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Multi-view streaming clustering with evolving kernel embedding
DENG Jiaqi', YIN Hongwei ">, HU Wenjun'’

(1 School of Information Engineering, Huzhou University, Huzhou 313000, Zhejiang , China; 2 Zhejiang Province Key Laboratory
of Smart Management & Application of Modern Agricultural Resources, Huzhou 313000, Zhejiang, China)

Abstract; Compared to traditional multi — view clustering methods, multi — view data streaming clustering requires real — time
integration and clustering of continuously arriving multi—view data, while adapting to dynamically changing data distributions. To
achieve this goal, this paper proposes a multi — view data streaming clustering algorithm based on evolving kernel embedding
(MSCEKE) . First, by designing a multi—kernel fusion mechanism, the interaction and collaboration between clustering partitions of
different views and consensus kernel embedding are formed to improve the clustering performance of multi—view data streams.
Secondly, by combining support vector domain description to extract consensus key nodes from historical data, and forming the
evolution of kernel embedding through the propagation of these key nodes, the algorithm adapts to the dynamically changing data
distribution of multi—view data streams. Finally, support vector clustering is utilized to obtain the clustering partitions. Extensive
experiments on several real world datasets validate the effectiveness of our proposed method.
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Fig. 4 Comparison of max NMI values of different algorithms on various datasets
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