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Incomplete multi-view fuzzy clustering based on the variational

autoencoder
CHEN Zhangfang, LI Ao ,JIANG Xiaoming, LI Yanfang

(College of Computer Science and Technology , Changchun University of Science and Technology,
Changchun 130022, China)

Abstract The purpose of multi-view clustering is to divide highly similar multi-view data into the same group.In order to
achieve efficient clustering of high-dimensional data and multi-view data, an incomplete multi-view fuzzy clustering VAE-
IMFC based on a variational autoencoder is proposed, which effectively combines the generation ability of variational
autoencoder with the discrimination ability of the self-expression module. On the one hand, the variational autoencoder is
used to explicitly compensate for the missing view features of samples, on the other hand, L1 and L2 regularization are
used to generate a more discriminative subspace representation to complete the clustering task. At the same time, due to
the fuzziness and uncertainty of the generated data, fuzzy clustering is used to replace the traditional hard clustering to
complete the sample classification, avoiding the "either-or" classification method in the traditional clustering analysis. A
large number of experiments have proved the effectiveness of the proposed VAE-IMFC, which has achieved a great
improvement compared with the existing technology.
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Fig. 3 ARI results of clustering methods on BDGP, HW and sampled MNIST datasets
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Tab. 1~ Clustering results of algorithms under different missing rates on Tab. 3 Clustering results of algorithms under different missing rates on
BDGP data set the sampled MNIST data set
Bk B
WNESR  XTHOTE 0. 0.2 0.3 0.4 0.5 WAESR XTI 0.1 0.2 0.3 0.4 0.5

BSV 0.5543 0.5022 0.4497 0.4063 0.3626

AMGL 0.3153 0.3038 0.2917 0.2793 0.2605

IMG 0.4354 0.4086 0.3808 0.3566 0.3204

ACC EE-R-IMVC 0.3257 0.3094 0.2943 0.2835 0.2908
GIMC-FLSD 0.6714 0.6426 0.6150 0.5763 0.5203
IMC-NLT  0.6934 0.6458 0.6130 0.5773 0.5242
HCP-IMSC  0.7938 0.7469 0.6986 0.6473 0.5717
VAE-IMFC 0.7941 0.7716 0.7328 0.7014 0.667 9

BSV 0.3975 0.3389 0.2790 0.2285 0.1775

AMGL 0.2131 0.1721 0.1586 0.1530 0.1665

IMG 0.3563 0.3208 0.2912 0.2567 0.2280

NMI EE-R-IMVC 0.2574 0.2263 0.2134 0.1921 0.1769
GIMC_FLSD 0.5639 0.5498 0.5137 0.4578 0.3903
IMC-NLT  0.5766 0.5635 0.5537 0.5364 0.5273
HCP_IMSC  0.6877 0.6580 0.6138 0.5647 0.5094
VAE-IMFC  0.7043 0.6838 0.6697 0.6526 0.6119

F2 HWHHRE ARG AT 45k i A
Tab.2  Clustering results of algorithms under different missing rates on

HW data set

SRS

VEM R XS 0.1 0.2 0.3 0.4 0.5
BSV 0.5527 0.5045 0.4577 0.4384 0.3796
AMGL  0.6783 0.6237 0.5734 0.5221 0.4636
IMG 0.5673 0.5292 0.5025 0.4607 0.4195

ACC  EE-R-IMVC 0.5785 0.5536 0.5363 0.5105 0.4078

GIMC_FLSD 0.9015 0.8831 0.8715 0.8543 0.8417
IMC-NLT ~ 0.8628 0.8503 0.8374 0.8015 0.7747
HCP_IMSC  0.8918 0.8796 0.8936 0.8687 0.8436
VAE-IMFC  0.8953 0.8799 0.8729 0.8698 0.8506
BSV 0.5167 0.4895 0.4297 0.3865 0.3238
AMGL  0.6377 0.5881 0.5392 0.4561 0.3908
MG 0.5193 0.4686 0.4146 0.3712 0.3268
NMI  EE-R-IMVC 0.5613 0.5351 0.5007 0.4819 0.4572
GIMC_FLSD 0.8390 0.8235 0.8029 0.7792 0.7586
IMC-NLT  0.7925 0.7698 0.7307 0.7182 0.6935
HCP_IMSC 0.8235 0.8086 0.8285 0.7923 0.7648
VAE-IMFC  0.8406 0.8242 0.8107 0.8021 0.7909

