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Abstract
Acquiring degraded images with paired high-
resolution (HR) images is often challenging, im-
peding the advance of image super-resolution in
real-world applications. By generating realistic
low-resolution (LR) images with degradation simi-
lar to that in real-world scenarios, simulated paired
LR-HR data can be constructed for supervised
training. However, most of the existing work ig-
nores the degradation uncertainty of the generat-
ed realistic LR images, since only one LR image
has been generated given an HR image. To address
this weakness, we propose learning the degradation
uncertainty of generated LR images and sampling
multiple LR images from the learned LR image
(mean) and degradation uncertainty (variance) and
construct LR-HR pairs to train the super-resolution
(SR) networks. Specifically, uncertainty can be
learned by minimizing the proposed loss based on
Kullback-Leibler (KL) divergence. Furthermore,
the uncertainty in the feature domain is exploited
by a novel perceptual loss; and we propose to cal-
culate the adversarial loss from the gradient infor-
mation in the SR stage for stable training perfor-
mance and better visual quality. Experimental re-
sults on popular real-world datasets show that our
proposed method has performed better than other
unsupervised approaches.

1 Introduction
Single image super-resolution (SISR) aims to recover high-
resolution (HR) images from their corresponding degraded
low-resolution (LR) images. Following the pioneering s-
tudy SRCNN [Dong et al., 2014], many deep learning-based
works employ convolutional neural networks in the SISR do-
main with promising results - e.g., Enhanced Deep residu-
al networks for SR (EDSR) [Lim et al., 2017], Enhanced
SR Generative Adversarial Networks (ESRGAN) [Wang et
al., 2018], Residual Channel Attention Networks (RCAN)
[Zhang et al., 2018], deep unfolding network (MoG-DUN)
[Ning et al., 2021b].
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Despite the extensive studies that have been published,
most of those deep learning-based methods [Dong et al.,
2014; Lim et al., 2017; Zhang et al., 2018; Ning et al., 2021b;
Wang et al., 2018] are trained by synthetic datasets such as
bicubic degradation, suffering from the poor generation prop-
erty of real-world datasets. To alleviate this situation, Cai et
al. built a real-world dataset called RealSR [Cai et al., 2019],
consisting of LR-HR pairs by modifying the focal length of
the cameras to obtain different resolution image pairs. A-
long this line of research, several works [Chen et al., 2019;
Ignatov et al., 2017] have constructed new real-world datasets
to meet the realistic requirement.

However, it is still cumbersome and labor intensive to ob-
tain the corresponding LR-HR pairs on a large scale. More
recently, some work [Fritsche et al., 2019; Wei et al., 2021;
Son et al., 2021] has proposed to train SR networks unsu-
pervised by generating LR images from HR training images
using unpaired datasets. Specifically, to obtain realistic LR
images, a content loss with bicubic downsampled LR images
has been used to maintain the same content, while a GAN
loss with real-world LR images has been used to obtain real-
istic textures and details. Then, the SR or SRGAN networks
can be trained by using the generated LR-HR pairs. FSSR
[Fritsche et al., 2019] proposed a frequency separation strate-
gy to apply the GAN loss only to high-frequency components.
Furthermore, DASR [Wei et al., 2021] proposed reconstruct-
ing more realistic images by domain gap-sensitive training.
Deflow [Wolf et al., 2021] proposed to model the degrada-
tion process with conditional flows.

Although promising results have been achieved with these
unsupervised approaches [Fritsche et al., 2019; Wei et al.,
2021], these works only learned a single deterministic map-
ping model, completely ignoring the uncertainty of degrada-
tion in real LR images caused by the inevitable randomness of
real degradation. Some recent work such as FSSR [Fritsche
et al., 2019] and DASR [Wei et al., 2021] only generated one
LR image instead of multiple different LR images with a sin-
gle corresponding HR image, which is not in accordance with
real-world situation considering more influence factors such
as stochastic noise, etc. The question of how to generate mul-
tiple different but similar LR images from single HR images
remains to be studied.

