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Abstract

Multi-View Learning (MVL) focuses on the problem of learning from the data represented by fea-
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ture sets obtained from different approaches, in which two-view learning is a kind of MVL which
only consists of two-view data. Since multi-view learning may ignore the original information of
some multi-view data, there are inherent connections between these data and the differences be-
tween different perspectives. Therefore, in order to solve the problems between multi-view data,
we introduce the unlabeled data Universum data that neither belongs to the positive category nor
the negative category. This paper proposes a multi-perspective learning algorithm based on Un-
iversum data, which combines Universum data and multi-perspective learning into a target model,
in which Universum data is considered as the prior knowledge of the model. In order to solve the
proposed algorithm model, we derive the dual problem of the algorithm model and get the predic-
tive classifier. Finally, the performance of the method is studied through a large number of expe-
riments, and the results show that the performance of the proposed algorithm is better than that
of the traditional method.
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TEAE GENLER 5 ST I o SR R, R ) R S () B — A0 R SR SRS 2% SRR, 3 o AR S )
FEAHEAT TR, 12470t m] DAFR A A0 A 27 S [1] (Single-View Learning, SVL). {H7E 3 Sz oh AR EE 3055
T, BRI SRR B RE IR ) T ORISR R, FE SRS BSRBGE AR 1S T, FATE & T DL 2
Ty FUSEAEHE (1) AAS R RS AR B A F 75 23R8 FE A, HARFR N 2 M, 23 25 2 /R 1k
R R[2]e W 1 R, RS BURRHERISCOARRIR, SCARRHIER X BUR ) — PR Afgers, AR
AR FENEFR R R AR I 2 R R B R SR, FRATRT DAE 2 W A8 EA L8 = SR, X2
MLAA 24 21[3] (Multi-View Learning, MVL).
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Figure 1. Schematic diagram of multi-view data
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SVM-2K (KCCA followed by Support Vector Machine) ) 5. — 44t . Chen &5 A [718& H T —Ff8r iR 4 77 v,
FRONEEC X B AR, RN semi-paired and semi-supervised generalized correlation analysis
(S2GCA), BRRefRIFARIMCEIE NI 2R, RER AR B B K 7T 701k, Bickel Al Scheffer [8]%
2 WA BT SO A SRR . RAEEZ UM SIS T E RIS, (2% I Ree
R — e BAT N %3 DL AN AR B AR AE 22 e 2 WA U 1 5 aa (5 2. TESRrh, BATT e ié
BIFEZRM Be A P2 A, IF HEATA IR 8 T 1E 628, XKy Universum %45 . Universum £#5
A DA H AR, AR e o] TR Bz Atk Re .

VTAESR, [ P AN T X Universum 2 2] T 72 G . Vapnik 28 N[O & e 17— ANt 5t
FEZE, X — NG A RE S, DUMETE 2% 2] A2 R 4541845 B - Weston %5 A [10]7E Vapnik
WALl B, EoRiR T Universum BORES:, HREARAE ooy, H—H AL AR —4
AN @ TAFAT DGR AR ARG B, RIS HIREAFRCA Universum F£4% . Liu 58 A[11]32 H
TR Sk, R BSRALEOR A Universum SEBSRIE A 8 ERE, 2 BRI R B
)58 15 5. . Richhariya A1 Gupta [12]#2& H 1 — 2L T 4=y 1% 4K Universum twin support vector machine
(IUTWSVM), ZJ5 ¥R Universum s AR G A N 26 351 T AN R 2 IR 1) 73 2 . Wang 25 A\ [13]
TER T M2 21777, % Universum i 5 #5845 B AHZE G F7 8 Semi-Supervised Feature Selection
with Universum (U-SSLFS), ¥ Universum FEASFHZ: &, fHHE RS S H iR,

ZE LRI, NT R A ST e 2 RS — AN R A 2 TR A AE 22 5 (0 2 A A AR I SR UG 2
BATBINT Universum i, $2 0 7 —Fh3ET Universum B3 10 22 400 2% 21 7325 845 5092 58 hn 12 4k
PR T 2 KBRS, BhAh, AU 5N IE ML IR M A A P e A . AT
YRR EZoTRR S5 T

