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Introduction



Problemobjective

Recover the latent high-quality (HQ)faces ὀ from its degraded low-quality (LQ)faces ὁ

 where H is a degradation matrix, v is additive noise 

regularization 
term

fidelity term

LQ HQ
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Problemobjective

Recover the latent high-quality (HQ)faces ὀ from its degraded low-quality (LQ)faces ὁ

 where H is a degradation matrix, v is additive noise 

regularization 
term

fidelity term

If we know the H and v, then is a non-blind super-resolution. Otherwise it is a blind super-resolution 
(how to deal with this problem?). 

ὁ ἒὀ Ἶ



Challenges

Real-world degradations usually come from complicate processes,such as imaging system of 
cameras, image editing, and Internet transmission. 

Camera Blur
(motionanddefocus)

Sensor Noise JPEG compression

Take Photo

Editing Social MediaSharing

Compression,
Downsampling, Noises

Downsampling,
Artifacts

Χ



Challenges

ÅLearning-based methods will suffer severe 
performance drop when the pre-defined 
degradation is different from the real one 

ÅThis phenomenon of kernel mismatch will 
introduce undesired artifacts to output 
images

SR sensitivity to the kernel mismatch. 
„  denotes the kernel used for downsampling and „  denotes the 
kernel used for SR.

Figure credit: J. Gu et al., Blind Super-Resolution With Iterative Kernel Correction, CVPR 2019



Challenges

ÅHighly ill-posed problem - one LQ image corresponds to infinite number of HQ images

Χ

LQ

HQ



Challenges

ÅViceversa - one HQ image corresponds to infinite number of LQ images

ΧLQ

HQ



Architectures ς some examples

ÅConvolutional neural networks
ÅSRCNN
ÅFSRCNN
ÅVDSR

ÅGenerative adversarial network
ÅSRGAN
ÅESRGAN

ÅTransformers
ÅSwinIR
ÅUformer
ÅRestormer

ÅDiffusion models
ÅStableSR
ÅDiffBIR
ÅResShift
ÅSeeSR
ÅCoSeR
ÅSUPIR



Losses

Mean squared error

ÅMinimizing the loss between the reconstructed images Ὂ ἧȠ ɡ and the corresponding ground truth 
high-resolution images 8

ÅThe loss is minimized using stochastic gradient descent with the standard backpropagation 



Losses

Justin Johnson et al., Perceptual Losses for Real-Time Style Transfer and Super-Resolution, ECCV 2016

Perceptual loss

Encourages the output image to 
be perceptually similar to the 
target image, but does not force 
them to match exactly

activations of the j-th layer of target image

activations of the j-th layer of output image

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

feature map of shape ὅ  Ὄ  ὡ

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


Losses

The MSE-based solution appears overly 
smooth due to the pixel-wise average of 
possible solutions in the pixel space

Generative Adversarial Network (GAN) 
drives the reconstruction towards the 
natural image manifold producing 
perceptually more convincing solutions

C. Ledig et al., Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network, CVPR 2017

Adversarial loss

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


Losses



Losses

Input Perceptual LossMSE Loss Ground TruthAdversarial Loss



Handling complex degradation

Ą Ą

Blur Downsample JPEGNoise

Ą

Upsample

Degradation model



Handling complex degradation

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

X. Wang et al. Real-ESRGAN: Training Real-World Blind Super-Resolution with Pure Synthetic Data, AIM 2021

Degradation model

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 signal and the power of distorting noise that affects the quality of its representation
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ὓὃὢ = Maximum possible pixel value of the image. For 8 
bits image, this is 255
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Metrics

ÅPerceptual metric
ÅFID (Heusel et al., 2017)

ÅLPIPS (Zhang et al., 2018a) 

ÅMUSIQ (Ke et al., 2021)

ÅCLIP-IQA (Wang et al., 2023)

Example:



Types of Prior for Restoration



The importance of prior

building x4

plant x4
swap priors

plant prior

building prior

Xintao Wang et al. Recovering Realistic Texture in Image Super-resolution by DeepSpatialFeatureTransform, CVPR 2018



Existingpriors(using facerestoration as example)

ÅGeometric priors 
ÅFacial semantic map
ÅFacial component heatmap
ÅFacial 3D shape
ÅΧ

ÅReference priors 
ÅSimilarfaces
ÅFacial componentdictionaries
ÅΧ

ÅGenerative priors 
ÅPre-trained facegenerator,e.g.,StyleGAN2
ÅΧ



Geometric prior

High-frequency prior indicates 
the location with high-
frequency details

S. Zhu, S. Liu, C. C. Loy, X. Tang, Deep Cascaded Bi-Network for Face Hallucination, ECCV 2016



Reference prior

X. Li et al., Enhanced Blind Face Restoration with Multi-Exemplar Images and Adaptive Spatial Feature Fusion, CVPR 2020



Generative prior from GAN

Latent space Generator

Can we leverage a GAN trained on large-scale natural images for richer priors? 

GAN is a good approximator for natural image manifold.



Generative prior from GAN

degraded images restored images

gray hole low resolution

Generator

Latent space Generator

Xingang Pan et al., Exploiting Deep Generative Prior for Versatile Image Restoration and Manipulation, ECCV 2020 (Oral)



Generative prior from GAN

Xingang Pan et al., Exploiting Deep Generative Prior for Versatile Image Restoration and Manipulation, ECCV 2020 (Oral)

Need to solve an 
expensive optimization 
problem



Generative prior from GAN

Condition the bank by passing both the latent vectors and multi-resolution convolutional features from the encoder to achieve 
high-fidelity results. Symmetrically, multi-resolution cues need to be passed from the bank to the decoder.

K. C. K. Chan, X. Wang, X. Xu, J. Gu, C. C. Loy, GLEAN: Generative Latent Bank for Image Super-Resolution and Beyond, TPAMI 2022



Generative prior from GAN



Generative prior from GAN
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Generative prior from GAN



Discrete codebook prior

[VQGAN] Esser et al., Taming Transformers for High-Resolution Image Synthesis, CVPR 2021

[VQVAE] Oord et al., Neural Discrete Representation Learning, NeurIPS 2017

VQ-VAE is a type of variational autoencoder that uses vector quantisation to obtain a discrete latent representation. It differs 
from VAEs in two key ways: the encoder network outputs discrete, rather than continuous, codes; and the prior is learnt 
rather than static (the posteriors and priors in VAEs are assumed normally distributed with diagonal covariance).



Discrete codebook prior - CodeFormer

Learn discrete codebook prior in a small proxy 
space to reduce the uncertainty and ambiguity 
of restoration mapping by, while providing rich 
visual atoms for generating high-quality faces.
 
Cast blind face restoration as a code prediction 
task

A Transformer-based prediction network to 
model the global composition and context of 
the low-quality faces for code prediction

Enable the discovery of natural faces that 
closely approximate the target faces even when 
the inputs are severely degraded 

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



Discrete codebook prior - CodeFormer

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



Stable Diffusion 2.1 Output Enhanced by CodeFormer



Stable Diffusion 2.1 Output Enhanced by CodeFormer



Stable Diffusion 2.1 Output Enhanced by CodeFormer



Stable Diffusion 2.1 Output Enhanced by CodeFormer



Midjourney Output Enhanced by CodeFormer



Midjourney Output Enhanced by CodeFormer



Midjourney Output Enhanced by CodeFormer



Midjourney Output Enhanced by CodeFormer


