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Overview

Super resolution

Super Resolution (SR) 0|2t?

X2H2 O|0IX|E 1ot ZE s =8 =HF = task
F: XgHE 0]0|X] (Low Resolution, LR)
: 131 0]0|X| (High Resolution, HR)
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Overview

Super resolution

llI-Posed Problem

© NolldEE Tollg = S| [0, EtZI0] &l= o< OlOIX|7H ZE Ol 6] 7H EME = U=

Noise

i
Blur and Downsampling -@

Laow resoldution (LR )

SISR: Try to recover HR from its LR counterpart
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SR3
== 2N

Reference

Image Super-Resolution via Iterative Refinement

Chitwan Saharia! Jonathan Ho, William Chan, Tim Salimans, David J. Fleet, Mohammad Norouzi

{sahariac,jonathanho,williamchan,salimans,davidfleet,mnorouzi}@google.com

Google Research, Brain Team

o131 iiZE(CVPR, 2021)
Deep generative model=2 0|0|X|Q| &It F&& 2 X E staot=dl 36U CLE LS 22 2X|71H 2

1. Autoregressive model : 1ol 0|0 K| 480 X2 H[Z0| 2
2. VAE(Variational AutoEncoder), NF(Normalizing Flow) : & £X| 2%t HE0| ¥4
3. GAN: A3} 2281 mode collapse siZ0| 2

B KOREA Data Mining 6
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SR3

Diffusion model

Diffusion modelQl 712 714
- Diffusion2 242 20|
« O 2X1e] 220 ACHD 7S &, O 2212 Gaussian distribution= [[I120H Markov process YEE S5

-  Forward Process : O|0|X| X7} &t& ot gaussian noise X7t & [H7NFX| gaussian noiseE HERIXMOZE F£715H= markov

process
- Reverse Process : Gaussian noise X70|lA ®EERIXMOZ gaussian noiseE MIAGIY 0I|0|X| X, E =2l5t= markov
process

W KOREA .ﬁ Data Mining 7
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SR3

Diffusion model

Diffusion model?| 7|12 74

i wving Sampling Speed of Eonditional Diffusion Models
D u5|on Models

- Diffusion2 "g4t's 2|0| e
° O_IEE _E_xl_ol %x_’%ol %EI_ 7|_x.| St [[H, % X|O |8 Gaussian dis, Improu;SamplingSpeed of Diffusion v o Conditi::alDiffusion Models
wEx: (89 zey wE: (6 oiFH
- Forward Process : O|0|X| X7} 2t%$t gaussian noise X¢7k 2 . = - oV
[CIEESVE 3 e 124~
process D =22telH|C|2 AH (YouTube) D 22121 8|02 AH (YouTube)
- Reverse Process : Gaussian noise Xy0|A HXIEOZ gau 0| OV
MojLhHE =] — HolLtHE 2] —
process
Data Mining 8
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Diffusion process?| L&t Inference

Y e Xo: 9= 00X Pp (Xe_11Xe, Xo)
Xr . 29| noised O|0|X|

Input Diffusion process®| CH4 Inference

LI 0|0|X| X Y, : LR O|0IX| (Bi -
) (Bicubic) A A
O| LR O|O| %] Y- : LR2| noised O|0O|X] Po (Ye—1|Ye, X)
Y ~p(Y|X)

B KOREA ...\ Data Mining 10
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Framework

Resize High Resolution \/
[@] Diffusionmodel
Low Resolution A
Resize
Low Resolution
Data Mining
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SR3
SR 0|0} x| 44 Z3} — Automated metrics

o - PSNR/SSIM i}

Metric PULSE [25] FSRGAN [7] Regression SR3
PSNR 16.88 23.01 2396  23.04
SSIM 1 0.44 0.62 069 065
Consistency | 161.1 33.8 271 2.68

- FID/IS &1}

Model FID | IS+ PSNRT SSIM T
Reference 1.9 240.8 - -

Regression 152 121.1 279 0.801
SR3 5.2 180.1 26.4 0.762

*  Top-1/5 error

Method Top-1 Error  Top-5 Error
Baseline 0.252 0.080
= DRCN [22] 0.477 0.242
FSRCNN [17] 0.437 0.196
PsyCo [ 5] 0.454 0.224
ENet-E [44] 0.449 0.214
y : ; RCAN [61] 0.393 0.167
- S_—_— Regression 0.383 0.173
‘ . ‘ h . 3 SR3 0.317 0.120

