERRIZEBLTCTEEEITOFEZIRE
FFTLoss%{#

Residual Group N

. ! ; : .
: i L ! i ¥ B 7
i S | NEIENAR L\ tq ’
: i il ! EdEN %
] I .4 0
| ) i | \ (3 w. e
| | (B N} I ) | QN e ® 0%
e |', I' ",
————— = //,:‘;',,“,,ﬁ‘,,,,,ﬁ_,,,,,v,,,‘,,,,*,,_\ } 'I ) ,
O = W I y . 4 o
R | e
N :: g ~ g 2 / A A
| gy % S 8 T = 3 A A
MLP | MLP § 1! [l R = I e e ——
} 1 = |2 3] 2] (= _ — ‘ ——
| ! = 5] bl 3 _ _
N ! N z S| | |3
} (s =
|
|
D-MSA ! S-MSA
1 UrbdnlOO RCAN SwmIR Ours
LN } LN ——
—
DAB, SAB = cvpaper.challenge
| SR RSy |




Dual Aggregation Transformer for Image Super-Resolution

£i% . ICCV 2023
ZE & : Zheng Chen, Yulun Zhang, Jinjin Gu, Linghe Kong, Xiaokang Yang, Fisher Yu

DAT: ZE&F R ILD R ITEAEM L TAttentionZ EH

e Dual Aggregation Transformer Block
o ZEMARDSTB)EFvAILAR(DCTB)D TransformerJ OwH %3 H|IZ
BRATAHETTAYIMETOVINTERBHETFrRIILEEEERN
e adaptive interaction module (AIM)

o self-attentioné B AIAH B DIFHZENRAIZELR
e spatial-gate feed—forward network (SGFN)

o FFNIZIEfE 2 EMIEHREEA

Y P T
| 1 p 1 1 2 1
( - I SGFN AR SGFN :
I 1 I 1
! o Do : LN : 2k : LN : :
1 >3 1 7'y 1 1 7'y 1
= gl e e
: =l=|2 o AS-SA AR AC-SA .
' = o ]! :
: @ I R i
__________ I 1 I 1 1
Residual Group  xM - I | LN C LN :
o — N ; S— )

(a) DAT (b) DSTB (c) DCTB
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. = cvpaper.challenge
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https://github.com/zhengchen1999/DAT

Activating More Pixels in Image Super-Resolution Transformer

£i%  CVPR 2023
ZE & : Xiangyu Chen, Xintao Wang, Jiantao Zhou, Yu Qiao, Chao Dong

HAT: &Y BLDAAEI IV EBEEICH AT 2ETIVERE

o FYURINTTUIAVE DAV IR—=AD LI ITTToIavEF|IZEA
o F¥RILEETOVI(CAB)IZLYST O—NILIEREHMEL, 2LDEYEILEF L
o UVRYORNTHEINSBECTEW-MSA)TRATIEREZHME

o A—N—SYELHHORTTUI3TAYI(0CAB)EZE AL T R
o [MEVIFVRHEOMAEERZRE
ﬂ@xbﬁlmageNetéﬁL\#%ﬁu?%"{r"ia KYETILDRTUIONYIILEEIEHT

ZEFDSoTazx1dBLL E E[EH1ERE
EDSR RCAN SwinIR HAT (Ours)

Shallow Feature X
Extraction

Image
Reconstruction

LAM Attribution

19.52 32.32

d - e [y
Jw*m o
o . & ’\\\\\\/ \\\\\ V(J/\\\\\\\/\\
Residual Hybrid Attention Group (RHAG) - \\\\\/\\\\\ \\\\\ A\\i\\ \\\\\\\%\\\\\
= e e \\\\\\\¢¢ /\\\\\\/¢\\\\
| ik feleal | i ' A tivatio PSNR (dB)/SSIM  12.76 / 0 4339 13.23/ 0 4966 14.25/0.6003 17.88/0.8348
g g J_,f @ | 0 | & @ shuffle  function .
f l BHAICH SN TLAAAE S L O TR
s >y Global ement-wise sum
3 = I Channel Attention (CA): ’ pooling ® Element-wise product
Overlapping Cross-Attention Block (OCAB) Channel Attention Block (CAB) @ sigmoid function = CV p ape r. C h al I e n g e

https://github.com/XPixelGroup/HAT



https://github.com/XPixelGroup/HAT

DRCT: Saving Image Super-Resolution away from Information Bottleneck

Kni—“x‘.

