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Multi view SVM based on common hidden space

JIANG Zhi-bin*23t, ZHOU Jie'®, ZHANG Yuan-peng®, WANG Shi-tong!'»

(1. School of Digital Media, Jiangnan University, Wuxi 214122, China; 2. Department of Medical Informatics,
Nantong University, Nantong 226019, China; 3. Jiangsu Key Laboratory of Digital Design and Software Technology,
Wuxi 214122, China)

Abstract: Because the traditional single-view methods difficultly obtain better classification performance on different
scenes and different forms of multi-view samples, multi-view learning has been widely studied and has become one
of the hot topics in recent years. However, in multi-view learning, there may be a special phenomenon of that the
difference between samples from the same class of different perspectives is larger than that from different classes of the
same perspective, which brings great challenges to multi-view learning, and eventually it will lead to poor multi-view
learning. The Parzen window technology is used to construct the public space, and the public space is combined with
the original space to obtain the extended space for multi-angle learning, so as to meet the challenges brought by the
above special phenomena. Then we use the support vector machine (SVM) to propose a kind of new multi-view learning
method, namely a multi-view SVM based on shared hidden space. Experiments on real multi-view data sets verify that
the proposed method has good experimental results in response to the above challenges.

Keywords: multi-view learning; Parzen window; common hidden space; extended space; SVM
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Lss_hist £ 4iF (2 000 4E) F1 SIFT 45 4E (2 000 4E) 43 51
AL AR A B A S B RE 40 35 1) L, AT

B Eid 4R ECT M E T 6 B 4.
HARGHAT IR 2 Frow.

T2 AWABUBEHEAMY

e Hlase e UiES FEAA 2L
D1 giant_panda vs hippopotamus giant_panda hippopotamus 1665
D2 giant_panda vs leopard giant_panda leopard 1550
D3 giant_panda vs persian_cat giant_panda persian_cat 1656
D4 hippopotamus vs leopard hippopotamus leopard 1331
D5 hippopotamus vs persian_cat hippopotamus persian_cat 1437
D6 leopard vs persian_cat leopard persian_cat 1322
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4 PFBE77E% Two moon-Two line RYSLIGZE R

WA 730 BRI A O VR R, SRR, N T R S X
B AR 7 15 KNN R SVM A 1R 531 250 58 82 i AR K,
LW 75 St 28 1 43 2 (line A1 A1) A1 ElE 28 14 43 2% (moon
P AR ) B 5 T A2 AN — R I, e A A5 SR A 7 V5 11
PEREAS U Z WA J7 2. TR T 2 W 77, CHS-MV-
SVM 773 I T A R A FE AR 8] (1) 22 e 5 BE &R, fig
2SI LAYV E S
332 HEZUABEELRER

X T 2 2 A0 A B SR AWA, S8 BT AR A
FIFH PCA P54k 2150, 88 )5 #E 47 5256, BT 7 I AE )
6N 2 MAEE LRSI R HRIAH. &
3 RN SEBR IS AT 20 I B SAME AN I 22, o A e (1)
S5 R R GR 3 Hh i Ja AT /2 BT 45 R 1T 35 kG
J&E FISF- 35 77 22). KNN_A AT KNN_B 43 51 25 71 B0 £
7792 KNN 7E AN A b i 45 3L TR A b, SVML_A R
SVM_B 73 7| 32 7~ S A0 A 77 % SVMALE PR AN HL A L 1
SR

®3 MARENELZIAKIES AWANSIREE

# KNN_A KNN_B SVM_A

SVM_B

SVM-2K MV-L2-SVM AMVMED CHS-MV-SVM

DI 0.815840.0148 0.8130+0.0114 0.818240.0645 0.835340.0496 0.8804+0.0134 0.9059+0.0132 0.8519+0.0140 0.9007+0.0177
D2 0.782840.0123 0.7826=£0.0123 0.8165+0.0636 0.8251+£0.0652 0.876540.0196 0.89861+0.0081 0.825640.0093 0.9147+0.009 7
D3 0.797040.0192 0.802240.0147 0.8238+0.0429 0.8393£0.0391 0.856040.0146 0.903240.0104 0.838 1£0.0135 0.906 6:0.009 1

D4 0.786240.0210 0.8386+0.0184 0.813940.0423 0.835540.0343 0.8515£0.0251 0.891340.0148 0.8467+0.0099

0.9189+40.013 8

D5  0.757840.0132 0.8497+0.0151 0.822440.0475 0.843640.0353 0.8662+0.0103 0.922240.0118 0.8480+0.0126 0.9433-£0.0089
D6 0.819940.0118 0.8348+0.0176 0.834540.0389 0.857 1+0.0436 0.8909£0.0026 0.919740.0131 0.8727£0.0107 0.9304 +0.0151

0.7933
0.0154

0.8202
0.0149

0.8216
0.0500

0.8393
0.0445

Ave.acc
Ave.std

0.8703
0.0143

0.906 8
0.0119

0.8472
0.0116

09191
0.0124
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P HE 2 15 AR R, 4o S AR ), 0 2% B0 BT A 7 3 0 1 R
FHIED, 75 D) 350 03 BT A 5 vk i) PR e A7 AE S 35 22 5, gk
I FH Post hoc iz 524G 38 > A4 73 A1 P9 B 7 ik () P g
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E 5 SNEENTEHHF
T4 T BEMKTF N a = 0.05 1 Post hoc i
BRI 45 3. BT 75 3% BRI 2 A i 72 Hh 45 2]
1)z KA 1. MR 4T LUE H, Y prs < 0.025 040
4 “CHS-MV-SVM 5 H A ik fItERe A B 5 =
F 7 WM. Rt T RAAS 20T 4518 : CHS-MV-SVM
(1 BE A 4, 22 W0 A 5 v B S AR T S A vk

Fz4 BEMKFEHAo = 0.05HPost hoc FRIFHE I L5 R

7 method z PFri holm hypothesis
7 KNN_A 5.019011 0.000001 0.007143  rejected
6 SVM_A  4.146140 0.000034 0.008333  rejected
5 KNN_B 3.818813 0.000 134 0.01 rejected
4 SVM_B 3.164159 0.001555 0.0125 rejected
3  AMVMED 2400397 0.016377 0.016667 rejected
2 SVM-2K 1.418416 0.156069  0.025 not rejected

1 MV-L2-SVM 0.545545 0.585379 0.05 not rejected
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