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Figure 1: We present DreamClear, a high-capacity image restoration model that delivers photorealistic restora-
tion of real-world LQ images, outperforming SOTA diffusion-based models in handling diverse degradations.

Abstract

Image restoration (IR) in real-world scenarios presents significant challenges due
to the lack of high-capacity models and comprehensive datasets. To tackle these
issues, we present a dual strategy: GenIR, an innovative data curation pipeline, and
DreamClear, a cutting-edge Diffusion Transformer (DiT)-based image restoration
model. GenIR, our pioneering contribution, is a dual-prompt learning pipeline that
overcomes the limitations of existing datasets, which typically comprise only a few
thousand images and thus offer limited generalizability for larger models. GenIR
streamlines the process into three stages: image-text pair construction, dual-prompt
based fine-tuning, and data generation & filtering. This approach circumvents the
laborious data crawling process, ensuring copyright compliance and providing a
cost-effective, privacy-safe solution for IR dataset construction. The result is a
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large-scale dataset of one million high-quality images. Our second contribution,
DreamClear, is a DiT-based image restoration model. It utilizes the generative pri-
ors of text-to-image (T2I) diffusion models and the robust perceptual capabilities of
multi-modal large language models (MLLMs) to achieve photorealistic restoration.
To boost the model’s adaptability to diverse real-world degradations, we introduce
the Mixture of Adaptive Modulator (MoAM). It employs token-wise degradation
priors to dynamically integrate various restoration experts, thereby expanding the
range of degradations the model can address. Our exhaustive experiments confirm
DreamClear’s superior performance, underlining the efficacy of our dual strategy
for real-world image restoration.

1 Introduction

Image restoration (IR), a vital field in computer vision, targets transforming degraded low-quality
(LQ) images into high-quality (HQ) counterparts. While IR has achieved significant advancements
under predefined conditions, such as super-resolution [92, 10] and denoising [12, 40] tasks, real-
world IR remains a formidable challenge due to the diversity and complexity of degradation types.
The disconnect between training data and real-world scenarios is substantial, as existing datasets
inadequately encapsulate the intricacies of real-world degradations. Efforts to bridge this gap include
domain adaptation [5, 74, 23, 81], dataset collection [68, 8, 11, 91], and degradation simulation [64,
85, 49, 71]. However, in contrast to the leaps in Natural Language Processing (NLP) [1] and AI-
Generated Content (AIGC) [59] enabled by large-scale models and extensive data, IR’s progress is not
as pronounced. Real-world challenges persist, and the potential of large-scale data and high-capacity
models remains largely untapped. This leads us to two critical questions: how can we obtain a
large-scale dataset that accurately represents real-world IR, and based on this, how can we construct
powerful models tailored for real-world IR scenarios?

Addressing the first question, considerable efforts have been made to curate IR datasets. Given the
challenge of collecting real-world paired IR data, these datasets are typically constructed by acquiring
HQ images and then simulating degradations to generate corresponding LQ images. While many
works [64, 85, 49, 71] have refined the degradation simulation process, this paper focuses on the
acquisition of HQ images and the associated challenges of copyright and privacy protection. The
predominant method for obtaining HQ images is web scraping. Current open-source IR datasets,
such as DIV2K [44] and Flickr2K [2], contain only a few thousand images, insufficient for covering a
broad spectrum of real-world scenarios. Larger collections like SUPIR [80], with 20 million images,
highlight the labor-intensive nature of large-scale dataset curation. Moreover, images sourced from
the internet often involve copyright issues and privacy concerns, particularly with identifiable human
faces. To advance the IR field effectively, there is an urgent need for a dataset curation method that is
privacy-safe and cost-effective.