=248
DRCT: Z@AYNT—VICEHRMIREZHIH bT‘:ET)b"éhi(SOTA)
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https://qithub.com/ming053I/DRCT =

CVPR Workshop 2024
Chih—Chung Hsu, Chia—Ming Lee, and Yi—Shiuan Chou

BFEDAFI—7(ZEH LV T2, x3, x4SOTA
HEDETILTERYNTI—VDKRETHETY T DR
ZIEMNELTHEY, ZHEBEHROIERTESAREEENH T
o Residual Deep feature extraction Group(RDG)

m SDRCBZHEMENRAHCLT, ELGDHRT7T—ILD
BHREMEL, REEKICLY
BERDIEXREH L /AIAGEITOERDOREL

o Swin—Dense—Residual-Connected Block(SDRCB)
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https://github.com/ming053l/DRCT

MambaSR: State Space Transformer Model for Image Super Resolution

£i%  CVPRW 2024
ZE & : Hongyuan Yu, Cheng Wan, Yuxin Hong, Zhijuan Huang, Yajun Zou, Yuan Huang, Jiamin Lin, Bingnan Han,
Xianyu Guan, Yongsheng Yu, Daoan Zhang, Xuanwu Yin, Kunlong Zuo

MambaSR:Mamba &Transformer Z##& &1 - SSFormer blockZx i3

e NTIRE 2024 Challenge on Image Super-Resolution (X 4)- Tl E EREZZERKLI=-ETIL
o Jk.h\WFEE]:ET)I/’EFHL\T"Transformer(State Space Transformer: SSFormer)O) /-\
e HATZAR—XEL T, Hybrid Attention BlocksZSSFormer|Z&k > TE A

Team | Rank | PSNR (primary) ~ SSIM
XiaomiMM 1 31.94 0.8778
SUPSR 5) 3141 0.8711 o
UCAS-SCST 3 31.28 0.8666 — g
SYSU-SR 4 31.19 0.8660 75}
Jasmine 5 31.18 0.8665 = &
ACVLAB 6 31.18 0.8655 5 ‘5
mandalinadagi 7 31.13 0.8648 = = a
SKDADDYS 8 31.11 08643 ~ ‘“mpeipl = fmm—t =P S
KLETech-CEVI 9 31.03 0.8633 <|>J~ °>{
SVNIT-NTNU 10 31.03 0.8633 © — C ©
ResoRevolution 11 31.01 0.8647 - 8 Lo -
BetterSR 12 30.97 0.8621 Ll c &
Contrast 13 30.69 0.8563 © O
BFU-SR 14 30.55 0.8560 L
SCU-VIP-LAB 15 29.78 0.8506 O Z
Nudter 16 30.17 0.8446
JNU-620 17 30.43 0.8426
LVGroup-HFUT 18 29.98 0.8380
Uniud 19 29.97 0.8440
SVNIT-NTNU-1 20 29.34 0.8199
==
= cvpaper.challenge



DVMSR: Distillated Vision Mamba for Efficient Super-Resolution

=% - arXiv 2024

ZE & : Xiaoyan Lei, Wenlong Zhang, Weifeng Cao
DVMSR: VIMEAE A B XY EZER & B DSREED

e Vision Mamba Module TR ZE Rl ARAATZTAVIZFIRE
o MambaDRIEET VT DEENE
MBERINDEHGETEEREZSRARVIZFI AT el H
MBDERBICIYETILEEEL

o FAEE

o MambaD4FHETHARIEHD AN — 2 RIZHLT

[Proj ection Laycr] [Projcction Laycr]

Figure 4. The structure of Vision Mamba Module(ViMM).

BNTWSELVSRE BREEBEOXNRETHIASRBEBRROBRIMENT L=,
BB TOMambaR—XADETILMNESICHKET H TR

https://github.com/nathan66666/DVMSR
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Figure 3. The overall network architecture of our DVMSR.
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https://github.com/nathan66666/DVMSR

Esrgan: Enhanced super-resolution generative adversarial networks

&% : ECCV 2018 Workshop
ZE3H : Xintao Wang, Ke Yu, Shixiang Wu, Jinjin Gu, Yihao Liu, Chao Dong, Yu Qiao, and Chen Change Loy