In this paper, we propose a novel approach called USR-DU
for unsupervised real-world image SR with learned degrada-
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tion uncertainty. First, we propose learning realistic LR im-
ages and the corresponding degradation uncertainty simulta-
neously and sampling multiple LR images from the learned
LR image (mean) and degradation uncertainty (variance).
Then, any existing SR/SRGAN networks that require super-
vised training can be trained with newly constructed LR-HR
pairs. Specifically, uncertainty can be learned by minimizing
the proposedLkl based on Kullback-Leibler (KL) divergence.
Meanwhile, we propose to exploit the uncertainty in the fea-
ture domain, resulting in a novel perceptual loss function. Fi-
nally, we propose to calculate the adversarial loss from the
gradient information in the SR stage for more stable training
and better visual quality. We have conducted experiments on
both RealSR [Cai et al., 2019] and NTIRE2020 [Lugmayr
et al., 2020] real-world super-resolution challenging datasets.
Experimental results on those real-world datasets show that
our proposed method has performed better than other com-
peting approaches based on unsupervised learning.

2 Related Work
2.1 Uncertainty in Computer Vision
The uncertainty of the data describes the noise inherent in
observed data, which has been widely studied in computer
vision. The performance and robustness of deep networks
can be improved by modeling the uncertainty in the observa-
tion data [Kendall and Gal, 2017]. In [Chang et al., 2020],
they modeled the uncertainty of the data with estimated mean
and variance in face recognition, achieving stronger perfor-
mance in noisy training data. Ning et al. [Ning et al., 2021a]
proposed an adaptive weighted loss for SISR by assigning
higher uncertainty pixels with higher weights during train-
ing. In common, those works mainly focus on the uncertainty
of pair data in supervised training. Unlike those works, we
propose to model the degradation uncertainty of unpaired da-
ta. With the estimated degradation uncertainty, multiple LR
images can be sampled from learned LR images (mean) and
uncertainty (variance) for training super-resolution (SR) net-
works.

2.2 Unsupervised Real-world Image SR
The difficulty of obtaining paired HR and degraded images
has facilitated the advancement of unsupervised real-world
image SR. FSSR [Fritsche et al., 2019] and DASR [Wei et
al., 2021] proposed to first generate realistic LR images and
train the SR network on generated paired data by domain-
based adversarial loss. Those two works only learn a sin-
gle deterministic mapping model without realizing the uncer-
tainty of degradation. DeFlow [Wolf et al., 2021] proposed
learning the LR images with the conditional flow by an in-
vertible network. Although multiple LR images can be sam-
pled by giving different random initial Gaussian noises, com-
plex degradation learning is constrained by the limited rep-
resentation ability of the invertible network. DAP [Wang et
al., 2021a] proposed to align the degradation distribution in
the feature domain with several regularization losses. How-
ever, DAP suffers from convergence and mode collapse is-
sues and requires careful tuning of multiple losses. Different

from those works, we propose learning the realistic LR im-
ages and degradation uncertainty simultaneously. Sampling
from learned LR images (means) and uncertainty (variance),
more robustly paired training data can be constructed, leading
to better real SR performance.

3 Methodology
In unsupervised SR, only unpaired real LR and real HR im-
ages are provided for training. Let X represent the real
HR images dataset and x denote samples. Similarly, the re-
al LR image dataset can be expressed by Yr and samples
can be represented by yr. Note that the HR version of the
corresponding LR image yr is not provided. In unsuper-
vised SR learning [Fritsche et al., 2019; Wei et al., 2021;
Wolf et al., 2021], the training process can be divided into
two steps. The first step aims to generate realistic degraded
LR images yg from HR images x. In this way, paired training
data can be constructed and any existing SR networks requir-
ing pair training can be trained. Therefore, the key to unsu-
pervised SR lies in the generation of realistic LR images. In
the first step, an LR version of the HR image x is needed to
maintain the consistency of the content. In this paper, we sim-
ply adopt bicubic downsampling to generate the LR images
denoted as yb. With the above conditions, the proposed unsu-
pervised real-world image super-resolution approach (USR-
DU) with learned degradation uncertainty will be introduced
in this section. The framework of the proposed method is
shown in Fig. 1.

In the next parts of this section, we first present how we
train a downsampling network (DSN) to generate the realistic
LR and estimate the degradation uncertainty. Then, we in-
troduce our super-resolution network (SRN) training strategy
with learned degradation uncertainty.

3.1 Learning Degradation Uncertainty in DSN
Learning degradation uncertainty in pixels domain.
Generally, three types of losses, that is, content loss, percep-
tual loss, and GAN loss, will be used to generate realistic
LR images during the training downsampling network. Con-
tent loss is used L1/2 to maintain content consistency in the
downsampling step.

