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Deep Multi-view Clustering with Dual-Channel Granular Computing
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Abstract: In order to deal with the problems of quality differences among different views, ambiguous
boundary samples and differences in semantic structures among different views, we propose deep multi-view
clustering with dual-channel granular computing. A dual-channel feature fusion module is designed to
strengthen key representations, where the global average pooling channel captures holistic semantics, and the
global max pooling channel focuses on highly discriminative cues. Furthermore, a dual-channel contrast
learning strategy is introduced for contrast learning at the sample and local fuzzy granular-ball structure level
respectively. Fuzzy granular-ball level contrast learning is divided into intra-granular-ball and cross-view fuzzy
granular-ball contrast learning. The former optimizes the clustering boundary by making positive samples
inside the granular-ball closer. The latter ensures consistent granular-ball structures are learned across
different views. Additionally, this paper introduces a view-adaptive attention weight assignment mechanism
that enhances the leading role of high-quality views in clustering. We verify the effectiveness of our method on
eight publicly available multi-view datasets. The results show that our method improves clustering accuracy

compared to the existing multi-view clustering methods, such as MFLVC, SCMVC, etc.
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Fig.1 Overall framework of deep multi-view clustering with dual-channel granular computing
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Table 2 Descriptions of all datasets used in this article

GRS A MK el
Caltech-2V 1400 2 7
Caltech-3V 1400 3 7
Caltech-4V 1400 4 7
Caltech-5V 1400 5 7

BGDP 2500 2 5

MNIST-USPS 5000 2 10

Cifar10 50 000 3 10

Fashion 10 000 3 10
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BRI MR Rz R (A R B 22 D

i 58 %

ETHAME, WA T Cifarl0 Fil Fashion X P
AR IR 4L, LA K Caltech-XV 2 51 50 4k,
Sk 565 TIF it 25 PR IR ) 348 o A A TR S 0 ) e
ARSCIEECT 11 AR 2K kAT T X .
SFAL G R AT IE N 8 Fh Wi AT I Z W R K ik .
SFhE S Y B2 07 vk . K-means (K S {H B2 1%),
GMM (R TR ABRARI) HC(B R BRI
PO 8 F AT (4 R B 2 W IR R 2 A A
MFLVC (X}t 2 #01& 3R 25 1 £ R R AiF 2% 2 )™,
DealMVC ( £ #i & 5 25 i WX e b ofE )7, SC-
MVC ([ AR L ml & 3R B 2 90 &R 26 0y
2 CMVC (£ 43 3 23 0] 4k SRR AE 1 X L 2
B3 2K 7 )1, DSMVC (IF JiE % 4 2 0L 1K &
Z)PY  DEMVC (3 F 03 [ DI 25 19 R B3 ik A X 2 1R
FIER )M, SDMVCHFIREZWE R I A K
BRI AR 2 2)) 2 CVCL Gl i % He 58 26 40 i 1E

TTIRIE Z I TS,

BE AR AR SR T 38032 A8 18 46 A5 ok PE Ak
A 6 B SR AR SCHE R v R S M RE L S T
RHHKEE ACC, 13— LB {5 B NMI, 4l & Pur, Xt
Tax SRR bR, HCE B 1, B R 2R
g
3.2 XWHEREDH

AT A AT 8 AN A MR A LY
PEREZE AN 3K 4 Fim MR SRR S R, T
RN KR IR 25 R o A SCHRE HE 1 O I A A B
£ FERRIL T MM S5 5 7E Caltech-2V 54 48
AR ACC RS R th 7 8.7% , 1H—1k
A5 B NMI b 45 R |l T 6.9%, 1
Caltech-3V ¥t ¥l £ | ACC b kS B m i 7
6.1% ,7E Caltech-4V #5455 | ACC L AESS R
T 3.5% ,NMI H AL R /55 0.9% . [R B AT DA