ESRGAN: SRGANDEEFEZ7Yv/T— L THRERL

e SRGANMD7—x T/ F+, adversarial loss, perceptual lossz REJ L THEMR L
o Residual Block (RB)H\i5Residual-in—Residual Dense Block (RRDB)~NZ &
o DiscriminatorzET—2EET —2 DX 07 B %% E & I HRelativistic GANIZZEH
n MARMERERICTIETEENRE
B IYDOTIRFYEN ST DOREEEEL-F2E A AIRE
o Perceptual lossZactivationt® Tl&7:<, activationFjD4FHE VT TEH
B activationfR IIT VR F Y OHELGE DEREMNBDPLTLES-O

Residual Block (RB) Residual in Residual Dense Block (RRDB)

L

SRGAN RB w/0 BN

ReLU
CDHV

Do) =oCRE) -1~ Draerx) = o[ - ElC@DD - 1 Mo
—1 -
() = o C @) -0 v Daoir ) = o (P - EIC@DD - 0 Toreee

a) Standard GAN b) Relativistic GAN

NS =3 T 2 ) N \ T = R AN
SRGAN ESRGAN Ground Truth

il
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https://github.com/xinntao/ESRGAN

Learning a Single Convolutional Super-Resolution Network for Multiple Degradations

=i%  ECCV 2018 Workshop
%‘% : Kai Zhang, Wangmeng Zuo, Lei Zhang

EFROLREHRIZH DT S-HBRBD L ILZMASHELILERE

o RITDELBblurk /A AXFREFIZIZRIT-HDRITANYFUTEIRE
o  Blurh—FJILERJRLEL, PCAZFRLNTURITIZERE
o JARLRIIEHEESLTHIRTEL, i<y TE2ER

o bicubicHILIZBEWNTEELImDIEREZZERL

o MDLILOEMMICEILLT HLILITHLTEERGHEGEZRLT

A
F i Mg
g,/ /8 \ B .
" ! E \ E ectorization, = PCA >I Stretching
im/ /8
z| * NS I -
E E E E Blur Kernel : !
E E Noise Level )
E E E . Degradation Maps

Blur Kernel

il
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EnhanceNet: Single Image Super-Resolution Through Automated Texture Synthesis

£i% . ICCV 2017
ZE & : Mehdi S. M. Sajjadi, Bernhard Scholkopf, Michael Hirsch

BN B2 E 4 perceptual loss + texture loss CEAMKIfEEZ R L

o pixelZEHI TMSEDRBEILT DI EICKH>TEHRDFFIENELD

o pixel-wise CIIHE/NFIZK>T=-E AR IEEHRZ FHMGETEH =6
o EBHAABDHEMERLI-FCNER—RELIZETIL
o BHAHEBETYITYHUTIVIRIEATEIETT—F 77l

o BHRAHBBIZEKBTYTHT)TIIBFIROT—FI7I9MNELS
o 16X 16MpatchB{iLMstyle transfer lossIZ KLY BFIIETI2AFVYZ 2 EH

“-1 " EEER FFrF ==

111 H EH B i gl p - -
--1 H H B rrF j ==
(D (1) (111 (IV)

I HR [LR Iest MSE I est AdV.

State of the art by PSNR Our result

il
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https://github.com/msmsajjadi/EnhanceNet-Code

SRFeat: Single Image Super-Resolution with Feature Discrimination

=i%  ECCV 2018
ZE & : Seong-Jin Park, Hyeongseok Son, Sunghyun Cho, Ki-Sang Hong

SRFeat : B2 D Discriminator&generatorD R EIZLYIEE R L

pixel ZE fE 1= [T THE FF I ZE R~ D discriminatorZ 1B 0
o  GANETILIZKAETEEIZ[LpixelZZ[E DdiscriminatorZzERd 1= (2
ERFRLTERE/AXINEEND
o FFHZERINDdiscriminatorMEAIZLY, FREIRIIZEHGTITEWEEZFE R AT REIC
long range skip connectionZ fAL f=generator
o BENT-EBHhoDEREDEMITIEHK
o PSNR&SSIMEERE

Residual blocks
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s c s e
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13 X X PR X X
Q Q
LR zZ 5 2 5
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B X X
Input image x1 Conv
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Unsupervised Image Super-Resolution using Cycle-in-Cycle Generative Adversarial
Networks

£i% . CVPRW 2018
ZE & : Yuan Yuan, Siyuan Liu, Jiawei Zhang, Yongbing Zhang, Chao Dong, Liang Lin

