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Abstract: In a complex network, the role is to summarize node location information's structural features. In a real network, it is
observed that one node has multiple roles. Therefore, in this study, we extend the single-role discovery framework for nodes using
transfer learning to discover multi-roles of nodes. The framework's key points are the acquisition of structural features, transfer
of single-role knowledge of the source network to multiple roles of the target network, and selection of a model using the
validation network. We also propose a generative model of a network with multi-role nodes from the network topology based on
the multi-role nature of the real network. Experiments using the network generated by the proposal generation model and the real

network (Wikipedia network) show that the proposed framework achieved higher accuracy than the comparison method.
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