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Abstract

Benefiting from their powerful generative capabilities, pre-
trained diffusion models have garnered significant attention
for real-world image super-resolution (Real-SR). Existing
diffusion-based SR approaches typically utilize semantic in-
formation from degraded images and restoration prompts
to activate prior for producing realistic high-resolution im-
ages. However, general-purpose pretrained diffusion mod-
els, not designed for restoration tasks, often have subopti-
mal prior, and manually defined prompts may fail to fully
exploit the generated potential. To address these limitations,
we introduce RAP-SR, a novel restoration prior enhance-
ment approach in pretrained diffusion models for Real-SR.
First, we develop the High-Fidelity Aesthetic Image Dataset
(HFAID), curated through a Quality-Driven Aesthetic Im-
age Selection Pipeline (QDAISP). Our dataset not only sur-
passes existing ones in fidelity but also excels in aesthetic
quality. Second, we propose the Restoration Priors Enhance-
ment Framework, which includes Restoration Priors Refine-
ment (RPR) and Restoration-Oriented Prompt Optimization
(ROPO) modules. RPR refines the restoration prior using the
HFAID, while ROPO optimizes the unique restoration iden-
tifier, improving the quality of the resulting images. RAP-SR
effectively bridges the gap between general-purpose mod-
els and the demands of Real-SR by enhancing restoration
prior. Leveraging the plug-and-play nature of RAP-SR, our
approach can be seamlessly integrated into existing diffusion-
based SR methods, boosting their performance. Extensive ex-
periments demonstrate its broad applicability and state-of-
the-art results.

Code — https://github.com/W-JG/RAP-SR

1 Introduction

Image super-resolution (SR) is a fundamental task in com-
puter vision, aiming to reconstruct high-resolution (HR) im-
ages from low-resolution (LR) inputs, with broad appli-
cations in mobile photography, autonomous driving, and
robotics. SR remains a highly ill-posed problem due to the
complexity and variability of degradation models in real-
world scenarios. Early SR solutions focus on improving fi-
delity (Dong et al. 2014; Kim, Lee, and Lee 2016; Zhu et al.
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Figure 1: Visual Comparison: RAP-SR enhances the
restoration prior of pretrained diffusion models. Our pro-
posed RAP-SR method can be seamlessly integrated into
diffusion-based SR methods, generating more realistic de-
tails and textures without the need for fine-tuning the origi-
nal model.

2021) by employing pixel-level losses such as ¢; and MSE,
often resulting in over-smoothed details. Advanced architec-
tures (Liang et al. 2021) have improved performance, but
issues like artifacts and poor visual quality remain when ap-
plied to real-world scenarios. To address this, Real-SR meth-
ods aim to reproduce realistic details by optimizing both fi-
delity and perceptual quality, often employing generative ad-
versarial networks (GANs) (Goodfellow et al. 2014). How-
ever, GAN-based approaches suffer from problems such as
model collapse and difficult training.

Recently, diffusion models (Ho, Jain, and Abbeel 2020)
have gained prominence in image generation, leading to the
development of large-scale pretrained text-to-image (T2I)
diffusion models, such as Stable Diffusion (SD). For a
wide range of natural images, diffusion prior is more ef-
fective than GAN-based prior. Additionally, these models
have shown significant potential in various downstream low-
level vision tasks, including image editing, image restora-
tion, and image-to-image translation. Methods such as Sta-
bleSR (Wang et al. 2024), PASD (Yang et al. 2024),
DiffBIR (Lin et al. 2024), SUPIR (Yu et al. 2024), and
SeeSR (Wu et al. 2024) leverage pretrained T2I models to



tackle the Real-SR problem by capturing semantic structures
from LR images and using handcrafted restoration prompts
to activate restoration prior for generating realistic HR im-
ages.

However, employing pretrained diffusion models for
Real-SR tasks presents two primary challenges: the inade-
quacy of restoration prior and inaccuracies in prompt activa-
tion. General pretrained diffusion models are not inherently
designed for restoration tasks. While these models have
strong prior knowledge and can generate images of varying
quality, their limited restoration prior hinders their ability
to produce high-quality, rich-detail images (Dai et al. 2023;
Chen et al. 2024). Moreover, previous diffusion-based SR
methods often rely on manually crafted restoration prompts'
to activate restoration prior. Natural language often fails to
accurately describe image quality under multiple degrada-
tions, leading to incorrectly activated restoration prior.

