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Abstract: Recently, deep learning has achieved impressive success on various computer vision tasks. The neural ar-
chitecture is usually a key factor which directly determines the performance of the deep learning algorithm. The au-
tomated neural architecture search methods have attracted more and more attentions in recent years. The neural ar-
chitecture search is the automated process of seeking the optimal neural architecture for specific tasks. Currently, the
neural architecture search methods have shown great potential in exploring high-performance and high-efficiency
neural architectures. In this paper, a survey in this research field and categorize existing methods based on their per-
formance estimation methods, search spaces and architecture search strategies were presented. Specifically, there
were four performance estimation methods for computation cost reduction, two typical neural architecture search
spaces and two types of search strategies based on discrete and continuous spaces respectively. Neural architecture
search methods based on continuous space are becoming the trend of researches on neural architecture search.
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