CinCGAN : R7F—AHELT/A XD ZWLLRMNSHRZE &L RR

e “—DMCycleGANZFLf-Cycle-in-CyclefgEZ 12 E
o ZDBHMDGANA—DHENDGANZES>TL\SHEIE
o CycleGANTIFAHART —IIVEEB TSR0, FEEHSRETILEEA
1. —DHB®DCycleGANIZXLYLRM Bnoise/blurzfrz (G1, G2, D1)
2. FEBRARBEEETILTTYIHLTILT (SR)
3. _’.)0)EO)CycleGANéﬁKEfme—tune (G1, SR, G3, D2)

‘e

E
-
~ D Dz
) 7 .
X g@ G; @gl > SR =K /
r=n Z
x' E@ G, A
xnﬁ@ G; < LR — HR
CmCGAN%V ........ - challen
https://github.com/sangyun884/CinCGAN-pytorch =¢ pape chailenge 43



https://github.com/sangyun884/CinCGAN-pytorch

Closed-loop Matters: Dual Regression Networks for Single Image Super-Resolution

4% : CVPR 2020
ZEZ&  Yong Guo, Jian Chen, Jingdong Wang, Qi Chen, Jiezhang Cao, Zeshuai Deng, Yanwu Xu, Mingkui
Tan

DRN : LRHRDEHiLHR—LRO T ERIEFIZEE

e ill-posed problem|ZX g 5= (ZEED ZERMIZHIEZFIMNA S

o LR=HRODTYEVIT DI —TEHHTESLIITTS

o LR—=HRODZE#EHR—LRERERFFIZFE

o HR—=LROZEMEZFE T HLICLY, EHADSIEDEEFITIEAHES
o HRASZNONTULWVEWEHFDIGEIZHLER

Algorithm 1: Adaptation Algorithm on Unpaired Data.

Input: Unpaired real-world data: Sy
Paired synthetic data: Sp;
Batch sizes for Sy and Sp: m and n;
Indicator function: 1, (-).
1 Load the pretrained models P and D.
2 while not convergent do
3 Sample unlabeled data {x;}/"; from Sy;
4 Sample labeled data {(x;, y;)}jzr,::_l from Sp;
5 /I Update the primal model
6 Update P by minimizing the objective:
7
8
9

5 1 00 (PO 34) A (D(PGx) )

/I Update the dual model
Update D by minimizing the objective:

0 S Ao (D)%)
Dual Regression Task = - - oo oo = cvpaper.challenge

https://github.com/guoyongcs/DRN



https://github.com/guoyongcs/DRN

PULSE: Self-Supervised Photo Upsampling via Latent Space Exploration of
Generative Models

£i%  CVPR 2020
ZE & : Sachit Menon, Alexandru Damian, Shijia Hu, Nikhil Ravi, Cynthia Rudin

PULSE : StyleGANZ L\ TEfEE TOHSREEH

ERLI=HRES VR — )L, SEDLRIZADEREER T %S LE &
HREEM T ABEZROENNTEBRTHREHIZRRMEL,  ||DS(G(2)) — ILgl||, <€
Rt KO EERT S

o BETMERETIHET ERINBHRITBEMNLLDICBESND

Scaling factor(&64 X, 32X, 8 X LS EEEAEIH

EERIZ L CTENEE BT

M : Natural Image Manifold

Il M N R : Downscales Correctly

il
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https://github.com/krantirk/Self-Supervised-photo

GLEAN: Generative Latent Bank for Large-Factor Image Super-Resolution

<5 : CVPR 2021

ZE & : Kelvin C.K. Chan, Xintao Wang, Xiangyu Xu, Jinwei Gu, Chen Change Loy

GLEAN : StyleGANDFI A A ZZ2BELUNAYR EEaXMIEEZR

e RRDBNetZEncoder(EQ)EL THEZHMEL, BEHIAHEBEITRHREBEZTDIFHZIE
e StyleGANIZIEIEENZ, Generative Latent BankZE{EFHZNDKHYELTEA
o GAN[ZE DWW -HZIRTOERVOEBZIZEKEFEET, YA XESHEIZBLNTENS

o HO—NILIYFT pSEEGR/aVR—

Decoder ClZEncoderéBankh s D4FEHZRES

e Scaling factorl&64 X Hi5 8 X

.