1) BATE RIS T — R S SRR, FET Universum BE 1 2 A 22 S 5k, DUIRE 202
214y 26 ERe . AT Universum s, AT Je BB MM LA AHRIRHE, 25 85 4H 24 AT Universum
s PV RHE A R, FF4k Universum i 70 A0 £ IR 2RI 67 28 2 [8], A4S 21— AN AR B L0 73 2525

2) MR B H R B RS R A AL XA IR, SRARAHE B AR A 7] R

3) FATHEAT T REM LI RITAG A TR M RIE R MERE . Soit 4 RERY, SRS ILEUE 177
TEREPE o NG .

2. &F Universum B S M AFEIEE
2.1. BHiFERH
BV 4 e MR TRVECHE B ASAAR , — A AT DUIE I AH ST N AZ BRI K, FRFIEAR Y g, o, T — ANl

o A ARSI A AZ BRI kg FRFESEY gy om0 XT3 BAE 55, RN BERIUE N % 0 & AR %5 [6]. A5, 18
o — 2R 45 T I B A
S ={(¢ (%) (%)) (¢ (%) s (%)} @)
JIEEIN Universum 8, BATE 2 A5 1R Universum B AISE & . BRGEER T 2 WA I 28
b, BATEFART 5 —HBE, 9 Universum Hdf, % E0E & —HAE TAEATEGER 5 1 R AR 10 R
A, BHAEMAGEE, —4 Universum i&?&ﬂ%%@%?\j{¢(x/ﬁ),¢(xj),...,¢(x;j),¢(x5+1),...,¢(xzﬂ)},
X (m=12,-,2u), F—DZUAEIHE S —A Universum bl . T LLIZREHE T AR A

T={(8 (%), 5 (%)) (40 (%) 8 ()] U{B(6,) 8 (0). 8 (x2) (x27) ()} @
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St 45 P Universum G HEAT 240 £ 25 ST I IR, AT VIR HE T LU 2 TR, 3T IH4  hR A
LHUAHER 5 5 — LB bR Universum R4S G5 Aok, % BB AT LI R A

. 1 "
min E(||WA||2+||WB||2)+<:A§;A+<:B§(;B+c§m+o§(wm+,,ym) 3)

w,b.&wm

ZIREAE:

A20,&8 20,20, i=1-1
S 1
WV 20, M=12,, p, uu+1,--+,2u

XFF B SR RS, FRAIG U VEANARE . ||WA|| R |w | 43 52 H0A A FIRLA B A TE AL I,
MFBiadME. 25 ch c® Cc,D RENZH. S8y RARTkainAE, TR A7 2888 2 18 1 1H)
B, AP BIARL. &0 R ED LA A FIRLf B IOAETURA AR ., Ay, /& Universum £
AR A AR . S8 5 R E LS HL AR Universum FEA R A BRI . 4R
-5y, < (WAX# + bA) <S+y, f-0-y, < (WBXL“ +bg ) < S+, Fan L Universum B 52 ST AN
FEIX I, Universum 47 T~ SRR 2 18] 1) AU X 38

2.2. XHBiE)RE
%Tﬁ#%’&iﬁ@)ﬂ’]ﬁﬁ%lﬁl ELGH’JLH%EEE@%L X ARG PR AERLR, Wil 5
R EIA TR T o af, i, 1B, R B2 Yy K 4. Rk B H BB A
@)z—(nwAnz+||wB||2)+cAz;A+ch:f+c;m+D;<wm+w;)

—Za.‘*(y (W, - (X ) 1+§)

~ 2 (3 (e g () +0a) -1+ 7)
WA (CATAL Wq - (X )+bg )~ 2 =11
+Z/?.B( W, - gy (X (%)

(

(

(WB ¢B X| )+g+77l)
+Z,Bm W, Xy +b, — m) B (W Xy, +b, +5+y/m)

