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FEREEIFE (DAL: Deep Active Learning)
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PT4AL: Using Self-Supervised Pretext Tasks for Active Learning (ECCV “22)
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Making Your First Choice: To Address Cold Start Problem in Vision Active
Learning (arXiv ‘22)
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SSL: Self-Supervised Learning( B 2 EMHYFEE)
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Instance Discrimination
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MoCo(Momentum Contrastive Learning)
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MoCo v2
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