BSV 0.4644 0.4401 0.4238 0.3864 0.3525

AMGL 0.3346 0.3012 0.2415 0.1997 0.1524

IMG 0.4927 0.4787 0.4653 0.4508 0.4215

ACC EE-R-IMVC 0.4596 0.4493 0.4402 0.4279 0.3990
GIMC_FLSD 0.4773 0.4738 0.4759 0.4655 0.4640
IMC-NLT  0.5361 0.5293 0.5210 0.5275 0.5081
HCP_IMSC  0.5801 0.5582 0.5431 0.5259 0.4974
VAE-IMFC  0.5873 0.5827 0.5785 0.5756 0.5593

BSV 0.4221 0.4051 0.3792 0.3760 0.3287

AMGL 0.2263 0.2077 0.1796 0.1373 0.0763

IMG 0.4526 0.4381 0.4163 0.3884 0.3359

NMI EE-R-IMVC 0.3739 0.3608 0.3496 0.3197 0.2974
GIMC_FLSD 0.4622 0.4592 0.4613 0.4469 0.4427
IMC-NLT  0.5091 0.5023 0.4987 0.4673 0.4310
HCP_IMSC 0.5178 0.4931 0.4654 0.4382 0.4048
VAE-IMFC  0.5293 0.5252 0.5106 0.5083 0.4989

F4 100 leaves BHHAE LR FIE R T 2 RL M RALER

Tab. 4  Clustering results of various algorithms with different miss rates

on 100 leaves data set

[

PN ERR XL OTR 0.1 0.2 0.3 0.4 0.5
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P ESE T B R AL RS AL, I A RESE TR AR B
11 VAE-IMFC {5 72253 F 95 o Az 1 it 5 1) L 14

BSV 0.3732 0.3466 0.3242 0.3149 0.3041
AMGL 0.4342 0.4132 0.3961 0.3679 0.3359
IMG 0.5923 0.5430 0.5421 0.4820 0.4359
EE-R-IMVC 0.6162 0.6090 0.5871 0.5569 0.5122
ACC GIMC_FLSD 0.6624 0.6596 0.6434 0.6109 0.5719
IMC-NLT  0.7043 0.6983 0.6678 0.6451 0.6207
HCP_IMSC  0.7689 0.7628 0.7458 0.7271 0.6849
VAE-IMFC  0.7932 0.7782 0.7620 0.7489 0.7261
BSV 0.2094 0.1469 0.1208 0.1121 0.1009
AMGL 0.3428 0.3022 0.2621 0.2241 0.1913
IMG 0.5223 0.4849 0.4668 0.3596 0.3039
EE-R-IMVC 0.6429 0.6159 0.5995 0.5609 0.5308
GIMC_FLSD 0.6219 0.6180 0.6039 0.5769 0.5362
IMC-NLT  0.6308 0.5939 0.5651 0.5709 0.5378
HCP_IMSC 0.7029 0.7112 0.6912 0.6669 0.6150
VAE-IMFC 0.7089 0.7271 0.7160 0.6882 0.6569
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Tab. 5  Clustering accuracy of each ablation experiment on BDGP data

set with different deletion rates

o 25 A4 0.1 0.2 0.3 0.4 0.5
EE IR 0.7035  0.6850  0.6268  0.5658  0.5015
FRIERLA 0.7688  0.7450  0.6980  0.6493  0.5977
k-means JEJE 07685  0.7426  0.6802  0.6368  0.5815
VAE-IMFC 07941 07716 07328  0.7014  0.6679
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