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Figure 1. We present UGPNet, a universal image restoration framework that combines the benefits of an existing regression-based restora-
tion network and a generative prior-based network. (a) Given degraded images, e.g. a blurry one, (b) a regression network [5] fails to
recover perceptually-realistic details while it recovers the coarse structure of the original image. (c) In contrast, a generative network [51]
synthesizes perceptually-realistic high-frequency details while sacrificing structural consistency with the input image. (d) UGPNet allows
us to maintain the original structure of the input image and synthesize perceptually-realistic high-frequency details. As a universal frame-
work, (f) UGPNet is applicable to natural images [63]. In addition, (g) it is robust against catastrophic failures that generative prior-based
methods encounter when restoring images outside the training distributions.

Abstract
Recent image restoration methods can be broadly cat-

egorized into two classes: (1) regression methods that re-
cover the rough structure of the original image without syn-
thesizing high-frequency details and (2) generative methods
that synthesize perceptually-realistic high-frequency details
even though the resulting image deviates from the original
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structure of the input. While both directions have been ex-
tensively studied in isolation, merging their benefits with
a single framework has been rarely studied. In this paper,
we propose UGPNet, a universal image restoration frame-
work that can effectively achieve the benefits of both ap-
proaches by simply adopting a pair of an existing regres-
sion model and a generative model. UGPNet first restores
the image structure of a degraded input using a regression
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model and synthesizes a perceptually-realistic image with
a generative model on top of the regressed output. UG-
PNet then combines the regressed output and the synthe-
sized output, resulting in a final result that faithfully re-
constructs the structure of the original image in addition
to perceptually-realistic textures. Our extensive experiments
on deblurring, denoising, and super-resolution demonstrate
that UGPNet can successfully exploit both regression and
generative methods for high-fidelity image restoration.

1. Introduction
Image restoration [3, 9, 11, 15] has been studied for

decades in computer vision and graphics. To recover nat-
ural structure from unwanted image degradation such as
blur, noise, and low resolution, various non-learning and
learning-based approaches have been proposed.

Since the advent of deep neural networks, regression
methods [5,6,10,50,57,65,67] have emerged as an effective
approach for image restoration. Regression methods com-
monly use convolution neural networks and directly map an
input degraded image to a clean image via regression losses
such as mean-squared error (MSE). While faithful recon-
struction of the original image structure can be achieved,
regression methods tend to enforce the resulting image to
follow the average image of all potential natural images
corresponding to the input. This results in a blurry image
without high-frequency details, which harms the perceptual
realism of restored images. See Fig. 1 (b) and (f).

Generative approach is another major principle for
image restoration that tackles the high-frequency detail
problem. Learning natural image statistics using genera-
tive models [14, 24, 25] allows synthesizing perceptually-
realistic high-frequency image details from degraded input
images [4,17,18,51,62]. Exploiting the latent space of gen-
erative models via inversion [1, 43, 49] further improves
the naturalness of synthesized details. Generative methods,
however, heavily depend on the synthesis ability of their
generators, which is often limited in recovering the exact
structure of the input images. As a result, they suffer from
the deviation of synthesized image structures from the orig-
inal image, resulting in the loss of the identity of the portrait
image (Fig. 1 (c)) or severe artifacts (Fig. 1 (g)).

Another important limitation of the existing generative
approaches is their limited extendability, which prevents
them from enjoying the rapid advance of regression-based
methods. The existing generative approaches rely on their
own fixed network architectures tightly coupled with gener-
ative priors. Thus, it is hard to extend them for other restora-
tion tasks such as deblurring as will be shown in Sec. 4 or
to combine with other restoration networks.

In this paper, we present UGPNet, a universal genera-
tive prior framework for image restoration that can enjoy the
restoration power of state-of-the-art regression-based meth-

ods and perceptually-realistic high-frequency details from
generative priors. UGPNet is designed as a flexible frame-
work that can plug-and-play an arbitrary regression-based
image restoration module. Thanks to its flexibility, we can
replace the restoration module with a more suitable one for
different tasks or a more effective architecture in the future.

UGPNet is designed with simplicity and effectiveness in
mind to make the framework easily adaptable to various
restoration tasks and produce high-quality results. Specif-
ically, UGPNet consists of three modules: restoration, syn-
thesis, and fusion. The restoration module is a neural net-
work for regression-based image restoration, whose archi-
tecture can be flexibly chosen by users. The synthesis mod-
ule plays the role of a generative prior and synthesizes high-
frequency details suitable for the output of the restoration
module. Finally, the fusion module takes the outputs of both
restoration and synthesis modules and produces a final re-
sult of high fidelity and high perceptual quality (Fig. 1(d)).