)-

>
+z;/m(w8x2‘+b —5 =W )= m (ngﬂ+b +§+1//m) 4)
_Z:uiAé:iA _Z/ui (vgi _zkml/lm _kal//m _Zﬂ’ni
FRAE RS B E OB, A0 0] R0 A I A A KA /N i, BRI, 9 T R T R, AT E SR
St HiAs B H i3 L(O) X w,b, &, w,,, 1, HEAT R 5 B B 25508 0, ks B H s 5o 4 F -
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W :ZaiAyi¢A(Xi)_ZﬂiA¢A(Xi)+ZﬂiB¢A(Xi)_ZﬂmX: +Zﬁn*wx;n;!
Wg :ZaiByi¢B (Xi)_ZﬁiA¢B (Xi)+2ﬂiB¢B (Xi)_zymxz1 +Z}/;XE. )

CA:aiA+ﬂiAv CB:aiB+ﬂiB’
D=A,+y,+k,, D=g +y +k ,C=p+p"+1

A5 ARG AL () B, 5015 o
maxW =—%Z;(giAg?(¢A(Xi)¢A(X,- )))—%Z;(gfg? (46 (x)6 (x,)))
+3 S (Bub ruta K+ S X (B + )0,
+izg(ar‘ﬂ;* —a B ) VY i6h (%) (X, )—Z;(afﬂf —af B )Y Yt (%) s (%)
—2§Zn)(ﬂmﬂn* + Y ) KO +Zi:(ai" +af‘)—5§m)(ﬂm +7m)—52m](ﬂ; +7m)

(6)

LIRS
giA :aiAyi _IBiA"'ﬂti giB :aiByi +ﬂiA_ﬂiB1 ZgiA :ZgiB =0,
0<a/® <C*® 0<pB, +7,<D, 0<fB. +y, <D
izly'”xlx m=1,2,"',,ll,,ll+l,"',2/l
HT FREA Universum 82 00 % B, FRATIRH 75k e il i, BARRE LS
SHRBUEE 1R,

Table 1. Algorithm implementation steps
* 1 BELILSE

N ARSIV ZREER Universum FEZA
k- WA’WB’bAYbB
1 IR bR 215 B R R IR AR 5 5
2: FEZMMEGRES Universum i,

3: WAtk & &8.C,CHCP D
A: MgIEFERAR AR i 5L(6);
5: i@id K A# Quadratic programming il B EIfE o, B2, B, Bor Vs Vi s

6: B AXG)IHHE w,,w,,b,,by

7. R[AIER W, Wy, b, b

2.3. HEEHE ST

BAPE AT 12 500 1IN 1) 52 2% B 8t — Ml o %S0 AT LR &S ™ — kR 1] £ (Convex: qua-
dratic programming problem), At LA1Z 501k F B T8 B 2% FE A O((I +m)3) (1 AVNZRFEAA 2L, m 2 Universum
FEAN)
3. EWE S
3.1. ZWHE

BANCERE 7 2 MR, XEHERE Z M T 200 % 211 . BdE4EaHE Pascal Visual Object
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Classes. NUS-WIDE-OBJECT. Handwritten Digit £ Image Segmentation, FiVE4NiER LT

»  Pascal Visual Object Classes (VOC2007): %4 6 2& FG Hl 4, Hoh 7 9963 A~ st A EIE
KRR 20 25, BN, &, BATE, RT5%. AR, SRR 5011 5KillZ
P15 A1 4952 5K IR &I 15 .

*  NUS-WIDE-OBJECT: 1Z¥#E 501 30,000 X R B, I-45r v 30 28, BlanBe R, 162, ik,
FEIRSE . TEARSLIGH, Z AR 17,927 MIZREIE A 12,073 MR EE -

e Handwritten Digit: ZEEERFESEHF( 0" - ‘9" YK, FEHTH 2000 MEE, F£ 10 1251,
A 200 NEME . BETRE R O H kb EGE T R R . s, AT ET
HHBEALIE R 50% 1 G T ISR . AR BRI EIE

* Image Segmentation: &M\ 7 N A EUR BEHE B b BE AL I BRI AL, 2 8dE PR B 2310 AMFE
BUEFERIR R, XX R R 7 AN, BIeeE, K23, W, JKie, @5, BREFIE. HaRse
A5 19 NS EE, W LLE R NE A .

