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Locality-preserved Maximum Information Variance v-support Vector Machine

TAO Jian-Wen''? WANG Shi-Tong®

Abstract The state-of-the-art pattern classifiers can not efficiently preserve the local geometrical structure or the diver-
sity (or discriminative) information of data points embedded in high-dimensional data space, which is useful for pattern
recognition. A novel so-called locality-preserved maximum information variance v-support vector machine (v-LPMIVSVM)
algorithm is presented based on manifold learning to address those problems mentioned above. The v-LPMIVSVM in-
troduces within-locality homogeneous scatter and within-locality heterogeneous scatter, which respectively denote the
within-locality manifold information of data points and the within-locality diversity information of data points, thus con-
structing an optimal classifier with optimal projection weight vector by minimizing the within-locality homogeneous scatter
and simultaneously maximizing the within-locality heterogeneous scatter. Meanwhile, the v-LPMIVSVM adopts geodesic
distance metric to measure the distance between data in the manifold space, which can reflect the true geometry of the
manifold. Experimental results on artificial and real world problems show the outperformed or comparable effectiveness
of v-LPMIVSVM.

Key words Locality preserving projections, v-support vector machine (v-SVM), manifold learning, within-locality ho-
mogeneous scatter, within-locality heterogeneous scatter
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AW 1 s,

F1 EMITIRR R R (%)
Classification accuracy comparison of v-SVM,
MCLPVSVM, and v-LPMIVSVM (%)

Table 1

ik FEEE 1 (B gE) K 2 (Bdkde)
v-SVM 100 (A1) 96.7 (A2)
MCLPVSVM 100 (B1) 98.6 (B2)
v-LPMIVSVM 100 (C1) 99.8 (C2)
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SRS 41 M 5 AR 5 B 2T A B (LI 1
TRHAR AEH), v-SVML 7 HER 4 R R R LA 75
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Fig.1 The discriminant boundaries in the two two-moon datasets: v-SVM ((a) ~ (b)), MCLPVSVM ((c) ~ (d)),
v-LPMIVSVM ((e) ~ (£))
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Table 2 The classification accurancies of v-LPMIVSVM based on different parameters (%)
SR p AR (A = 0.8, k = 5), Herp “—" AL
iz 0.01 0.05 0.1 0.3 0.5 0.7 0.8 1
GESE 23.43 46.8 61.4 93 99.8 87.68 - -
SR\ B KRR (= 0.5, k = 5)
A 0.1 0.3 0.4 0.5 0.6 0.8 0.9 1
Iy IR L 97.6 87 98 62 87 99.8 88 82.4
SRk A5 IR (= 0.5, A = 0.8)
k 3 5 7 9 10 11 13 15
e 93.18 99.8 97.67 74.54 87 93.87 67.7 82.6

HEARSCIT 0 4y 2k g, X ABEE— PR T e B 5
e
3.2 KIREUEE

Sh TR A T b U B A SO VIR A SRk e, FEA
54 AR UCT #odl 4, AR 4 (ORL %
4, Yale H#li4E), RN 5 =MIA Tk (v-SVM,
MCVSVM, MCLPVSVM) #E47Eb4s, LLk—251t
HH A SRR AT R
3.2.1 UCI #E&EL%

UCT i 5225 Aok s X 23 28 07 v 1) 1
R 127181 R SC LR SO [4, 13, 16]) TR A
UCT %44k, HEE 14 /SR 3R L 04T 50 8, 4y
I 2 1, AR MRS BL N B YR T (0-SVM,
MCVSVM, MCLPVSVM, v-LPMIVSVM) {432
PERE.

BIRETEAE B £ 3 fias. B4 b R
Fi R 2K, W T 2 K50 FK L one-against-one
FEMEHEAT, S0 T T A B AT TR — iz LA B
VAN BT 5 RO A PE RE I bRt 2 3 T i 4
BRFEA ) 5 A K UFRE R, £ 5 FAT I AEN
R, BRI 5 AT, BRRIRIFIGX
5 ATFEFM 1 EAMNREE, HABVE AR, 1%
AR ESE 5 IR, BOLFIAEAE A B G RS 45

RIS 5 A AR IR, £ 4 BoR
FELEMEREE LR MEAE DL BT 77 v-LPMIVSVM 5
v-SVM, MCVSVM & MCLPVSVM J5 7545 &
e E s O B e e, X EAGE S
TS EC NS5 45 3.

