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Abstract

Multi-view Support Vector Machine is a typical learning method for processing multi-view feature
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data, which still has irreplaceable advantages in scenarios requiring small samples and high interpret-
ability. Existing MvSVM methods construct classifiers directly on original high-dimensional data with-
out considering the redundancy and noise, and most treat “dimensionality reduction” and “classifica-
tion” as independent processes, leading to limited classification performance. To address these issues,
this paper proposes a Privileged Information Learning-based Multi-view Support Vector Machine. For
the first time, this model integrates high-dimensional data dimensionality reduction and MvSVM clas-
sifier training into a unified convex optimization model for simultaneous optimization. Meanwhile,
privileged information learning is introduced to realize bidirectional transmission of complementary
information between views, ensuring that the model conforms to both the consistency and complemen-
tarity principles of multi-view learning. Experiments on three types of real-world multi-view datasets
(image, text and multimedia) show that the proposed model outperforms traditional “dimensionality
reduction + classification” tandem methods and existing MvSVM methods in both classification accuracy
and F1-score, and also has significant advantages over mainstream deep learning multi-view methods
in small sample and low computational resource scenarios.
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Figure 1. Model framework figure
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Table 1. Dataset introduction

F 1. BIEENE

pAETES eyt PR EIHRRAE (L) KAE [EFN

Caltech K% FLE A: LBP (928); LK B: HOG (1984) 7 1474

WebKB AR TT B A PRI E(1703); ALE B: 51 HEERE(569) 5 195

Movies EZ/LYIN ML A: J5#IR](1878); MLIEI B: 8 51(1398) 17 617
4.2. BE&HZE

N BN AR R PERE, 2 ADUSRRT L, AR B4R 5 <37 g R,

(1) 14 “BadE + 2 SVM” HHk: PCA + PSVM-2V (PCA B#4E )5 ] PSVM-2V 432%). LDA +
PSVM-2V (LDA [#4E/5H PSVM-2V 732K);

(2) G 2B SVM J5ik: SVM-2K (13 & — B R i 2 MK SVM). PSVM-2V Glieil— it 5
HAMER Z I EIFAL SVM). MvSVM-2C (il &3R5 BAME B Z 4 E SVM). MPWTSVM (REBUIIAL
A Z A SVM). GMIGSVMs (] UFEE Z - SVM);

(3) FFBUE B #2177 SYM+ (B TRAAUE BB A s AZ 8 1Y) SVM);

(4) IREEH 2] Z M 725077 MVCNN (Z LB R M 4% ). MvDNN (2240 IR FE AR 22 I 28) |
SCA-PVNet (32 XiE = 1 Z A 2%)

43. TWWE

(1) FrAETERRZ IR R EBRBE)Z, %25 o MHUETERE{0.001, 0.01, 0.1, 1, 10, 100} .

(2) PCA + PSVM-2V. LDA + PSVM-2V. SVM-+F1 MvSVM-2C H{J &% C #E4£4{0.01, 0.1, 1, 10,
100, 1000} 3t [l P 14T 1 52 .

(3) /£ MPWTSVM H1, & C*=C? =C, CAHI D HI{EF{0.01,0.1, 1, 10, 100, 1000} F I %,

(4) £ GMIGSVM 1, # & cl=c2, cl 1A [FMEAE{0.01, 0.1, 1, 10, 100, 1000} 1% £

(5) £ SVM-2K. SVM+F1 MVDRP ', # y 3£ {0.01, 0.1, 1, 10, 100, 1000} Ju [ Fi&#E, S5y &
BHN0.01,

(6) SVM+. PSVM-2V Hl MVDRP KR 24k y fE7E ] {0.01, 0.1, 1, 10, 100, 1000} N % .

(7) IR TR F Adam fRALSE, 23150 0.001, H#EAK/ANR 32, IZREEHECN 100, SR FA55%
LD RIRVE{E

XTI TS, AR BIPRAS FEALE YRR, R BRI I R N AR B 2 R U R &
K, BREREMERLSE R, B THEfiZ 2 4b, R3] F1 24, Dbl 2 MK 2B 0 HERE .