W KOREA ...\ Data Mining 12
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SR3
dd Z8f - Aut ted metri
SR 0|0 X| ‘8 Z12F — Automated metrics
Bicubic Regression SR3 (ours) Reference . PSNRISSIM EEI'
Metric PULSE [25] FSRGAN [7]| Regression SR3
PSNR 1 16.88 23.01 23.96 23.04
SSIM 1 0.44 0.62 0.69 0.65
Consistency | 161.1 338 2.71 2.68

- FID/IS Ea}
Model FID | IS+ PSNRT SSIM T
Reference 1.9 240.8 - -

Regression 15.2 121.1 279 0.801
SR3 5.2 180.1 264 0.762

*  Top-1/5 error

Method Top-1 Error Top-5 Error
. . - Baseli 0.252 0.080
PSNR / SSIM - High frequency details &% 2% e
- DRCHN [27] 0.477 0.242
' FSRCNN [17] 0.437 0.196
PsyCo [25] 0.454 0.224
ENet-E [41] 0.449 0.214
RCAN [64] 0.393 0.167
Regression (.383 0.173
‘ SR3 0.317 0.120
B KOREA \ Data Mining
UI’RERSITY ob Quality Analytics 13
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SR3
SR 0|0]|X| 44 Z1f — Human evaluation

Low Resolution

Output 1 Output 2

(Ground truth) (Generated SR)
Output 1 Output 2
(Ground truth) (Generated SR)
Q1. Output1zt Output2 S0i G 0|0 A7t LRO|O|XIE Q2. Output1} Output2 =0i| G5 O|0|X[7}
O & ZAHLIR? ZIXt ZHHIZEZ %2 0|0]X| 227127

& KOREA Data Mining
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SR3

SR 0|0jX] ‘&< &1

Fool rate : Ground truth(JeH) 71 Ol modelO] 48445t o|O|XIE A

0000

1} — Human evaluation

MEHSE 2}

=
M= =

Fool rates (3 sec display w/ inputs, 16 x 16 — 128 x 128)

FsraN [ v
w_

0

Q1. Output12}f Output2 S0l it O|0|X|7} LRO|O|X|Z

O & ZLIR?

Fool rates (3 sec display w/o inputs, 16 x 16 — 128 < 128)

FsrRGAN [ oo~
Hegressiun_—' 15.9%
s (ours) -~
i) 10 20 30 a0 50

&0 70

Q2. Output1z} Output2 S0l it O|0|X| 7}
IR FHHIZEZ &2 O[O|X| Z227t27?

S KOREA ...\ Data Mining
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SR3+
== 2

Ground Truth SR3+ (Ours) Real-ESRGAN SR3 Input image

Denoising Diffusion Probabilistic Models for Robust Image
Super-Resolution in the Wild

Hshmat Sahak '? Daniel Watson' Chitwan Saharia' David Fleet!

o1 HiZ(CVPR, 2023)

* SR3E= 00D 22 (HE S0 LXK %2 degradationa 7HE! 0|0O|K]) & =H-soHK| &
* Robustet B2 12 2ol downsamplingAl SR3ELHH 2 &2 &
- SOTAEHA

ajo

KOREA Data Mining 16
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DDPM for Robust Image Super-Resolution in the Wild

Blind Super Resolution
Lt degradation 7I'ES=E $1&0l U= Bt LR O|0|KIS &S

IRD LR® IR®

Gaussian Blur Gaussian Blur Gaussian Noise
JPEG Compression
B KOREA Data Mining 17
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. 0000
DDPM for Robust Image Super-Resolution in the Wild

Blind Super Resolution
CIFSt degradation 7|HEZ S0 US st LR 0|0|X|E HH

Blind Super Resolution

2023, 09,01,
g
Data Miing and Quaity Anahtics

Blind Super Resolution

uzx: (I 294

. B9 2023 08 1Y

LR® LR® 3 2z 14~

Gaussian Blur Gaussian Bl O =221 H|C|2 A1H (YouTube)
JPEG Compre:

