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Entropy-weighting Multi-view Fuzzy C-means With Low Rank Constraint
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Abstract Effective mining both internal consistency and diversity of multi-view data is important to develop multi-
view fuzzy clustering algorithms. In this paper, we propose a novel multi-view fuzzy clustering algorithm called en-
tropy-weighting multi-view fuzzy c-means with low-rank constraint (LR-MVEWFCM). On the one hand, we intro-
duce the nuclear norm as the low-rank constraint of the fuzzy membership matrix. On the other hand, the adaptive
adjustment strategy of view weight is introduced to control the differences among views according to the import-
ance of each view. The learning criterion can be optimized by the alternating direction method of multipliers
(ADMM). Experimental results on both artificial and UCI (University of California Irvine) datasets show the effect-
iveness of the proposed method.
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Table 3  Performance comparison of the proposed
algorithms on simulated dataset
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1 WAL 1.0000 + 0.0000 1.0000 + 0.0000
2 A2 0.7453 + 0.0075 0.8796 + 0.0081
3 W3 0.8750 + 0.0081 0.9555 + 0.0006
4 WAL, MiA2 1.0000 + 0.0000 1.0000 + 0.0000
5 ML, W3 1.0000 =+ 0.0000 1.0000 =+ 0.0000
6 A2, W3 0.9104 + 0.0396 0.9634 + 0.0192
7 W2, M3 1.0000 =+ 0.0000 1.0000 =+ 0.0000

%t LR-MVEWFCM 78 #5485 1~3 Btk
Ae, WATRKIMACEEENA 1 FIS 7 s AR
IR, fEA A 3 Bt ERE B TALA 2, X5 3
HH SR BN B S 1A AT e — B kA, R
P A1 HHm 70 416 R B 48 4~6 )5, LR-
MVEWFCM HiEHS 2] T b — R B ) 52K
RO, XU B T AR SR AR AR 20 R IZ2 48 2 40 A
Bdm A — BRI, BB AR R R IR R

BT 2 MABIE 7, BALE PR B AHE
H5 A MR EEIEN RS R

M 4 Fa] DU I, T B A £ 7 Sty
fEZS 8N B R AP aS [m] o0, BT LTS8 AR S
HI%EIE /& Co-Clustering 5.7k FCM HyLSEH L
PIAS TIRGF SRR, T CombKM 5311
Reii 2z DL EEENIRS A A2, /i H R R AE T
CombKM HEM = T 1298 A 2 MG, #1172
LT Z WA 2 (B B, T A SC B ad i Ad P AR Bk
LIt — A2 T 2 2 AR — B, R
£33 7t CombKM SV 47 IR IBBR.

3.3 HESHRERR

AHTRHA 5 A UCT Hdagk: 1) Tris HifE; 2)
Image Segmentation (IS) £(#54E; 3) Balance Z(#
£, 4) Tonosphere 4 4E; 5) Wine i 52 kit 1T

SERS. T U AR AS T AR B FIRFE,
It CART DK 1% et AE 3E A T 2835 20 2L AT 440 365 A I 1)
ZMABIRE. R 5 A T oHEMHEREE.

BAVE Z WM EIRE LB % 2 MR EH
i AR R 45 I8 4T FCM Bk, Mg R4t
THILFE 6 1 7.

A EEER 6 A1 7 FR ) NMI R RI 48 br i AT
A1, Co-FKM HyEM RIS R W AL T HoAth  LFF &
MR E ) WA T Co-FKM &%, BT LR-
MVEWFCM KA 7 &A%k 1E W Ik 32 908 22 40 A 500
Z I —8ER R, I NS A B ERE IR
WS, I A 008 1) S5 A0 A 2 TR P 22 S k. AR, o
PR PERE S R e fe s, HURSIPE R R B 4T
* 6 fZR 7 PRI 4 B R T 7E IS, Balance. Iris.
Ionosphere fl Wine ##54E I, £ NMI A1 RI f5 45
PRI 3 ~ 5 ANE a8, IX UL T A SCEVEE 2L

R IEFE P A R

33k — 2 U I AR SCARFR 29 3R R HE A A
# LR-MVEWFCM HiEA MVEWFCM &2 3L [H
HEAT LG, BRI MERE T L 4 FroR.

M 4 FOARSERIL, TS TER G4 ik &
UCI BEse¥iiE b, Mtk MVEWFCM 52, LR-
MVEWFCM 5323 m] DLEUTS B 47 O SR 2R 08 A
AT, LR-MVEWFECM H A5 2 31 1 ) A A A%
IR BRI A ROR H 22 AR B0 1 — S Sk i B
[RER K ERE.

B FCA SRR S, AR IR H 8 AN dE
SEREAT W Sk ST A, L H bR R EUE L n ] 5 BT

ME 5 HE] DUE ), A SCREVETE B dE b
IFTIER 15 WA HnT T Fa e, 1X Ui AL
SRR EOR B m 3 5 T A B ) se .