In response, we present an under-explored approach in the image restoration (IR) field: creating
high-quality, non-existent images to enhance dataset curation efficiency, while evading copyright
and privacy issues. We unveil GenIR, a privacy-conscious, automated data curation pipeline that
repurposes the generative prior in pretrained text-to-image (T2I) models for IR tasks, and uses
multimodal large language models (MLLMs) to generate text prompts, thereby improving data
synthesis quality. GenIR operates in three stages: (1) image-text pairs construction, (2) dual-prompt
fine-tuning, and (3) data generation & filtering. Initially, GenIR utilizes existing IR datasets and the
advanced MLLM, Gemini-1.5-Pro [62], to create image-text pairs, while generating negative samples
via an image-to-image pipeline [50]. Subsequently, we apply a dual-prompt learning strategy to
adapt pretrained T2I models to the IR task, generating suitable prompts for data synthesis. In the
final stage, MLLMs create various scene descriptions and synthesize images using the adapted image
prior, with a focus on ensuring no identifiable individuals are included. MLLMs also assess and
filter the synthesized data based on quality, producing high-quality images that are privacy-safe and
copyright-free. Through GenIR, we generate a dataset of one million high-quality images, proving its
efficacy in training a robust real-world IR model.

Armed with a large-scale, high-quality image dataset, our focus shifts to the construction of a
high-capacity IR model that can robustly generalize to real-world scenarios. Recent state-of-the-
art approaches [77, 70, 80] employ the generative priors in pretrained Stable Diffusion [59] (SD)
for realistic image restoration, underlining the power of rich generative prior in SD. As Fig.1
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illustrates, SD-based methods outperform GAN-based ones. However, these strategies often neglect
the degradation priors in input low-quality images, a critical element in blind IR [72]. This insight
leads us to investigate the integration of degradation prior into diffusion-based IR models, and how to
optimize its synergy with large models.

In this paper, we introduceDreamClear, a high-capacity real-world image restoration model,
grounded on a large dataset. DreamClear is based on Diffusion Transformer (DiT) [53], the cor-
nerstone of modern diffusion-based systems (e.g., Sora [7], Stable Diffusion 3 [18]). Our model
employs a dual-branch framework with textual guidance from multi-modal large language models
(MLLMs) for photorealistic restoration. DreamClear �rst processes the low-quality image through
a lightweight network to produce a reference image. We propose ControlFormer to enhance the
control over DiT-based T2I models, thereby better utilizing the low-quality and reference images
to guide the content of the generated image. To further improve the model's generalization across
diverse and complex degradations, we incorporate implicit prior degradation information to re�ne the
solution space. Speci�cally, we suggest a Mixture of Adaptive Modulator (MoAM), which extracts
token-wise degradation representations and dynamically integrates various restoration experts for
each token based on the Mixture-of-Experts (MoE) [61] structure, thereby enhancing the model's
adaptability to different degradation severities (See Fig. 1).

The main contributions of this work can be summarized as follows:

• We propose GenIR, a pioneering automated data curation pipeline for image restoration. It
addresses the urgent need for privacy-safe and cost-effective methods in image restoration,
yielding a dataset of one million high-quality images.

• We present DreamClear, a robust, high-capacity IR model that incorporates degradation pri-
ors into diffusion-based frameworks. This model improves control over content generation,
adapts to various degradations, and generalizes well across diverse real-world scenarios.

• Extensive experiments across both low-level (synthetic & real-world) and high-level (de-
tection & segmentation) benchmarks have demonstrated DreamClear's state-of-the-art
performance in handling intricate real-world scenarios.

2 Related Work

Image Restoration. Image Restoration aims at restoring a high-quality image from the low-quality
input image. Over the past decade, different approaches have been proposed for image super-
resolution [95, 31, 65, 96], denoising [87, 84, 67], deblurring [57, 69, 56], deraining [14, 34, 32, 33],
inpainting [97, 3], etc. Recently, researchers have increasingly focused on enhancing the generaliza-
tion ability to diverse degradations in real-world applications [74, 68, 63]. The degradation simulation
is improved from simple degradations to complex degradation processes, such as BSRGAN [85],
Real-ESRGAN [64] and AnimeSR [71]. With the improved degradation simulation process, many
recent methods can deal with diverse degradation types and achieve promising performance in real-
world scenarios [43, 8]. With the paired data, training a randomly initialized restoration model from
scratch is one way to improve generalization ability [41]. The other way is to exploit the generative
prior in the pre-trained generative model, such as GAN or diffusion models [52, 63, 4, 37, 66, 9]. In
this work, we propose a data synthesis pipeline and introduce a real-world image restoration model
with high generalizability.

