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Abstract In the era of big data, the ability of humans to collect, store, transmit and manage data has
been increasingly improved. Various industries have accumulated a large amount of data resources,
which are often multi-source and heterogeneous. How to effectively cluster these multi-source data
(also known as multi-view clustering) has become one of the focuses of today’s machine learning
research. The existing multi-view clustering algorithms mainly pay attention to the contribution of
different views and features to the cluster structure from the “global” perspective, without
considering the “local” information complementary differences between different samples. Therefore,
this paper proposes a new sample-weighted multi-view clustering (SWMVC). The method weights
each sample with different views and adopts alternating direction method of multipliers (ADMM) to
learn sample weight, which can not only learn the “local” difference of weights among multiple views
in different sample points, but also reflect the “global” difference of the contribution of different views
to the cluster structure, and has better flexibility. Experiments on multiple datasets show that the

SWMVC method has a better clustering effect on heterogeneous view data.

Key words data mining; multi-view; cluster; K-means; sample weights
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1.1 MVKKM
MVKKM ( multi-view clustering kernel K-
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Table 1 The Symbol Meaning
x1 HSEX
Symbol Meaning
\% Number of views
N Number of samples in each view
K Number of clusters
P Cluster assignment showing whether the i-th sample
belongs to the £-th cluster
x? The i-th sample of the v-th view
my The cluster center of the £-th cluster in the v-th view
al Weight for the i-th sample of the v-th view
A Parameter controlling the sparisity of sample weight

2.2 SWMVC &%
% Adapt-SA BB L. HEE LMWK K-
means N TR Z 00K RS R AR
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PP B A [R5 R R B 2 A K9 4 . Handwritten
numerals #l1 Caltech101-7.

1) WebKB %4 4

Cornell, Texas, Washington #1 Wisconsin J&
WebKB % 5T 5 4 5 1) 7 48 . 2 5l 42 3% 195, 187,
230,265 MFEAS. A A AR AS I A 5| G AR A0 BT S
AR TN 5 s PR AL R AT A0 3 S X8 0L A s R A ] A K )
B 195 4EFN 1703 4187 ZE A1 1703 4,230 2 AN
1703 4,265 4E 1 1626 4. i B H 9 L2 5 4>k
BPRTR B A TR L T

2) Wiki ¥ 4

Wiki S D43 17 R L S0 & v 4 Y B 4
WHTEESRE P B EDH 2173 MIIGEA
1693 A3 AE AS 2 B Y 18T R - SCAS X Bl L S A
10 A JErp g — 5Kk 5 81 128 4k SIFT F#AF )
AR IS A M CE R iy 10 48304 LDA £
R 3 1 AL

3) Pascal Visual Object Classes 2007 ¥ ¥& 4

Pascal Visual Object Classes 2007 (VOC) & —
A AR EGEE S PR 2 808 5KIE s A —
skEMR A 512 4k ¥ GIST #EAEFI 399 4y TF-IDF
(term frequency-inverse document frequency) 34
YRR K 3] 20 4~2% aeroplane, bicycle, bird, boat,
bottle, bus, car, cat, chair, cow, dining table, dog.,
horse, motorbike, person, potted plant, sheep,sofa,
train, tv/monitor.

4) Handwritten numerals £ £

Handwritten numerals(HW) J2—A~&F 10 4~
ZE 2000 A>T 5 PR B B 2 AR S 58 e IO v Y
5 A ML B 43 IR 4E % 76 4E FOU HRAE 216 4t
FAC FHiE .64 4 KAR FFAE . 240 4t PIX F71EFI 47
4t ZER FHAE.

5) Caltech101-7 $¥5 4E

Caltech101-7 J&— X SR M B PE 4. AU 5 1474
sk R Bk oo 7 A28, 93 5 & Face, Motorbike,
DollaBill, Garfield , Snoopy, Stop-Sign, Windsor-Chair,
%A K& 1 Gabor, Wavelet, CENTRIST, HOG,
GIST #l LBP 6 4~ fik. I 6 H A4 Caltech101-7
f96 AR % LR T A R Ak 48 003 5 g 48 4L 40
4k 254 4E 1984 4k 512 4EFN 928 4.
32 XEHE

R T AT PE AR AR SO Y A T AR A ALY 20
Pl R 2R A T A 1 i, A S 3R AR T X LR T 2
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MBI REE L AZITEN 2 DSH p A1 R A%
O RITIELE 3.1 AN 8 N E HIKK R
B H{5,0.5},{30,0.0005},{20,0.5},{30,0.0002},
{10,0.5},{20,0.0005},{10,0.1} #1{5,0.0005}.

2) MLAN & — Fif i (][] 2R 25 (1) 22 400 1o S 2%
FE. SR E REARR MR . E % B R E 45 1
TE B — 50 25 A B 48 2loAE U1k 26 B, B 2 4R 15 A0
R 2007 AT LA A 32 ) £ S I AR &R 8L S
b & ZHOEABEL =9

3) AMGL"WiZ B8 13 i A 1 =2 0 7 i 45
e —Fh IS8 2 5 S HESL , RIAE 5 > i e 8
R A B A LA 3 09 AR . T AR T T 2 1 2R 2
2 B 00 2R AT 55 R & S 80 A8 & =5.

