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Abstract

Single image super-solution (SR) aims to restore a high-
resolution (HR) image from a degraded low-resolution (LR)
image. However, existing SR models still face a significant
domain gap between synthetic and real-world datasets due
to the mismatched degradation distributions, hindering SR
models from achieving optimal results. In this paper, we pro-
pose an unsupervised diffusion-based degradation modeling
framework (UDDM) to effectively capture real-world degra-
dation distributions. Specifically, given unpaired LR and HR
images, a diffusion-based degradation module (DDM) first
models the degradation distribution by diffusing real-world
LR images to downsampled LR images, which does not re-
quire HR images. It then applies reverse diffusion to gener-
ate real-world LR images from extremely downsampled HR
images. This approach allows DDM to model and generate
real-world degradation distributions without requiring paired
data, by using extreme downsampling to link unpaired LR and
HR images. Additionally, we introduce a physics-based dy-
namic degradation module (P-DDM) that adaptively models
content-aware degradation, ensuring both content and struc-
tural accuracy. Finally, the LR images generated by DDM and
P-DDM are adaptively weighted to produce the final LR im-
ages, which are paired with the given HR images for train-
ing the SR network. Extensive experiments across multiple
real-world datasets demonstrate that our framework achieves
state-of-the-art performance in both qualitative and quantita-
tive comparison.

Introduction
Single image super-resolution (SISR) aims to reconstruct
high-resolution (HR) images from low-resolution (LR) ones,
which is a fundamental problem in low-level vision. Previ-
ous SR methods (Dong et al. 2014, 2016; Ledig et al. 2017;
Zhang et al. 2018b; Chen et al. 2021; Liang et al. 2021)
leverage deep learning to learn mappings from LR to HR
images, achieving good results on known LR degradations
(e.g., Bicubic, Gaussian). However, these methods may not
perform well on real-world images due to the complex and
unknown characteristics of real-world degradation (Liu et al.
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Figure 1: Degradation distribution of different generation
methods and their SR results. Our method matches the real-
world distribution and achieves the best SR result.

2022; Chen et al. 2022), which differ significantly from the
synthetic conditions used in training.

Existing methods for real-world SR can be broadly di-
vided into four categories. The most straightforward way is
capturing paired real-world datasets to train SR models (Cai
et al. 2019; Wei et al. 2020). However, it is costly (Liu et al.
2022) and faces challenges such as spatial misalignment and
color shift (Chen et al. 2022). Another way is to use unsuper-
vised learning to model the distribution from LR to HR im-
ages (Yuan et al. 2018; Maeda 2020), which might mismatch
the HR distribution due to unstable adversarial learning (Liu
et al. 2022). Recently, generating LR data from existing HR
images to create training pairs has shown promising results
(Liu et al. 2023). Yet, these methods often rely on hand-
crafted degradation models (Zhang et al. 2021; Wang et al.
2021) or the unstable generative capabilities of GANs (Bu-
lat, Yang, and Tzimiropoulos 2018; Wei et al. 2021), which
fail to accurately model LR degradation distributions (Zhang
et al. 2023), thereby limiting the performance of SR model
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in real-world circumstance.
Recently, diffusion model (Ho, Jain, and Abbeel 2020)

has demonstrated remarkable capabilities in various do-
mains. It excels at capturing complex and high-dimensional
data distributions by iteratively refining noisy inputs into
well-structured outputs (Wang, Yu, and Zhang 2022; Song
et al. 2020; Rombach et al. 2022). This iterative denoising
process allows us to model intricate real-world LR distribu-
tions with high accuracy. However, diffusion models typi-
cally require paired datasets (Yang et al. 2023a; Lin et al.
2024; Wang et al. 2023) to perform the HR-to-LR diffusion
process and generate realistic real-world LR distributions,
which poses a challenge due to the lack of LR-HR pairs.

In this paper, we propose a diffusion-based degradation
module (DDM) to effectively capture real-world degrada-
tion distributions in an unsupervised manner. DDM is based
on two main ideas. First, we leverage the diffusion model’s
powerful ability to accurately model real-world LR distri-
butions. Second, rather than learning the mapping from HR
to LR images (Bulat, Yang, and Tzimiropoulos 2018; Wei
et al. 2021), we use extreme downsampling to obtain ultra-
low-resolution (ULR) images from real-world LR images.
By learning the diffusion process from extremely downsam-
pled LR images to real-world LR images, we can model
degradation distributions more effectively using pure real-
world LR images, with scalability, consistency, and fidelity
to real-world LR, as shown in Figure 1.