To address these limitations, we propose RAP-SR, a
novel restoration prior enhancement approach in pretrained
diffusion models for Real-SR. Firstly, we develop the High-
Fidelity Aesthetic Image Dataset (HFAID) using a Quality-
Driven Aesthetic Image Selection Pipeline (QDAISP). Al-
though large-scale datasets are available, the images within
these datasets often suffer from poor and inconsistent quality
due to varied purposes.

We propose a meticulous four-stage image selection pro-
cess (QDAISP) facilitated by a large-scale multi-modality
model to filter images by evaluating both the image quality
and aesthetic attributes. As a result, HFAID consists of 5,000
high-fidelity and aesthetic images from a pool of 1 million,
surpassing the quality of all existing datasets tailored for im-
age restoration.

This dataset serves as the foundation for enhancing the
prior of pretrained models, enabling the transition from low-
quality image generation to high-quality output production.
Secondly, we establish a Restoration Prior Enhancement
framework, including restoration prior refinement (RPR)
and restoration-oriented prompt optimization (ROPO). RPR
refines the restoration prior by fine-tuning the model using
HFAID. ROPO optimizes specific identifiers during the prior
refinement phase. The method combines unique identifiers
with the image’s semantic caption, strengthening the associ-
ation between prompt and image quality, and enabling accu-
rate activation of the restoration prior. As a result, our frame-
work effectively strengthens the restoration prior, bridging
the gap between general-purpose models and Real-SR tasks.

RAP-SR’s plug-and-play design allows it to be seamlessly
integrated with existing diffusion-based SR methods, such
as StableSR, DiffBIR, and SeeSR, improving both visual
quality and objective metrics. Overall, our contribution is
summarized as follows:

* We collected the High-Fidelity Aesthetic Image Dataset

le.g., SeeSR positive prompt: “clean, high-resolution, 8k”;
SeeSR negative prompt: “dotted, noise, blur, lowres, smooth”.
SUPIR positive prompt: “cinematic, high contrast, highly detailed,
32k, ultra HD, extreme meticulous detailing, ezc”’; SUPIR negative
prompt: “painting, oil painting, illustration, drawing, art, sketch,
etc”.
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(HFAID), which surpasses existing datasets not only in
fidelity but also in aesthetic quality, effectively enhancing
the priors of diffusion models.

* We proposed a Prior Restoration Enhancement frame-
work, which includes the Restoration Prior Refinement
(RPR) and Restoration-Oriented Prompt Optimization
(ROPO) modules, designed to improve and accurately
activate the model’s restoration priors.

* Our method can be seamlessly integrated to improve
existing diffusion-based SR methods. Extensive experi-
ments demonstrate its broad applicability and excellent
performance.

2 Related Work
2.1 Real-world Image Super Resolution

Deep learning has emerged as the predominant approach for
SR tasks, with the pioneering work of SRCNN (Dong et al.
2014) utilizing deep neural networks for SR. Subsequent
methods that incorporate residual connections and atten-
tion mechanisms (Liang et al. 2021) often aim to minimize
fidelity loss through pixel-level supervised loss functions.
However, this approach typically results in overly smoothed
details. Recent research has shifted towards addressing Real-
SR challenges, which involve complex and unknown degra-
dation processes. Some researchers propose collecting real-
world LR and HR paired data to train networks (Cai et al.
2019; Wei et al. 2020), although this approach can be costly.
Alternatively, other methods focus on synthesizing realis-
tic data pairs for training. Notably, BSRGAN (Zhang et al.
2021) and RealESRGAN (Wang et al. 2021) offer efficient
degradation pipelines for Real-SR. Given the generative ca-
pabilities of GAN-based methods (Goodfellow et al. 2014),
they have become dominant in Real-SR tasks. Adversarial
training improves the perceptual quality of images. How-
ever, GANs face limitations such as training instability and
model collapse, which often result in unnatural artifacts.
Consequently, recent research has begun exploring advanced
generative models, such as diffusion models, which are ca-
pable of generating high-quality, detailed images.