YT Universum EdiE 1 5, A JUR 5% 0] LLIREE Universum FEA[10] [14]. fEARSCH, FRATME A2

U pog J7¥25R A2 B Universum £EAS, FFiE3E Universum BEAS FI S8 36 MR ORI BHZ BRI RS . U FHIER

N FAT S AN EFE I . i, Wy AT K RN 0 A 1 3474y 28, IF B HAREF (N 2

F MG, XLEE A LUFAE Universum R fil. SRS, S256 Al O SEEG 4RI 4 2 FoR .

Table 2. Experimental data combination
2. ZLUWHIRAS

Subdataset Data Set Positive Negative Universum
dataset 1 Pascal VOC2007 bird cat, cow, dog horse, sheep
dataset 2 Pascal VOC2007 boat bus, car, train, aeroplane motorbile, bicycle
dataset 3 NUS-WIDE-OBJECT bear birds, cat, tiger cow, sun
dataset 4 NUS-WIDE-OBJECT boats cars, plane, train vehicle, sand
dataset 5 NUS-WIDE-OBJECT flags, sign whales, cars, plane, train tower, toy
dataset 6 Handwritten Digit Number 3 Number 5, Number 0 Number 9
dataset 7 Handwritten Digit Number 2 Number 6 Number 7
dataset 8 Image Segmentation brickface cement, path window
dataset 9 Image Segmentation sky grass foliage

32 XEWigE
N T RAEPT R SEE A A, A8 S50 e B BOIRATTR 5 oAt DU 22 W0 Ay 2 S Skt AT s b, XL

RPN

o SVM-2K [6]: k&4 T kst SVM A1 KCCA Hidk, 3 it F il BIEE 22 18 1 56 R R s 72
MlkRE.

e USVM [10]: ‘e BAT JRBR%0iR % Universum 8 S5 h51E SVM Sk & A, DATEAR =R i) 8 1
AT AT PERE

s MVTSVMs [15]: ‘E5IN T HIA—4EE Z IR LI R, JR45E T 200 5 ) RXCCRE R 8 LT
e
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*  MVNPSVM [16]: ZJ7iE45E T B 147 CFF 2 HL(Nonparallel support vector machine, NPSVM) %%

MZ A A, FEH NPSVM 3 B 2 A0 27 ST ek, 7R 18T 1) WA

TESERrp, AR pr A LI AE WM M A EAEH & RBF &, JFH¥ RBF S %o WEN
{0.25,05,0.75,1} . fEH i Krikd, RATREETSHC =c®=C 1 D #{10°,107,10%,1,10,10°} Fi
{0.05,05,1,3,5} , Z:¥ e £ {00101} &%,

XFFPUASRS SR, RATBCE SAMTAT FEAR B 28, JF B SEiah B B R . /£ USVM B
W, EEIZH C A D AHIEE M {10°,107,1,10,10°) £1{0.05051,35} . 7E SVM-2K Siikth, fE
{10%,10™",1,10,10°} S &9 B BT B4 CAFIC® L Z%0D M 457 {005,05,1,3,5) #1{0.01,01} |
WHE . X T MVTSVM HIl MVNPSVM 5%, AT ETIZ2%C =C, =C, =C, NI D=H 733N
{10°,10?,10",1,10,10?} 1{0.05,05,1,3 5} #Arhie#%. Z4e Fl & (UL {0.01,01) o *-F-Fifi I
%, AT R SLIR T R 2, BRAVE A TR X eE, G EEWEE RIS, 5— BRI
AL . J34h,  TLORAE SRR T € SER & S 2 8. Flan, X TRk, ATEL 2 fhir
&M %S EAE TR ZRANIINAEE AL T e e