4.4. THHER

4.4.1. Caltech BUEEEHM T HIE)

722 7R, MVDRP 7E S0 B S5RGBT Bra w77 IR S E S, MVDRP ) Acc (92.85%)
EC R BE 77 % PCA + PSVM-2V (80.26%)+ LDA + PSVM-2V (82.08%) 7 HIHR Tt 12.59%. 10.77%, [FK;, M
F 20 LAEH, MVDRP [ F1 73%0(95.31%) & & T PCA (83.62%)F1 LDA (85.47%). PCA + PSVM-
2V. LDA +PSVM-2V FI4Eid AR [E 2 M E SVM 175 R R IFRR), FEE4E 5 RHE X R A
HME B 11 MVDRP EEBERA AL, M FEL4EE RS T 2 A0E SVM IRIBG SR Ak B bR, £f B OCHE 73 4
fiE o SURPES 2 )75, MVDRP 7E Caltech #5421 [ Acc tb MVCNN (90.12%)5 2.73%, b MvDNN
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(88.76%) 1 4.09%, Et SCA-PVNet (91.23%) 1 1.62%. X /& Kl Caltech FHREFEA R /N1474 ANFEA),
RS 2 INER B MA, T SVM EE/INEAR 5 N A H Iz 4 g

Table 2. Classification accuracy and F1-score on Caltech dataset

%% 2. Caltech BUIBERI 7 LEMEBM F1 5

. View A View B Hybrid View
Acc (%) F1 (%) Acc (%) F1 (%) Acc (%) F1 (%)

PCA 7743 £1.21 81.26 £ 1.35 79.14+1.18 82.86+1.27 80.26+1.09 83.62+1.15
LDA 78.62 £1.15 82.47+1.22 80.37 +1.09 8431+1.16 82.08+1.03 8547+1.08
PSVM-2V 85.74 £ 0.98 87.94+1.05 88.02+0.92 91.28+0.97 89.14+0.86 91.15+0.91
SVM-2K 84.19 +1.03 86.81 £1.09 86.43+098  89.57+1.03 87.52+0.92 90.26+0.97
SVM+ 82.96 +1.12 85.39+1.18 8459+1.06 88.16+1.12 8536+1.01 89.39+1.06
MvSVM-2C 85.37+£0.95 87.32+1.01 87.28+0.89 90.15+0.94 88.71+0.83 90.78 £0.88
MPWTSVM 86.11 +0.91 88.39+0.97 88.93+0.85 92.19£090 90.15+0.79 92.14+0.84
GMIGSVMs 85.93 £ 0.94 88.12+1.00 88.42+0.88 91.96+£093 89.71+0.82 91.86+0.87
MVCNN 86.72 £ 1.35 89.25+1.42 8856+128 91.73+1.33 90.12+1.19 92.37+1.25
MvDNN 85.39 + 1.47 87.86 + 1.54 87.12 £ 1.41 90.25+1.46 88.76+1.32 91.02+1.38
SCA-PVNet 87.85+1.26 90.37+1.33  89.64+1.19 92.81+1.24 9123+1.10 93.56+1.16
MVDRP 88.57 +£0.76 91.18+£0.82 89.26+0.71  92.52+0.76 92.85+0.65 95.31+0.70

4.4.2. WebKB iR E(RHIXEHR)

7 3 7R, MVDRP 7R AWM E LK Ace (88.75%)5 F1(92.39%) Y Nl AL 241K SVM 27+
i3, MVDRP ] Acc [t SVM-2K (83.12%)#¢ T+ 5.63%, Lt PSVM-2V (84.97%)#EFt 3.78%, Lk MPWTSVM
(85.48)%2 T+ 3.27%; WebKB ML A 5K B 45 %7K, £ L K SVM B E A3 i 4 SCARRHIE
I, TUR S FE W2 MVDRP B ECG AL, 7E AR R B A B 4L 2 e 50 R,
[FI OR AL EAME B, 1T R . HIRFES: 2] )75 AL, MVDRP 7E WebKB #4E4E ¥ Acce b
MVCNN (82.35%)15 6.40%, Lt MvDNN (80.78%) 7.97%, Lt SCA-PVNet (84.12%)5 4.63%. WebKB %{
PERFEAREMN DN, WES I ONEEE A, SVM kR I AR i) IMEA R 3

