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Recent advances in few-shot learning for image domain:
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Abstract

In many domains, lack of data inhibits adoption of advanced machine learning models. Recently, Few-Shot
Learning (FSL) has been actively studied to tackle this problem. Utilizing prior knowledge obtained through
observations on related domains, FSL achieved significant performance with only a few samples. In this paper, we
present a survey on FSL in terms of data augmentation, embedding and metric learning, and meta-learning. In
addition to interesting researches, we also introduce major benchmark datasets. FSL is widely adopted in various
domains, but we focus on image analysis in this paper.
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