2.2 Diffusion Model

Diffusion models utilize Markov chains to transform latent
variables into complex data distributions, as exemplified by
DDPM (Ho, Jain, and Abbeel 2020) and its accelerated vari-
ant, DDIM (Song, Meng, and Ermon 2021). The Latent Dif-
fusion Model (LDM)(Rombach et al. 2022) achieves im-
pressive results with reduced computational costs. These
advancements enable large-scale pretrained text-to-image
(T2I) models like Stable Diffusion (SD) and ImgGen. Con-
trolNet (Zhang, Rao, and Agrawala 2023) allows for exter-
nal control over the generation process, while EMU (Dai
et al. 2023) enhances aesthetic quality through fine-tuning.
InstructPix2Pix (Brooks, Holynski, and Efros 2023) refines
T2I models using editing instructions. Diffusion models ex-
cel in various image generation tasks, including restoration,
editing, and colorization.
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Figure 2: Quality-Driven Aesthetic Image Selection Pipeline. This process is divided into four stages. Unlike previous methods
that focus solely on image quality, our approach incorporates the multi-modality model to evaluate both image quality and
aesthetic performance. Ultimately, we meticulously select 5,000 ultra-high-quality images from the initial pool of one million

images to create the High-Fidelity Aesthetic Image Dataset.

2.3 Diffusion-Based Super-Resolution

Diffusion-based SR methods can be categorized into three
main types. The first type adjusts the inverse process of pre-
trained diffusion models using gradient descent (Wang, Yu,
and Zhang 2023). These methods do not require retraining
but assume a predefined image degradation model, limiting
their applicability in Real-SR scenarios. The second type in-
volves training the diffusion model on paired data (Rombach
et al. 2022; Yue, Wang, and Loy 2023), but the restoration
quality is heavily dependent on the quantity of training data,
constraining their potential to achieve exceptional results.
The third type leverages the robust generative prior of large-
scale pretrained diffusion models by introducing adapters
for control (Wu et al. 2024; Yang et al. 2024). By utilizing
LR images as control information, pretrained diffusion mod-
els can produce high-quality results, making this approach
the mainstream for diffusion model-based SR methods. Sta-
bleSR (Wang et al. 2024) balances fidelity and perceptual
quality by incorporating a time-aware encoder and feature
warping. DiffBIR (Lin et al. 2024) employs SwinlIR (Liang
et al. 2021) for initial degradation removal, enhancing de-
tails with a diffusion model. PASD (Yang et al. 2024) uti-
lizes semantic models like ResNet (He et al. 2016) to extract
information from LR images, thereby bolstering the gen-
erative capability of T2I models. SeeSR (Wu et al. 2024)
improves T2I model generation using tags and additional
conditions. CoSeR (Sun et al. 2024) augments T2I model
generation by providing reference images from LR inputs.
SUPIR (Yu et al. 2024) achieves superior outcomes through
the use of a larger diffusion model, coupled with a robust
language model. These methods guide T2I diffusion mod-
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els in generating high-quality HR images by extracting ad-
ditional semantic information from degraded LR images.
However, they often overlook the restoration prior inherent
in pretrained diffusion models, which are crucial for image
reconstruction tasks.

3 Methodology
3.1 High-Fidelity Aesthetic Image Dataset

Observation and Motivation Previous research (Dai
et al. 2023; Chen et al. 2024) indicates that training large-
scale T2I diffusion models involves multiple phases. The
initial phase focuses on aligning text and images, where
the diffusion model establishes a mapping between the two
by leveraging billions of text-image pairs. The subsequent
phase, known as quality-tuning, aims to enhance image qual-
ity. Once text-image alignment is achieved, the pretrained
model can be fine-tuned using a small dataset tailored to
specific task domains. In the Real-SR task, it is particularly
important to enhance the model’s restoration prior through
quality-tuning.

