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Abstract: The algorithm of online variational expectation maximization ( onlineVEM ) can explore the clustering
patterns of large networks fast. But the stability and accuracy of the algorithm are poor when the network structure is
complex. In order to identify the clustering patterns faster and more accurately, an active semi-supervised online
variational expectation maximization ( ASonlineVEM ) algorithm is proposed. Firstly, the algorithm selects the
representative nodes automatically, determines the numbers of clusters, and initializes the model based on the
representative nodes. Then, it iteratively executes three tasks: running the online algorithm onlineVEM, actively
selecting nodes, and updating parameters until the algorithm reaches the preset threshold of accuracy or
convergences. Experiments on artificial networks and real networks with different structures show that the accuracy
and efficiency of ASonlineVEM algorithm are better than those of similar algorithms. The ASonlineVEM algorithm
uses the priori information of actively selected nodes to improve the stability and accuracy of clustering pattern
detection of networks and to improve the efficiency of online algorithm.
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