Specifically, as shown in Figure 2, given unpaired HR im-
ages and real-world LR images, our goal is to learn the dis-
tribution of real-world LR degradation and generate paired
LR-HR data that matches this distribution. During training,
DDM learns the real-world degradation by diffusing real-
world LR images to extremely downsampled LR images.
In the inference phase, DDM performs the reverse diffusion
process to generate LR images from extremely downsam-
pled HR images, ensuring that the generated LR images fol-
low the real-world LR distribution. DDM leverages extreme
downsampling as a bridge to connect unpaired LR and HR
images, allowing the diffusion model to produce degradation
distributions that closely align with real-world conditions.

Additionally, we propose a physics-based dynamic degra-
dation module (P-DDM), which adaptively generates LR
images based on the content of the HR image. P-DDM con-
sists of a physics-based degradation module and a param-
eter generation module, where the former generates a wide
range of highly complex degradation, and the latter produces
content-aware parameters for the physics-based degradation
module. Finally, the LR images obtained from DDM and P-
DDM are fused together to form the final LR images follow-
ing the real-world degradation distribution, paired with HR
images to train SR models. Extensive experiments demon-
strate that our method achieves state-of-the-art performance
across multiple real-world datasets in both qualitative com-
parison and quantitative metrics.

Related Work
Single Image Super-resolution. Recent advancements in
single image super-resolution (SISR) have primarily focused
on deep learning techniques (Dong et al. 2014; Shi et al.
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Figure 2: Illustration on motivation. Existing learning-based
methods primarily rely on adversarial loss to adapt from the
realistic domain. Our approach exploits diffusion priors to
strengthen the details of synthetic LR.

2016; Ledig et al. 2017; Goodfellow et al. 2020; Yao et al.
2024; Pan et al. 2022). SRCNN (Dong et al. 2014) makes
significant strides by directly learning the mapping from LR
to HR images. ESPCN (Shi et al. 2016) introduces sub-pixel
convolution layers to enhance real-time SR performance, re-
fines residual blocks, and removes batch normalization to
boost image quality. To achieve photo-realistic results with
detailed textures, SRGAN (Ledig et al. 2017) introduces the
generative adversarial network (GAN) (Goodfellow et al.
2020) into the SR framework, and employs it as loss supervi-
sion to push the SR solutions closer to the natural manifold.
While these methods excel with synthetic degradations, such
as bicubic downsampling, they often struggle with complex
and varied distortions in real-world scenarios.
Real-world Super-resolution. To alleviate the domain shift
issues, GAN-based methods (Bulat, Yang, and Tzimiropou-
los 2018; Yuan et al. 2018; Maeda 2020) tend to learn the
real-world degradation model in the training stage implicitly.
Besides, other methods (Zhang et al. 2021; Wang et al. 2021)
try to simulate the real-world degradation distribution by
enumerating the degradation operations. However, due to the
complex and unknown processing of real-world images, it is
hard to mimic all types of degradation. Instead, some meth-
ods (Gu et al. 2019; Hussein, Tirer, and Giryes 2020; Huang
et al. 2020; Luo et al. 2022; Xu, Yao, and Xiong 2023) try
to estimate the image-specific degradation model during the
test time, which helps to reconstruct more plausible HR im-
ages. For instance, optimization-based methods (Gu et al.
2019; Hussein, Tirer, and Giryes 2020; Huang et al. 2020)
estimate the blur kernel and SR image together in an itera-
tive manner. However, these methods cannot generate satis-
factory results when the test images contain different types
of degradation (Liu et al. 2022). Thus, these methods still
suffer from the domain shift on test images with unknown
degradation.
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Figure 3: An overall illustration of the proposed degradation modeling framework. In the first stage, we train both the diffusion-
based degradation module (DDM) and the physics-based dynamic degradation module (P-DDM) with unpaired HR and LR
datasets. In the second stage, we apply the pre-trained models to synthesize well-degraded LR images. In the last stage, our
synthetic HR-LR pairs can be utilized to train arbitrary SR models in a supervised manner.

