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Incomplete multiview clustering based on view mapping and
cyclic consistency generation

WANG Yingbo, GUO Kaixue
(Software College, Liaoning Technical University, Huludao 125105, China)

Abstract: Traditional clustering assumes that each view is complete without accounting for incomplete views caused by
data corruption, device failures, and other factors. To address this issue, most existing methods rely on kernel and non-
negative matrix factorization without explicitly compensating for data loss in each view, and the potential representation
of learning does not fully account for clustering tasks. An incomplete multiview clustering method (MG-IMC) with view
mapping and cyclic consistency generation is designed to address the aforementioned limitation. This method leverages
existing data information to generate missing data for each view through a single generative adversarial network, using
shared potential representations provided by other views. Weighted adaptive fusion is applied to capture enhanced gen-
eric structures on the generated complete dataset, followed by clustering based on KL-divergence loss. The joint train-
ing of encoding common representations and generating missing data allows the model to recover missing data while
simultaneously generating clustering-friendly common representations. Experiment results demonstrate that this al-

gorithm outperforms existing methods in clustering performance.
Keywords: data mining; clustering; multiview learning; incomplete multiview clustering; deep learning; autoencoder;

generate adversarial networks; KL-divergence
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Table 1 Clustering results of various algorithms with different miss rates on BDGP datasets

P dEAR Ak B
0.1 0.2 0.3 0.4 0.5
BSV!! 0.554 3 0.502 2 0.449 7 0.406 3 0.362 6
AMGL™ 03153 0.303 8 0.2917 0279 3 0.260 5
pvc 0.576 4 0.548 6 0.510 8 0.479 6 0.420 4
ACC PVC_GANPY 0.763 4 0.745 8 0.7130 0.6773 0.6242
MKKM_IK_MKCP 0.334 8 03180 0.2912 0.288 3 0.294 4
GIMC_FLSD?" 0.6714 0.642 6 0.6150 0.576 3 0.520 3
HCP_IMSCP7 07938 0.746 9 0.698 6 0.647 3 0.5717
MG_IMC 0.817 4 0.793 2 0.763 0 0.730 7 0.697 8
BSV! 0.397 5 0.3389 02790 0.228 5 0.177 5
AMGL™ 0.213 1 0.172 1 0.158 6 0.153 0 0.166 5
pvCH 0.347 7 03190 0.280 4 0.2427 0.2150
NMI PVC_GANP 0.675 4 0.653 7 0.6187 0.5751 0.5283
MKKM_IK_MKCP?! 0.226 1 0.2147 0.202 4 0.189 1 0.174 4
GIMC_FLSD®" 0.563 9 0.549 8 0.5137 0.457 8 0.390 3
HCP_IMSCP7 0.687 7 0.658 0 0.613 8 0.564 7 0.509 4
MG_IMC 0.723 8 0.702 5 0.688 7 0.643 6 0.591 8
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Table 2  Clustering results of various algorithms with different miss rates on MNIST datasets

IR (ER7S R
0.1 0.2 03 0.4 0.5
BSV!! 0.464 4 0.440 1 0.423 8 0.386 4 03525
AMGL!"! 0.334 6 0.3012 0.2415 0.199 7 0.152 4
pvCl 0.497 1 0.4877 0.469 2 0.4543 04132
ACC PVC_GANP¥ 0.5340 0.528 6 0.5202 0.517 1 0.528 0
MKKM_IK_MKC®! 0.457 8 0.454 6 0.4430 0.420 8 0.3933
GIMC_FLSDP" 04773 0.473 8 04759 0.465 5 0.464 0
HCP_IMSCE7 0.580 1 0.5582 0.543 1 0.5259 0.497 4
MG _IMC 0.5955 0.596 3 0.5875 0.577 6 0.554 2
BSV!! 0.422 1 0.405 1 0.3792 0.376 0 0.328 7
AMGL!™ 0.2263 0.2077 0.179 6 0.1373 0.076 3
pvCl 0.4552 0.436 3 0.3933 0.347 4 0.3219
NMI PVC_GANP® 0.508 4 0.500 8 0.506 8 0.462 5 0.440 8
MKKM_IK_MKC3! 0.364 8 03527 0.3386 0.3207 0.309 4
GIMC_FLSD2" 0.4622 0.459 2 0.4613 0.446 9 0.4427
HCP_IMSC? 05178 0.493 1 0.465 4 0.4382 0.404 8
MG IMC 0.557 8 0.559 2 0.5425 0.527 6 0.518 8
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Table 3 Clustering results of various algorithms with different miss rates on the HW dataset

