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00 AET: FNE 5 T #E F (CVPR 2019)
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L. Zhang, et al. AET vs. AED: Unsupervised Representation Learning by Auto-Encoding Transformations rather than Data. CVPR, 2019.
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Zhang R, Isola P, Efros A A. Colorful image colorization[C]//ECCV, 2016.
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* He K, Fan H, Wu Y, et al. Momentum contrast for unsupervised visual representation learning[C]//IEEE CVPR, 2020.
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Chen T, Kornblith S, Norouzi M, et al. A simple framework for contrastive learning of visual representations[C]//ICML, 2020.
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L1 CLIP: Contrastive Language Image Pre—training
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» Radford A, et al. Learning transferable visual models from natural language supervision[C]//ICML, 2021.
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» Ning Wang, Wengang Zhou, et al., “Unsupervised Deep Representation Learning for Real-Time Tracking,” International Journal of Computer Vision, 2021.
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* He K, Chen X, Xie S, et al. Masked autoencoders are scalable vision learners[C]//CVPR, 2022.
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2025/11/27 * He K, Chen X, Xie S, et al. Masked autoencoders are scalable vision learners[C]//CVPR, 2022. 20