We evaluate the effectiveness of UGPNet on multi-
ple restoration tasks, including deblurring, super-resolution,
and denoising. We demonstrate that UGPNet successfully
brings the generative power of a generative prior to state-
of-the-art regression approaches, enabling faithful restora-
tion of image structures as well as the synthesis of high-
frequency details of high perceptual quality.

2. Related Work
Regression-based Restoration Networks Deep neural
networks have found their applications in image restora-
tion. Various network architectures have been proposed
for each task, such as denoising [8, 30, 34, 35, 54, 64, 68,
69], deblurring [10, 21, 29, 37, 41, 47, 48, 61], and super-
resolution [7, 13, 36, 39, 42, 71, 72], and also for multiple
tasks [5, 6, 50, 57, 65–67]. This flood of research is still on-
going, rapidly breaking performance records every year. On
the other hand, regression-based methods commonly suffer
from blurry textures. Their regression losses that minimize
the distortion between the restored and ground-truth images
via a distance metric such as mean-absolute error (MAE)
and mean-squared error (MSE) lead to restored results close
to an average of all possible realistic images. Unfortunately,
such an average image inherently has blurry textures [33].

Our proposed framework, UGPNet, is particularly de-
signed to resolve the blurry texture problem of the
regression-based methods by synthesizing realistic textures
on top of their results using a generative prior. At the same
time, UGPNet is designed to be flexible to allow the plug-
and-play of regression-based methods of different tasks.
Thanks to the flexibility of UGPNet, we can enjoy the
state-of-the-art restoration quality of recent and even future
regression-based methods and realistic textures.

Regression Networks with Adversarial Losses To
achieve perceptually pleasing restoration results with realis-
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tic high-frequency textures, recent methods [12, 31–33, 52,
53, 60] adopt adversarial losses with discriminators. How-
ever, adopting only an adversarial loss without exploiting
pretrained generator networks of GANs tends to produce
unrealistic textures that do not fit the context compared to
the synthesis approaches that leverage the network architec-
tures and pretrained prior knowledge of existing generative
models, which will be discussed in the following.

Synthesis Networks with Generative Prior To benefit
from the remarkable synthesis capability of existing gen-
erative models [2, 14, 24, 25], the generative priors learned
in generative models have recently been exploited, and en-
abled high-quality image restoration including blind face
restoration [17,51,62,73], super-resolution [4,18], and col-
orization [27, 59]. To exploit the generative prior learned in
a pretrained GAN model, early works adopt a GAN inver-
sion approach that optimizes the latent code by iteratively
minimizing the discrepancy between the input and gener-
ated images in consideration of image degradation [16, 40].
Instead of directly optimizing the latent code, recent works
utilize encoder networks that estimate the latent code, which
is subsequently fed to a GAN generator for synthesizing a
clean image [4,17,18,51,62]. These methods embed a gen-
erator into their networks and inherit their ability to synthe-
size realistic details.

Although these generative-prior-based methods have
shown to be able to produce perceptually-realistic textures
for image restoration, they suffer from limited representa-
tion power. We propose an effective solution that introduces
a generative prior on top of high-fidelity regression methods
for faithful restoration.

More recently, a few works have explored the use
of diffusion models [20] for image restoration. However,
these models cannot benefit from regression-based methods
like other generative-prior-based methods. Furthermore, the
slow inference speed [26, 46, 55, 58] and the strict assump-
tion on the degradation model [26,55] pose significant chal-
lenges to their practical use.

3. UGPNet
Fig. 2 illustrates an overview of UGPNet, which consists

of restoration, synthesis, and fusion modules. UGPNet takes
a degraded image x as input, and feeds it to the restora-
tion module. The restoration module first recovers the orig-
inal image structure exploiting an existing regression-based
restoration network. The synthesis module then synthesizes
high-frequency details by inverting and regenerating the
restored image through a generative network. The fusion
module combines the latent features from the restoration
and synthesis modules to generate a final restored image
x̂ that maintains both high-frequency details as well as the
structure of the original input. In the following, we describe
each module in detail.

3.1. Restoration Module
Given a degraded input image x, the restoration mod-

ule aims to recover authentic image structures via an off-
the-shelf pretrained regression-based restoration network.
In order to enable flexible selection among diverse regres-
sion networks, we propose simple strategies for handling
two types of CNN-based regression approaches: direct and
residual approaches. Direct approaches such as RRDB-
Net [53] directly regress the pixel values of a clean im-
age from an input degraded image. In contrast, residual
approaches [5, 6, 28], which are gaining popularity thanks
to their effectiveness in handling various restoration tasks,
learn to predict a residual image that is later added to the
input image to restore a clean image.