MHojLt HE 27| —

Data Mining
UKNCI?/IE{REQ o’o\ Quality Analytics 18




SR3+

0000
SR3+ : Degradation 2t

SR3

SR3+
Resi H»gh Resolution High Resolution
Degradation (Real-ESRGAN)
Concat ~ Diffusonmodel T e
LowR solution = ol S
= KOREA

Data Mining
) UNIVERSITY o®® Quality Analytics
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Real-ESRGAN

first order
Blur

* (Generalize)
Gaussian filter
- isotropic
- anisotropic

~* 2D sinc filter

second order

Resize

" (Downsampling)

* Resize
- bicubic
- bilinear
- area

Resize
(Downsampling)

Noise

* Gaussian noise
* Poisson noise

*» Color noise
* Gray noise

Noise

JPEG

_

| Compression |

| JPEG_ |

T |+ 2D sine filter

‘ m

e

i Il First degradation pass

KOREA

UNIVERSITY @

Second degradation pass

Noise-Conditioning Augmentation

1 Up-sample )—»{ Additive Noise

Data Mining
Quallity Analytics

apply_degradation(img, step):

radious = [3, 5, 7, 9, 11]
om. choice(radious)

img = blur(img, step=step, kernel_rad=kernel |

img = blur({img, step=step, kernel_rad=kernel |

step == 1:
scale_range$(8.15, 1.5)

scale_range$(8.3, 1.2)

resize scale factor = np.r

methods =
method = ra

Real-ESRGANS| degradationit S &
% £X|0f Xt0[7

S oML M =

step == 1:
img = jpeg_compression(img)

img = sinc_filter(img, kernel_rad)
img = jpeg_compression(img)
img = sinc_filter(img, kernel _rad)

img

ra

ra

d)

d)

andom.uniform(scale_range[@], scale range[1])
new_size = (int(img.width * resize scale_factor), int(img.height * resize scale factor))
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SR3+

SR 0|0 X| ‘S-S Z1}

Bicubic Real-ESRGAN

SR3+ (400M.61M) Ground Truth

SR3+ (40M) SR3+ (400M)

— — FID(10K) PSNR T SSIM 1
SR Model (Parameter Count, Dataset) =g rep =50 1SR | RealSR | DRealSR | RealSR | DRealSR
Real-ESRGAN 3421 | 3722 | 25.14 | 2585 | 0.7279 | 0.7808
SR3+ (40M, DF2K + OST) 3197 | 4026 | 2484 | 2518 | 0.6827 | 0.7201
SR3+ (400M. DF2K + OST) 2734 | 3628 | 2384 | 2436 | 0662 | 0719
SR3+ (400M. 61M Dataset) 2432 | 3237 | 2480 | 2574 | 06922 | 07547

& KOREA Data Mining
UNIVERSITY o':\ Quality Analytics 21



StableSR
== 2

MMLab Home Prafile Team Publications

Exploiting Diffusion Prior for Real-World Image

SUPER-RESOLUTION
. TOPICS
S up er- Res Olut ].On « Efficient Diffusion Model for Image Restoratian by Residual Shifting
s Low-Level Vision Z.Yue, J. Wang, C. C. Loy
« Editing and Generation Technical report, arXiv:2403.07319, 2024

[arXiv] [Project Page]
. . Upscale-A-Video: Temporal-Consistent Diffusion Model for Real-World Video Super-Resolution
3D Scene Understanding and Reconstruction

Jianyi Wang . Zongsheng Yue . Shangchen Zhou - Kelvin C.K. Chan - S. Zhou.P. Yang, J. Wang. Y. Luo, €. C. Loy

Deep Leaming in Proceedings of IEEE Conference on Computer Vision and Pattern Recognition, 2024 (CVPR,
Chen Change Loy Face Analysis Highlight)

Visual Surveillance [arxiv] [Project Page] [YouTube]

PGDIff: Guiding Diffusion Models for Versatile Face Restoration via Partial Guidance
P Yang, S. Zhou, Q. Tao, C. C. Loy

in Proceedings of Neural Information Processing Systems, 2023 (NeurlPS)

