
Wu, Rongyuan, et al. "Seesr: Towards semantics-aware real-world image super-resolution." Proceedings of the IEEE/CVF conference on computer vision and pattern 
recognition. 2024.



He, Kaiming, et al. "Deep residual learning for image recognition." 
Proceedings of the IEEE conference on computer vision and pattern 
recognition. 2016.

Li, Junnan, et al. "Blip: Bootstrapping language-image pre-training for 
unified vision-language understanding and generation." International 
conference on machine learning. PMLR, 2022.

Zhang, Youcai, et al. "Recognize anything: A strong image tagging 
model." Proceedings of the IEEE/CVF Conference on Computer 
Vision and Pattern Recognition. 2024.

Yang, Tao, et al. "Pixel-aware stable diffusion for realistic image 
super-resolution and personalized stylization." arXiv preprint 
arXiv:2308.14469 (2023).



Degradation-Aware Prompt Extractor



balance parameter

representation embdedding logits embdedding
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ControlNet

z௧: noisy latent

z௟௥: LR latent

𝑡: current timestep

𝑝௛: hard prompts

𝑝௦: soft prompts
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LR Embedding in Inference



GAN-based Diffusion-based





We resize the original images from COCO-Val (5K images)  to 512 × 512 as GT, and then degrade them to generate LR images as 
in training. We employ OpenSeeD trained on COCO as the detector and segmentor since it is a strong transformer-based unified 
model for segmentation and detection tasks.

Zhang, Hao, et al. "A simple framework for open-vocabulary segmentation and detection." Proceedings of the IEEE/CVF International Conference 
on Computer Vision. 2023.



在合成数据上，参与者每次都会看到放置在两个 HR 图像之间的 LR 图像：一个是 GT，另一个是一个模型的 Real-ISR 输出。
他们被要求确定“哪个 HR 图像更适合 LR 图像？”在做出决定时，参与者被要求考虑两个因素：HR 图像的感知质量及其
与 LR 图像的语义相似性。然后可以计算混淆率，这表明参与者对 GT 或 Real-ISR 输出的偏好。

根据真实数据，向参与者提供了 LR 图像以及所有 Real-ISR 输出，并要求他们回答“哪张图像是 LR 图像的最佳 SR 结果？”
表示模型被选择的概率。

我们邀请 20 名参与者测试六种代表性方法（Real-ESRGAN、StableSR、PASD、DiffBIR、ResShift和 SeeSR）。有 16 个
综合测试集和 16 个真实世界测试集。合成数据从 DIV2K-Val 中随机采样，真实世界数据从 RealLR200 中随机采样。 20 
名参与者每人被要求做出 112 个选择（16×6+16）。


