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Abstract: The kernelized one-class hard-margin SVDD, the kernelized soft-margin one-class and two-class SVMs, the
kernelized L2-support vector regression, and the kernelized Ranking SVM can be proved to be the center-constrained
minimum enclosing ball(CCMEB) problem. Therefore, a kernelized two-class L2-SVM with multi-view(multi-view L2-
SVM) is equivalently formulated as the CCMEB problem, and a classification method named multi-view core vector
machine(MvCVM) is proposed. Both the proposed multi-view L2-SVM and MvCVM classifiers can obtain an overall
consensus classification result on each view because the differences and the associations between different views are both
considered in the two proposed models. An extensive set of experiments on synthetic and real-world multi-view datasets are
conducted to demonstrate the effectiveness of the proposed methods.
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— IR R R BR TR 2, R45H 7 =
SRR 2 PR Nt KR A 22 40 A B s SR AE AN R
KRN 10 IR I2 47 45 5. A5 % F MvCVM Al
GCVM [ 52 5 & 7 CCMEB 3@ i 4% /& 18 15 e N 1077

Z B ) 22 e G, R & MM BT
— U 2aE R (L 1(c) F1E 1(d)), H H Multi-view
L2-SVM J7EAE &ML L S8 1) 2 2500] DAAN[F].
232 /MEARSLEZWABIEE LR

TEA AT SEI R, BENLKE 70% FOREARAE NIl 24,
T K 38 A2 1 30% A R 4R, SR Beid 5% 1 3 MLk
10 B 4T 45 . £ 344 H T L2-SVM. Multi-view L2-
SVM F1 SVM-2K = 832 Xt £ 40 /i WebKB % #7 £E 10
IS AT 45 R 1) Gm HER 2P 3948 & 7 22, Hoh Gm #E
MR EE TS H.

R"3I ZHESEEMHELR %
Page view  Link view  Hybrid view
Method
Gm Gm Gm
92.5644 93.4220 95.3292
L2 — SVM
(2.8869) (2.4936) (1.3710)
95.8442 91.0813 96.674 8
Multi-view L2-SVM
(1.0657) (2.4518) (0.9754)
93.3806 93.0679 95.966 1
SVM-2K
(2.1121) (1.4607) (1.2436)

I 56 G

o 15 o L5
2 2
B 0s = 1.0
s s 05}
E 2 .l
505 N 5 0
= i = 0.5

-2 -1 0 1 2 3 -2 -1 0 1 2 3

Feature attribute Feature attribute
(a) Multi-view L2-SVM (BUFFLSf) (b) Multi-view L2-SVM OWEZEALA)

o L5 o L5
2 2
£ 0s 2 1.0
g_“j ' g 05f
2 2 L
$-05 ,, g O
= L 0.5

-2 -1 0 1 2 3 -2 -10 1 2 3

Feature attribute Feature attribute
() MvCVM (XA A) (d) MvCVM (AL AT)

o 15 o L5
2 2 1o}
b= £
£ 05 £
o)
2 2 L
$-05 5 0
= B =05

-2 -1 0 1 2

Feature attribute

3

-2 -1 0 1 2 3

Feature attribute

M 3% 5 B IR E IR AL L ke
B TR 16 Gm B R, Multi-view L2-SVM J7 32 E 78 2>
FIF AR A 2 1 0 22 S 1 5 DR Bk, A A R 1) 2
IR (3 KRR S MU Bila T — 3L
24 KEXRZNABIEEIR

SVM-2K & —F /N AR 2 40 S0, T A S B
TEFRH — P& & T KRR Z WA 1A BURE, TR,

(e) GCVM (RS (f) GCVM (WL 1)

« POSclass + NEGclass — Decision boundary o Support vector
B2 ANEAHAZMARBERKBEEER

