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Deep Self Supervision Multi View Clustering Based on
Cross Distribution Alignment

CHEN Hongda CHEN Peigin
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In order to efficiently use the consistency and complementarity information of multi view data to improve the
multi view clustering effect, a deep self supervised multi view clustering method based on cross distribution alignment is proposed.
First, the cross alignment strategy is used to learn the potential relationship between views and obtain the potential representation
shared by multiple views; Then, the clustering operation is performed, and the clustering result is taken as pseudo label information
to establish a self supervised path; Then, joint learning optimization in a unified framework; Finally, experiments are carried out on
three public multi view data, and the results show that the clustering evaluation indexes of the proposed method show good
performance.
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