In the case of direct approaches, we adopt a direct regres-
sion network into our restoration module without any mod-
ification, and connect its output xreg to the synthesis mod-
ule, and its last-layer feature map freg to the fusion module
(Fig. 2).

In the case of residual approaches, we introduce a slight
modification for additional quality improvement and for
the connection with the fusion module that takes features.
Specifically, a residual regression network predicts residual
information and adds them to the input image in the im-
age domain at its last stage, i.e., xreg = R(x) + x where
R(x) is a residual image predicted by the regression net-
work R. Instead, we modify this stage to perform in the
feature domain to extract a feature map on the final out-
put that will be fed to the fusion module. Specifically,
our restoration module obtains a restored output xreg as
xreg = Rmg(R

′(x) + Rse(x)) where Rmg is a merging
network, and Rse is a structure encoder network that em-
beds an input image x into the feature domain. R′(x) is the
last-layer feature map of x estimated by R.

This modification enables us to use the last-layer feature
map of Rmg as the feature map freg for the fusion mod-
ule. Moreover, the residual information is estimated and
added back to the input image in a higher-dimensional fea-
ture space where different image characteristics can be bet-
ter represented. As a result, the restoration quality can be
further improved, as will be demonstrated in Sec. 4.

3.2. Synthesis Module
The synthesis module takes the regression result xreg

from the restoration module and synthesizes a clean image
that has similar image structures to xreg and realistic tex-
tures. To this end, our synthesis module adopts the GAN in-
version approach that embeds an image into the latent space
of a pretrained GAN model. Specifically, the synthesis mod-
ule is composed of an encoder E and a generator G. The
encoder estimates the latent code of xreg in the GAN la-
tent space. Then, the generator synthesizes an image with
realistic textures from the latent code. Finally, the last-layer
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Figure 2. UGPNet consists of three sub-modules: restoration, synthesis, and fusion modules. Given a degraded input image x, the restoration
module first recovers the original image structure exploiting a regression network. On top of the regressed output, the synthesis module
synthesizes high-frequency details exploiting a generative network. Lastly, the fusion module combines the latent features from both
modules to generate a final restored image x̂.

(a) Restoration Module Output (b) Synthesis Module Output

(c) Fusion Module Output (d) Ground Truth

Figure 3. An example of image outputs of UGPNet’s modules and
corresponding ground-truth image. On top of the image structure
of restoration module output (a) xreg , the fusion module brings
high-frequency details of synthesis module output (b) xsyn to gen-
erate the final output (c) x̂.

feature of the generator fsyn is extracted and fed to the fu-
sion module.

For high-quality synthesis, we adopt a pretrained genera-
tor of StyleGAN2 [25] for our generator G. Also, to achieve
a high-fidelity result that faithfully reconstructs the input re-
stored image xreg, our encoder E embeds xreg into the la-
tent space F/W+ proposed by BDInvert [22], which sup-
ports GAN inversion of a wide range of out-of-distribution
images. While BDInvert directly estimates the latent code
in the F space in a feed-forward manner, it uses an iterative
optimization to estimate the latent code in the W+ space,
resulting in significant computational overhead. To resolve
this, our encoder employs an additional CNN inspired by
the map2style network of pSp [43] to directly estimate the

latent code in the W+ space. The latent code in the F/W+

space is then fed to the StyleGAN2 generator G to produce
a final synthesis result xsyn and its feature map fsyn. For
fsyn, we use the feature map before the last toRGB layer of
the StyleGAN2 generator.

The original pSp method uses multiple map2style net-
works for high-fidelity reconstruction, which incurs signif-
icant overhead in terms of model size [43]. On the other
hand, as we employ the F/W+ space guaranteeing coarse-
level alignment and adjust the remaining spatial misalign-
ment in the subsequent fusion module, we could share a sin-
gle map2style network, which only requires approximately
10% of the parameters without quality degradation. Refer
to the supplementary material for the detailed architecture
of the encoder.

3.3. Fusion Module
The fusion module combines the authentic image struc-

ture of xreg and realistic texture of xsyn to generate the final
output x̂, as shown in Fig. 3. To this end, our fusion module
combines the feature outputs freg and fsyn instead of im-
age outputs xreg and xsyn. This feature domain fusion helps
circumvent potential misalignment between the restoration
and synthesis outputs. We design the fusion module with
residual blocks and convolution layers as:

x̂ = Conv(Rfusion (Conv(fsyn) + freg)), (1)

where Rfusion is a CNN consisting of eight residual blocks
and Conv denotes a 3× 3 convolution layer.

