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Neural Architecture Search:A survey

GENG Fei, WANG Chunnan, WANG Hongzhi
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Neural architecture search is an important part of the long—term rise of automated machine learning. Neural network
architecture search gradually defines some artificially, so that the machine can automatically carry out model and performance
evaluation of the input deep learning task within a certain range, and finally aim at a neural network architecture that studies the
problem as the entire algorithm output, to reduce manual intervention and achieve the purpose of machine automation to obtain
high—performance models. This article summarizes and analyzes the research domestic and foreign in recent years, and aims to give
the first—time researchers a guide article that can be referenced to help researchers quickly get started and conduct in—depth research.
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Fig. 1 Neural architecture search
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