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Abstract: Community search aims to find personalized communities highly related to the given query nodes. Existing
community search methods are applicable to simple networks, and always assume either a single query node is given or multiple
query nodes are from the same community, which limits the flexibility of the algorithm. An attributed network oriented multi-
community search method, which is designed viarandom walk path similarity enhancement of query nodes, is proposed to effec-
tively locate multiple local communities that query node belongs. Attribute and high-order structure information in the network
are effectively fused, and the importance score vector of each query node is calculated based on random walk with restart. The
similarity between random walk paths of query nodes is calculated and the similarity enhancement strategy is designed to en-
hance the association of similar path walkers so as to locate multiple community structures of different query nodes. Based on
the combination of structure and attribute, the parallel conductance is used to accurately find the community. The experiments
on both real-world datasets and synthetic datasets verify the effectiveness and efficiency of the proposed method.
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