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A Graph-based Multi-view Clustering Method Based on

Discrete Indicator Matrix Optimization
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(Rocket Force University of Engineering, Xi’ an 710025, Shaanxi)

ABSTRACT: To solve problems of current graph—-based multi-view clustering methods, such as
big computational load and complex hyperparameter tuning process caused by overdependence on
spectral decomposition, a high efficient graph—based multi-view clustering method with no hyper—
parameter was proposed by introducing discrete indicator matrix optimization. To avoid the con-
tinuous relaxation of spectral decomposition, a supercluster strategy was adopted to efficiently dis—
tinguish the discrete cluster relationships of data. For optimization, the traditional coordinate de-
scent method was improved, which reduced the computational complexity, to realize the fast opti—
mization of discrete indicator matrix. Additionally, the proposed method was verified in object im-
ages, face images, gene images and handwriting images. Results showed that the proposed meth—
od has obvious advantages in clustering accuracy and running efficiency compared with other
graph—based multi-view clustering methods.
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