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Abstract: Multi-view subspace clustering aims to divide a set of multi-source data into corre-
sponding subspaces according to its underlying subspace structure. Many existing methods ei-
ther explore multi-view common information or only explore complementary information in dif-
ferent views, which are easy to cause the lack of the key information in clustering. A multi-
view subspace clustering method based on discrete indicator matrix optimization is employed to
optimize the affinity matrix for multi-view clustering. At the same time, the algorithm takes
into account the complementary information and common information between different views
to ensure the consistency of clustering in different views. The experimental results show that
the block structure of affinity matrix obtained by the proposed algorithm is more obvious and
the clustering accuracy is higher.
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