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A survey of few-shot learning based on machine learning
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[ Abstract] Machine learning is widely used in data—intensive applications, but the drawback is that it tends to be less effective
when the data set is small.In recent years, few—shot learning has been proposed to solve this problem. Few—shot learning refers to a
machine learning model that uses only a small number of samples to train the recognition of these samples.Due to the practical value
of few—shot learning, the industry has put forward a lot of research methods, but there is a lack of domestic review on this issue.
This paper summarizes and explores the few—shot learning models and algorithms proposed by the industry. Firstly, the paper defines
the problem of few —shot learning and introduces some other related machine learning problems. Then, according to the prior
knowledge, the paper introduces the few—shot learning method in detail through three data enhancement methods and four models.
Finally, the future development of small sample is prospected.
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