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I Active Learning for Video Classification

O Temporal Coherence for Active Learning in Videos - ICCV'19
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I Active Learning for Video Classification

O Video Annotation and Tracking with Active Learning - NIPS'11
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I Active Learning for Video Classification

O VideoSSL: Semi-Supervised Learning for Video Classification - WACV'21
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I Active Learning for Video Classification

O Efficient Video Classification Using Fewer Frames - CVPR'19
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I Close-set vs. Open-set

O Close-set Classification
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I Open-set Annotation
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I Open-set Annotation + AL

O Motivation

® Reduce annotation cost. (especially in video tasks)
® More practical. (Unlabeled data collected from the Internet usually include non-object classes.)
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O Challenges
® Common AL sampling methods tend to select unknown examples. (Uncertainty-based)
® How to select the most informative example from unlabeled set with K known classes.
® How fo improve the performance of recall and precision.



I Few shot open-set recognition
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I Few shot open-set recognition

O Transformation Consistency
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I Experiments - CIFAR100
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I Future works
O Idea

® The information of activation layer (activation vectors) is effective to recognize
unknown data. (From Experiment)

® Pre-trained model (a better feature representation).

® Provide some unknown data or generate some negative examples.
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