Table 3. Classification accuracy and F1-score on WebKB dataset

5% 3. WebKB HUBRER 5 LEFHZEM F1 93

View A View B Hybrid View
R
Acc (%) F1 (%) Acc (%) F1 (%) Acc (%) F1 (%)

PCA 74.83 +2.15 7826+232  76.53+2.08  79.82+225 77.64+197 80.37+2.14

LDA 76.21 £2.07 79.53+223  77.82+2.01  8049+2.17 78.95+1.90 81.85+2.06

PSVM-2V 83.09 £ 1.62 8576 +1.75  84.79+1.56  87.06+1.69 84.97+148 8822161

SVM-2K 81.16+1.75 83.94+188 8236+1.69 8471+1.82 83.12+1.61 8528=1.74

SVM+ 80.04 + 1.83 82.75+1.96 81.25+1.77 83.36+1.90 82.53+1.69 84.46+1.82

MvSVM-2C 82.87 + 1.65 85.19+1.78  83.64+1.59 86.57+1.72 84.66+1.51 87.71+1.64
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MPWTSVM 83.51 +£1.58 86.04 £ 1.71 85.18+1.52 87.95+1.65 8548+1.44 8893 +1.57
GMIGSVMs 83.26+1.61 8592+1.74 84.92+1.55 87.52+1.68 85.12+1.47 88.57+1.60
MVCNN 79.26 +2.53 81.73£2.71 80.58 +£2.46 83.25+2.63 8235+234 85.68+2.51
MvDNN 77.89 £2.67 80.25+2.85 79.14 £2.60 81.86 £2.77 80.78£2.48  84.12+£2.65
SCA-PVNet 81.37+2.38 83.86£2.56  82.65+231 85.19+2.48 84.12+220 87.35+2.37
MVDRP 86.78 £ 1.32 89.18+1.45 8847+1.26 91.24+1.39 88.75+1.18 92.39+1.31

4.4.3. Movies BIBSEKAEF % R HiE)

% 4 BIR, MVDRP 7EIR SV L1 Acc (74.36%)5 F1 (71.49%)#:At. MVDRP [1] Acc LLAFHUE &
521771 SVMH (65.93%) 2T+ 8.43%, hEGZ4E SVM &AL MPWTSVM (71.02%)$2F 3.34%:;
Movies AR A T4, 125077155 7 23035 MVDRP-SVM @t e A Ak Hh 10— B0 29 3P A
FALE R 7 K 22, AR RRRUE B2 B IR D EER R 2K 22, LS. SRS S ITEMLL,
MVDRP 7 Movies 2354 _E 1) Acc tt MVCNN (70.25%) 7 4.11%, Et MVDNN (68.79%) 751 5.57%, tt SCA-
PVNet (72.14%) 1 2.22%. Movies HHEFEIRA T HFEAREA R, RSSO0 EME LS ST B/ 5K
FHIE, T SVM Ty 2 it 5 K TA) BE AL AN~ £t B S i 1) &

Table 4. Classification accuracy and F1-score on Movies dataset

%% 4. Movies BIREN 2 LEHEF F1 ¥

View A View B Hybrid View
8t
Acc (%) F1 (%) Acc (%) F1 (%) Acc (%) F1 (%)

