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Problems & Ideas

Problems of multi-view clustering methods:
— Existing methods fail to consider the consistency of relational structures

across different views.
— They typically lack a guidance mechanism that leverages global feature and

semantic information.
ldeas: A novel relational contrastive multi-view clustering method, achieving

[ J
dual alignment at both the sample and relation levels. Global information are

incorporated to guide local view learning.
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(1) The latent representation Z¥ of the v-th view is obtained by the encoder. (2) The global feature information H* and semantic
information @Q° are obtained, and sample-level contrast module guides single-view learning toward more discriminative
representations. (3) Relation-level contrast module aims to capture cross-view structural consistency from a global perspective.



Main Contributions

e Contributions:

— A novel relational contrastive multi-view clustering method to achievie dual
alignment at both the sample and relation levels. The former guides the
representation learning for individual samples, while the latter captures
relational consistency among different samples;

— A relation-level contrastive module to explicitly align pairwise structural
relationships across views;

— Global feature information and semantic information are incorporated to
guide local view learning.

Caltech-2V Caltech-3V Event8 Hdigit NUS22
Methods ACC  NMI ACC  NMI ACC  NMI ACC  NMI ACC  NMI
MvSCN 450 350 677 613 446 356 708 682 175 13.0
EAMC 419 256 389 214 22 326 318 173 162 119
CoMVC 466 426 541 504 514 374 903  8§7.1 167 13.0
MFLVC 60.6 5238 631 566 485 349 927 843 169 128
SPDMC 644 506 701 630 478 317 98.5 962 129 90
CvCL 616 530 723 632 533 345 983 952 146 112
ICMVC 496 379 647 537 364 303 974 941 133 127
DIVIDE 641 529 716 585 314 124 845 927 9.0 128
PDMC-RCL 637 514 709 609 234 73 984 963 160 107
MSDIB 678 552 575 518 43 69 848 934 146 99
RCMVC 693 564 777 641 590 407 098 994 212 142
Ours vs Best Compared  1.5T 121 541 097 571 337 L3t 317 217 121

Clustering performance on different datasets (The best results are shown in bold, while the second-best are underlined).

Experimental results show that our method outperforms state-of-the-art methods
on several benchmark multi-view clustering datasets.



