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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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