Taking the L1 loss as an example, the likelihood of a gen-
erated LR image can be formulated as

p(yg|x,W ) = exp(−||f
(W )(x)− yb||1

c
), (1)

where f (W )(·) denotes a parameterized downsampling net-
work of W and c denotes the variance, which is a spatially
invariant constant. In this way, the degradation process was
modeled as a deterministic mapping, ignoring the uncertainty
of degradation of the degraded LR images. This means that
only a single degraded LR image yg was generated when a
clean HR image was given x. To address this issue, we pro-
pose learning the degraded LR images (means) and the degra-
dation uncertainty (variance) simultaneously. Our empirical
study shows that the differences between the real LR and the
bicubic downsampled LR images can be well characterized
by a Laplacian distribution (while the Gaussian distribution
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Figure 1: The framework of learning degradation uncertainty for unsupervised real image super-resolution. The whole training process
can be divided into two steps. The first step estimates the uncertainty of degradation θ (variance) of the learned LR images (means) in a
downsampling network. In the second step, an HR image is paired with multiple LR images, which are sampled from the learned LR image
(mean) and corresponding degradation uncertainty (variance). Those LR-HR pairs will be used to train the SR network.

Figure 2: The statistical histogram of difference between real and
bicubic LR images and the corresponding fitting distributions.

failed), as shown in Fig. 2. Based on this observation, we
propose to learn the degradation uncertainty by minimizing
the KL divergence of two Laplacian distributions. By explic-
itly constraining L(yg,θ) to be close to a Laplacian distribu-
tion L(yb, I), the uncertainty can be learned by minimizing
the Kullback-Leibler (KL) divergence of two Laplacian dis-
tributions, which can be formulated as

Lkl = Eyg
{KL [L(yg,θ)||L(yb, I)]}

= Eyg
[θexp(−||yg − yb||1

θ
)

+ ||yg − yb||1 − logθ − 1].

(2)

By learning the degradation uncertainty, multiple differen-
t but similar degraded versions of a single clean HR image
can be sampled according to the learned LR image yg (mean)
and degradation uncertainty θ (variance). The construction
of LR-HR training pairs will be illustrated in Sec. 3.2.
Learning uncertainty in features domain. In the above
discussion, we study the uncertainty of degradation in the
pixel domain. Still, there is uncertainty in the feature do-
main which can be explored in perceptual loss. Normally, the
perceptual loss can be formulated as

Lper = Eyg
||φ(yg)− φ(yb)||1, (3)

where φ(·) denotes the feature extractor. In this paper, we
propose learning the degradation in both the pixel and fea-
ture domains. Similarly to the formulation of content loss,

the uncertainty σ in the feature domain can be learned by
minimizing the KL divergence of feature distributions (e.g.,
L(φ(yg),σ) and L(φ(yb), I)), which can be expressed by

Lkl per = Eyg {KL [L(φ(yg),σ)||L(φ(yb), I)]}

= Eyg [σexp(−||φ(yg)− φ(yb)||1
σ

)

+ ||φ(yg)− φ(yb)||1 − logσ − 1].

(4)

In our implementation, we calculated the perceptual loss on
VGG19 features of the conv5 4 convolutional layer. Explor-
ing the uncertainty in the feature domain further facilitates the
better generation of realistic LR images yg .
Adversarial loss. For more stable training and visual-
ly pleasant results, we adopt the FSSR training strategy
[Fritsche et al., 2019], which only calculates the adversari-
al loss from the high-frequency information that is filtered by
the Gaussian blur kernel. The adversarial loss for the training
generator can be formulated as follows.

LG
adv = −Eyg [log(D(F (yg)))], (5)

and the loss for the discriminator can be formulated as

LD
adv = −Eyr [log(D(F (yr)))]−Eyg [log(1−D(F (yg)))],

(6)
where D(·) denotes the discriminator and F (·) denotes the
Gaussian high-frequency filter sized by 5 × 5 in our imple-
mentation. Calculating adversarial loss from high-frequency
information ignores low-frequency information, which is less
relevant to the degradation and focuses more on the details
of image degradation. Furthermore, such a training strategy
reduces the difficulty of GAN training [Fritsche et al., 2019].

