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Introduction



Problemobjective

Recover the latenbigh-quality (HQ)faceso from its degradedow-quality (LQ)faceso

~d

o €0
whereH is a degradation matrix; is additive noise

1
X = arg min §||y — Hx||* + A\®(x)

fidelity term regularization
term




Problemobjective

Recover the latenbigh-quality (HQ)faceso from its degradedow-quality (LQ)faceso
o €0
whereH is a degradation matrix; is additive noise

1
X = arg min §||y — Hx||? + A0 (x)

If we know theH andyv, then is anon-blind supefresolution Otherwise it is @lind superresolution
(how to deal with this problem?).



Challenges

Realworld degradations usually come from complicate processash asmaging system of
camerasimage editing andInternet transmission

@)




Challenges

A Learningbased methods will suffer severe
performance drop when there-defined
degradation is different from the real one

A This phenomenon dfernel mismatctwill
Introduce undesired artifacts to output
Images

SR sensitivity to the kernel mismatch.
, denotes the kernel used fatownsamplingand,  denotes the
kernel used for SR.

Figure credlt J. Gu et al., Blind Sumsolutlon With Iterative Kernel Correction, CVPR :



Challenges

A Highlyill-posedproblem- one LQimage corresponds tanfinite number ofHQimages




Challenges

A Viceversa- one HQimage corresponds tofinite number ofLQimages




Architectures; some examples

A Convolutional neural networks
A SRCNN
A FSRCNN
A VDSR

A Generative adversarial network
A SRGAN
A ESRGAN

A Transformers
A SwinIR
A Uformer
A Restormer

A Diffusion models
A StableSR
A DIiffBIR
A ResShift
A SeeSR
A CoSeR
A SUPIR



L osses

Mean squared error

A Minimizing the loss between the reconstructed imag@s)Ng and the corresponding ground truth
high-resolution image$

1 mn
L(©) =~ Y [IF(Y::0) - X
1=1

A The loss is minimized using stochastic gradient descent with the standard backpropagation



L osses

Perceptual loss

Encourages the output image to | fw R o e o e e o e v e b
be perceptually similato the r L ' ‘ 7 1
target image, but does not force — | ; |
npu ' Image Transform Net ! Loss N K (V 1 !
them to match exactly L Yo [ iLoss Network (vGG18) | | &,
£¢ I‘!llls 3
Content Target feat

The feature reconstruction loss is the (squared,
normalized) Euclidean distance between feature

representations !
052 (G,y) = CLH,W, 165 (9) — &5 (W)l

activations of thg-th layer of target image

feature map of shapé 0 activations of thg-th layer of output image

Justin Johnson et aPerceptual Losses for Réame Style Transfer and Sugeesolution ECCV 2016



https://cs.stanford.edu/people/jcjohns/papers/eccv16/JohnsonECCV16.pdf

L osses

_ Adversarial loss
A Natural Image Manifold

MSE-based Solution

IS ——— The MSBhased solution appearsverly
i ' smoothdue to the pixelwise average of
possible solutions in the pixel space

Generative Adversarial Network (GAN)
Fgbd | = drives the reconstruction towards the
B o L natural image manifolgroducing

=T [ o perceptually more convincing solutions

C.Lediget al.,Photo-Realistic Single Image Suggsolution Using a Generative Adversarial NetwGNPR 2017



https://openaccess.thecvf.com/content_cvpr_2017/papers/Ledig_Photo-Realistic_Single_Image_CVPR_2017_paper.pdf
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Input MSE Loss Perceptual Loss Adversarial Loss Ground Truth



Handling complex degradation

Degradation model

I ={|(Ip® kg)J,r + n5]JPEGq }Tr

Upsample




Handling complex degradation

Degradation model

}Ersr order _
Resize : JPEG
Blur (Downsampling) Noise Compression
* (Generalize) : * Gaussian noise o
Gaussian filter ’ Rbﬁ_’SIZS_ * Poisson noise VB
- 1sotropic = Ll
- anisotll:opic 7 bilinear * Color noise
* 2D sinc filter - area  Gray noise
second order
Resize : JPEG W Bosd
Blur (Downsampling) ek {Jr 2D sinc ﬁlter} J b

