The 25th Annual Conference of the Japanese Society for Atrtificial Intelligence, 2011

1P2-Ib-4in

goggotdbotdbtoboboboubotdbotubobon

Clustering a Graph Sequence based on Submodular Function Optimization
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There are many real-world applications suitable to model objects by using graph sequences. For example, a
human network is represented by a weighted graph where each human and each relationship between two humans
correspond to a vertex and a weighted edge, respectively. If some relationships change in the human network,
weights edges in the graph also change, resulting in a sequence of graphs. In this paper, we propose a method
for clustering vertices in a graph sequence based on the submodular function optimization to discover changes of
communities in it. In addition, we evaluate performance of the proposed method using artificial datasets.
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