Diffusion-based Image Super-resolution. Diffusion mod-
els (Dhariwal and Nichol 2021) are increasingly valued in
SR for their powerful distribution modeling capabilities.
One type is to use diffusion models to generate HR images
directly from LR ones. For example, pre-trained priors are
used to produce HR images (Kawar et al. 2022; Wang, Yu,
and Zhang 2022; Fei et al. 2023; Yue and Loy 2022), lever-
aging the rich texture information in these models. However,
these techniques often struggle with non-blind degradation
or specific scenarios, such as facial images (Yue and Loy
2022). Recent advancements have seen the application of
large-scale text-to-image diffusion models (Rombach et al.
2022; Podell et al. 2023; Ramesh et al. 2022; Saharia et al.
2022), trained on extensive high-definition image datasets.
These models enhance the ability to handle diverse con-
tent (Wang et al. 2023; Lin et al. 2024; Yang et al. 2023b).
However, despite their advantages, these methods can be af-
fected by inaccurate priors and may introduce artifacts into
the generated HR images.

Another type (Fei et al. 2023) concurrently estimates the
degradation model to address real-world degradation. While
effective for linear degradation, this strategy faces chal-
lenges when dealing with more complex, non-linear real-
world degradations.

Method
Overview
Our goal is to reduce the degradation gap between training
and testing datasets so that SR models trained on synthetic
datasets can be applied to real-world LR images. As shown
in Figure 3, our unsupervised diffusion-based degradation
modeling (UDDM) framework has three stages: training

degradation modules, synthesizing pseudo pairs, and train-
ing the SR model.

Training degradation modules is the core part of our
method. It consists of two modules, i.e., a diffusion-based
degradation module (DDM) and a physics-based dynamic
degradation module (P-DDM). DDM learns the real-world
degradation distribution, enabling the diffusion model to
generate LR-HR image pairs that match the distribution. We
achieve this by using the extreme downsampling operation to
learn the diffusion process from an LR image to its extreme
downsampling version (see next section for details).

For P-DDM, we employ a physics-based degradation
model that uses CNN layers to simulate various degrada-
tion types. This enables the network to generate different
degradations following the physics rule, e.g., downsampling,
blur, color fading and noise. Additionally, we introduce a
dynamic generator network to predict the parameters of the
degradation model, allowing it to adaptively learn degrada-
tion based on the content of the image.

Once the degradation modules (DDM and P-DDM) are
optimized, we create pseudo image pairs using both degra-
dation modules. Specifically, we start by extremely down-
sampling the HR image to serve as input for DDM, while
the HR image is directly fed into P-DDM. The LR outputs
from DDM and P-DDM are then adaptively fused to form
LR-HR image pairs as

x = (1−w)DDM(Ihr) +w PDDM(Ihr), (1)

where x represents the final synthesized LR image, Ihr is
the HR image, and w denotes the weights of blending. Such
a design ensures that the LR-HR pairs accurately reflect
real-world degradation distributions, allowing the SR model
trained on these pairs to perform effectively on real-world
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Figure 4: A. Ultra-LR (ULR) image performs a bridge be-
tween unpaired LR and HR images. B. MAE between HR
images and their LR pairs decreases as the downscale level
increases, thereby eliminating the domain gap.

LR images.

Diffusion-based Degradation
The Diffusion model has great potential to accurately model
real-world degradation distributions. However, limited by
the absence of paired data, it is difficult to directly learn the
diffusing process from real-world LR and HR image pairs,
which hinders the training of the diffusion model.

To overcome this challenge, we leverage the extreme
downsampling operation to learn the real-world degradation
distribution. Specifically, given unpaired LR image IRlr ∈
RH×W×3 and HR image Ihr ∈ RrH×rW×3, where H,W
are the height and width of the LR image, and r > 1 is
a scale factor. We first downsample the IRlr into its ultra LR
version IRlr ↓s∈ RH/s×W/s×3, where ↓s represents the bicu-
bic downsampling with the scale factor s > 1.

In this way, we can learn the real-world degradation dis-
tribution by applying a forward diffusion process to the ultra
LR image IRlr ↓s as

IRlr = DDM(IRlr ↓s). (2)

This involves progressively adding Gaussian noise over sev-
eral steps, creating a sequence of increasingly noisy images
xt. The forward process can be described by the equation
xt+1 = xt +

√
βt · ϵ, where ϵ is Gaussian noise and βt con-

trols the noise variance at step t.
The training objective is to minimize the difference be-

tween the generated clean image and the original image,
achieved by using the variational lower bound (VLB) of the
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Figure 5: Observation of the relation between CNN layers
and degradation types.

data likelihood as the loss function

Ld = Ex0,ϵ,t

[
∥ϵ− ϵ̂θ(xt, t)∥2

]
. (3)

Here, ϵ̂θ(xt, t) is the model’s prediction of the noise added at
time t, and the squared L2 norm ∥ · ∥2 measures the discrep-
ancy between the true and predicted noise. By optimizing
this loss function, the diffusion model learns to accurately
capture and generate real-world degradation patterns, effec-
tively bridging the gap between synthetic and real-world im-
age distributions.

