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Abstract Deep learning has achieved excellent results on data tasks with multiple modalities such as
images, speech, and text. However, designing networks manually for specific tasks is time-
consuming and requires a certain level of expertise and design experience from the designer. In the face
of today’s increasingly complex network architectures, relying on manual design alone increasingly
becomes complex. For this reason, automatic architecture search of neural networks with the help of
algorithms has become a hot research topic. The approach of neural architecture search involves three
aspects: search space, search strategy, and performance evaluation strategy. The search strategy
samples a network architecture in the search space, evaluates the network architecture by a
performance evaluation strategy, and feed-back the results to the search strategy to guide it to select a
better network architecture, and obtains the optimal network architecture through continuous
iterations. In order to better sort out the methods of neural architecture search, we summarize the
common methods in recent years from search space, search strategy and performance evaluation

strategy, and analyze their strengths and weaknesses.
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Fig. 1 The process of neural architecture search™!!
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Fig. 2 A typical example of chain structures (LeNet5)
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Fig. 3 Inception module of multi-branch structure
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Fig. 5 Method of neural architecture search
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