[PDF] [arXiv] [Project Page]

Image and Video Understanding

Media Forensics

SORTBY « Resshift: Efficient Diffusion Model for Image Superresolution by Residual Shifting
Z.Yue, J. Wang, C. C. Loy

® Years in Proceedings of Neural Information Processing Systems, 2023 (NeurlPS, Spotlight)
[PDF] [arXiv] [Project Page]

« Exploiting Diffusion Prior for Real-World Image Super-Resolution

MMLAB@NTU J. Wang, Z. Yue, S. Zhou, K. C. K. Chan, C. C. Loy
Technical report, arXiv:2305.07015, 2023

s Publication List [arXiv] [Project Page]

Learning Generative Structure Prior for Blind Text Image Super-resolution

X. Li, W. Zuo, C. C. Loy

in Proceedings of IEEE Conference on Computer Vision and Pattern Recognition, 2023 (CVPR)
[PDF] [arXiv] [Supplementary Material] [Project Page]

Reference-based Image and Video Super-Resolution via C*-Matching

q H -0
i HH% a rXIv 2 023 Y. Jiang, K. C. K. Chan, X. Wang, C. C. Loy, Z. Liu
[ & [ ] IEEE Transactions on Pattern Analysis and Machine Intelligence, 2023 (TPAMI)

[Do1] [arxiv] [Project Page]

ior knowledgeE 0|&%t M2 super resolution &2 &4
« Time-aware encodeit= fine-tunell & 7H2| featureE ZZE610{ SR task &3
- SOTAEHA

«  AMH eH&El text-to-image diffusion model®f] Z&El pr

KOREA ...\ Data Mining 29
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StableSR
HFeH
S =

t
Trainable
Encoder 1 )
v Time-aware Encoder

“-.‘
- F:H‘:“_“-a

| o _ T

' . Fyq Fm
= T Trainable
Zt — Z1 Denoising U-Net Z, Controllable
Denoising U-Net Feature Wrapping

K REA Data Mining
UI\RERSITY o':\ Quality Analytics 23




StableSR

Time aware encoder

Hef=a

1. ZiRES | Rinput2 Z2HOZ 2o A

2. Stable diffusion@| priorE EZ5t7]| 2lol | A%t

Feature Modulation

« SFT(Spatial Feature Transfor-
mation)2 £l feature map =
=~
=

« LR O[OIXIZEH F&3t 123 H

HE HelstAl ollE

1o
—
c
=
>
Q

Time-aware Guidance

* Time-embedding #I0|0{ EH£0|

LR feature2E8E Z=3t condi-

P NS X KESE A Ol
tiong & _JF_E%!'T%E

- O|0JX| EZ1t fidelity &0l =2

= M, SNRZ 87t

Color Correction

« Diffusion model2 £Z color

shift 28| 7} 24t

* Color normalizationZt Wavelet

ZollE Sdli ol 2

Data Mining
Quallity Analytics

=7 KOREA

UNIVERSITY @
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StableSR

Time aware encoder

Feature Modulation

\

t
Trainable
4  Encoder i )
LR ¥ Time-aware Encoder
% (T-1) IS
. | v
* EER H
Fqy Fm
. i Trainable
Z --firainable SFT layerf- - Z Denoising U-Net Z, Controllable
Denoising U-Net Feature Wrapping
&S KOREA Data Mining
UI\RERSITY o':\ Quality Analytics 25




StableSR

Time aware encoder

Feature Modulation

Wang, X. et al., (CVPR, 2018) Recovering realistic texture in image super-resolution by deep spatial feature transform

S « LR O|OJXIZ5E] multi scale feature&& =&
Time-aware Encoder - e Feature=2 SFT(Spatial Feature Transformation)=S Sdll stable
diffusion@l residual block feature map®& Z&st=0 &2

Fiiy = (1 +a™) O F;r + B% a", " = Mg(F"),

Encoder

«
LR

( = a,pB= affine Ol2t0O|E{0|12, My = Conv layer

Y

» Fii2 E6HM feature map &

Z,.1 * Feature map 40| O|F20{X|= SQ stable diffusion?| weighte= 113, 213
Denoising U-Net o SFT layert st&
 LRO|OIX|ZEE =5t 32X HEHE &I6H ol &

=0 KOREA Data Mining .