M 4 g5 a3 R 45

1) SRR 772 RE WH S0 i DU b o 2O 48 LT
BT B g sy 2RbEE. 2) 45 IR BOR, fEL TR
AL OL R, AL G v-SVM. 748 T Bl 4 b
(5> KRR RAE — e R 3 T Hof = Rh ik, X

WIGAE T AN J8 s A 1) 1) dge K ) B, 1 22
PRACHE 7 [0 1) 25 ¥ 45 B G FL & AR FF R B A5 B,
— R A RRE LI o R RE. SIS T
Fph 5 ) A T R &5/ A &L, MCLPVSVM
1 o-LPMIVSVM #4328 th B W (132 L RE 0 O A
3) 5 v-SVM, MCVSVM, MCLPVSVM % J7 %4
bl T 5 vo0 T T B AR 3 A LT T b g
R o PR RE, X — DU, 78 780 % e A s
23 T) 14D e 30 AT 6 R A B RN s 3 ) (s B Ol
v-LPMIVSVM J5 ¥ REHUSHRE U iz A PERE.

* 3 B 0dE UCT HdhsE

Table 3 The UCI datasets for pattern recognition
Dataset A EL FHAEEL sy
Iris 150 4 3
Breast 699 2
Heart 303 13 2
Vehicle 846 8 4
Glass 214 9 6
Tonosphere 351 34 2
Wine 178 13 4
Waveform 900 21 3
Balance-scale 625 4 3
Sonar mines 208 60 2
Hepatitis 155 19 2
Biomed 194 5 2
Diabetes 768 2
Liver 345 6 2

3.2.2  ABRIRFIZLE

INSASEEE e S N N R T O E 5 d b A
PO 220 IR Y W £ A 2 20 i T A S e
FE00.12,17=20] D) )7 Wit 2 3 5 iR B0 k. SOk
[10] 23 #r4E HH, RS FUBERUESE, BUEBIAUE iR
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Table 4 The classification accurancies of the four approaches based on UCI datasets (%)

Dataset v-SVM MCVSVM MCLPVSVM v-LPMIVSVM
Ltk ARtk 2tk JRkrt etk JRkrt etk E[32:8

Iris 97.3 100 98.7 100 98.6 100 100 100
Breast 97.12 99.67 96.94 99.54 97.2 99.88 96.71 99.87
Heart 79.9 84.8 83.4 88.94 84.3 91.13 89.12 94.28
Vehicle 76.7 78.76 80.5 87.42 82.1 88.3 85.7 88.3
Glass 63.2 68.4 60.5 70.3 63.57 70.41 70.85 72.29
Ionosphere 87.67 84.28 83.6 85.30 89.8 90. 33 90.71 91.42
Wine 93.2 98.4 93.48 98.2 95.51 98.61 97.89 100
Wave form 88.7 90.46 86.44 89.74 85.17 90.87 89.3 90.9
Balance scale 94.2 96.51 93.9 94.89 93.67 95.27 94.2 97.2
Sonar mines 69.9 69.9 75.45 75.45 76.26 76.26 80.21 79.6
Hepatitis 84.41 88.81 87.01 86.2 85.46 88.86 87.66 88.04
Biomed 86.9 86.9 87.5 87.5 90.82 90.82 91.67 93.37
Diabetes 76.2 83.4 75.26 86.1 75.67 79.3 75.8 81.4
Liver 65.7 67.18 71.5 74.68 71.84 77.92 74.27 79.87

PEHEAS i 4 23 [ AR 4RI T, 5 T B 205 2K )
R, 2 TS A R) () AR ALY 46 A, UL R I 2%
JE B 1 =350 PN A T T 4 A R = i S B, A
PREAE — 8 R AR T BB AR M RE. i,
ARy 2 BRI 4 7 VA AR Ak B AR LR M LTE 45 0
(NI E s 4 E B HAT A7 2%, 23 0l SR FH o e e
B Ry X (R R M 2 B B ) X T 4 O vk
HEAT DA (D DX S DL, A SR I G P 85 R 1) 0-
LPMIVSVM Jj v-eLPMIVSVM), LLidt— B oRA
SCTT R TR F 1 R £ 7 A A Rk

SR A ORL $d A Yale #1220 114
WRA%AE. b ORL AHHREME 40 MR
NI HH, BN S AN [F R4 1) 10 5K ¥ 4 A
Yale N £ AHE 15 AN 165 M A& B4 E
B, F—ZmAFRDEI ARG RS 11 sk A
AL, SERHT, X R G EAT AR B, AL
AR 32 BFE x 32 B FE N, HEMEFEN 256
IKEELR, WILE G A5, AR S B —A 1024 4 )
HER, L2EE S0 [20].