To utilize the DDM for generating low-resolution (LR)
images IDlr paired with high-resolution (HR) images, we per-
form the reverse diffusion process. This process iteratively
denoises the extremely downsampled HR image Ihr ↓rs∈
RH/s×W/s×3. Specifically, the reverse diffusion can be rep-
resented as

IDlr = DDMreverse(Ihr ↓rs). (4)

Such a process enables us to generate paired LR-HR data
(IDlr , Ihr) that aligns to real-world degradation distributions.
These pairs can then be used to train the SR model, provid-
ing better performance on real-world images.
Analysis of extreme downsampling. As shown in Figure 4
extreme downsampling offers two main benefits. First, it en-
ables the model to learn real-world degradation distributions
with only real-world LR images. By significantly reducing
the resolution of these images, the model captures the degra-
dation characteristics, which allows for the generation of ac-
curate LR-HR pairs in the following stage. Second, extreme
downsampling bridges the gap between synthetic and real-
world data. Figure 4 (b) shows that increasing the down-
sampling rate improves the similarity between synthetic and
real-world images. This means that a model trained on ex-
tremely downsampled real-world LR images can effectively
handle extremely downsampled HR images, producing LR-
HR pairs that closely match real-world degradation patterns.

Physics-based Dynamic Degradation
Despite the effectiveness of DDM, diffusion models often
produce unstable textures and excessive sharpening. To ad-
dress these, we incorporate a physics-based dynamic degra-
dation module (P-DDM) to ensure the texture quality of
generated LR images. P-DDM comprises two main compo-
nents: physics-based degradation generation and parameter
generation. The former generates realistic content based on
physical operations, while the latter generates parameters for
the degradation model based on the input image.

2351



Model (Generator) RealSR(Cai et al. 2019) DRealSR(Wei et al. 2020)
PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

SwinIR (Real-ESRGAN) 24.395 0.776 0.3037 119.43 26.944 0.8308 0.3219 139.18
SwinIR (Syn-Real) 25.589 0.7687 0.3835 163.13 28.301 0.8309 0.3801 154.59
SwinIR (Ours) 26.732 0.7913 0.2652 105.92 29.247 0.8386 0.2709 118.09
Real-ESRGAN (Real-ESRGAN) 25.600 0.7587 0.2749 138.94 28.549 0.8043 0.2820 146.94
Real-ESRGAN (Syn-Real) 24.341 0.7370 0.3021 159.44 27.483 0.7899 0.3306 171.89
Real-ESRGAN (Ours) 26.651 0.7769 0.2061 102.43 29.176 0.8032 0.2645 150.44

StableSR (Real-ESRGAN) 24.629 0.7035 0.3014 133.92 27.846 0.7412 0.3337 152.62
StableSR (Syn-Real) 25.679 0.7302 0.3680 165.62 28.621 0.7952 0.3892 183.45
StableSR (Ours) 26.820 0.7768 0.2514 128.11 29.678 0.8267 0.2567 140.550

Table 1: Quantitative comparisons of the SR performance of representative models (trained with distinct data generation meth-
ods) on RealSR and DRealSR datasets. The best results are highlighted in bold.

Prior work (Luo, Wu, and Guo 2023) has shown that
neural network operations can simulate general degrada-
tion types. As illustrated in Figure 5, convolution layers can
mimic blurring and ringing effects, pooling layers for down-
sampling, activation layers reproduce color fading and pos-
terization, and additional operations introduce noise. Hence,
a lightweight convolutional network is sufficient for model-
ing the major degradation types in super-resolution tasks.

To more accurately model complex degradations, such as
JPEG compression that affects different regions of an im-
age, we introduce a dynamic network that generates degra-
dation parameters based on the input image’s content. This
network, designed as a simple convolutional architecture,
processes an HR image to produce a set of parameters for
the physics-based degradation model. It maintains texture fi-
delity and improves the quality of the generated LR images,
ensuring that the degradation process aligns more closely
with real-world conditions.

The loss function of P-DDM is as

LPDDM = Lrec + αLadv, (5)

where α is a balance factor, Lrec = ∥IPlr − Ihr ↓r ∥2 en-
sures the structure of output, and Ladv is the adversarial
loss (Ledig et al. 2017) to learn the real-world distribution
of LR image IRlr .

