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Survey on Few-shot Learning Algorithms for Image Classification
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Abstract Presently,artificial intelligence algorithms represented by deep learning have achieved advanced results and been suc-
cessfully used in fields such as image classification, biometric recognition and medical assisted diagnosis by virtue of ultra-large-
scale data sets and powerful computing resources. However,due to many restrictions in the actual environment,it is impossible to
obtain a large number of samples or the cost of obtaining samples is too high. Therefore, studying the learning algorithm in the
case of small samples is the core driving force to promote the intelligent process,and it has also become a current research hot-
spot. Few-shot learning is the algorithm to learn and solve the problem under the condition of limited supervision information.
Firstly,it describes the reasons why few-shot learning is difficult to generalize from the perspective of machine learning theory.
Secondly,according to the design motivation of the few-shot learning algorithm,existing algorithms are classified into three cate-
gories: representation learning,data expansion and learning strategy,and their advantages and disadvantages are analyzed. Third-
ly,we summarize the commonly used few-shot learning evaluation methods and the performance of existing models in public data
sets. Finally,we discuss the difficulties and future research trends of small sample image classification technology to provide re-
ferences for future research.

Keywords Few-shot learning.,Image classification, Learning representation,Data expansion, Transfer learning
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Table 2 Comparison of experimental results of each algorithm on common datasets
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