3.3. SEREGROH

3.3.1. M4REELER
FEATI R, AR ELRR T AN DY A3 U iR PR RE . 6 3 VLR T AN B R AN A7)
FHETPE UL AR HEZE

Table 3. Classification accuracy and standard deviation result statistics

3. DAEMERIREESE RS

Subdataset SVM-2K USVM MvVTSVMs MvNPAVM Frig
dataset 1 82.60 £ 1.35 83.50 +1.26 81.65+1.95 86.50 + 1.62 90.45+1.01
dataset 2 86.00 + 1.86 82.60 + 1.06 80.90 +1.76 85.80+1.75 88.50 £ 1.25
dataset 3 74.60£1.78 77.65+1.68 7250 +2.29 84.45+1.59 83.02+1.84
dataset 4 7250+ 1.94 78.60 +1.64 7490 +1.95 80.60 +£1.78 84.50+1.28
dataset 5 73.60 £ 1.36 76.40£1.28 7490 +1.46 79.90 +£1.89 83.90+1.34
dataset 6 76.65+1.76 80.60 £ 1.95 75.50 +2.05 79.45+1.80 81.00 + 1.54
dataset 7 77.50 £1.89 78.80 £1.26 74.00 £1.95 78.50 £ 1.57 80.65 + 1.05
dataset 8 82.50+1.20 83.00+1.34 85.30+1.91 89.02 +1.25 90.50 £ 0.81
dataset 9 8452+1.54 83.60 £ 1.25 82.50 +£2.08 9150+ 1.24 89.80 £ 1.02

BATAT LSRR, 2 1 7 iR GR 2] DAL H A 5 i R B 4 o 491 4, 5T 2R 4E 1, SVM-2K, USVM,
MVTSVMs Al MVNPSVM 5143 HI3k43 “82.60” , “83.50” , “81.65” , “86.50” [IA&)E, (HA, %
H LT LA “90.45” KRS, BT HAb VL. RAEXMBE R EE, X2ER AR %EE
Universum ##i2% [& 3 2 WA 2 2 b, T AT MB L 2 A A 2 S I SRaL . H2, fERIE 7 2R 28T,
SVM-2K, MvTSVMs #l MVNPSVM J5iE A2 2% & Universum % . Rk, $&H 077 ik mT DA HAth 5 72
PATHEELF . KT USVM J7iEAI$E 153, BAI#H% S 1 Universum £dis . HAE, $EHI775058R E
USVM BB AR R AR L& B A B H B 5 20 2 WA BE & 9 2% 0 v, mT DU s 4
IFFIERIN, Rk, ATt 575 USVM s IF . TRk 2 thig, FRAT0T LAk — 0 W23, %)
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FREFEHESE, Frig B ok ] LR b A ik B A bR 2= . fln, ST FEESE 1, Frithm
Tk kR eI ZE N 1.01, LA vEN KT 1.01. X, A 57T AR AL AR 2 it fg .
33.2. VIGHEAKED

A CAE Pascal VOC2007, NUS-WIDE-OBJECT, Handwritten Digit #1 Image Segmentation FJAN R K/
fINE, SCILT SVM-2K, USVM, MVTSVMs, MVNPSVM FIFTHE 77 FRATRA_ 3k PUAS Kedls
M. XFF NUS-WIDE-OBJECT #i#E 4, 115K/ {6000, 8000, 10,000, 12,000, 14,000} 45424k . [H]
FE, FATAE Pascal VOC2007, Handwritten Digit #1 Image Segmentation Yl Z&kEA kN, &l 2 1 x A
7~ Universum #EA B0 2 1H 8 1 46, 15 2 BoR TR IR BRIl 22 285 5 1 SVM-2K, USVM,
MVTSVMs, MVNPSVM FIfdg 7L ) o0 RS . BATATBARIN, ZEIVPRATET, STk
EARERR T HAB LA, I B E VISR ARSI, P Sl Rk o R A 4 &