Training details. In our implementation, the DSN genera-
tor network consists of 8 residual blocks to extract informa-
tion from the HR image, as shown in Fig. 3. Each residual
block contains two convolutional layers and a PReLU activa-
tion between them. Then, the convolutional layer with step
2 is employed to reduce the spatial resolution of the features.
In the end, three different heads are adopted to transform the
features into LR-degraded images, as well as the degrada-
tion uncertainty in pixels and feature domains, respectively,
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Figure 3: The proposed DSN architecture and KL-based training
losses for learning degradation uncertainty.

as shown in Fig. 3. We adopt U-net [Wang et al., 2021b] as a
DSN discriminator. The whole DSN is trained by the combi-
nation of three losses:

LDSN = α1Lkl + α2Lkl per + α3Ladv, (7)

where α1 = 1, α2 = 0.01, α3 = 0.01. We randomly select
16 RGB HR patches sized by 256 × 256 as batch input. The
initial learning rate is 0.0001 and decreases by half for every
100 epochs. We train the model for 500 epochs.

3.2 Training SRN with Degradation Uncertainty
Constructing LR-HR training pairs. Differently from
previous work [Fritsche et al., 2019; Wei et al., 2021] that on-
ly learned a single deterministic mapping, we propose to gen-
erate multiple realistic LR images from a single HR image by
sampling multiple degraded LR images from the learned LR
image yg (mean) and uncertainty of degradation (variance).
The sampling process can be expressed as

ŷg = yg + εθ, (8)

where ε = L(0, I) denotes the standard Laplace distribution.
In this way, multiple realistic LR images ŷg are generated
when given each HR image x. Thus, during different train-
ing batches , different realistic LR images can be generated
adaptively from a single HR image with learned degradation
uncertainty.

Calculating adversarial loss from gradient information.
Inspired by DSN that only calculates adversarial loss from
high-frequency information, we propose to calculate adver-
sarial loss from gradient information in the SRN stage for sta-
ble training performance and better visual quality. Calculat-
ing the adversarial loss from the gradient information enables
SRGAN networks to ignore the low-frequency information,
which is less relevant to visual effects, and focus more on the
image texture and edge details. The adversarial loss for the
training generator in SRN can be formulated as

LSR G
adv = −Ex̂[log(D(G(x̂)))], (9)

and the loss for discriminator in SRN can be formulated as

LSR D
adv = −Ex [log(D(G(x)))]− Ex̂ [log(1−D(G(x̂)))],

(10)

where D(·) denotes the discriminator and G(·) denotes the
calculation of the gradient, which can be formulated as
G(i, j) = ||I(i+1, j)−I(i, j), I(i, j+1)−I(i, j)||2, (11)

where I denotes the value of pixels and i, j denotes the posi-
tion of pixels. When comparing the Gaussian high-frequency
filter F (·), the gradient calculator G(·) has a stronger high-
frequency filtering effect and explores more details of the tex-
ture and edges. Therefore, we use the gradient calculatorG(·)
in SRN for better SR performance and use the Gaussian high-
frequency filter F (·) to preserve more degradation informa-
tion in DSN.
Training details. The whole SRN is trained by the combi-
nation of three losses:

LSRN = β1LSR
con + β2LSR

per + β3LSR
adv, (12)

where β1 = 0.01, β2 = 1, β3 = 0.005. We randomly s-
elect 16 RGB LR patches sized by 64 × 64 as batch input.
The initial learning rate is 0.0001. We adopt an exponential
moving average (EMA) for more stable training and better
performance. We train the model for 1000 epochs.

Note that our approach can be applied to any existing SR
or SRGAN network architecture. Following [Fritsche et al.,
2019; Wei et al., 2021; Wolf et al., 2021], we adopt the same
network architecture of ESRGAN [Wang et al., 2018] as SRN
in this paper. We adopt the same losses LSR

con and LSR
per as

ESRGAN [Wang et al., 2018].