3.4. Training
We train each module of UGPNet separately; we first

train the restoration module, then the synthesis module, and
finally the fusion module. In this section, we describe the
training strategy for each module.
Restoration Module In the case of direct regression
methods, we use them without any modification as dis-
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cussed in Sec. 3.1. Thus, we can assume that they are al-
ready carefully trained to restore high-fidelity results, which
leaves us nothing to train further. On the other hand, in
the case of residual regression methods, we adopt a slight
modification including an additional structure encoder and
a merging network. Thus, we train the restoration module
only in this case. We train the restoration module using a
loss Lres to fuse the structural information and residual in-
formation in the feature domain. Specifically, we use the
same loss function originally used to train the regression
network to encourage the output of the merging network
xreg to be close to its corresponding ground-truth image. As
UGPNet adopts a pretrained regression network, its weights
are initialized with its own pretrained weights and further
finetuned during the training. The structure encoder and the
merging network are trained from scratch.

Synthesis Module To train the synthesis module, we em-
ploy a discriminator D and jointly train the encoder E, gen-
erator G, and discriminator D. We initialize G and D using
the weights of a pretrained StyleGAN2 model, while train-
ing E from scratch. The encoder and generator are trained
using a loss Lsyn defined as:

Lsyn = L1 + λperLper + λadvLadv, (2)

where L1 and Lper are an L1 loss and an LPIPS loss [70]
between xsyn and its corresponding ground-truth image, re-
spectively. Ladv is an adversarial loss. λper and λadv are
weights for Lper and Ladv , respectively. We adopt the non-
saturating loss for Ladv [25]. To train the discriminator, we
use a logistic loss following StyleGAN2 [25].

Fusion Module The goals of the fusion module are
twofold. The first goal is to produce restored images that
faithfully reconstruct the ground-truth clean images. The
second goal is to produce restored images with realistic tex-
tures by using the output of the synthesis module. Based
on these goals, the fusion module is trained using a loss
Lfusion defined as:

Lfusion = L1 + λperLper + λcfLcf , (3)

where L1 and Lper are an L1 loss and an LPIPS loss [70]
between the output of the fusion module x̂ and its corre-
sponding ground-truth image, respectively. The two loss
terms are used for the faithful reconstruction of the ground-
truth clean image. Lcf is a patch-wise contextual loss [38]
that measures the average distance between the closest fea-
ture of xsyn for each feature of x̂ in a patch-wise manner.
Lcf transfers the textures in xsyn to the fusion result x̂. As
xsyn is a synthesized image, it may have structures and de-
tails unaligned with those of x̂. The patch-wise contextual
loss handles such an alignment issue by searching the clos-
est feature in a local patch. The mathematical definitions of
the losses are provided in the supplementary material.

4. Experiments
Implementation and Evaluation Details For the evalu-
ation of UGPNet, we use NAFNet [5] for denoising and
deblurring, and RRDBNet [53] for super-resolution as the
regression network unless otherwise noted. We train UGP-
Net on 70,000 face images of size 512 × 512 in the FFHQ
dataset [24] and test on 3,000 images of the CelebA-HQ
dataset [23]. We synthesize a degraded version of a clean
image as follows. For denoising, we synthesize noisy im-
ages by adding Gaussian (µ = 0, σ = 0.3) and Poisson
noise (k = 30). For deblurring, we apply random motion
blur sampled from 1,000 motion blur kernels of size 71×71
synthesized following Rim et al. [44]. For super-resolution,
we apply 8× downsampling with bicubic interpolation. For
evaluation, we use PSNR, SSIM [56], LPIPS [70], and
FID [19]. PSNR, SSIM, and LPIPS measure how similar
the restored image and the ground-truth image are in terms
of pixel values, structural similarity, and perceptual similar-
ity, respectively, while FID evaluates the perceptual quality
of the restored image. More details can be found in the sup-
plementary material.

4.1. Flexible Selection of Regression Methods
UGPNet supports flexible selection of diverse regres-

sion networks. To validate its flexibility, we employ four
different regression networks in the restoration module:
UNet [45], HINet [6], NAFNet [5], and RRDBNet [53]. Fig.
4 shows the deblurring and super-resolution results of each
network and UGPNet equipped with each regression net-
work. UGPNet successfully brings restoration power from
the task-specialized regression networks and combines it
with a generative prior. Such flexible choice of regression
networks allows us to easily equip existing and future re-
gression models with our universal generative prior.

4.2. Comparison with Restoration Methods
We compare UGPNet with recent restoration meth-

ods whose source codes are publicly released. Among
regression-based methods, we compare UGPNet with
Uformer [57] and NAFNet [5] for denoising and de-
blurring, and RRDBNet [53] for super-resolution. Among
generative-prior-based methods, we compare UGPNet with
VQFR [17], GFP-GAN [51] and GPEN [62] for de-
noising and deblurring. We compare two more networks,
GLEAN [4] and GCFSR [18] for super-resolution, both
of which are specifically designed for super-resolution. We
train all the methods from scratch on our dataset using the
authors’ code except GPEN. For GPEN, we finetuned an
officially released model as we found it performs better.