90

0
=}

0
(=)}

~

%
=

)

)
T

Classification Accuracy (%)

Classification Accuracy (%)
o0
(=]

82+
"l / 78} 1
—8— USVM-2K q P ——USVM-2K | |
78 —— MVNPSVM 76 —&— MVNPSVM| 1
il MvTSVMs il MvTSVMs
76 =USVM 74 st USVM I
SVM-2K SVM-2K
74 A " " i " 2 L A A A " A - |
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Number of training samples (Pascal VOC2007) Number of training samples (NUS-WIDE-OBJECT)
84 90 r
83 89t
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871
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(=]

851
84 ¢

~1
Rel

[—e—usvMmak | 83 |

/ [—e—UsvM-K |
~——MVNPSVM ——\NVNPSVM
—8&—MvISVMs 82 ¥ | ~——MVTSVMs |
—+—UsSVM = TUSVM

SVM-2K_ | 81 SVM-2K |
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1
=3}
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N}
~J

76 |- i 4 A ' e e i 80 | = i i 'S i i ' e -
400 600 800 1000 1200 1400 1600 1800 2000 400 600 800 1000 1200 1400 1600 1800 2000
Number of training samples (Handwritten Digit) Number of training samples (Image Segmentation)

J

Figure 2. Classification accuracy under different number of training samples

2. TNENIGHAREE TH D IERHR

3.3.3. Universum # A B 94

WHITEE AR, Universum FEA I R/NAS [0 23 fema SR PERE[14]. DRLtG, FRATTERE IR BT I
SEEAE Universum FEARE AR O SR 30, IR S8R FFAAE, Bl C* =1,C® =1,C =1,D =056 =0.1.
3 BN T AR H IR USVM 7 EFEAS AR Universum BEAS T (0 RUERf = . fE1E 3 1, /K°F
B~ Universum S2491 ) K /)y, Bl NUS-WIDE-OBJECT [ Universum “K/NE{500, 1000, 1500, 2000, 2500}
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ERUE

MG P, [HFE, AT Pascal VOC2007. Handwritten Digit A1 Image Segmentation %4 4E 1)
Universum 4K/, Wil 3 1) x fhfs. RS AT R G RE . BT LA 1, ANEHER
Universum 3 5 40 5 — 52 (80 . 40, 7T LLA T NUS-WIDE-OBJECT %R+, 4 Universum
I %ctE BN, S FHER R AR, AR5 PR RE il 2R B A KR A N 0 . 11024 Universum $dis &
12 1000 i, 73 AHAERFIL I F Fro 2 Universum $is SEANBTIE NN, 70 JEREREAE Ak BB REORFRAG
Fae . Jefolity, LAt AR S th 5o SR RCR

92 r T T v T T 1 86 1
90 ° —O- —_— P )
84 = + 3
88
> 86 > 82
g 2
g 84 3
: < 80
2 824 g
g g
£ gof G 78t
K K
© 78 ] )
‘—O—USVMQK 76 + —@—USVM-2K | 4
76, S—nsvie | | —e—UsvM
L
74 L . L L 74 L L i
200 300 400 500 600 700 800 500 1000 1500 2000 2500
Number of universum samples (Pascal VOC2007) Number of universum samples (NUS-WIDE-OBJECT)
82 92 r

90

3
=
o0
o0
T

N
N
'3
=N
T

N
)

o

=

Classification Accuracy (%)
Classification Accuracy (%)

oo
[}

63 =—©— USVM-2K
=—©— USVM-2K' —— USVM
—— USVM 80 L
66 [
64 . . . . 78 - . :
0 100 200 300 400 500 600 50 100 150 200

Number of universum samples (Handwritten Digit) Number of universum samples (Image Segmentation)

Figure 3. Classification accuracy under different number of universum samples

3. A[E) Universum ¥ A% E TR D LERE
4. BRESRE
AR, FARE T —MEET Universum Fda 2 MM 5 15 Bt iz EB AR 1T
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