Generative Prior. Generative models learn the image synthesis process and embed the image prior
in the model weights. The image prior in a high-quality image generator, such as StyleGAN [36]
and Stable Diffusion [59], can be adapted to other visual restoration tasks [43, 8, 38, 20]. To use
the image prior in GANs, an additional encoder is often applied to convert the input image to the
latent space [76, 48]. For the diffusion models, the forward process adds noise to the image gradually
and �nally converts the image to the latent noise space [15, 50]. By manipulating in the latent
feature space, the input image is integrated into the generation process as a conditional input, and
the synthesis process exploits the image prior in the pre-trained models. The generative prior in the
pre-trained models can also serve as a good initialization for downstream synthesis tasks [63, 78, 35].
We exploit the generative prior in the pre-trained diffusion models to synthesize datasets for image
restoration tasks and train a restoration model for real-world applications.
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Figure 2: An overview of the three-stageGenIR pipeline, which includes (a) Image-Text Pairs
Construction, (b) Dual-Prompt Based Fine-Tuning, and (c) Data Generation & Filtering.

Synthetic Dataset. Data size and data quality are widely recognized as essential for many vision
tasks. A large-scale high-quality dataset can facilitate the large model training and improve the model
ability greatly [83, 22, 21, 24, 26]. Existing large-scale datasets are often manually collected with
laborious human efforts [16, 39]. More importantly, the data crawled from the internet may leak
privacy information [58, 24], raising concerns related to AI security. The synthesized datasets can not
only reduce the laborious human efforts, but also avoid the privacy information leakage. High-quality
synthesized datasets are veri�ed to be effective in many vision tasks [28, 25, 6]. Our work is the �rst
to explore the dataset synthesis in the image restoration �eld.

3 Privacy-Safe Dataset Curation Pipeline

Traditionally, IR datasets are created by scraping web images and simulating degradations to generate
low-quality (LQ) counterparts. This process is labor-intensive and rife with copyright and privacy
issues, especially with identi�able human faces. To advance the IR �eld, a privacy-safe and cost-
effective dataset curation method is needed. Drawing inspiration from the success of text-to-image
(T2I) models in synthesizing high-quality images, we introduce the GenIR pipeline. This novel
approach leverages the generative priors of pre-trained T2I models to construct extensive, privacy-
safe datasets. However, the ef�cacy of T2I models is contingent upon carefully crafted prompts for
generating high-quality images �tting for IR tasks.

To tackle this, GenIR, as illustrated in Fig. 2, employs a streamlined three-stage process. Initially, we
construct positive and negative samples, each paired with corresponding text prompts. Subsequently,
a dual-prompt based �netuning strategy concurrently learns both positive and negative prompts.
Finally, we utilize LLMs to generate a diverse array of text prompts, leading to the creation and
�ltering of data. Throughout this process, we maintain stringent privacy standards, ensuring no
speci�c personal information is embedded in the text prompts or the generated images.

Image-Text Pairs Construction. We use high-resolution, texture-rich images in existing IR
datasets [44, 2, 22, 39] as positive samples. Given the unavailability of corresponding text prompts, we
employ the sophisticated MLLM, Gemini-1.5-Pro [62], to generate necessary prompts via language
instructions. Moreover, to identify and eliminate unwanted content during the T2I model's �ne-tuning
and enhance image quality, we generate negative samples representing undesirable outcomes using
the T2I model. As depicted in Fig. 2 (a), we adopt the image-to-image pipeline proposed in [50],
using the T2I model and manually designed prompts such as “cartoon, painting, ... , over-smooth,
dirty”, to directly generate negative samples.