Fig. 5 shows qualitative comparisons on denoising and
deblurring. The regression-based methods (Uformer [57]
and NAFNet [5]) fail to synthesize sharp details com-
pared to the generative-prior-based methods. The genera-
tive methods (GFP-GAN [51], GPEN [62], and VQFR [17])
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HINet [6] NAFNet [5]UNet [45]Input

(a) Deblurring

UNet [45] RRDBNet [53]Input

(b) Super-resolution

UGPNet with UNetGround Truth UGPNet with HINet UGPNet with NAFNet Ground Truth UGPNet with UNet UGPNet with RRDBNet

Ours Ours

Regression networksRegression networks

Figure 4. UGPNet allows flexible selection of diverse regression networks in the restoration module. We show restoration results using
regression models (UNet [45], HINet [6], NAFNet [5] and RRDBNet [53]) on the top row for (a) deblurring and (b) super-resolution. We
can equip any regression models into UGPNet that synthesizes perceptually-realistic high-frequency details, as shown in the bottom row.

(a) Denoising (b) Deblurring (c) Super-resolution
Method PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ Method PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

NAFNet [5] 30.23 0.82 0.30 39.32 29.53 0.81 0.31 42.18 RRDBNet [53] 30.03 0.80 0.32 52.42
Uformer [57] 30.24 0.82 0.31 40.50 30.38 0.83 0.29 37.02 ESRGAN [53] 26.88 0.69 0.31 8.92

GFP-GAN [51] 27.96 0.76 0.31 11.66 23.09 0.63 0.34 10.73 GFP-GAN [51] 27.38 0.72 0.28 6.88
GPEN [62] 27.50 0.73 0.35 11.84 20.60 0.56 0.43 15.48 GPEN [62] 26.35 0.69 0.32 9.89
VQFR [17] 27.45 0.74 0.31 11.64 21.80 0.59 0.35 10.81 VQFR [17] 27.16 0.71 0.27 6.41

UGPNet 29.20 0.78 0.31 10.24 28.64 0.76 0.31 8.02 GLEAN [4] 27.74 0.72 0.28 6.47
GCFSR [18] 28.16 0.74 0.26 5.72

UGPNet 28.70 0.74 0.30 6.70
Table 1. Quantitative comparison of the restoration quality of different methods. The methods marked in yellow are regression methods,
and the methods marked in orange are generative methods. The best scores in each category are marked in bold. In the case of (a) denoising
and (b) deblurring, UGPNet records significantly higher PSNR and SSIM scores than the generative methods but slightly lower scores than
the regression methods. In LPIPS, UGPNet achieves the second best scores. In FID, UGPNet achieves the best scores. In the case of (c)
super-resolution, UGPNet reports higher PSNR and SSIM scores with comparable LPIPS and FID scores compared to all the generative
models except for GCFSR [18], which is specifically designed for super-resolution. Compared to GCFSR, UGPNet shows comparable
results with a higher PSNR score.

are unable to restore faithful image structures. UGPNet suc-
ceeds in the faithful restoration and high-frequency synthe-
sis of image structures and details. We further report quan-
titative evaluation in Tab. 1 (a) and (b). In PSNR and SSIM,
UGPNet records higher scores than the generative methods,
indicating structural consistency. UGPNet has a slightly
lower PSNR scores than the best regression methods, due
to the synthesized high-frequency details. In LPIPS, UG-
PNet achieves the second best scores. In FID, UGPNet
achieves the best scores, demonstrating that it generates
perceptually-plausible high-frequency details.

Fig. 6 and Tab. 1 (c) show the qualitative and quantitative
comparisons on super-resolution. As the super-resolution
requires more aggressive high-frequency generation, a re-
gression method (RRDBNet [53]) produces perceptually
low-quality blurry images with high FID scores. Adopt-
ing an adversarial loss (ESRGAN [53]) produces sharp im-
ages and lowers the FID score, but fails to synthesize real-

istic textures as the generative prior-based methods. Both
generative methods and ours succeed in synthesizing re-
alistic high-frequency details showing comparable results
thanks to powerful generative priors. Quantitatively, UG-
PNet achieves higher PSNR and SSIM scores with com-
parable LPIPS and FID scores compared to all the gen-
erative methods except GCFSR [18], which is specifically
designed for super-resolution. Compared to GCFSR, UGP-
Net achieves similar performance, recording a slightly bet-
ter PSNR score and slightly worse LPIPS and FID scores.