UNIVERSITY @® Quality Analytics




StableSR

Time aware encoder

Time-aware Guidance

Choi, J. et al., (CVPR, 2022) Perception prioritized training of diffusion models

- QOIFAGQ| embedding layer 2 £0l LR feature2EE| £&?% condition&

tim Content
3 Xx¥oi=4A 8 olojx] E& 2t fidelity &0l =& > SNRE HIt

&1
[re}
=]

v
=1
o
i

- - M2 (signal)el M&H 1t 0| = (noise) 2| T

=1
o
=1

« 7]& A0 L2t SNRO| 0.05¥ [, SR performanceZt &
- 0| ¥3617| 2ol stable diffusion®llAl SFT O|F9| featureéﬂf SFT 0|29]
featureE Zt2| condition strengthE £3st0| [AIQ QALE A4t

= A QANEIL SHE4E QIACMAM H3dol= §Y0| diffusion model?l &l
g EA3lCIECH= A2 9|0| 0.55
= OITLC EH0| B0 Z=2{ol HES = |

1

Cosine similarity

0.60 g — Encoder w1
= Encoder wiol

10~ ot 1o 1ot 10 10?

SNR

Y
k-]

Ok

=0 KOREA Data Mining .
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StableSR

Time aware encoder

Color Correction

Choi, J. et al., (CVPR, 2022) Perception prioritized training of diffusion models

< Color shift 2X)| 4> FEHO 2M FFHQ4M MetFaces 1.6M

Baseline

Ours

Color normalization Wavelet-based color correction
* LROIA =&t BHE N TETALE 0|26 A=l HRZHC| M « Wavelet 2ollE Solf T =0t &£ (H)2t X3t

e ﬂsre S HE()S M2 25010] MY 2 4,‘# “Y‘ A

Daubechles Coiflets

L C l (L ) ‘C) ) 1 i L L Biorthogonal Mexican Hat Symlets
c — : o C + Cc P I — — | ‘ —~
G/\

https://tech.onepredict.ai/94d98ece-06be-4215-b5ef-87a58ab8d2e3

KOREA Data Mining :
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StableSR

Time aware encoder

Color Correction

Choi, J. et al., (CVPR, 2022) Perception prioritized training of diffusion models

FFHQ 2M FFHQ 4M MetFaces 1.6M

< Color shift 2A| 244>

Baseline

Ours

Color normalization Wavelet-based color correction
. LROIA 253t T30} EETAIE 0|2610] 44 HRZtO| A = (LY k), H =1t = I Lowfraauency , Hishfraauency
AFS HXGH= XFO] i |
S& BEgot= 5% 1/16 1/8 1/16 — ||\ f— %N%
* xE LRO|input0|T 2 ¥8E HR 0/0IX|, c= RGBA'E k=1, 1, 1 I
oy =78 /1 /s Il |
— My 1 1 1
o= T of + g /16 18 /16
y

https://tech.onepredict.ai/94d98ece-06be-4215-b5ef-87a58ab8d2e3

KOREA Data Mining .

UNIVERSITY e®® Quality Analytics




StableSR

Controllable Feature Wrapping(CFW)

Zhou, S. et al., (NeurIPS, 2022) Towards robust blind face restoration with codebook lookup transformer

* Fidelity2t Realism AtO| &S ¢loll CFW 2= =8
= Fidelity : I20|L} &K CH&S L0t E2H6HAl RiBi6t=7t & ground truthet SOt X|5H=7t
* Realism: $A&ZHS L0} BIFSED A=t

+ Stable diffusion0| latent space0lAl S |B 2, QI featureE Edll CIZH featureE =&
E,=F;+C(E,Fy; 0) xw

Fq Fm
Trainable
Controllable
Feature Wrapping

Real Input Continuous Output Continuous Output Continuous Output

KOREA Data Mining )

UNIVERSITY e®® Quality Analytics




StableSR

SR OI0IX| 444 i - Fwy|

FeMaSR _\".'T'"_\ : StableSR '

MLV EA NG R o

&artner’