PCA 57.52+2.34 53.94 £2.51 58.47 +2.27 55.16+2.44 5928+2.16 54.92+233
LDA 59.85+2.26 56.22+243  61.13+£2.19 57.83+236 61.85+2.08 5835+2.25
PSVM-2V 68.93 +£1.87 65.37+2.04 70.61+1.80 67.82+1.97 7052+1.69 67.64+1.86
SVM-2K 65.37+2.01 61.63+£2.18 66.89+1.94  63.59+2.11 6727+1.83 64.28+2.00
SVM+ 63.74£2.12 60.18£2.29  6436+2.05 6241+222 6593+194 63.11+£2.11
MvSVM-2C 68.26 £ 1.92 64.82+£2.09 68.94+1.85 6595+2.02 6941+1.74 66.73+1.91
MPWTSVM 69.83 +1.78 68.05+195 71.62+1.71 68.79+1.88 71.02+1.60 68.16+1.77
GMIGSVMs 69.52 + 1.81 67.19+£198 71.86+ 1.74 6894+191 70.85+1.63 67.92+1.80
MVCNN 66.28 +2.45 63.12 £2.62 67.56 +2.38 65.37+2.55 7025+227 66.89+2.44
MvDNN 64.75 £ 2.58 61.59 £2.75 66.03 £2.51 63.86 +£2.68 68.79+240 6542 +2.57
SCA-PVNet 68.14+£2.29 65.76 £2.46  69.87+222  67.53+£239 T72.14+2.11 69.27+2.28
MVDRP 70.69 £ 1.65 68.36 = 1.82 72.14 £ 1.58 69.11+£1.75 7436147 71.49=+1.64

4.4.4. jErhscIS

NI OB TTER, Bt = AN AR . (1) MVDRP-NoDR: 25 il A BR4ERI L, B 7 5
Ia T 4ERE EIlZR. (2) MVDRP-NoCons: £ #540E —HMEL . (3) MVDRP-NoPriv: £ #FHAUE &

HAMAER .
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Table 5. Ablation study results (Accuracy, %)
= 5. IHASLIR A ROEMHZERY%)

et Caltech WebKB Movies
MVDRP-NoDR 87.23 82.56 68.79
MVDRP-NoCons 89.57 85.34 70.25
MVDRP-NoPriv 88.91 84.67 69.83
MVDRP 92.85 88.75 74.36

MW 5 TTLLEH, REBCA ARG, SRR TR, £ N8EE Lol T 5.62%.
6.19%- 5.57%, XFRBLA LR A IEREEZIOH AL AR S GBI IR GG S 8, %
AL — SR A AR T, PR HI % 3.28%. 3.41%. 4.11%, XFR M —FPEL AT LU 3P AN A
PRI 7 el Zs s PR RUE B EAMERG, PERE ) N FE 3.94%. 4.08%. 4.53%, IXRFFAUE L
5 ) AT LA 0P A K (8] 1 B AME B R TE 2 2R o = ANBEER W R P A 45 5 B Y B AT e I 1

445 FEEEHTHMERETK

2 W /RTE Caltech. WebKB 1 Movies ##E4E F A ST 7 iAAEA RI4ERUM AR R 23 . K] 2 AT LA
i, 4R, BEAE4EEL J M 1 IR AT A, BRRIE N, ZEHmRBEihLET
AR, R BRARRAAE 2 8] A ) 3 EE BT DL SRR FRHIE ) 2R R s . WA R(T)FI®) h B O,
O, MITHEATLLEW, O, MQ, & T w, M w, XN FRHER &, K KRHIE R =B E &2 A RIS
Bo nFH AR AR — N RUNIEL Bl d=1, FTRES B — A M ERNE R, SEEGREHANECR.
A /N iR 22 H ILAE 28 FE BB/ N T AR BRI R, £ WebKB F1 Movies ##a4E I, q4EE 00T
200 B, FERFE AN, XFILRM— NI RERE, BOMO4ERE T RE A 2 S B (A A 1)
GR, M, EfTRasI NTURERME, MR R 2P .
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Figure 2. Performance variation of MVDRP with different dimension numbers

E 2. TEI4EHAY MVDRP 4REZE 1L

4.4.6. BHYRMESHT

fEA/NATT, BoE MVDRP ARS8 R, B SRR RN Sy 1, W R A K
4. BbAh, ZHCt . CPAIC RIEMWSHL, 5222 R EMK. WEC, ikZ%y My IEM 0.01 £ 1000
A, FENE AR LT, BRI 3 PSR, GELFEe, 20 S|
By > 1R, WU B XSS TR I A 0k 7, AL A R GERE, i, 7E Caltech
BARSEE, My =108, SREEREIT, BOMERAURSE L, VI B LA A ERUCENE. BN, 1
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WebKB I Movies #4545 1, #LE A X8k SRR I LEAL IS B 8K, ROy = 0.1, 73 3RHEH
. MAh, HSHC BUEILF] 10 50100 i, 7poRtkReRf. 28 C 5% REMK, A58 CT
RIS, AEARER T MU SR %, AR R R0, XATRES B G. 4 C /e, 2
BRG] - e R SRASIABE, AR R /MESE SR 2, X AT RE P B B K70 2R IR 2