Not a silver bullet- merely extends the solvable degradation boundary of previous blind SR
methods through modifying the data synthesis process

X. Wang et aRealESRGAN: Training Ré&brid Blind SupeResolution with Pure Synthetic Dai&lM 2021



https://openaccess.thecvf.com/content/ICCV2021W/AIM/papers/Wang_Real-ESRGAN_Training_Real-World_Blind_Super-Resolution_With_Pure_Synthetic_Data_ICCVW_2021_paper.pdf

Metrics

Peak signal-to-noise ratio (PSNR) is an expression for the ratio between the maximum possible value
(power) of a sighal and the power of distorting noise that affects the quality of its representation

MAX? 0 6 &= Maximum possible pixel value of the image. For 8
PSNR =10 -logq, bits image, this is 255
MSE
201 (MAX,)
o * 10
810 VISE

cl 1 ©@Wo® pmwi ¢ YD

@p))
O
@p))

| 2yaY 52Say Qi NBFESOU KdzYly LISN LIGA 2Y



Metrics

APerceptual metric
AFID Heuselet al., 2017)

ALPIPS (Zhang et al., 2018a)

AMUSIQ (Ke et al., 2021)

ACLIRQA (Wang et al., 2023)

Example:
Datasets Metrics RealSR BSRGAN DASR Real-ESRGAN+ FeMaSR LDM  SwinlR-GAN IF.III StableSR
PSNR 1 24.62 24.58 24.47 24.29 23.06 23.32 23.93 23.36 23.26
SSIM 0.5970 0.6269 0.6304 0.6372 0.5887 0.5762 0.6285 0.5636 0.5726
DIV2K Valid LPIPS | 0.5276 0.3351 0.3543 0.3112 0.3126 0.3199 0.3160 0.4641 0.3114
FID | 49.49 44,22 49.16 37.64 35.87 26.47 36.34 37.54 24.44
CLIP-IQA 1T | 0.3534 0.5246 0.5036 0.5276 0.5998 0.6245 0.5338 0.3980 0.6771
MUSIQ ¢t 28.57 61.19 55.19 61.05 60.83 62.27 60.22 43.71 65.92
PSNR ¢ 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 0.7356 0.7145 0.7729 0.7067 0.7080
RealSR LPIPS | 0.3570 0.2656 0.3134 0.2709 0.2937 0.3159 0.2539 0.3462 0.3002
CLIP-IQA 1 | 0.3687 0.5114 0.3198 0.4495 0.5406 0.5688 0.4360 0.3482 0.6234
MUSIQ ¢t 38.26 63.28 41.21 60.36 59.06 58.90 58.70 41.71 65.88
PSNR ¢ 30.19 28.70 29.75 28.62 26.87 27.88 28.50 28.66 28.03
SSIM 0.8148 0.8028 0.8262 0.8052 0.7569 0.7448 0.8043 0.7860 0.7536
DRealSR LPIPS | 0.3938 0.2858 0.3099 0.2818 0.3157 0.3379 0.2743 0.3853 0.3284
CLIP-IQA 1 | 0.3744 0.5091 0.3813 0.4515 0.5634 0.5756 0.4447 0.2925 0.6357
MUSIQ 1 26.93 57.16 42.41 54.26 53.71 53.72 52.74 30.71 58.51
DPED-iphone CLIP-IQA 1 0.4496 0.4021 0.2826 0.3389 0.5306 0.4482 0.3373 0.2962 0.4799
MUSIQ 1 45.60 45.89 32.68 42.42 49.95 44.23 43.30 37.49 50.48




Types of Prior for Restoration



building x4

XintaoWang et al. Recovering Realistic Texture in Image Sepelution by DeefspatialFeatureTransform, CVPR 2018



Existingoriors (using faceestoration as example)

AGeometric priors
A Facial semantic map
A Facial component heatmap
A Facial 3D shape
A X

AReference priors
A Similarfaces
A Facial componerdictionaries

A X

AGenerative priors

A Pretrainedfacegenerator,e.g.,StyleGAN2
AX



Geometric prior

Common Branch

ﬁp

Highfrequency prior indicates
the location with high
frequency details

S. Zhu, S. Liu, C. C. Loy, X. Tang, Deep Caschiddaddk for Face Hallucination, ECCV 2016



Reference prior

Adaptive Spatial Feature Fusion (ASFF) Block
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Generative prior from GAN

z ~ N(0,I)

Latent space Generator

Can we leverage a GAN trained on lasgale natural images for richer priors?