Experiments
Implementation Details
We adopt StableSR1 to implement DDM, with minor modifi-
cations on loading the training dataset. To generate degraded
images, we finetune StableSR (Wang et al. 2023) for 223
epochs with a batch size of 192, and the prompt is fixed as
null. The training process is conducted on images cropped to
128× 128 resolution. We adopt DDPM sampling (Ho, Jain,
and Abbeel 2020) with 200 timesteps for inference.

After synthesizing fused degraded LR images, we still
adopt StableSR (Wang et al. 2023) as our SR model. To
super-resolve images, we finetune StableSR for 119 epochs
with a batch size of 24, and the prompt is fixed as null.

1https://github.com/IceClear/StableSR

The training process is conducted on images cropped to
512 × 512 resolution. We still adopt DDPM sampling (Ho,
Jain, and Abbeel 2020) with 200 timesteps for inference.

When cropping input images to our desired resolution, we
crop the images in left to right and top to bottom direction
without overlap, except for the last patch that is smaller than
our desired resolution. To handle output images with arbi-
trary sizes, we adopt the aggregation sampling strategy pro-
posed in StableSR (Wang et al. 2023) for images beyond
512× 512. More details can be found in the appendix.

Experimental Settings

Training Datasets. We adopt the proposed dual branch
degradation modeling framework to synthesize HR-LR
pairs. The HR dataset consists of DIV2K (Agustsson and
Timofte 2017), Flickr2K (Timofte et al. 2017) and Out-
doorSceneTraining (Wang et al. 2018) datasets. The LR
dataset is made up of the training sets from RealSR (Cai
et al. 2019) and DRealSR (Wei et al. 2020).
Testing Datasets. We evaluate our approach on the testing
sets of RealSR (Cai et al. 2019) and DRealSR (Wei et al.
2020). The resolution of LR and HR is 128×128 and 512×
512, respectively. Note that for StableSR, the inputs are first
upsampled to the same size as the outputs before inference.
Compared Methods. To verify the effectiveness of our
framework, we apply our synthetic data pairs to train sev-
eral state-of-the- art SR models in a supervised manner. We
choose SwinIR (Liang et al. 2021), Real-ESRGAN (Wang
et al. 2021), and StableSR (Wang et al. 2023) to represent
transformers, GANs, and diffusion models respectively. We
also train these SR models on data pairs generated by other
degradation methods, i.e. Real-ESRGAN (Wang et al. 2021)
and Syn-Real (Yang et al. 2023c), to compare the effects
of distinct training data generators given their SR perfor-
mances. For all methods mentioned above, we adopt the of-
ficial code and models for training and testing.
Evaluation Metrics. Since benchmarks RealSR and
DRealSR have paired HR-LR data, we employ various
reference-based metrics including PSNR (Huynh-Thu and
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(a) Zoomed LR (b) Real-ESRGAN (d) Ours (e) HR(c) Syn-Real

Figure 6: Qualitative comparisons of SR results trained on different synthetic data. Super-resolved images (128 → 512) are
collected from RealSR (Cai et al. 2019) and DRealSR (Wei et al. 2020) datasets. (Zoom in for details)

Ghanbari 2008), SSIM (Wang et al. 2004)2, LPIPS3 (Zhang
et al. 2018a), FID (Heusel et al. 2017) to evaluate both the
consistency and perceptual quality of generated images.

Comparison with Existing Methods
Quantitative Comparisons. We first show the quantitative
comparison of two real-world benchmarks. As shown in Ta-
ble 1, our approach achieves the best scores in most cases.
It outperforms other synthesizing methods in both accurate
(i.e. PSNR, SSIM) and perceptual metrics (i.e. LPIPS, FID).
Although Real-ESRGAN achieves higher SSIM and FID
scores on its own model, the differences between its scores
and the scores of our approach are tiny and trivial.

2PSNR and SSIM scores are both evaluated on the luminance
channel in YCbCr color space

3We use LPIPS-ALEX by default.

Moreover, existing methods fail to restore faithful textures
and generate blurry results, as shown in Fig. 6. In contrast,
our approach is capable of generating sharp images with re-
alistic details. For instance, both b and c methods fail to re-
store the details on the windows in the third picture of Fig. 6,
only our methods produce small circles similar to the win-
dows’ structure of the HR image.