During the quality-tuning phase, the quality of the dataset
is crucial to the effectiveness of model training (Dai et al.
2023). An ideal dataset should contain high-quality, detail-
rich images with informative captions. However, existing
datasets like LAION-5B (Schuhmann et al. 2022) suffer
from poor image quality, incomplete captions, and misalign-
ment between images and text. Widely adopted datasets such
as SAM (Kirillov et al. 2023), COCO (Lin et al. 2014), and
ImageNet (Deng et al. 2009) also have low quality and inad-
equate labeling. Although datasets such as DIV2K (Agusts-
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Figure 3: Restoration Priors Enhancement Framework: This framework includes Restoration Priors Refinement (RPR) and
Restoration-Oriented Prompt Optimization (ROPO). ROPO optimizes the restoration prompt by constructing both positive
and negative samples. For negative samples, a degradation model generates low-quality images and then combines the unique
restoration identifier with the image’s semantic caption to create training data. Through the subsequent RPR process, the model
enhances its restoration prior, learning to associate image quality with the restoration identifier.

son and Timofte 2017), Flickr2K (Timofte et al. 2017), and
LSDIR (Li et al. 2023b) provide relatively high quality, they
still do not meet ultra-high-quality standards due to quality
inconsistencies in their datasets.

Quality-Driven Aesthetic Image Selection Pipeline To
address these issues, we curate a high-fidelity aesthetic im-
age dataset (HFAID) by selecting 5,000 ultra-high-quality
images from an initial pool of 1 million images. To effec-
tively filter the image data, we design a quality-driven aes-
thetic image selection pipeline that considers both image
quality and aesthetic performance. As shown in Figure 2,
the selection process is divided into four stages: Initial Data
Cleaning, Quality Assessment, Aesthetic Assessment, and
Human Verification.

Initially, we collect approximately 1 million images from
existing datasets and publicly available online sources.
Initial data cleaning is performed, including checks for
grayscale images, verification of image size and aspect ra-
tio, and the use of Laplacian variance (Li et al. 2023b) to
detect image noise. In the second stage, to accurately assess
image quality, we employ state-of-the-art no-reference im-
age quality assessment metrics. The currently available no-
reference image quality metrics (e.g., CLIP-IQA, MANIQA,
MUSIQ, NIQE, BRISQUE, etc.) each focus on different as-
pects. Our goal is to select extremely high-quality data that
meets human aesthetic standards. Therefore, the choice of
metrics is crucial. We first select 200 images with the best
and worst performance under each metric from the LSDIR
dataset and conduct a 10-person user evaluation, ultimately
selecting MANIQA (Yang et al. 2022), CLIP-IQA (Wang,
Chan, and Loy 2023), and NIQE (Zhang, Zhang, and Bovik
2015) as the core evaluation metrics.

Previous image restoration datasets primarily focus on
image quality and detail richness but lack exploration of aes-
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Figure 4: Comparison of No-Reference Metrics Across Dif-
ferent Datasets. Our proposed dataset significantly outper-
forms existing datasets across all evaluation metrics.

thetic evaluation. The aesthetic quality of images is equally
crucial for image generation tasks. Studies have shown that
multi-modality models have surpassed traditional models
in the field of image understanding (Li et al. 2023a). In
the third phase, we use existing multi-modality models for
aesthetic evaluation, utilizing the mPLUG-OwI2 (Ye et al.
2024) model to query images and obtain precise aesthetic
evaluation metrics. In the final phase, we conduct human
verification to accurately assess the quality of each image,
ensuring that each image is evaluated by at least two people.
We provide a detailed explanation of the selection process in
the supplementary material.

Comparison With Other Datasets As illustrated in fig-
ure 2, our dataset excels in both image quality and de-
tail richness. We evaluate the quality of our dataset us-
ing five no-reference image quality assessment metrics:



MANIQA, MUSIQ, CLIP-IQA, BRISQUE, and NIQE. Fig-
ure 4 presents the results, showing that our dataset signifi-
cantly outperforms others across all metrics. Additional ex-
amples are provided in the supplementary material.

3.2 Restoration Priors Enhancement Framework

Restoration Priors Refinement High-quality image cap-
tions are also crucial for training diffusion models. To gen-
erate text labels with high information density, we uti-
lize the advanced vision-language model Florence-2 (Xiao
et al. 2024), a large-scale end-to-end multi-modality model.
Leveraging its image understanding capabilities, we produce
high-quality text labels. The quality of our labels surpasses
that of existing text-image datasets (Schuhmann et al. 2022),
with further details provided in the supplementary materials.

Since the pre-trained diffusion model has already com-
pleted text-image alignment, we can achieve quality-tuning
with high-quality image-text data in a short period, thereby
enhancing the model’s ability to restoration prior knowl-
edge. Using a smaller batch size of 40, the model converges
within 3,000 steps, significantly reducing training time. Ad-
ditionally, we find that both the quantity and quality of data
significantly influence the tuning effect, which will be dis-
cussed in detail in section 4.2.