BSRGAN StableSR
-~ -

(a) Zoomed LR (b) RealSR (c) BSRGAN (d) Real-ESRGAN (¢) DASR () FeMaSR (g) LDM (h) Ours

 KOREA Data Mining )
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StableSR
SR OI0IX] 44 Zat - Haws|

Red : Best performance, Blue : Second best performance

Datasets Metrics RealsR BSRGAN DASRE Real-ESRGAN4  FeMaSR LDM SwinlR-GAN  IF_III StableSR
PSNR T 24.62 24.58 24.47 24.29 23.06 23.32 23.93 23.36 23.26
SSIM T 0.5970 0.6269 0.6304 0.6372 (0.5887 0.5762 (.6285 (.5636 0.5726
DIVOK Valid | =LEIRS A _| 05276 0.3351  0.3543 0.3112 03126 0.3199 0.3160 0.4641 03114
¢ : FID | 1| 49.49 44.22 49.16 37.64 35.87 26.47 36.34 37.54 | 24.44 1
jCLIP-IQA T: (0.3534 0.5246 (.5036 (1.5276 (0.5998 0.6245 (1.5338 0.3980 1 0.6771 !
I MUSIO T 1| 28.57 61.19 55.19 61.05 60.83 62.27 60,22 43.71 L_ﬁﬂ;ﬁg_l
PSNR T 27.30 26.38 27.02 25.69 25.06 25.46 26.31 25.47 24.65
SSIM T 0.7579 0.7651 0.7707 0.7614 (.7356 0.7145 0.7729 0.7067 0.7080
RealSR JLPIPS L | 0.3570 0.2656 0.3134 0.2709 0.2937 0.3159 0.2539 0.3462 0.3002
ICLIP-IQA T: 0.3687 0.5114 (0.3198 (0.4495 0.5406 0.5688 (0.4360 (0.3482 rﬂ.6234 :
| MUSIQ T 1| 38.26 63.28 11.21 60.36 59.06  58.90 58.70 4171 | 65.88 |
PSNR T 30.19 28.70 20.75 28.62 26.87 27.88 28.50 28.66 28.03
SSIM T 0.58148 0.8028 0.8262 0.8052 (.7569 0.7448 (0.2043 0.7860 (1.7536
DRealSR e IES L | 0.3938 0.2858 0.3099 0.2818 0.3157 0.3379 0.2743 0.3853 _ 03284
ICLIP-IQA T: 0.3744 0.5091 (0.35813 (0.4515 (0.5634 0.5756 (0.4447 0.2925 : 0.6357 1
: MUSICQ T 1 26.03 57.16 42,41 54.26 53.71 53.72 52,74 30.71 I 58.51 )
DPED-iphone 1CLIP-IQA T: 0.4496 0.4021 0.2826 0.3389 0.5306  0.4482 0.3373 0.2962 : 0.4799 :
I MUSIQ 1 1| 45.60 45.89 32.68 42.42 1995  44.23 43.30 37.49 | 50.48
Data Minin
UKNCI?/IE{REﬁ o'o\ Quc:lity/\noglytics 32




StableSR

SR 0|OJX| ‘88 22t - User study

(c) BSRGAN p— (d) Real-ESRGAN LN P e hurs
=
StableSR iStableSR iStableSR
B .
i i P
BSRGAN iREﬂl—ESRﬁAT‘ﬂ ' ELDH

500 100 150 200 250 3000 350000 50 100 1500 200 250 300 35000 500 100 150 200 250 3000 350

5 KOREA Data Mining
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I Summary

« SR3& Diffusion model= ol SR ZXIE oli 2%t £ X8| A+

+  SR3+£=Blind SRE ® &5t SR3EL} robust?t RES 1=

« SR32 SR3+= AlZAEHC 2= 5ol HO|Lt, WS QI SR 7t X|E2! PSNRI SSIMOIA = Ot 2 Z2aHE HY
* StableSR2 At sH&El stable diffusion DS AF2SH0 |11 452 2d

» Diffusion modelQ| 7| HEH2! DDPMO| A S10iL} stable diffusion 7[8t 20| H-EE[ACH, Bt 2F0 M= o]

=
S8 B/EEX

=8 KOREA ...\ Data Mining
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