Dual-Prompt based Fine-Tuning. Rather than relying on complex, labor-intensive prompts with
limited applicability, we propose an innovative dual-prompt based �ne-tuning approach to re�ne the
T2I model for our data needs. As illustrated in Fig. 2 (b), we employ positive and negative samples to
learn their corresponding prompts. Speci�cally, we useM positive tokensfhp1i ; � � � ; hpM ig andN
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negative tokensfhn1i ; � � � ; hnN ig to represent desired and undesired attributes, respectively, and
subsequently learn their embeddings. We initialize these new positive and negative tokens using
frequently used positive (e.g., “4k, highly detailed, professional ...”) and negative text prompts (e.g.,
“deformation, low quality, over-smooth ...”). As the text condition is integrated into the diffusion
model via cross-attention, we also re�ne the attention block to better comprehend these new tokens.
After �ne-tuning the T2I model with our curated image-text pairs, we can ef�ciently employ the
learned prompts and re�ned diffusion model to readily generate the needed data.

Data Generation & Filtering. In addition to the quality of images, the diversity of scenes within
the IR dataset is of paramount importance. To address this, we leverage Gemini to generate one
million text prompts, describing varied scenes under carefully curated language instructions. These
instructions explicitly proscribe the inclusion of personal or sensitive information, thereby ensuring
privacy. As depicted in Fig. 2 (c), we employ the �ne-tuned T2I model in conjunction with the
learned positive and negative prompts to generate HQ images.

Classi�er-free guidance (CFG) [30] provides a mechanism to effectively utilize negative prompts,
thereby mitigating the generation of undesired content. During the sampling phase, the denoising
model� � anticipates two outcomes: one associated with the positive promptposand the other with
the negative promptneg. The �nal CFG prediction is formulated as

� � (zt ; t; pos; neg) = ! � � � (zt ; t; pos) + (1 � ! ) � � � (zt ; t; neg); (1)

where! denotes the CFG guidance scale. Post-sampling, the generated images are evaluated by a
quality classi�er, which decides whether to retain the images based on the predicted probabilities.
This binary classi�er is trained on positive and negative samples. Gemini is subsequently used to
ascertain whether the images exhibit blatant semantic errors or inappropriate content.

Contrasted with direct web crawling, our GenIR provides a more cost-effective and privacy-preserving
approach to data acquisition. It circumvents the potential infringement of personal privacy information
prevalent on the web, thereby ensuring our research is both ethical and secure - a crucial aspect in the
current arti�cial intelligence landscape characterized by extensive data usage. Ultimately, we gather
one million high-resolution (2040� 1356) images, each of superior quality.

4 High-Capacity Image Restoration Model

The complex and varied degradation of real-world images presents a major challenge to the practical
applicability of restoration models. We introduce DreamClear, a high-capacity image restoration
model that dynamically integrates various restoration experts, guided by prior degradation information.
DreamClear is built upon on PixArt-� [13], a pre-trained T2I diffusion model based on the Diffusion
Transformer (DiT) [53] architecture, which has proven its powerful generative capabilities [93].

Architecture Overview. Fig. 3 illustrates that DreamClear features a dual-branch architecture,
encompassing an LQ Branch and a Reference Branch. LQ imagesI lq are processed by SwinIR [41],
a lightweight degradation remover, resulting in smoother, albeit less detailed, reference imagesI ref .
Considering potential detail loss inI ref , we employ bothI lq andI ref to direct the diffusion model.
Moreover, we utilize the open-source MLLM, LLaVA [47], to generate detailed captions for training
images using the prompt “Describe this image and its style in a very detailed manner”, supporting
the T2I diffusion model in attaining more realistic restoration.

ControlFormer. ControlNet [88], a prevalent structure for managing diffusion models, is tailored
for the U-Net [60] structure in SD. It is unsuitable for DiT, stemming from the architecture difference.
To address this, we present ControlFormer, which inherits ControlNet's core features (trainable copy
blocks and zero-initialized layers) but is adapted for the DiT-based T2I model, as shown in Fig. 3.
ControlFormer, duplicating all DiT Blocks from PixArt-� , employs the MoAM block to combine LQ
featuresx lq and reference featuresx ref . This DiT-optimized ControlFormer maintains ControlNet's
essential components, providing effective spatial control within DiT.