Model Complexity We compare the number of pa-
rameters and the inference speed on deblurring in
Tab. 2. Although UGPNet combines a regression network
(NAFNet [5]) and a generative network, it has a compara-
ble number of parameters with the recent models. This is
because the other methods require a lot of parameters in
their encoders or decoders, whereas our lightweight model
design achieves better performance with fewer parameters.
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Figure 5. Qualitative comparison of (a) denoising and (b) deblurring methods: regression methods (Uformer [57] and NAFNet [5]), gener-
ative methods (GFP-GAN [51], GPEN [62], VQFR [17]), and UGPNet with NAFNet [5]. UGPNet recovers authentic image structure and
colors compared to generative methods while synthesizing sharp high-frequency details compared to regression methods.

Regression network

Ground Truth

GFP-GAN [51] GPEN [62] VQFR [17]

Input

GCFSR [18]

RRDBNet [53] ESRGAN [53]UGPNet with RRDBNet
Generative networks

Ours
Regression network
with adversarial loss

GLEAN [4]

Figure 6. Qualitative comparison of super-resolution methods: regression methods (RRDBNet [53] and ESRGAN [53]), generative methods
(GFP-GAN [51], GPEN [62], VQFR [17], GLEAN [4], GCFSR [18]), and UGPNet with RRDBNet [53]. UGPNet succeeds in generating
sharp, realistic high-frequency details compared to regression methods, and shows comparable performance to generative methods.
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NAFNet [5] GFP-GAN [51] VQFR [17] Uformer [57] UGPNet
Param (M) 17.1 76.2 76.6 50.9 69.6
Time (ms) 45.2 22.7 181.2 170.6 90.5

Table 2. Comparison of the parameter numbers and the inference
times with an NVIDIA GeForce RTX 3090 GPU. UGPNet has a
comparable number of parameters with the others and it is faster
than transformer-based [57] and dictionary-based models [17].

Ground TruthInput

(c) Synthesis module(b) Restoration module (d) Fusion module

(a) GFP-GAN [51]

Generative network

Ours

Figure 7. UGPNet supports a wider range of images compared to
the generative methods. (a) A generative method fails to synthesize
images outside the training distribution and produces artifacts on
the face. While (c) our synthesis module also introduces artifacts,
(d) our fusion module successfully recovers a clean image with-
out artifacts as it selectively uses the synthesized high-frequency
details on top of (b) the result of the restoration module.

In terms of inference speed, UGPNet is slower than the
lightweight models, but it is faster than computationally
heavy models such as the transformer-based model [57] and
the dictionary-based model [17].

Restoration of Out-of-Distribution Images UGPNet is
robust against catastrophic failures that generative prior-
based methods suffer from when restoring images outside
the training distributions, as shown in Fig. 1 (g) and Fig. 7.
These robustness of UGPNet stems from the fusion module
that adaptively combines features from the restoration and
synthesis modules to achieve faithful and natural-looking
restoration. For a deeper analysis, Fig. 7 compares out-
puts of different modules on a degraded input image out-
side the training distribution. In the figure, the restoration
module robustly restores the image structures thanks to the
well-generalized regression network. The synthesis module
synthesizes high-frequency details from the output of the
restoration module but it also introduces artifacts in the face
as the image is outside the training distribution of the gener-
ative prior. Despite such synthesis artifacts, the fusion mod-
ule selectively uses the synthesized high-frequency details
on top of the result of the restoration module and produces
the final result that is faithfully reconstructed without arti-

Configurations
w/ NAFNet [5] w/ HINet [6]

PSNR ↑ SSIM ↑ FID ↓ PSNR ↑ SSIM ↑ FID ↓
(a) w/o Rse and Rmg 27.43 0.75 8.33 27.30 0.72 9.70
(b) w/ fusion module 28.49 0.76 8.54 28.16 0.75 9.68combining xreg and xsyn

(c) UGPNet 28.64 0.76 8.02 28.49 0.76 8.34

Table 3. We validate network components of UGPNet on deblur-
ring. (a) Without the structure encoder and the merging network,
the restoration module has difficulty in extracting features with
structural information, leading to performance drop. (b) UGPNet
combining images rather than (c) features also leads to slight per-
formance drop.

facts and has natural-looking high-frequency details.

4.3. Ablation Study

Network Components Tab. 3 quantitatively validates
the network components of UGPNet on deblurring. In the
restoration module, introducing the structure encoder and
the merging network for the residual regression network
leads to performance improvement (Tab. 3 (a) and (c)). This
improvement demonstrates that conveying additional infor-
mation from the input helps the restoration feature freg con-
tain authentic image structures. In the fusion module, com-
bining the restoration feature freg and the synthesis feature
fsyn rather than the image alternatives, xreg and xsyn, leads
to slight performance improvement (Tab. 3 (b) and (c)).