R3 ANAHHIBEE LHEREER

Table 3 Results on four public datasets

MNIST-USPS BDGP Fashion Cifar10
Method ACC NMI Pur  ACC NMI Pur ACC NMI Pur  ACC NMI Pur
K-means  0.768 0.724 0.768 0.639 0.517 0.639 0.771 0.747 0.775 0.992 0.981 0.992
HC 0.830 0.824 0.836 0.576 0.464 0.576 0.770 0.781 0.771 0.990 0.975 0.990
GMM 0.797 0.745 0.797 0.502 0434 0.526 0.608 0.699 0.672 0.846 0.936 0.894
MFLVC 0.995 0.988 0.995 0.976 0.941 0.976 0.993 0.982 0.993 0.992 0.978 0.992
CVCL 0.995 0.987 0.995 0.990 0.967 0.990 0.993 0.981 0.993 0.994 0.984 0.994
DealMVC  0.927 0.926 0.927 0.980 0.945 0.980 0.895 0.955 0.895 0.987 0.968 0.987
DSMVC  0.830 0.810 0.830 0.611 0.399 0.611 0.793 0.776 0.804 0.790 0.773 0.790
DEMVC  0.996 0.989 0.996 0.751 0.750 0.751 0.827 0.856 0.827 0.435 0.366 0.435
SDMVC 0912 0.939 0.912 0.934 0.869 0.934 0.891 0.933 0.891 0.868 0.832 0.868
SCMVC 0.997 0.990 0.997 0.993 0.974 0.993 0.994 0.983 0.994 0.995 0.986 0.995
CMVC 0.991 0.976 0.991 0.983 0.949 0.983 0.993 0.980 0.993 0.987 0.965 0987
Ours 0.997 0992 0.997 0.986 0.959 0.986 0.992 0.979 0.992 0.995 0.986 0.995
x4 TEAAEHEN Caltech HiEE FIEBEIERR
Table 4 Results on the Caltech dataset with different numbers of views
Caltech-2V Caltech-3V Caltech-4V Caltech-5V
Method ACC NMI Pur ACC NMI Pur ACC NMI Pur ACC NMI Pur
K-means 0.500  0.421 0.561 0.658 0.541 0.664 0.672 0.593 0.719 0.849 0.756  0.849
HC 0.486  0.440 0.534 0.665 0.5381 0.672 0.708 0.674 0.719 0.866  0.787  0.866
GMM 0.561  0.394 0.574  0.650 0.542  0.654 0.664 0.582 0.712 0.812 0.726  0.812
MFLVC 0.611  0.526  0.622 0.601 0.584 0.612 0.739 0.653 0.739 0.816 0.715  0.816
CVCL 0.524  0.458  0.524  0.689 0.594 0.689 0.836 0.716 0.836  0.745 0.648  0.745
DealMVC 0.631  0.521 0.631 0.636 0.535 0.655 0.792 0.692 0.792 0.864 0.777  0.864
DSMVC 0.646  0.532 0.646 0.763 0.684 0.764 0.801 0.750 0.803 0.910 0.832 0.910
DEMVC 0.466  0.364 0.465 0.554  0.429 0.561 0.524 0.439 0.560 0.554 0.453  0.554
SDMVC 0.464  0.427 0.521 0.634 0.553 0.684 0.727 0.683 0.762 0.899  0.805  0.899
SCMVC 0.654 0.544 0.654 0.748 0.637 0.748 0.824 0.719 0.824 0.906 0.836  0.906
CMVC 0.589  0.467  0.598 0.644 0.575 0.672 0.826 0.721 0.826  0.887 0.796  0.887
Ours 0.741 0.613 0.741 0.824 0.691 0.824 0.871 0.759 0.871 0.906 0.826  0.906
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Fig.3 Loss and performance variations during the training process of the MNIST-USPS and Fashion datasets
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and Fashion datasets
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Fig.5 Confusion matrices of the Fashion, MNIST-USPS, Caltech-4V and Caltech-5V datasets
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Table 5 Ablation studies on loss components

Caltech-2V Caltech-3V Caltech-4V

Method
ACC NMI Pur ACC NMI Pur ACC NMI Pur
w/0o DCF 0.674 0.562 0.674 0.752 0.615 0.752 0.836 0.722 0.836
w/o Ins 0.537 0.362 0.555 0.648 0.458 0.648 0.671 0.474 0.671
w/o GB 0.690 0.553 0.690 0.677 0.574 0.677 0.850 0.755 0.850
w/o WA 0.611 0.490 0.624 0.689 0.508 0.716 0.862 0.754 0.862
Ours 0.741 0.613 0.741 0.824 0.691 0.824 0.871 0.759 0.871
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