A UL SR gE IR RATAME R, iERA 2
P AR5 1 ) B R B L 3R AT RO SRR M, 2 A0 A
PR SR R AR 8 Y LA G PR A R SR SR VR e
REVEAR B R R FEAR S, @A 2 A0 AR
R R 28 2 2] v 5| NARFR L SRR 3G 5 AN [R) LA 2 10 1)
—HMERR, HFINERBATNANEXRR,
HIAS IR 2 [ 22 S, AT A5 21 T b HoAth 22 40
F R B EE U R R.

® 4 BEMHERE 7 B EIRRIVERE LR

Table 4  Performance comparison of the proposed algorithms on simulated dataset 7

e Ei=zan Co-Clustering CombKM FCM Co-FKM LR-MVEWFCM
NMI-mean 1.0000 0.9305 1.0000 1.0000 1.0000
A NMI-std 0.0000 0.1464 0.0000 0.0000 0.0000
RI-mean 1.0000 0.9445 1.0000 1.0000 1.0000
RI-std 0.0000 0.1171 0.0000 0.0000 0.0000
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Table 6 Comparison of NMI performance of five clustering methods
Co-Clustering CombKM FCM Co-FKM LR-MVEWFCM
s
YIE P-value Y P-value YIH P-value IH P-value Yl
0.5771 + 0.5259 + 0.5567 + 0.5881 + 0.5828 +
8 0.0019 0.2056 0.0044 3.76x10*
0.0023 0.0551 0.0184 0.0109 0.0044
0.7582 + 0.7251 + _ 0.7578 + . 0.8317 + 0.9029 +
9 ~ 2.03x107* 2.32x10°" 1.93x10* 8.88x 107
7.4015 x107" 0.0698 0.0698 0.0064 0.0057
0.2455 + 0.1562 + ) 0.1813 + 0.2756 + 0.3030 +
10 0.0165 3.47x107 0.0061 0.1037
0.0559 0.0749 0.1172 0.0309 0.0402
0.7582 + 0.7468 + 0.7578 + 0.8244 + 0.8768 +
11 , 2.28x107 5.12x107 ~ 5.04x107' ~2.16x10
1.1703x107"° 0.0079 1.1703x107"° 1.1102x107" 0.0097
0.2603 + 0.1543 + 0.2264 + 0.2283 + 0.2863 +
12 0.3825 4.61x10™" 0.1573 0.0146
0.0685 0.0763 0.1127 0.0294 0.0611
0.1385 + 0.1349 + . 0.1299 + 0.2097 + 0.2608 +
13 2.51x107 . 2.35x10™ 2.60x107"° 0.0483
0.0085 2.9257x107"7 0.0984 0.0329 0.0251
0.4288 + ) 0.4215 + 0.4334 + 0.5295 + 0.5413 +
14 1.26x10™ 7.97x10™ 0 2.39%x10%® 0.4376
1.1703x10-16 0.0095 5.8514x107"7 0.0301 0.0364
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Table 7 Comparison of RI performance of five clustering methods
Co-Clustering CombKM FCM Co-FKM LR-MVEWFCM
ETRE)
WME P-value I P-value B P-value ¥E P-value MH
0.8392 + ) 0.8112 + . 0.8390 + 0.8571 + 0.8508 +
8 1.3475 x10™ 1.95x10°" 0.0032 0.0048
0.0010 0.0369 0.0115 0.0019 0.0013
0.8797 + » 0.8481 + 0.8859 + » 0.9358 + 0.9665 +
9 1.72x10™ 2.56x107° ) 6.49x107™ 3.29x10™
0.0014 0.0667 1.1703x107"° 0.0037 0.0026
0.6515 + 0.6059 + 0.6186 + 0.6772 + 0.6958 +
10 3.13x10™" 1.37x10°° 0.0016 0.0761
0.0231 0.0340 0.0624 0.0227 0.0215
0.8797 + 0.8755 + . 0.8859 + 0.9267 + 0.9527 +
11 1.25x107" 5.99x107" 2.33x107* - 5.19x10™™
0.0014 0.0029 0.0243 2.3406x 107 0.0041
0.6511 + 0.6024 + 0.6509 + 0.6511 + 0.6902 +
12 0.0156 2.24x107° 0.1139 0.008
0.0279 0.0322 0.0652 0.0189 0.0370
0.5877 + 0.5888 + 0.5818 + 0.6508 + 0.6855 +
13 1.35x10™" 2.10x10™ 4.6351 x10™* 0.0358
0.0030 0.0292 1.1703x10™"° 0.0147 0.0115
0.7187 + 0.7056 + ) 0.7099 + 0.7850 + 0.7917 +
14 3.82x107° 1.69%x10° 8.45x107 0.5905
1.1703x107"° 0.0168 1.1703x107"° 0.0162 0.0353
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Fig.4 The influence of low rank constraints on the performance of the algorithm (the X-coordinate is
the data set number and the Y-coordinate is the clustering performance index)
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