Mixture-of-Adaptive-Modulator. To enhance our model's robustness to real-world degradations,
we propose a degradation-aware Mixture-of-Adaptive-Modulator (MoAM) for effective LQ and
reference feature fusion. As shown in Fig. 3, MoAM consists of adaptive modulators (AM), a
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Figure 3: Architecture of the proposedDreamClear. DreamClear adopts a dual-branch structure,
using Mixture of Adaptive Modulator to merge LQ features and Reference features. We utilize
MLLM to generate detailed text prompt as the guidance for T2I model.

cross-attention layer, and a router block. AM employs AdaLN [54] to learn dimension-wise scale

and shift� parameters, embedding conditional information into input features.

MoAM operates in three steps: 1) For DiT featuresx in , we calculate the cross-attention output
xattn 2 RN � C betweenx lq 2 RN � C andx ref 2 RN � C , whereN andC denote the number of
visual tokens and hidden size.x in is then modulated usingxattn followed by a zero linear layer.
A token-wise degradation mapD 2 RN � C is generated through the linear mapping ofxattn . 2)
Features are further modulated using AM, withx ref as the AM condition to extract clean features. 3)
We adopt a mixture of degradation-aware experts to adapt to diverse degradations, detailed below.

Given varying degradations in real-world images, our method dynamically processes tokens using
degradation priors. Each MoAM block consists ofK restoration experts (i.e., AM) f E1; � � � ; EK g,
each specialized for speci�c degradation scenarios. A routing networkR(�) dynamically merges
expert guidance for tokens, based onD. The routing network, a two-layer MLP followed by softmax,
yields token-wise expert weightsw = R(D) 2 RN � K . The dynamic mixture of restoration experts
is formulated as


 (i ) =
KX

k=1

w(i; k ) � Net 

k [x lq (i )]; � (i ) =

KX

k=1

w(i; k ) � Net �
k [x lq (i )]; (2)

xout = (1 + 
 ) 
 x in + �; (3)

wherei andk index tokens and experts respectively,Net 
 andNet � map within an expert to
 and� ,
and
 denotes element-wise multiplication. MoAM dynamically fuses expert knowledge, leveraging
degradation priors to tackle complex degradations.

5 Experiments

5.1 Experimental Setup

Datasets. We adopt a combination of DIV2K [44], Flickr2K [2], LSDIR [39], DIV8K [ 22], and our
generated dataset to train DreamClear. We employ the Real-ESRGAN [64] degradation pipeline to
generate LQ images, using the same degradation settings as SeeSR [70] to ensure a fair comparison.
All experiments are conducted on scaling factor� 4.

For testing datasets, following previous works [63, 80, 70], we evaluate our method on both synthetic
and real-world benchmarks. For synthetic benchmarks, we randomly crop 3,000 patches from the
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Table 1: Quantitative comparison with state-of-the-art real-world IR methods on both synthetic and real-world
benchmarks. Best and second best performance are highlighted inred andblue, respectively.

Datasets Metrics BSRGAN [85]
Real- [64]
ESRGAN

SwinIR-
GAN [41]

DASR [43] StableSR [63] DiffBIR [46] ResShift [82] SinSR [65] SeeSR [70] SUPIR [80]DreamClear

DIV2K-Val

PSNR" 19.88 19.92 19.66 19.73 19.73 19.98 19.80 19.37 19.59 18.68 18.69
SSIM" 0.5137 0.5334 0.5253 0.5122 0.5039 0.4987 0.4985 0.4613 0.5045 0.4664 0.4766
LPIPS# 0.4303 0.3981 0.3992 0.4350 0.4145 0.3866 0.4450 0.4383 0.3662 0.3976 0.3657
DISTS# 0.2484 0.2304 0.2253 0.2606 0.2162 0.2396 0.2383 0.2175 0.1886 0.1818 0.1637