GAN is a good approximator for natural image manifold.



Generative prior from GAN

z ~ N (0, 1)

Latent space Generator

gray hole low resolution

degraded images Generator

Xingang Pan et al., Exploiting Deep Generative Prior for Versatile Image Restoration and Manip@ainov2020 (Oral)



Generative prior from GAN

l

? degradation ¢
>
8
Optimize X
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'z ~ N(0,1) GAN generator| | degradation ¢
: param: 6 :
i ,'
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¢(G(z;0))

Need to solve an
expensive optimization
problem

0*,z* = argming, L(X,p(G(2z;0))) (Relaxed GAN-inversion)

Xingang Pan et al., Exploiting Deep Generative Prior for Versatile Image Restoration and Manip@ainov2020 (Oral)



Generative prior from GAN
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Condition the bank by passing both the latent vectors andti-resolution convolutional featureBom the encoder to achieve
high-fidelity results. Symmetricallynulti-resolution cuesieed to be passed from the bank to the decoder.

K. C. K. Chan, X. Wang, X. Xu, J. Gu, C, GLESW\: Generative Latent Bank for Image SRpsolution and BeyondPAMI 2022



Generative prior from GAN

GLEAN (ours)




Generative prior from GAN

484x484

242x242

121x121 60x60




Generative prior from GAN




Discrete codebook prior

VQVAE is a type of variational autoencoder that uses to obtain a representation. It differs
from VAEs in two key ways: the encoder network outputs discrete, rather than continuous, codes; and the prior is learn
rather than staticthe posteriors and priors in VAEs are assumed normally distributed with diagonal covariance

e
L i
2 :
HQ i HQ
Ey|— — —~
Encoder —H N | Dy pecoder
Codebook C
Z h l ------- ¢ Z C

20— argmin |78 — e > 2

: ckeC N L

Nearest-Neighbor Matching =~ S ------

[VQGAN] Esser et al., Taming Transformers for High-Resolution Image Synthesis, CVPR 2021
[VQVAE] Oord et al., Neural Discrete Representation Learning, NeurlPS 2017



Discrete codebook prierCodeFormer

Learn
to reduce the uncertainty and ambiguity

of restoration mapping by, while providing rich
visual atoms for generating higiuality faces.

5| | T |
AR i
CIRENT —> — Cast blind face restoration asca
L€
HQ

LQ Discrete prior
(finite space)

I
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A Transformeibased prediction network to

model the of
the low-quality faces for code prediction

Enable the discovery of natural faces that

closely approximate the target faces even wher
the inputs are

Shangchen Zhou et al., Towards Robust Blind Face Restoration with Codebook Lookup Transformer, NeurlPS 2022



Discrete codebook prierCodeFormer

higher fidelity

higher quality

Real Input w =O

____________________

[l [o]~]=]
o

v
JIOJRIOUAN) |4 -

I9podug
JOULIOJSURI],

LQ Discrete prior HQ
(finite space)

Shangchen Zhou et al., Towards Robust Blind Face Restoration with Codebook Lookup Transformer, NeurlPS 2022



Stable Diffusion 2.1 Output Enhanced by CodeFormer
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Stable Diffusion 2.1 Output Enhanced by CodeFormer
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Stable Diffusion 2.1 Output Enhanced by CodeFormer
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Midjourney Output 7 Enhanced by CodeFormer




Enhanced by CodeFormer

Midjourney Output




Enhanced by CodeFormer
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Midjourney Output




Midjourney Output

Enhanced by CodeFormer