. . ; Bk
TR Bk 0.1 0.2 03 0.4 0.5
BSV!! 0.5527 0.504 5 0.4577 0.438 4 0.379 6
AMGL!"! 0.678 3 0.623 7 0.573 4 05221 0.463 6
pvCl 0.5730 0.5347 0.492'5 0.4620 0423 6
ACC PVC_GANP¥ 0.889 8 0.879 7 0.865 1 0.828 4 0.793 6
MKKM_IK_MKC?! 0.5945 0.575 4 0.5523 0.5325 0.522 8
GIMC_FLSD2! 0.901 5 0.883 1 0.8715 0.8543 0.8417
HCP_IMSC2" 0.891 8 0.879 6 0.893 6 0.868 7 0.843 6
MG _IMC 0.908 0 0.889 5 0.876 1 0.865 9 0.855 2
BSV!! 0.5167 0.489 5 0.429 7 0.386 5 03238
AMGL!™ 0.6377 0.588 1 0.5392 0.456 1 0.390 8
pvCl 0.5210 04721 04205 0.3913 0.348 5
NMI PVC_GANPY 0.8119 0.789 2 0.781 4 0.739 6 07175
MKKM_IK_MKC! 0.540 1 0.5122 0.480 3 0.460 8 0.448 5
GIMC_FLSD2" 0.8390 0.8235 0.8029 0.779 2 0.758 6
HCP_IMSC? 08235 0.808 6 0.828 5 07923 0.764 8
MG _IMC 0.849 4 0.837 8 0.8150 0.801 6 0.789 9
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Table 4 Clustering results of various algorithms with different miss rates on Caltech-20 dataset

POTIEDR Hik 0.1 0.2 0.3 0.4 0.5
BSV! 0.348 7 0.3198 0.2819 0.260 2 0.248 7
AMGL!™ 0.3819 0.3389 0.304 0 0.291 2 0.270 5
PVl 0.396 5 0.389 8 0.3557 0.324 4 0.3015
ACC PVC_GANE 0.4523 0.4212 0.3758 0.3518 0.3278
MKKM IK MKCP? 0.376 7 0.356 0 0.334 8 03313 03215
GIMC_FLSD?" 0.4629 0.446 5 0.4313 0.407 5 0.3857
HCP_IMSC™ 0.548 0 05169 04903 0.4802 04373
MG_IMC 0.579 2 0.580 1 0.556 0 0.523 1 0.494 6
BSV!! 0.460 9 0.426 3 0.403 8 0.388 5 0.366 8
AMGL™ 0.494 8 0.438 2 04135 0.4193 0.400 5
PVl 0.5378 0.504 3 0.474 0 0.451 6 0.4330
NMI PVC_GANPY 0.553 6 0.5273 0.494 9 0.4822 0.479 5
MKKM_IK_MKCP! 0.507 8 0.459 1 0.4175 0.373 1 0.356 6
GIMC_FLSDP! 0.540 1 0.520 6 0.5103 0.498 9 0.487 5
HCP_IMSCP7 0.554 1 0.5139 0.503 8 0.480 1 0.448 7
MG _IMC 0.5879 0.5918 0.566 6 0.536 3 0.502 0
T AR FNARZE S 530 FRLART  RZebrih o
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Table 5 Clustering accuracy of each ablation experiment on HW dataset with different deletion rates

P AL 0.1 0.2 0.3 0.4 0.5
Lag 0.693 5 0.6550 0.594 9 0.5528 0.5215
Lag+LogHLoge 0.837 8 0.8150 0.806 9 0.793 5 0.779 5
Lt LogHLegetLyy 0.8572 0.842 6 0.8229 0.819 8 0.808 8
Lt Lo+ Loyt Ly Ly 0.908 0 0.889 5 0.876 1 0.865 9 0.855 2
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