FH TN BGOSR R RS s 4R R 4
h T BARE A AT T R T R TR R R e v S R T
SR ZE A SCHR SCHER [13] TPk, B BRI PCA
Xf bk 2 AN B REATRE B4, O TR 7 vkt
AT LA, S50 TR 54t o A 30 [RD A A 2. STk
[12] S Hr e H, 0T —A 1024 4k 1 K15 5k
P, BEdER] 9 dEmt fe frdr R 4G B 90 %L ERIfE
B Eit, ARSI AT Se A PCA K LU0 4
AT RAE B4R 9 4, HARA B 42 Frik B
SR BT Bl 4 5, X R e B AR A0 P SR ot 1ok

R TR TR 22, TR, T AR B s o H i
TR MR AZI AR LD, ol v R B —
TEAE X BAIE.

7t ORL AN Hl & HBENAIE 5 4> 2 730281
$¥i 174, B ORL.1-2 (#§ ORL JFEH 2 1 R
2 2%, LLFZE[H), ORL.3-5, ORL.6-10, ORL.20-32,
ORL.18-40, *f T-HAN 44 145, BEHLZE 10 4K
PAE I GRAE, R IR B, 25 45 R
H 10 A XK ESEE 1P 34MH. 5 Yale A%
BN 3 A 2 s 74E, B Yale.3-5,
Yale.6-10, Yale.8-12, 74444 1 4 H 4 il et 45
I BENANE p = {2, 3, 5} MEGEAEE N2
T, HRBEEE AN T4, e h LARF S P, /T,
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Nk, n ANEGH TR, B 2 T4 I s 25 51
A3 I A 10 FEAS X E 1 V- 3A.

K2 FIE 3 00l s TS50\ F ke A S5
AR R RIS 74 ORL.1-2 AR RE S iR
k. 34k, 25 id% T ORL BUREEAN 5K
HIRAE TSI EE R, R 6~8 2 HldR T Yale 1
PEE 3 ANBENL 2 73 FER AR AR AT S AR
SRR TS 25 21

M 5~ 8, K 2 FIlE 3 (g Farfgan F L&

w

1) v-SVM JjiEfE R 2 8 70 KIS M % b
R PUR PERESIR T A LR 535, XU, X T &E
PRX SR BAT AR MR WUE 45 H I M 2, (0% e HL
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Table 5 The experimental results for ORL datasets (%)
Dataset v-SVM MCVSVM MCLPVSVM v-eLPMIVSVM v-LPMIVSVM
ORL.1-2 85.29 96.22 99.54 99.46 100
ORL.3-5 88.82 85.76 90.34 87.81 90.17
ORL
ORL.6-10 90 87.47 88.33 88.76 91.24
ORL.20-32 100 98.93 100 100 100
ORL.18-40 96.5 95.10 98.72 98.0 98.70
%6 Yale Hli)E P /To SEHEER (%)
Table 6  The experimental results for Yale datasets P»/Ty (%)
Dataset v-SVM MCVSVM MCLPVSVM v-eLPMIVSVM v-LPMIVSVM
Yale.3-5 60.0 64.30 79.10 79.02 78.68
Yale Yale.6-10 90.0 88.61 91.11 87.01 91.57
Yale.8-12 80.0 77.24 85.51 85.76 88.14
F 7 Yale B Py /Ts SKH4E R (%)
Table 7 The experimental results for Yale datasets Ps/Ts (%)
Dataset v-SVM MCVSVM MCLPVSVM v-eLPMIVSVM v-LPMIVSVM
Yale.3-5 62.74 71.04 79.42 79.27 80.18
Yale Yale.6-10 88.33 87.28 91.76 88.22 91.76
Yale.8-12 78.50 80.53 82.01 81.76 82.93
R 8 Yale BRI Ps/Ts SEHE T (%)
Table 8 The experimental results for Yale datasets Ps/Ts (%)
Dataset v-SVM MCVSVM MCLPVSVM v-eLPMIVSVM v-LPMIVSVM
Yale.3-5 58.89 78.29 79.57 79.48 80.35
Yale Yale.6-10 76.58 87.88 92.23 91.94 92.46
Yale.8-12 79.00 81.00 87.21 86.80 88.03
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