5. Conclusion
This paper proposed UGPNet, a universal generative

prior framework for image restoration. UGPNet supports
diverse regression networks developed for each task and
brings the generative power of recent generative prior on
top of it. Through extensive experiments on deblurring, de-
noising, and super-resolution, we demonstrated that UG-
PNet succeeds in high-quality image restoration, enabling
faithful restoration with realistic high-frequency details.

Limitation Although UGPNet is robust against failure of
the generative prior, it may fail if the regression method
fails, as shown in UGPNet with UNet in Fig. 4. Also, UG-
PNet is less favorable to PSNR and SSIM scores compared
to the regression method, and produces less sharp images
than its backbone generative model (StyleGAN2 [25]), as
it aims at higher-fidelity results. It would be an interesting
future direction to address these challenges, e.g., we may
measure the uncertainty of the regression result and use it to
adaptively synthesize necessary details for higher fidelity.
Acknowledgement This work was supported by the NRF
grants (No.2023R1A2C200494611, No.2018R1A5A1060031)
and IITP grant (No.2019-0-01906, Artificial Intelligence
Graduate School Program(POSTECH)) funded by the Ko-
rea government (MSIT) and Samsung Electronics Co., Ltd.
Seung-Hwan Baek is partly supported by Korea NRF (RS-
2023-00211658, 2022R1A6A1A03052954), Korea MOTIE
(NTIS1415187366-20025752) and Samsung Research Funding
Center (SRFCIT1801-52).

1605



References
[1] Rameen Abdal, Yipeng Qin, and Peter Wonka. Im-

age2stylegan: How to embed images into the stylegan latent
space? In Proceedings of the IEEE/CVF International Con-
ference on Computer Vision, pages 4432–4441, 2019. 2

[2] Andrew Brock, Jeff Donahue, and Karen Simonyan. Large
scale gan training for high fidelity natural image synthesis.
arXiv preprint arXiv:1809.11096, 2018. 3

[3] Antoni Buades, Bartomeu Coll, and J-M Morel. A non-local
algorithm for image denoising. In 2005 IEEE computer so-
ciety conference on computer vision and pattern recognition
(CVPR’05), volume 2, pages 60–65. Ieee, 2005. 2

[4] Kelvin CK Chan, Xintao Wang, Xiangyu Xu, Jinwei Gu,
and Chen Change Loy. Glean: Generative latent bank
for large-factor image super-resolution. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 14245–14254, 2021. 2, 3, 5, 6, 7

[5] Liangyu Chen, Xiaojie Chu, Xiangyu Zhang, and Jian Sun.
Simple baselines for image restoration. In Computer Vision–
ECCV 2022: 17th European Conference, Tel Aviv, Israel,
October 23–27, 2022, Proceedings, Part VII, pages 17–33.
Springer, 2022. 1, 2, 3, 5, 6, 7, 8

[6] Liangyu Chen, Xin Lu, Jie Zhang, Xiaojie Chu, and Cheng-
peng Chen. Hinet: Half instance normalization network for
image restoration. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
182–192, 2021. 2, 3, 5, 6, 8

[7] Xiangyu Chen, Xintao Wang, Jiantao Zhou, and Chao Dong.
Activating more pixels in image super-resolution trans-
former. arXiv preprint arXiv:2205.04437, 2022. 2

[8] Shen Cheng, Yuzhi Wang, Haibin Huang, Donghao Liu,
Haoqiang Fan, and Shuaicheng Liu. Nbnet: Noise basis
learning for image denoising with subspace projection. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, pages 4896–4906, 2021. 2

[9] Sunghyun Cho and Seungyong Lee. Fast motion deblurring.
In ACM SIGGRAPH Asia 2009 papers, pages 1–8. 2009. 2

[10] Sung-Jin Cho, Seo-Won Ji, Jun-Pyo Hong, Seung-Won Jung,
and Sung-Jea Ko. Rethinking coarse-to-fine approach in sin-
gle image deblurring. In Proceedings of the IEEE/CVF inter-
national conference on computer vision, pages 4641–4650,
2021. 2

[11] Kostadin Dabov, Alessandro Foi, Vladimir Katkovnik, and
Karen Egiazarian. Image denoising by sparse 3-d transform-
domain collaborative filtering. IEEE Transactions on image
processing, 16(8):2080–2095, 2007. 2

[12] Xin Deng, Ren Yang, Mai Xu, and Pier Luigi Dragotti.
Wavelet domain style transfer for an effective perception-
distortion tradeoff in single image super-resolution. In Pro-
ceedings of the IEEE/CVF international conference on com-
puter vision, pages 3076–3085, 2019. 3