E/NEAR NI 2 W0 AR B0 B S B 45 2R AU, R 4
03K IR 45 AN 2 o (1 YL S8 1 T [F) R 2% B, Muld
-view L2-SVM FI MvCVM % £ M M 5L # fig 78 45 F
FHBAN PR A 1 22 PR 5 PR A 2 TRD R DR B E, A 7 e 24
(1) R SR~ 1 B 43 2R 8 X S AW A AR S B T —
B 45 B, (5 H T MvCVM Fil GCVM 53 /& 78 % 0
£ bR M SRR 1 &, T A A MvCVM fIl GCVM &
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R4 ZHEFEANEAHAZNAREE LXRER
Multi-view L2-SVM MvCVM GCVM
#Sampled sizes
Gm/% Tr-time /s Gm/% Tr-time /s Gm/% Tr-time /s
99.9600 99.544 6 100.000 0 0.5538
Two moons view
(0.0850) (0.5799) (0.0000) (0.174 8)
100.000 0 285.9400 99.8989 119.4359 100.000 0 0.3167
2000 Two lines view
(0.000 0) (23.4310) (0.2548) (86.1865) (0.0000) (0.2194)
100.000 0 100.000 0 99.3875 28.8368
Hybrid view
(0.0000) (0.000 0) (0.2501) (5.3958)
100.0000 99.6576 100.0000 0.5054
Two moons view
(0.0000) (0.2598) (0.0000) (0.2132)
100.0000 5563.4917 99.7209 90.198 2 100.0000 0.4321
6000 Two lines view
(0.0000) (269.323 1) (0.6103) (35.7249) (0.0000) (0.4002)
100.0000 99.961 6 99.495 6 43.2872
Hybrid view
(0.0000) (0.1214) (0.3203) (13.2294)
98.7207 100.0000 0.6443
Two moons view —
(1.4786) (0.0000) (0.2522)
100.0000 92.226 2 100.0000 0.2621
10000 Two lines view — —
(0.0000) (71.7102) (0.0000) (0.2007)
100.0000 99.4423 39.047 1
Hybrid view —
(0.0000) (0.3339) (7.9588)
99.7816 99.9808 0.7285
Two moons view —
(0.2806) (0.060 6) (0.170 1)
99.8737 130.529 2 100.000 0 0.3962
20000 Two lines view — —
(0.3995) (99.6708) (0.0000) (0.2978)
99.9791 99.3652 52.6457
Hybrid view —
(0.0662) (0.3059) (12.174 3)
99.6692 100.0000 1.3354
Two moons view —
(0.4824) (0.0000) 04151)
99.903 8 113.8901 100.0000 1.0904
100 000 Two lines view — —
(0.3044) (49.8499) (0.0000) (0.6588)
99.9424 99.4740 54.7205
Hybrid view —
(0.1823) (0.207 1) (13.1833)
99.672 1 100.0000 3.0670
Two moons view —
(0.6118) (0.0000) (0.3094)
99.903 8 281.7097 100.0000 2.6817
300 000 Two lines view — —
(0.304 4) (372.9196) (0.0000) (1.1543)
100.0000 99.5262 61.6282
Hybrid view —
(0.0000) (0.2477) (15.100 1)

VEIEAT SR AR AITAS 3 19 B 5UR Multi-view L2-SVM 5
ERRAD HRAT W, M TSR ARS KT
6000 i, Multi-view L2-SVM &1 4E 28 3 5286 IR 55 op
CETEIRET.
242 HESEKHEARZUABIEE LR
AR a1 2 P USPSO1 HSERFEA 2
TR 1 B34 £ R U B A SCHE HE K MvC VML B0 KR
A2 AN B BT 73 RN . A SO 2
P A USPSO1 S48 240 A1 7438 J7 1202 K 4R 48 675
AMFEAEAR T35 75 B 3 LRFAE T4, TR AL RRAE T 421
R AR I — A, LR AE T S B8 O 225, 7
ARATSEGH, CCMEB J& I K 5 IE e UM 1074,
RKSGH T ZHIEAE KA Z LA USPSO1 %4
P B AisAT S IR LI 45 . N 51l sz i) 46
Al PLFE H: Multi-view L2-SVM 5.3l MvCVM 5572
HHE 70 43 R %A 1 22 SR S 00 A 2 (R] 1 SR I