Restoration-Oriented Prompt Optimization Previous
diffusion-based SR models often rely on manually designed
restoration prompts to activate restoration prior, frequently
resulting in defocused images and artifacts that degrade the
overall quality of image restoration. DreamBooth (Ruiz et al.
2023) introduces a novel method for fine-tuning pre-trained
diffusion models by associating a unique identifier with a
specific object using a small number of images, enabling
the generation of realistic images that accurately represent
the object. While DreamBooth focuses on binding specific
object concepts to pretrained diffusion models, we extend
its application to restoration prompt optimization for im-
age quality. We develop a restoration-oriented prompt op-
timization method to precisely activate the model’s restora-
tion prior. The method is shown in figure 3.

Given the challenges of fully expressing image quality
through natural language, especially under conditions of
multiple degradations, we create new identifiers to represent
various levels of image quality. During the restoration prior
enhancement phase in diffusion models, we redefine the cat-
egories of high-quality and degraded low-quality image data
to better align with the needs of models.

For the high-quality category, we utilize high-quality im-
age data and combine positive restoration identifiers with
the semantic caption of the images to form positive samples.
These positive samples serve as a benchmark for the model
to understand what constitutes high-quality imagery. In con-
trast, for the low-quality category, we first generate degraded
low-quality image data using a sophisticated image degra-
dation model. We then combine negative restoration iden-
tifiers with the semantic captions of the original images to
create negative samples. By merging these unique identifiers
with their semantic captions, we effectively link image qual-
ity with image semantics, making it easier for the model to
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Algorithm 1: Restoration-oriented Prompt Optimization Al-
gorithm

Require: Ultra-high-quality Dataset of image-text pairs
S = {(zi,c;)}Y,, diffusion model fy, degradation
model d,, number of timesteps 7', noise schedule
{B:}L_,, positive identifier cp, negative identifier c,,
positive ratio r, learning rate n

1: Initialize model parameters 6 from a pre-trained model
2: for each (z;,¢;) in S do
3:  Sample a random value u ~ Uniform(0, 1)

4:  if u < r then
5 Append positive identifier:
¢; — concatenate(cp, ¢;)
6: else
7: Append negative identifier:
¢; < concatenate(cy,, ¢;)
8: Degrade the image: x; < d,,(z;)
9: endif
10:  Sample timestep ¢ ~ Uniform(1,7")
11:  Sample noise € ~ N(0,1)
12:  Compute noisy image: x; < /& - ¢; + /1 — @ - €,
where @; = [[\_,(1 — )
13:  Predict noise: €y + fo(x¢,t,¢;)
14:  Compute loss: L < ||e — é5]|?
15:  Update model parameters: 8 <— 6§ — nVyL

16: end for

distinguish between different quality levels.

During the training process, we perform a random sam-
pling of positive and negative samples according to a pre-
determined ratio r. This is crucial for fine-tuning the pre-
trained diffusion model, enabling it to learn how to asso-
ciate high-quality and low-quality images with their corre-
sponding identifiers. As a result, the model becomes adept
at accurately activating the restoration prior, which signifi-
cantly enhances its ability to generate high-quality images
from degraded inputs. This method ensures a more reliable
and consistent image restoration process across various sce-
narios. The pseudo-code of our restoration-oriented prompt
optimization algorithm is summarized as Algorithm 1.

During inference, we adopt a classifier-free guidance
strategy, which enables the diffusion model to generate
higher-quality images using negative prompts without addi-
tional training. At each inference step, we calculate the pos-
itive prompt ¢, and negative prompt ¢,y and mix these
predictions to obtain the final output:

€= Gg(thr,t,Cpos7l'lr), (1)
6Aneg = 69(25;7-5 t, Cneg> l'lr)a 2)
E= & Ay — fncy)- 3)

where )\, is the guidance scale and 2}, represents the noise
potential of the low-resolution image. In practice, We em-
ploy unique identifiers defined during our training as pos-
itive prompts ¢,,s and negative prompts cp.q t0 generate
higher-quality images.