4) TW-Co-K -means""" J&—Fli filt & 0 & FlERAE
(1) 22 W0 I B39 32 1 4 THD 25 AN ) A0 T ) B Kbk
F—F0E DL R] T 242 48 A [ 400 1 ] g =2
[0 2% & 17 RN E B Z MRS S8 .0 A1
TEA A BS503R A% 00 R OT ik & R
{0.8,10,60},{0.8,30,60},{0.1,20,80}.,{0.9,50,
80},{0.3,30,8},{0.01,80,50},{0.6,10,50} Al
{0.2,30,8}.

5) SWMVC J& A 3C 4 i 7Y 2 TR A AL 2
UNSE =87 S R SR = N R T O Y
2830 AR B0 48 R T TR TR 45 B AR 0 AE 4 i R
100,75,35,60,0.5,1,10,45.

33 XWRERSW

AT E Se R AN AR 45 B 2 0 B B 4 T
R 2K R, SR )5 B /R WebKB, Wiki 1 VOC ff 47
FEATE 25 8 BRS04 I S HEE T 2804 1Y
R

D Z R ROCRRT

T 2~4 B T & ZWE R 8 4
s £ B R KM IR I ACC, NMI I F-
measure, HH, AN R 20 IREE1TES R Y
I RAR & 2 LR R 2R e ] — s 4 b i by
S5 BARFROR.

H#E2~4 TLAEH .

@O M AL G 2 W R Tk A SCIR R T
FEAIMAL B Z2 AL & R 512 (SWMVCO) 1 Cornell,
Texas, Washington, Wisconsin, Wiki fil VOC %t 4%
LA Bk Be B . B OR U, SWMVC 1Y
ACC Il F-meansure $§ b1 H AL G5 1Y 2 W0 [ R 25
& TW-Co-K -means 7E 7 5 MR LAk E T 4
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0.03 1 0.02, 7 VOC L HuAF T IRIL4E A £ NMI I H AN 56 R s Wiki A1 VOC F G R AE #L & Fn S A
febr . SWMVC 7 5 Jii 45 Texas, Washington, FRAE AR P 2 o S A 00 P12 ) B LA 5 e ) T B
Wisconsin Fl VOC #1587 @ 45 4 78 Cornell A1 Wiki P, HSCAS B AE WL 121 7 B 1 58 T AR A5 AE R 1.

PL0.2082 1 0.538 8 BUAd T4 2 my & . ox R A, @ SWMVC 7E 75 B4 8 HW Fl G Bodf 4
FATE I . WebKB 19 4 4~ 54l 48 8% 42 25 44 10 1& Caltech101-7 FIAE, LR 7E TR X 2 A5 46
SCA N ZANE 2 T S5 4 00 161 485 348, RE 005 T8 Il 5 i () 22 A LT 25 AN T HEAT T A L (R R 1B 22 )

Table 2 ACC of Different Clustering Algorithms on Multi-View Datasets
x2 TRAREXEZESUEREE LW ACC &

Dataset WMCFS MLAN AMGL TW-Co-K -means SWMVC
Cornell 0.4872 0.4308 0.4667 0.5333 0.5744
Texas 0.6150 0.604 3 0.5346 0.636 4 0.6738
Washington 0.6435 0.656 5 0.5783 0.669 6 0.7130
Wisconsin 0.5396 0.4981 0.5245 0.679 2 0.709 4
Wiki 0.5806 0.1800 0.546 4 0.5429 0.5998
vVOC 0.6742 0.3712 0.1524 0.7130 0.6802
HW 0.8025 0.9730 0.8530 0.896 0 0.8135
Caltech101-7 0.464 0 0.7802 0.6771 0.5360 0.5556

Note: The best results are highlighted in bold.

Table 3 NMI of Different Clustering Algorithms on Multi-View Datasets
x3 TRERLEFESUEREELN NMI &

Dataset WMCFS MLAN AMGL TW-Co-K-means SWMVC
Cornell 0.1446 0.2204 0.0621 0.1613 0.2082
Texas 0.2320 0.2520 0.044 9 0.2432 0.2716
Washington 0.3454 0.3571 0.1537 0.2310 0.3585
Wisconsin 0.2718 0.2773 0.0935 0.3351 0.3876
Wiki 0.5456 0.0393 0.5193 0.5370 0.5388
vVOC 0.6412 0.2571 0.0172 0.6558 0.6618
HW 0.7953 0.9390 0.8843 0.8217 0.7956
Caltech101-7 0.4539 0.6304 0.6075 0.4659 0.4427

Note: The best results are highlighted in bold.

Table 4 F-measure of Different Clustering Algorithms on Multi-View Datasets
x4 TEARLEZESUEREELNFE

Dataset WMCFS MLAN AMGL TW-Co-K-means SWMVC
Cornell 0.3789 0.3916 0.4403 0.4761 0.5147
Texas 0.5353 0.5540 0.504 2 0.5956 0.6146
Washington 0.5677 0.5947 0.5110 0.5890 0.6372
Wisconsin 0.4818 0.4709 0.4797 0.606 8 0.6120
Wiki 0.5056 0.1800 0.4208 0.460 4 0.5108
vVOC 0.6005 0.2571 0.1520 0.6171 0.606 0
HW 0.8370 0.946 6 0.8448 0.8229 0.7680
Caltech101-7 0.504 3 0.7365 0.7102 0.5518 0.5452

Note: The best results are highlighted in bold.
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