Figure 3. Performance variation with different values of parameters y and C

3. By 1 C MARMER AR L

4.4.7. BREEEMSCIE

N T IR R AR B R AL B T B R E, FE =N EIRE L E B A [R] B A Y v e S
(6=0.1,0.2,0.3,0.4,0.5), it MVDRP 5 PSVM-2V H17> Ukt R 484k, ME 4 AfLLE H: BEEMR SR
FERIB I, Fra 5k e R XA BT R %, {5 MVDRP [ F B 218 T PSVM-2V; g
(0 =0.5)8, MVDRP 7E Caltech. WebKB. Movies 54 AR 3 T % 4.23%. 5.17%- 6.35%,
1M PSVM-2V 7351 FBE T 8.76%. 10.23%. 12.45%; 1XFKH] MVDRP @A P4 SHRAUE B% 5, X
NP B SRR Bt PRAEI AR W] DO SRR OER A e A, TR AU S 2 SR i A ot AR gk — 2B RS

AR M o
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Figure 4. Experiment on robustness against gaussian noise
4. BHIREEHMESE

4.4.8. FHEHERII L

X EEASC 712 5 3 A = AN BRSPS TR R N A . A 6 ATRLE Y, A5k
IR RIS TAE S SVM U7, (@R TIRFES: 2] 77, {8 MVCNN ] 19.0%, SCA-PVNet [
14.3%; AOTERINAE G HEES SVM J5EAEY, iR TRESE 2175, 8 MVCNN 1) 13.5%,
SCA-PVNet [ 9.0%; Bl £t SRR IG N, A SO ERITHE SRR AT . X RS IEELR
WE NG EE R RIS, BAARMRMTTE SRR R, EEEENGR &M EIEZ R .
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Table 6. Comparison of computational efficiency

= 6. ITEMEITLL

Caltech WebKB Movies
BAl WG AR IR AR IR e
®) (MB) ®) (MB) ©®) (MB)
PCA + PSVM-2V 12.35 85.62 2.17 32.45 5.89 56.78
LDA + PSVM-2V 15.72 92.37 2.89 38.62 7.23 63.54
PSVM-2V 28.64 125.89 4.56 56.37 12.78 89.25
MVCNN 185.32 1024.56 32.78 512.34 98.65 768.92
MvDNN 126.78 768.23 25.43 384.67 72.34 576.45
SCA-PVNet 245.67 1536.89 45.21 768.45 135.79 1024.67
MVDRP 35.26 138.54 5.72 62.89 15.34 98.76

5. &5ig

el ot 22 0 P S R T LA P AR B 25 = W, A SO R TS A ST I S S R L,
Fede 5 Z A0 SVM 7 K& n gt — IR, RSP S2AE PR 5 40 RS0, 8 S fe G o BT RS
B IR R AL 42— BOVE L o S R R P AU SR AL T R £
ST KA O JFE I o A S MR B H AR R 1 1 S SR NS, OB R R v SE R SR R IR B
TE =R RHBRAE R ISR R Y, MVDRP IS FI ARUMR T4 “Wde + 537 BB %
FIEZAE SVM J7ik, TE/AVREA . R SRR S AR L TR B 2 ST 2 LRy it B B 3.

ASCEBIAFAE DL FIEAE R : Ho—, FRAEBHCR GRS, SPRHMIE S A7 B AR AR 45 1 1
ORISR L Ho, BRI Ry 3 BRI, R AR T R VR I B, 6 K
BORORAE SRR IR T2 0R . Sh LR R, BRSO MBI R TIF: —, SIAL
G, SR PR AT 25 L v PR AR 2R, SR THREAL X S 2R AE S LR /1 3, Sh A
HHRFE S BENLER FE T B3RS, B AR ORISR A, 3t — D AR B 3 5 T B mT o etk .
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