\ | - !
____________ ~ qu,mqlmqlﬂqt.%f>

Generative Latent Bank

Encoder

32x32

(e va I
. o/ I u
1 ~— [ ] 1

SO LPSy—P‘SQ'—PSg S4 '_’SS z

Decoder

https://www.mmlab-ntu.com/project/glean/

256 %256
128><128l
7R AT AN

il

FULDFRZDELETHEDELEL

GLEAN (ours)
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https://www.mmlab-ntu.com/project/glean/

Real-World Blind Super-Resolution via Feature Matching with Implicit High-Resolution
Priors

£:% : ACM Multimedia 2022
ZE & : Chaofeng Chen, Xinyu Shi, Yipeng Qin, Xiaoming Li

FeMaSR : VQGANTEHIFE B Sh -8 a—K T v ,ELREYYF VT

o LREHMZSMHEBEEZRISMHRP)DHRFHMETYF T 3 5HHETBIndSREERE
o HRPIIBFIEZRIN-HOEFHBRINLISESHMEMTO—R T voL,
T AEIEERATI— S DHAEHEELTES
T4 IR G LIHRPOD EBRIFE D =HIZET Ty ERMEZE A
BT YF T DI=OIZTHRPAD 3 — b hy MERZEDLRIVO—42E A

Different samples

Codebook /
/4 2
; w
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2K | 3 3
7 A‘>} [ | :
N . | = :
b \ / . ! .
h LU Feature Matching 'g 4
(a) Stage I: Pretrain of High-Resolution Priors Z:
: 5
| /77777 Py
\ /! § cature ®
I EES NS | atching
LA =1 = = == Grass Plant  Water
/i 1 ZIEZNE ) v
MBI B EE ;
7 g NN
! @ Residual Swin @R g— @(_ o II II ISR
i Transformer Block esidual Bloc sroup Norm Residual Shorteut Module esu -
= cvpaper.challenge
s
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https://github.com/chaofengc/FeMaSR

Toward Real-World Single Image Super-Resolution: A New Benchmark and A New Model

£3% : ICCV 2019
%% : Jianrui Cai, Hui Zeng, Hongwei Yong, Zisheng Cao, and Lei Zhang

RealSR: B R DL LIZHIELET—8yhER VNI —H%FIRE

o —MRBAATTHRELRDRT7HIREL, EHRADSRETILOEE/FMET—2 ViR E
0 HRELRDARTZIIEREREZEA T, ARICEHRFER MESHELTIER
o FEHADSRIZEWT, EDRYLIT—O XY EIXNFHIBL D DMREZ R _E S 7= Laplacian
pyramid based kernel prediction network (LP-KPN) Z#1g2Z=E
o KRALBLIIZHTIMENLZEZTDO, KEVRILZEIZEHDOh—RILEEE
o EBESTIVTUVETIYRIZHEL, KYUDERMICEETHEEFEREF A

Laplacian pyramid decomposition

l Laplacian pyramit

\ mim h Eo reconstruction
\ _,. G- * b
DDDD N Distortion
/4 x4 U W correction s b As reference
LR input image “ HR output image & central e
% X2 region crop o A ¢
Iterative : Fre™s
O Convolution block — by 2 B registration
%k / 2 . . )
[ Distortion Failw
Shuffle downsampling > Y/, correction -
o Ju " :
T . kxk - & central Aligned LR image
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- One k X k kernel — h/ e P e
4 % h/4 ﬁ Image taken at 28mm LR image
[:l One k X k patch w,
. S— 4 w
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at different levels at different levels

https://github.com/csjcai/RealSR = Cvpaper.challenge



https://github.com/csjcai/RealSR

Blind Super-Resolution Kernel Estimation using an Internal-GAN

=E% : NeurlPS 2019
ZE & : Sefi Bell-Kligler, Assaf Shocher, and Michal Irani

KernelGAN: /XY F DR HREBRTFET HSRHI—RILEHETE T HKernel GANZ 1
E

o LRTAMERDHAHZERAWNTELLGHENEL TGeneratorkbrL—=2%
o LREED/NNYFRMICTESLEITIEWNT DU RT— U SNT-BEEEF 4R
e DiscriminatorlIBE 7 ILIZHLT, ZDREBED/NYFNITD/NYF D mhi
ENFITOEETHEINSINERTE—FIYTEH T
o LRD/INYFHZFEL, GeneratorCTERLI=/\vFZXRIT 5
o EMHILRBEEE ALVELVERTZ 2 BNNZEGenerator&E L TEA
o RIFEEAIZE|E O Convolution layerERIZFT=A, IErNGEBEILIZH S
o SRA—FRIIFEZRFHETHAEITTES BEDART—ILDH—RIVEEH FTHE