FID # 54.42 48.44 49.17 59.62 29.64 37.00 46.12 37.84 24.98 28.11 20.61
NIQE # 3.9322 3.8762 3.7468 3.9725 4.4255 4.5659 5.9852 5.7320 4.1320 3.4014 3.2126

MANIQA " 0.3514 0.3854 0.3654 0.3110 0.2942 0.4268 0.3782 0.4206 0.5251 0.4291 0.4320
MUSIQ " 63.93 64.50 64.54 59.66 58.60 64.77 62.67 65.27 72.04 69.34 68.44

CLIPIQA " 0.5589 0.5804 0.5682 0.5565 0.5190 0.6527 0.6498 0.6961 0.7181 0.6035 0.6963

LSDIR-Val

PSNR" 18.27 18.13 17.98 18.15 18.11 18.42 18.24 17.94 18.03 16.95 17.01
SSIM" 0.4673 0.4867 0.4783 0.4679 0.4508 0.4618 0.4579 0.4302 0.4564 0.4080 0.4236
LPIPS# 0.4378 0.3986 0.4020 0.4503 0.4152 0.4049 0.4524 0.4523 0.3759 0.4119 0.3836
DISTS# 0.2539 0.2278 0.2253 0.2615 0.2159 0.2439 0.2436 0.2265 0.1966 0.1838 0.1656

FID # 53.25 46.46 45.31 60.60 31.26 35.91 43.25 36.01 25.91 30.03 22.06
NIQE # 3.6885 3.4078 3.3715 3.6432 4.0218 4.3750 5.5635 5.4240 4.0590 2.9820 3.0707

MANIQA " 0.3829 0.4381 0.3991 0.3315 0.3098 0.4551 0.3995 0.4309 0.5700 0.4683 0.4811
MUSIQ " 65.98 68.25 67.10 60.96 59.37 65.94 63.25 65.35 73.00 70.98 70.40

CLIPIQA " 0.5648 0.6218 0.5983 0.5681 0.5190 0.6592 0.6501 0.6900 0.7261 0.6174 0.6914

RealSR

PSNR" 25.01 24.22 24.89 25.51 24.60 24.77 24.94 24.47 24.66 22.67 22.56
SSIM" 0.7422 0.7401 0.7543 0.7526 0.7387 0.6902 0.7178 0.6710 0.7209 0.6567 0.6548
LPIPS# 0.2853 0.2901 0.2680 0.3201 0.2736 0.3436 0.3864 0.4208 0.2997 0.3545 0.3684
DISTS# 0.1967 0.1892 0.1734 0.2056 0.1761 0.2195 0.2467 0.2432 0.2029 0.2185 0.2122

FID # 84.49 90.10 80.07 91.16 88.89 69.94 88.91 70.83 71.92 71.63 65.37
NIQE # 4.9261 5.0069 4.9475 5.9659 5.6124 6.1294 6.6044 6.4662 4.9102 4.5368 4.4381

MANIQA " 0.3660 0.3656 0.3432 0.2819 0.3465 0.4182 0.3781 0.4009 0.5189 0.4296 0.4337
MUSIQ " 64.67 62.06 60.97 50.94 61.07 61.74 60.28 60.36 69.38 66.09 65.33

CLIPIQA " 0.5329 0.4872 0.4548 0.3819 0.5139 0.6202 0.5778 0.6587 0.6839 0.5371 0.6895

DrealSR

PSNR" 27.09 26.95 27.00 28.19 27.39 27.31 27.16 26.15 27.10 24.41 24.48
SSIM" 0.7759 0.7812 0.7815 0.8051 0.7830 0.7140 0.7388 0.6564 0.7596 0.6696 0.6508
LPIPS# 0.2950 0.2876 0.2789 0.3165 0.2710 0.3920 0.4101 0.4690 0.3117 0.3844 0.3972
DISTS# 0.1956 0.1857 0.1787 0.2072 0.1737 0.2443 0.2553 0.2540 0.2103 0.2264 0.2145

FID # 84.26 83.79 84.22 94.96 80.23 76.89 91.82 85.26 75.07 90.78 74.78
NIQE # 5.5866 5.7422 5.5749 6.9663 6.1699 6.3433 7.5616 6.8770 5.7696 5.1115 4.6295

