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Abstract Most of the existing multi-view clustering algorithms only rely on the low-order similarity information between views,
fail to capture the high-order structural features in the data effectively,and pay insufficient attention to the diversity features of
the multi-view data,resulting in the accuracy and robustness of the clustering results. To solve these problems,JSEC,a joint spec-
tral embedding clustering algorithm based on multi-view diversity learning,is proposed. Through view diversity learning, multiple
features between data are preserved.so as to effectively remove the noise in the view. Then.a method of mining higher-order in-
formation of views is proposed to make the diversity features of views as close as possible to the hybrid similarity graph,so as to
realize efficient integration of information of different views,and realize the diversity and complementary integration of views. Fi-
nally, the diversity feature matrix of the view is fused into the joint spectral embedding matrix in the spectral embedding module,
and the graph clustering is realized by spectral clustering. In addition,an alternate iteration method is designed to optimize the ob-
jective function. In comparison with the latest multi-view clustering algorithms,JSEC algorithm shows superior performance on

3 indicators of 5 medium and small scale real datasets,and also on 2 large scale datasets. Compared with the suboptimal algo-
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rithm, ARI index has an improvement of 1. 27% and 2. 57% on datasets of different scales. The superiority of the algorithm is

proved theoretically and experimentally.
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Table 3 Results of 3 evaluation indicators on 5 small and medium-sized real datasets

AR & R SChest AWP GMC MCGC SMC WMSC OPMC CoMSC SMVSC CDMGC MSCTM JSEC

ACC 0.3055 0.5638 0.6499 0.2300 0.7869 0.2329 0.5487 0.6988 0.5487 0.7631 0.6933 0.8020(0.0014)
Caltech B - -
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ACC 0.4852 0.5980 0.6528 0.4615 0.7858 0.6331 0.6632 0.5479 0.3082 0.3538 0.5226 0.7877(0.0043)
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Table 4 Results of 3 evaluation indicators on 2 large-scale real datasets
S DBLP Hdigit
ACC NMI ARI ACC NMI ARI
SCbest 0.6689 0.6676 0.6783 0.6416 0.6313 0.5146
AWP 0.7095 0.7358 0.7735 0.5667 0.6805 0.6997
GMC 0.8653 0.8320 0.8512 0.6121 0.6559 0.6221
MCGC 0.9298 0.8302 0.7746 0.3253 0.5190 0.3159
SMC 0.8305 0.7343 0.7810 0.6208 0.6371 0.5973
WMSC 0.6315 0.6387 0.6231 0.7124 0.7354 0.7203
OPMC 0.8185  0.8617  0,7921 0.8080  0.8453  0.7753
CoMSC 0.8667 0.8084 w 0.7670 0.7880 0.7216
SMVSC 0.6147 0.6724 0.6903 0.7375 0.7486 0.7510
CDMGC 0.8431 0.7711 0.7637 M 0.8276 m
MSCTM 0.8713 0.8071 0.8176 0.7315 0.7591 0.7734
JSEC 0. 8861 0.8676 0.8572 0.8712 0.8520 0.8640
Al LA Y TSEC 75 M A0 28 1 09 98 b5 M B 34 BE 1k 31 A3 T+ BE R 0. 63 %01 2. 57 %, iX F B JSEC B 7k H A & ik

PR A A T IR IR S 75, JSEC 76 NMI A1l ARI 46 45 111
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