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Abstract With the spread of various smart devices and computing devices, big data generation is occurring
widely. Machine learning is an algorithm that performs reasoning by learning data patterns. Among the various
machine learning algorithms, the algorithm that attracts attention is deep learning based on neural networks.
Deep learning is achieving rapid performance improvement with the release of various applications. Recently,
among deep learning algorithms, attempts to analyze data using graph structures are increasing. In this study, we
present a graph generation method for transferring to a deep learning network. This paper proposes a method of
generalizing node properties and edge weights in the graph generation process and converting them into a
structure for deep learning input by presenting a matricization We present a method of applying a linear
transformation matrix that can preserve attribute and weight information in the graph generation process. Finally,
we present a deep learning input structure of a general graph and present an approach for performance analysis.
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