MANIQA " 0.3420 0.3423 0.3269 0.2754 0.3171 0.3801 0.3350 0.3890 0.4974 0.4174 0.3676
MUSIQ " 61.22 58.37 57.33 46.49 56.43 55.14 55.27 58.50 67.42 64.53 59.83

CLIPIQA " 0.5385 0.4847 0.4819 0.3828 0.5344 0.6005 0.5788 0.6734 0.7022 0.5800 0.6620

RealLQ250

NIQE # 4.5229 4.1091 4.0912 4.7486 4.6349 4.8160 5.9727 5.7768 4.4126 3.6336 3.5556
MANIQA " 0.3523 0.3592 0.3632 0.2782 0.2939 0.4017 0.3816 0.4229 0.4992 0.3926 0.4351
MUSIQ " 63.66 62.74 63.63 53.39 57.11 62.18 61.55 64.09 70.57 66.03 66.76

CLIPIQA " 0.5695 0.5465 0.5583 0.4671 0.5208 0.6420 0.6298 0.7044 0.7104 0.5800 0.7116

Table 2: Evaluation on COCO val2017 (object detection & instance segmentation) and ADE20K (semantic
segmentation).

Metrics GT Zoomed LQ BSRGAN
Real-

ESRGAN
SwinIR-

GAN
DASR StableSR DiffBIR ResShift SinSR SeeSR SUPIRDreamClear

Object Detection (AP b) 49.0 7.4 11.0 12.8 11.8 10.5 16.9 18.7 15.6 13.8 18.2 16.6 19.3
Object Detection (AP b

50 ) 70.6 12.0 17.6 20.7 18.9 17.0 26.7 29.9 25.0 22.3 29.1 27.2 30.8
Object Detection (AP b

75 ) 53.8 7.5 11.4 13.1 12.1 10.7 17.6 19.4 15.9 14.2 18.9 17.0 19.8
Instance Segmentation (AP m ) 43.9 6.4 9.6 11.3 10.2 9.3 14.6 16.2 13.6 12.0 15.9 14.1 16.7
Instance Segmentation (AP m

50 ) 67.7 11.2 16.4 19.3 17.5 15.9 24.6 27.5 23.3 20.6 26.6 24.5 28.2
Instance Segmentation (AP m

75 ) 47.3 6.3 9.7 11.5 10.2 9.4 14.9 16.6 13.7 12.1 16.1 14.0 16.8
Semantic Segmentation (mIoU)50.4 11.5 18.6 17.3 14.3 30.4 19.6 23.6 29.7 19.6 26.9 27.7 31.9

validation sets of DIV2K and LSDIR, and degrade them using the same settings as training. We
name these two benchmarks asDIV2K-ValandLSDIR-Valrespectively. For real-world benchmarks,
we conduct experiments on commonly usedRealSR[8] andDRealSR[68] datasets. Besides, we
establish another real-world benchmark, calledRealLQ250, which includes a total of 250 LQ images
of size256� 256used in previous works [70, 42, 64, 86, 80] or sourced from the Internet, without
corresponding GT images. For all testing datasets with GT images, the resolution of the HQ-LQ
image pairs is1024� 1024and256� 256, respectively.

Metrics. Following SeeSR [70], we adopt PSNR and SSIM (calculated on the Y channel of
transformed YCbCr space) as reference-based distortion metrics, LPIPS [90] and DISTS [17] as
reference-based perceptual metrics, NIQE [89], MANIQA [ 75], MUSIQ [75] and CLIPIQA [75] as
no-reference metrics. FID [29] is used to evaluate the image quality. These metrics can achieve a
comprehensive evaluation of the restoration effects.

Implementation Details For training GenIR and DreamClear, we both use the original latent
diffusion loss [59]. The proposed GenIR framework is built on SDXL [55] and trained over 5 days
using 16 NVIDIA A100 GPUs. The training is conducted on1024� 1024resolution images with
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