Input image

Generator (Ir* k) Ly

]
‘ 5 3“ 1 1| 1
Discriminator » |IIC) I EEll e s
K D [
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|
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= - i Y
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il
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https://proceedings.neurips.cc/paper/2019/file/5fd0b37cd7dbbb00f97ba6ce92bf5add-Paper.pdf
https://www.wisdom.weizmann.ac.il/~vision/kernelgan/

Designing a Practical Degradation Model for Deep Blind Image Super-Resolution

4% : ICCV 2021
EZ3H Kai Zhang, Jingyun Liang, Luc Van Gool, and Radu Timofte

BSRGAN: EHH R DL {LBEREERL-FE/FEE/ N\ 1TSM1UERE

o TJ5— A0 YT, JARIZHTHLVERLTLILEZEELI-ERANALESRE
ETILEERET
o LY ELMAEITOI=6D, DIV2KAD &RealSRSetM 2D D EE T —2tvhEEA, IREL-LILET
IR TSI EERLT:
o PSNR/LPIPSO &M CEEF FizZx LRISHEEE
o non-reference®! M EF{HI51E THANIQE, NRQM, PIIEEMEME LT LE—FLAEL

PSNR*/LPIPS) 23.51/0.601 23.21/0.353
(a) LR (x4) (b) IKC[10] (c) FSSR-JPEG [!7]

23.46/0.504 25.48/0.353 24.65/0.233

(d) RealSR-JPEG [20] (e) BSRNet (Ours) (f) BSRGAN (Ours)

https://github.com/cszn/BSRGAN = cvpaper.challenge



https://github.com/cszn/BSRGAN

Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data

&% : ICCV 2021 Workshop
ZE3H : Xintao Wang, Liangbin Xie, Chao Dong, Ying Shan

Real-ESRGAN:ESRGANZ R D LIS EAMEEZR L

e ESRGANMDHR-LRR7{ERLEFD L L AMIEE LU Discriminatorz RE I ZETEHRED L BIZHT G

o EHRDLILEEZBLE-ZDIETOLRFRE
n %‘1tMIE§bicubic?ﬁFaEl7b\65%12‘5%0)%‘1%%17%LT:MIE(:%EE
m IHIT EROEHRFICHICSES-ODLILBEREITAF—R Y L TOIEIZ KD LS
ZELTWVEN =AY, EHEEYIRT ZETHIG
m A—N\—2a—krOYIXTIIRIET B8, sincBEIZ KDL ILMIEEEN
o DiscriminatorZVGGR—AM5U-NetfE E~NLEH
n EO‘E)L%‘(YL@'M*&’E%FLT"%E?ﬁ“_IﬁE&EU BAIRE AR B
m U-NetiB&EEEMUTLIEIIFEREALEIZT ST, spectral normalization regularization T%
E1t
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il

GEXH TlEn=2%%MA)
https://github.com/xinntao/Real-ESRGAN

cvpaper.challenge .



https://github.com/xinntao/Real-ESRGAN

SRFlow: Learning the Super-Resolution Space with Normalizing Flow

4% : ECCV 2020
ZE & : Andreas Lugmayr, Martin Danelljan, Luc Van Gool, Radu Timofte

SRFlow : FlowZiBf#{RIZH A

o H—QHREEETHT 0 TREKHREROAHEET LT 31O RBAT BT
o T HRETH I EALEISEMER T IZEYHROBE S hp() e 1S
o YRS LRSI OB O EEIEYHRER T

o THLHETHEIO, BEEMEEREHOM S TRUBBEA T
o HRETIVr—LaL OEIGRIESR Y ERTEE

o E—REEAHC B—OBREBHTRELLSENTH

: SRFlow
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Hierarchical Conditional Flow: A Unified Framework for Image Super-Resolution and
Image Rescaling

=i  ICCV 2020
ZE & : Jingyun Liang, Andreas Lugmayr, Kai Zhang, Martin Danelljan, Luc Van Gool, Radu Timofte
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Normalizing Flow as a Flexible Fidelity Objective for Photo-Realistic Super-resolution

&% : WACV 2022
ZE & : Andreas Lugmayr, Martin Danelljan, Fisher Yu, Luc Van Gool, Radu Timofte