Datasets |  Metric | StableSR  Stable + RAP-SR | DiffBIR  DiffBIR + RAP-SR | SeeSR  SeeSR + RAP-SR

PSNR 1 23.28 23.85 23.66 23.83 23.70 23.59

SSIM 1 0.5733 0.5808 0.5651 0.5694 0.6052 0.5897

LPIPS | 0.3118 0.3542 0.3516 0.3536 0.3168 0.3501

DIV2K MANIQA 1 0.6193 0.6017 0.6211 0.6255 0.6246 0.6271
MUSIQ * 65.85 66.32 65.77 66.90 68.66 68.86

CLIPIQA 1 0.6771 0.7517 0.6693 0.6928 0.6936 0.7254
BRISQUE | 15.62 11.84 14.66 8.69 20.41 16.08
PSNR 1 24.60 25.03 24.81 25.06 25.00 24.85

SSIM t 0.7045 0.7081 0.6595 0.6663 0.7187 0.7003

LPIPS | 0.3096 0.3457 0.3608 0.3564 0.3096 0.3388

RealSR MANIQA t 0.6252 0.6259 0.6238 0.6349 0.6456 0.6512

MUSIQ 1 66.00 67.39 64.93 67.46 69.93 70.0644

CLIPIQA 1 0.6315 0.6956 0.6448 0.6911 0.6553 0.7217
BRISQUE | 19.51 15.39 18.98 13.36 29.06 19.01
PSNR 1 27.99 28.3019 26.82 27.15 27.98 28.01

SSIM 1 0.7504 0.7566 0.6633 0.6858 0.7719 0.7600

LPIPS | 0.3275 0.3644 0.4497 0.4365 0.3243 0.3542

DrealSR MANIQA 1 0.5620 0.5667 0.5924 0.6173 0.5941 0.6161
MUSIQ 1 59.03 60.70 60.85 63.7761 64.95 65.08

CLIPIQA 1 0.6385 0.6752 0.6369 0.6729 0.6757 0.7075
BRISQUE | 21.39 17.36 22.60 15.60 32.12 23.21

Table 1: Quantitative comparison. The best results of each group are highlighted in bold. 1 and | mean that the larger or smaller

score is better, respectively.

4 Experiments

Enhancing Restoration Prior For Pretrained Diffusion
Model. We conduct the proposed restoration prior en-
hancement experiments using Stable Diffusion 2.1% and our
HFAID dataset. As described in Section 3.2, we use the
Florence-2 (Xiao et al. 2024) model to generate highly infor-
mative text labels. During the enhancement process, the im-
ages are resized to 512 pixels on the longer side and center-
cropped. Low-quality images are synthesized through the
RealESRAGN (Wang et al. 2021) pipeline. In the optimiza-
tion process, we employ the AdamW (Loshchilov and Hut-
ter 2019) optimizer with a learning rate of Se-5 and train the
model using two NVIDIA L40 GPUs with a batch size of
40 for 3,000 iterations. The ratio r of high-quality (HQ) to
low-quality (LQ) images is set at 0.8, where ‘[X]’ denotes
positive identifier and ‘[V]" denotes negative identifier. To
maintain the consistency of CFG (Ho and Salimans 2022),
there is a 5% chance of leaving the text labels empty.

Evaluation Setting. To evaluate the proposed restoration
prior enhancement method, we test three methods: SeeSR,
DiffBIR, and StableSR. The results are obtained for SeeSR +
RAP-SR, DiffBIR + RAP-SR, and StableSR + RAP-SR. All
these methods use Stable Diffusion as the pre-trained model,
with their original models replaced by our RAP model. It is
important to note that we do not perform any fine-tuning
on these replaced models. During the evaluation, we con-
duct comprehensive tests on synthetic data from the DIV2K
val dataset and real-world datasets RealSR (Cai et al. 2019)
and DrealSR (Wei et al. 2020). In the tests, the resolution
of high-resolution images is set to 512 x 512, while low-
resolution images are cropped to 128 x 128.