4 Experiments and Results
4.1 Experimental Settings
Datasets. RealSR [Ji et al., 2020] provided LR-HR pairs
captured by adjusting the focal length of the camera. Due to
cumbersome and labor intensive image collection and chal-
lenging post-processing, only a limited number of (about 200
pairs) training pairs have been provided. In our experiments,
only 200 degraded LR images collected by the Canon camera
are used as real LR images, while the DIV2K dataset provides
HR images to train the DSN. Additionally, the RealSR vali-
dation set is used for evaluation. NTIRE 2020 RWSR [Lug-
mayr et al., 2020] challenge offers two tracks for unsuper-
vised SR training. The HR images from DIV2K are used as
HR images in both tracks. In Track1, the synthetic degraded
Flickr2K dataset is treated as real LR images. Furthermore,
Track1 provides a validation dataset for quantitative compar-
ison, which contains 100 images with the same degradation
as the training LR images. In Track2, the real degraded LR
images are derived from the DPED dataset, which consists of
real low-quality images from iphone3. Note that Track2 does
not provide reference images for evaluation.
Evaluation metrics. For the dataset that provides HR ref-
erence images in the test set, we adopt reference-based eval-
uation metrics for assessment, such as PSNR, SSIM. Further-
more, the Learning Perceptual Image Patch Similarity (LPIP-
S) has been used as our perceived quality assessment metric.
Since LPIPS correlates well with human perception quality, it
is considered the most important metric among the three ref-
erence metrics. For the Track2 data set of NTIRE, for which
HR reference images are not available, we adopted NIQE as
our evaluation metric.
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LR ZSSR P.T. ESRGAN ZSSR+KernelGAN Impressionism DeFlow USR-DU (ours) GT

Figure 4: SISR visual quality comparisons of different methods on testing images from NTIRE2020 Track1 and Track2. The first and second
rows show the comparisons of Track1, and the last row shows the comparisons of Track2.

θ σ Sampling Gradient PSNR↑ SSIM↑ LPIPS↓
1 X 25.82 0.7045 0.2305
2† X X 25.63 0.6913 0.2323
3 X X X 25.77 0.7068 0.2101
4 X X X 25.99 0.7106 0.2097
5 X X X X 25.99 0.7141 0.2033

Table 1: Ablation study of the proposed method on Track1 of the
NTIRE2020 dataset. The best performance is shown in bold.

4.2 Ablation Study
To further verify the effectiveness of the proposed approach,
we have conducted an ablation study by comparing the final
results of the SRN PSNR/SSIM/LPIPS. Our ablation study
has been carried out in the NTIRE 2020 Track1 dataset [Lug-
mayr et al., 2020], and the results are shown in Table 1. The θ
and σ denote the uncertainty of learning degradation in pix-
els and feature domain, respectively, in the DSN stage. The
Sampling denotes the application of the sampling strategy ac-
cording to the learned degradation uncertainty θ and Gradi-
ent denotes the calculation of the adversarial loss from the
gradient information in the SRN stage. It should be noted that
2† denotes the sampling of the LR images by ŷg = yg + εI
since no uncertainty has been learned in the DSN stage. The
investigation can be divided into two parts as follows:

The effectiveness of learning the degradation uncertainty
in pixels and features domains. The corresponding result-
s are shown in Table 1. First, comparing situations 1 and
3, learning degradation uncertainty in the pixels domain and
sampling the LR images with learned uncertainty can im-
prove the performance of LPIPS, which is very relevant for
the quality of human visual perception. Comparing situations
1, 3, and 5, learning degradation uncertainty in both pixels
and features domain (marked as 5) can improve the perfor-
mance in terms of PSNR, SSIM, and LPIPS, achieving the
best performance. Additionally, to investigate the influence
of sampling LR images on learned degradation uncertainty,

we have conducted the experiment shown in 2† that setting
the variance to I and the sampling process can be expressed
by ŷg = yg + εI . When comparing Situation 1, 2†, it can be
observed that adding spatially invariant variance randomness
cannot improve the performance and robustness of SR net-
works, while adopting the learned degradation uncertainty as
spatially adaptive variance (marked as 3/5) can improve the
performance and robustness of SR networks.

The effectiveness of Calculating adversarial loss from gra-
dient information. We have conducted experiments that
calculate adversarial loss from gradient information or pixel
values. The corresponding experimental results are shown as
situations 4 and 5 in Table 1. Calculating the adversarial loss
from the gradient information achieves better performance in
terms of both SSIM and LPIPS (the lower, the better), demon-
strating the effectiveness of the proposed approach.

4.3 Comparison with SOTA on NTIRE2020
In this section, we have compared our proposed approach
with other SR methods on two tracks of the NTIRE2020 chal-
lenge. Comparison methods include zero-shot SR (ZSSR)
[Shocher et al., 2018] and real unsupervised SR methods such
as Impressionism [Cai et al., 2019] (the winner of the NTIRE
2020 RWSR challenge), Deflow [Wolf et al., 2021] and DAP
[Wang et al., 2021a]. The pre-trained ESRGAN (denoted as
P.T. ESRGAN), which was trained on the bicubic degraded
dataset, is also provided as a reference.

