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Abstract This paper proposes the design of a neural network structure search model using graph convolutional
neural networks. Deep learning has a problem of not being able to verify whether the designed model has a
structure with optimized performance due to the nature of learning as a black box. The neural network structure
search model is composed of a recurrent neural network that creates a model and a convolutional neural
network that is the generated network. Conventional neural network structure search models use recurrent neural
networks, but in this paper, we propose GC-NAS, which uses graph convolutional neural networks instead of
recurrent neural networks to create convolutional neural network models. The proposed GC-NAS uses the Layer
Extraction Block to explore depth, and the Hyper Parameter Prediction Block to explore spatial and temporal
information (hyper parameters) based on depth information in parallel. Therefore, since the depth information is
reflected, the search area is wider, and the purpose of the search area of the model is clear by conducting a
parallel search with depth information, so it is judged to be superior in theoretical structure compared to
GC-NAS. GC-NAS is expected to solve the problem of the high-dimensional time axis and the range of spatial
search of recurrent neural networks in the existing neural network structure search model through the graph
convolutional neural network block and graph generation algorithm. In addition, we hope that the GC-NAS
proposed in this paper will serve as an opportunity for active research on the application of graph convolutional
neural networks to neural network structure search.

Key words : Neural Architecture Search, Graph Convolutional Network, Recurrent Neural Network, Model
Architecture Design.
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