“https://huggingface.co/stabilityai/stable-diffusion-2-1
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Evaluation Metrics. To better align with human percep-
tion, we use seven evaluation metrics: PSNR, SSIM (Wang
et al. 2004), LPIPS (Zhang et al. 2018), MANIQA (Yang
et al. 2022), MUSIQ (Ke et al. 2021), BRISQUE (Shao
and Mou 2021) and CLIPIQA (Hessel et al. 2021). PSNR
and SSIM measure pixel-level differences, while LPIPS as-
sesses perceptual distances. MANIQA, MUSIQ, BRISQUE,
and CLIPIQA are no-reference image quality metrics. Previ-
ous studies have shown that reference-based metrics have a
weaker correlation with human perception of image quality
in real-world scenarios (Yu et al. 2024; Wang et al. 2024). A
discussion of the test metrics is detailed in the supplemen-
tary material.

4.1 Comparison with State-of-the-Arts

Quantitative Comparison Table 1 provides quantitative
comparisons on three synthetic and real-world datasets. We
have the following observations. Firstly, the method we pro-
posed has achieved great improvements in almost all no-
reference metrics such as MANIQA, MUSIQ, CLIPIQA,
and BRISQUE on all three data sets. This shows that our
method significantly improves the image generation capabil-
ities of the original method and can generate richer details.
Secondly, for reference metrics such as PSNR, SSIM, and
LPIPS, our method only improves the original performance
on some data sets. This is primarily because the DM-based
method generates more realistic details, which impact these
metrics. Overall, our PAR-SR achieves better no-reference
metric scores while maintaining competitive full-reference
metric scores.

Qualitative Comparison Figure 5 shows visual examples
from synthetic and real-world datasets. The visual results
are consistent with the quantitative findings: our model sig-
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Figure 5: Qualitative comparisons on real-world test datasets. RAP-SR obtains the best visual performance.

|  Configurations | MANIQA 1 CLIPIQA 1
1000 0.5681 0.639
Dataset size 3000 0.5727 0.6423
8000 0.5926 0.6866
w/o prompt 0.5806 0.6308
Prompt w/o negative prompt 0.6063 0.6864
w/o positive prompt 0.6107 0.6629
Ours | Default | 0.6161 0.7075

Table 2: Ablation study. Test on the DrealSR dataset.

nificantly improves perceptual quality, produces more real-
istic textures, and enhances the overall realism of images
(e.g., sweaters and landscapes). Furthermore, our method
significantly reduces issues such as blurring and artifacts
(e.g., in windows and skies). In summary, RAP-SR enables
diffusion-based super-resolution methods to more accu-
rately reconstruct image details in real-world scenes. More
visual results are provided in the supplementary material.

4.2 Ablation Study

Due to the superior generative capabilities of SeeSR (Wu
et al. 2024), all ablation experiments for our model are con-
ducted using the SeeSR model.

Effect of Different Dataset Sizes We conducted random
split tests on the proposed HFAID dataset with varying sizes,
as shown in Table 2. When the dataset size is small, there is a
significant decline in no-reference metrics. When the dataset
size is expanded to 8,000 images, the model begins to con-
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verge, and both reference and no-reference metrics show a
decline compared to the default 5,000-image dataset, result-
ing in further performance degradation.

Effect of Different Prompts We test our fine-tuned T2I
model using various restoration prompts to validate their ef-
fects. The prompts included: positive prompt only, negative
prompt only, and no prompt. The results are shown in Ta-
ble 2. Firstly, we observe a significant drop in no-reference
perceptual quality metrics when no prompts are used, under-
scoring the crucial role of restoration prompts. Additionally,
negative prompts prove more beneficial for image genera-
tion compared to positive prompts. When we use both pos-
itive and negative prompts, all metrics achieve optimal re-
sults.

5 Conclusion

This paper introduces RAP-SR, a novel approach that
enhances restoration priors in pretrained diffusion mod-
els for real-world image super-resolution (Real-SR) tasks.
We develop the High-Fidelity Aesthetic Image Dataset
(HFAID) through a Quality-Driven Aesthetic Image Se-
lection Pipeline (QDAISP), surpassing existing datasets in
fidelity and aesthetic quality. The Restoration Priors En-
hancement Framework, including Restoration Priors Refine-
ment (RPR) and Restoration-Oriented Prompt Optimiza-
tion (ROPO), refines priors and optimizes restoration iden-
tifiers. RAP-SR seamlessly integrates into diffusion-based
SR methods, significantly boosting performance. Extensive
experiments demonstrate its broad applicability and state-of-
the-art results.
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