Qualitative Comparisons. To demonstrate the effectiveness
of our method, we present visual results on real-world im-
ages from both real-world benchmarks (Cai et al. 2019; Wei
et al. 2020) in Fig. 6. It is observed that our approach out-
performs previous methods in both artifact removal and de-
tail generation. Specifically, our approach is able to generate
faithful details, as shown in the first row of Fig. 6, while
other methods either show blurry results (Syn-Real) or un-
natural details (Real-ESRGAN). Moreover, as shown in the
fourth row of Fig. 6, our approach generates sharp edges
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(a) HR (b) Real-ESRGAN (d) Ours (e) Real LR(c) Syn-Real (a) HR (b) Real-ESRGAN (d) Ours (e) Real LR(c) Syn-Real

Figure 7: Qualitative comparisons of different data generation methods. Degraded images (512 → 128) are from RealSR (Cai
et al. 2019) and DRealSR (Wei et al. 2020) datasets. (Zoom in for details)

Figure 8: Distribution visualization of LR images.

without obvious degradations, whereas other state-of-the-art
methods generate blurry results.

Visualization of Synthetic LR
According to Fig. 7, our synthetic LR images have the clos-
est visual effect to the real LR images. LR images generated
by Real-ESRGAN (Wang et al. 2021) often contain more
blur and noise than real-world ones, while Syn-Real (Yang
et al. 2023c) significantly destroy the content (e.g. letters,
shapes, and colors) of LR images.

We also apply a t-distributed stochastic neighbor embed-
ding (t-SNE) clustering algorithm to visualize the similarity
between the distribution of synthetic LR images and real-
world LR images. LR images are first reduced to 2 dimen-
sions via the principal component analysis (PCA) algorithm.
Then they are clustered by t-SNE and plotted in a scatter plot
with distinct colors. According to Fig. 8, our synthetic LR
images have a closer distribution to real-world LR images
compared to Real-ESRGAN (Wang et al. 2021) and Syn-
Real (Yang et al. 2023c).

Ablation Study
We use a fusion coefficient w ∈ [0, 1] to control the weight
of each branch in the final synthetic LR images. Specifically,
a small w tends to utilize more diffusion prior while a larger
w enhances the fidelity of generated images. As shown in
Table 2, compared with DDM (w = 0), larger values of w

Datasets Metrics DDM
(w = 0.0)

UDDM
(w = 0.5)

P-DDM
(w = 1.0)

RealSR

PSNR ↑ 26.10 26.63 26.44
SSIM ↑ 0.7626 0.7821 0.7716
LPIPS ↓ 0.3190 0.2439 0.2503

CLIP-IQA ↑ 0.6127 0.6234 0.5847
MUSIQ ↑ 65.81 65.88 64.05

DRealSR

PSNR ↑ 27.43 28.03 27.97
SSIM ↑ 0.7341 0.7936 0.7540
LPIPS ↓ 0.3595 0.2654 0.3080

CLIP-IQA ↑ 0.6340 0.6357 0.5893
MUSIQ ↑ 58.98 58.51 56.77

Table 2: Ablation studies of the controllable branch fusion
coefficient w on RealSR (Wang et al. 2021) and DRealSR
(Wei et al. 2020) datasets.

achieve higher PSNR and SSIM on all benchmarks, indicat-
ing better fidelity. By contrast, DDM achieves better percep-
tual quality via higher CLIP-IQA and MUSIQ scores. We
further find that a proper w can improve both fidelity and
perceptual quality. UDDM (w = 0.5) shows comparable
PSNR and SSIM with P-DDM (w = 1) but achieves better
perceptual metric scores in CLIP-IQA scores and MUSIQ.
Hence, we set the fusion coefficient w to 0.5 by default for
trading between quality and fidelity.

Conclusion
Witnessed the rapid development of real-world image super-
resolution, we attempt to develop a reliable and flexible ap-
proach to reduce the discrepancy between training and test-
ing data. This paper proposes a novel framework to exploit
dynamic networks, adversarial learning, and diffusion priors
to produce realistic LR images for training SR models. We
devote our efforts to tackling well-known problems such as
the lack of paired training data for supervised learning and
the distribution shift between training and testing data. We
believe that our exploration would lay a good foundation in
this field, and our proposed DDM and P-DDM could provide
precious insights for future works. The most explicit limita-
tion of the proposed framework is the high cost of time and
computational resources due to the property of the diffusion
model, hence hindering its application. We hope to enhance
its efficiency in future work by changing the sampling strat-
egy, refining the model structure, and distillation.
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