[13] Chao Dong, Chen Change Loy, Kaiming He, and Xiaoou
Tang. Learning a deep convolutional network for image
super-resolution. In European conference on computer vi-
sion, pages 184–199. Springer, 2014. 2

[14] Patrick Esser, Robin Rombach, and Bjorn Ommer. Taming
transformers for high-resolution image synthesis. In Pro-

ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 12873–12883, 2021. 2, 3

[15] Rob Fergus, Barun Singh, Aaron Hertzmann, Sam T Roweis,
and William T Freeman. Removing camera shake from a sin-
gle photograph. In Acm Siggraph 2006 Papers, pages 787–
794. 2006. 2

[16] Jinjin Gu, Yujun Shen, and Bolei Zhou. Image processing
using multi-code gan prior. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,
pages 3012–3021, 2020. 3

[17] Yuchao Gu, Xintao Wang, Liangbin Xie, Chao Dong, Gen
Li, Ying Shan, and Ming-Ming Cheng. Vqfr: Blind face
restoration with vector-quantized dictionary and parallel de-
coder. In Computer Vision–ECCV 2022: 17th European
Conference, Tel Aviv, Israel, October 23–27, 2022, Proceed-
ings, Part XVIII, pages 126–143. Springer, 2022. 2, 3, 5, 6,
7, 8

[18] Jingwen He, Wu Shi, Kai Chen, Lean Fu, and Chao Dong.
Gcfsr: a generative and controllable face super resolution
method without facial and gan priors. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 1889–1898, 2022. 2, 3, 5, 6, 7

[19] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,
Bernhard Nessler, and Sepp Hochreiter. Gans trained by a
two time-scale update rule converge to a local nash equi-
librium. In I. Guyon, U. Von Luxburg, S. Bengio, H. Wal-
lach, R. Fergus, S. Vishwanathan, and R. Garnett, editors,
Advances in Neural Information Processing Systems, vol-
ume 30, 2017. 5

[20] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffu-
sion probabilistic models. Advances in Neural Information
Processing Systems, 33:6840–6851, 2020. 3

[21] Xiaobin Hu, Wenqi Ren, Kaicheng Yu, Kaihao Zhang, Xi-
aochun Cao, Wei Liu, and Bjoern Menze. Pyramid architec-
ture search for real-time image deblurring. In Proceedings
of the IEEE/CVF International Conference on Computer Vi-
sion, pages 4298–4307, 2021. 2

[22] Kyoungkook Kang, Seongtae Kim, and Sunghyun Cho. Gan
inversion for out-of-range images with geometric transfor-
mations. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 13941–13949, 2021.
4

[23] Tero Karras, Timo Aila, Samuli Laine, and Jaakko Lehtinen.
Progressive growing of gans for improved quality, stability,
and variation. arXiv preprint arXiv:1710.10196, 2017. 5

[24] Tero Karras, Samuli Laine, and Timo Aila. A style-based
generator architecture for generative adversarial networks.
In Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 4401–4410, 2019. 2, 3,
5

[25] Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten,
Jaakko Lehtinen, and Timo Aila. Analyzing and improv-
ing the image quality of stylegan. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 8110–8119, 2020. 2, 3, 4, 5, 8

[26] Bahjat Kawar, Michael Elad, Stefano Ermon, and Jiaming
Song. Denoising diffusion restoration models. arXiv preprint
arXiv:2201.11793, 2022. 3

1606



[27] Geonung Kim, Kyoungkook Kang, Seongtae Kim, Hway-
oon Lee, Sehoon Kim, Jonghyun Kim, Seung-Hwan Baek,
and Sunghyun Cho. Bigcolor: Colorization using a gener-
ative color prior for natural images. In Computer Vision–
ECCV 2022: 17th European Conference, Tel Aviv, Israel, Oc-
tober 23–27, 2022, Proceedings, Part VII, pages 350–366.
Springer, 2022. 3

[28] Jiwon Kim, Jung Kwon Lee, and Kyoung Mu Lee. Accurate
image super-resolution using very deep convolutional net-
works. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 1646–1654, 2016. 3

[29] Kiyeon Kim, Seungyong Lee, and Sunghyun Cho. Mssnet:
Multi-scale-stage network for single image deblurring. arXiv
preprint arXiv:2202.09652, 2022. 2

[30] Yoonsik Kim, Jae Woong Soh, Gu Yong Park, and Nam Ik
Cho. Transfer learning from synthetic to real-noise denois-
ing with adaptive instance normalization. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 3482–3492, 2020. 2

[31] Orest Kupyn, Volodymyr Budzan, Mykola Mykhailych,
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