AdFlow: L1 &N ELL TFlowZ{E

o WERDLHBELLBHMBEXIIRELTHY, LRO—EHICEFZELXSZ5EH 5,
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Image Super-Resolution via Iterative Refinement

=% - TPAMI 2022
ZE & : Chitwan Saharia, Jonathan Ho, William Chan, Tim Salimans, David J. Fleet, Mohammad Norouzi
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SRDiff: Single image super-resolution with diffusion probabilistic models

&%  Neurocomputing 2022
ZE & : Haoying Li, Yifan Yang, Meng Chang, Huajun Feng, Zhihai Xu, Qi Li, Yueting Chen

SRDiff: DiffusionDF A, SHREFTBEEIF--ETEIRE LR ATRE

e Diffusion"— XM ET JLTSingle Image Super—Resolution (SISR)ZZEEEL - II DR
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Figure 2: Overview of two processes in SRDiff. The diffusion pro-
cess is from right to left and the reverse process is from left to
right. # in py denotes the learnable components including condi-
tional noise predictor and low-resolution encoder in SRDIff.
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DiffIR: Efficient Diffusion Model for Image Restoration

£3% : ICCV 2023
ZE & : Bin Xia, Yulun Zhang, Shiyin Wang, Yitong Wang, Xinglong Wu, Yapeng Tian, Wenming Yang, Luc Van
Gool
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ResShift: Efficient diffusion model for image super-resolution by residual shifting

&% : NeurIPS 2023
Z3& : Zongsheng Yue, Jianyi Wang, Chen Change Loy

ResShift: ar\ﬁﬁ-r)bw*fzjluﬁzv-‘yj’m5Lﬁm
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High-Resolution Image Synthesis with Latent Diffusion Models

£i%  CVPR 2022
ZE & : Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, Bjorn Ommer
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Exploiting diffusion prior for real-world image super-resolution

5% - arXiv 2023

ZE & : Jianyi Wang, Zongsheng Yue, Shangchen Zhou, Kelvin C.K. Chan ,and Chen Change Loy
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https://github.com/IceClear/StableSR

Pixel-Aware Stable Diffusion for Realistic Image Super-Resolution and Personalized
Stylization

£=E% ; arXiv 2023
ZE & : Tao Yang, Rongyuan Wu, Peiran Ren, Xuansong Xie, Lei Zhang

PASD: E/®ILLARIL D BEEERIL
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SeeSR: Towards Semantics-Aware Real-World Image Super-Resolution

£i%  CVPR 2024
ZE & : Rongyuan Wu, Tao Yang, Lingchen Sun, Zhenggiang Zhang, Shuai Li, Lei Zhang
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CoSeR: Bridging Image and Language for Cognitive Super-Resolution

=5 : CVPR 2024

ZE & : Haoze Sun, Wenbo Li, Jianzhuang Liu, Haoyu Chen, Renjing Pei, Xueyi Zou, Youliang Yan, Yujiu

Yang
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Image Processing GNN: Breaking Rigidity in Super-Resolution

£3i% : CVPR 2024
ZE & : Yuchuan Tian, Hanting Chen, Chao Xu, Yunhe Wang

IPG : CNN*PAttentionD R H Y IR BT S57%FI A
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CVPR Workshop : NTIRE 2024
#FHLULL U FIEMamba v ?

3
3

MambaSRAINTIRE 2024 Challenge on Image Super—Resolution (X 4)[ZT
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Team | Rank | PSNR (primary) ~ SSIM
XiaomiMM 1 31.94 0.8778 |
SUPSR 2 3141 0.8711
UCAS-SCST 3 31.28 0.8666
SYSU-SR 4 3119 0.8660
Jasmine 5 3118 0.8665
ACVLAB 6 3118 0.8655
mandalinadagi 7 3113 0.8648
SKDADDYS 8 3111 0.8643
KLETech-CEVI 9 31.03 0.8633
SVNIT-NTNU 10 31.03 0.8633
ResoRevolution 11 31.01 0.8647
BetterSR 12 30.97 0.8621
Contrast 13 30.69 0.8563
BFU-SR 14 30.55 0.8560
SCU-VIP-LAB 15 29.78 0.8506
Nudter 16 30.17 0.8446
JNU-620 17 30.43 0.8426
LVGroup-HFUT 18 29.98 0.8380
Uniud 19 2997 0.8440
SVNIT-NTNU-1 20 20.34 0.8199
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