PE, FEIR G F3RT T B0 1) Gm R % (— 2th);
MvCVM BERE & —Fpid T/NERM Z 22 5
W, S P T RREA I 240 2 2 B

3 4 #

Multi-view L2-SVM 575 4& 44 9 R AL L2-SVM
SRR T 2 A0 2 210 B H I 2 AR SRR R 2= L
Sk, J7 MRS, BT Multi-view L2-SVM 70 5 88 2 4y
F— CCMEB i {, 7] £ GCVM . Fl T Multi-view
L2-SVM 43 2K 2% DLR e KA AR 2 40 4 43 26 ) L. ik
Tob, ASCERM TIES T RKEEAR 2 MM 2 ) ik
MvVCVM. 7E /M A KR A B4 5 b 1 5256 3K B,
Multi-view L2-SVM 5.2 Al MvCVM 7L AL e A 20F]
FH A0 A 1 22 S5 P R G TP R 5t 40 2 8 2 ST Mk,
A3 A > R F T — 5 /£ MvCVM B2 521
R SCE $ R P ME B s i AL SRV, T A AT IR
NHIERS 2347 [, MyvCVM 5%t CCMEB i@ i kg
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x5 ZHEZEZWAUSPSOl HiE&E EXHER

Multi-view L2-SVM MvCVM GCVM
#Sampled sizes
Gm/% Tr-time /s Gm/% Tr-time /s Gm/% Tr-time /s
85.0733 70.3989 61.6512 244578
View 1
(0.9950) (3.8866) (1.4948) (7.2716)
95.5289 94.5682 96.0909 102.904 5
View 2
1000 (3.9726) 192.8640 (1.2971) 3199331 (1.0190) (25.763 6)
View 3 86.3373 (12.2495) 78.1755 (40.844 3) 75.4064 28.2455
iew
(1.8990) (2.3824) (1.7537) (2.5907)
97.7704 95.0037 90.2785 86.0158
Hybrid view
(0.4782) (0.4784) (0.773 6) (10.689 0)
86.1232 71.2478 62.0351 54.7158
View 1
(2.0860) (3.7816) (1.1687) (8.9361)
96.461 1 94.42717 94.9993 197.5472
View 2
3000 (1.7204) 3773.0183 (1.3876) 541.963 1 (1.7993) (51.5988)
View 3 88.1027 (115.1977) 77.1470 (83.7472) 75.6122 61.4550
iew
(2.4246) (2.9397) (2.2604) (18.4627)
98.1825 94.790 5 91.2653 189.3946
Hybrid view
(0.2619) (0.746 2) (1.6150) (35.4726)
68.4539 64.8193 64.082 1
View 1 —
(2.2089) (2.3797) (19.6223)
94.2632 96.4159 297.1632
View 2 —
1000 (1.0275) 742.5960 (1.5856) (124.1035)
77.0010 (149.5363) 74.9905 98.5115
View 3 —
(1.9272) (2.0903) (23.7942)
94.7149 91.8870 259.0334
Hybrid view —
(0.6113) (1.3811) (42.4165)
72.8887 67.1985 181.3200
View 1 —
(3.7140) (3.0317) (104.378 8)
939178 93.1584 1126.0527
View 2 —
10000 (1.098 1) 1330.8321 (2.7255) (311.5885)
77.387 1 (569.5108) 752263 325.1654
View 3 —
(3.3173) (2.0553) (110.304 8)
95.0779 90.8824 638.1720
Hybrid view —
(1.0137) (1.2971) (111.1744)
71.1289 62.5483 2657.4552
View 1 —
(1.8893) (3.5302) (495.0039)
94.9348 94.9190 18698.4500
View 2 —
(0.8782) 257484112 (1.7208) (2552.4872)
100 000 —
78.8724 (8335.1504) 75.5444 3623.8595
View 3 —
(1.778 5) (1.0010) (1244.4059)
95.2172 90.2746 8254.0847
Hybrid view —
(1.1003) (1.4339) (3435.369 6)
69.9326 63.9722 8195.163 1
View 1 —
(2.1384) (4.3964) (1358.7047)
93.6633 94.9744 28328.7894
View 2 —
(1.0145) 92516.926 6 (1.8861) (14133.4862)
341462 _
76.8529 (24333.4424) 74.6762 20845.1656
View 3 —
(1.3807) (0.9692) (5591.8004)
95.2341 90.1223 49320.3214
Hybrid view —
(0.6452) (1.1172) (7046.042 6)
LR ER RS - A SRR & I 7wl i R B U D peiild 2038.

CCMEB 181 /% & RAE A SC W R AT IR, Bk
i) A T 4 S2IR N AT, 68 MEB R 7 VA A1 3L
N T AR 7.
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