The quantitative results of the comparison of Track1 and
Track2 are shown in Table 2. In general, our proposed
method achieved the best performance in terms of all metric-
s. Compared to the most competitive DeFlow method [Wolf
et al., 2021], our proposed method consistently achieved the
best result in the NTIRE2020 Track1 and Track2 datasets.
Visual comparisons are shown in Fig. 4. It can be seen that
our method has recovered the best results with the most real-
istic textures and details, such as the lime surface (shown in
the first row of Fig. 4) and the edges of the petals (shown in
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LR ZSSR P.T. ESRGAN ZSSR+KernelGAN DASR S.T. ESRGAN USR-DU (ours) GT

Figure 5: SISR visual quality comparisons of different methods on testing images from RealSR.

Track1 Track2

PSNR↑ SSIM↑ LPIPS↓ NIQE↓
ZSSR 25.01 0.6221 0.6366 5.7652
P.T. ESRGAN 25.40 0.6429 0.5712 5.5913
ZSSR+KernelGAN 21.93 0.5838 0.5970 6.4925
Impressionism 24.82 0.6619 0.2271 4.1326
DeFlow 25.88 0.7002 0.2184 3.4082
DAP 25.40 0.7070 0.2520 -
USR-DU (ours) 25.99 0.7141 0.2033 3.3426

Table 2: Comparison with the state-of-the-art on NTIRE2020. The
best performance is shown in bold.

the second row of Fig. 4). The visual results of Track2 are
shown in the third row of Fig. 4. Although no GT image is
provided as a reference, it can still be found that our recov-
ered image contains fewer undesirable artifacts. We have also
shown that the generated LR images and the learned degrada-
tion uncertainty in Fig. 6. The generated realistic LR images
have degradation similar to that of real LR images, and the
edges and texture areas tend to have a higher degradation un-
certainty.

4.4 Comparison with SOTA on RealSR dataset
The RealSR dataset provides real LR-HR pairs for valida-
tion. We have compared our approach with several state-of-
the-art methods, including ZSSR [Shocher et al., 2018], pre-
trained ESRGAN (P.T. ESRGAN) which is trained on syn-
thetic bicubic degradation, ZSSR+KernelGAN [Bell-Kligler
et al., 2019] and DASR [Wei et al., 2021]. We also provide
the results of the supervised trained ESRGAN (S.T. ESR-
GAN) for reference, which is trained by the real paired train-
ing data of RealSR.

The quantitative comparison is shown in Table 3, from
which we can see that our proposed method achieves the best
performance compared to other state-of-the-art methods. As
shown in Fig. 5, our proposed approach recovers sharp im-
ages with pleasing details, clearly outperforming all other
competing methods. Compared to DASR [Wei et al., 2021],
images are recovered with fewer visible artifacts. When com-
pared with S.T. ESRGAN which is trained in a supervised
manner, our method produces sharper and clearer textures
with less blurring effect.

PSNR↑ SSIM↑ LPIPS↓
ZSSR 26.01 0.7485 0.3827
P.T. ESRGAN 26.06 0.7542 0.4370
ZSSR+KernelGAN 24.00 0.7157 0.3069
DASR 26.23 0.7656 0.2507
USR-DU (ours) 26.56 0.7736 0.2289
S.T. ESRGAN 25.68 0.7271 0.2085

Table 3: Comparison with the state-of-the-art on RealSR. The best
performance is shown in bold.

HR Real LR Generated LR Uncertainty

Figure 6: Visualization of generated LR images and uncertainty. The
first and second rows show the images from the validation sets of
NTIRE Track1 and RealSR, respectively. Best viewed in color.

5 Conclusion
In this paper, we propose a novel approach called USR-DU
for SR in unsupervised real-world images with learned degra-
dation uncertainty. Given unpaired data, realistic LR images
and degradation uncertainty are learned first simultaneously.
Then, we sample multiple LR images from the learned LR
images (mean) and adaptive degradation uncertainty estima-
tion (variance) to construct LR-HR pairs to train the SR re-
construction networks. Additionally, we propose to calculate
the adversarial loss from the gradient information in the SR
stage for stable training performance and better visual quality.
Experimental results on popular real-world datasets demon-
strate the effectiveness of our approach for real-world SR -
when compared with other competing methods, ours often
achieves sharper SR-resolved images with fewer artifacts.
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