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Rank Preservation Learning Machine Based on Data Distribution Fusion

LIU Zhongbao, ZHANG Zhijian, DANG Jianfei
(School of Software, North University of China, Taiyuan, 030051, China)

Abstract: As a typical classification method, support vector machine (SVM) has been widely used in
various fields. However, the standard SVM faces the following problems in the classification decision:
First, it does not consider the distribution characteristics of the classification data; Second, it ignores the
relative relationship between sample categories; Third, it can not solve the problem of large-scale
classification. In view of this, the rank preservation learning machine based on data distribution fusion
(RPLM-DDF) is proposed, in which within-class scatter is introduced to describe the distribution
properties, and through the relatively constant position of all kinds of sample data centers, the global
sample order remains unchanged. The large-scale classification problem is solved by certifying RPLM-
DDF and the duality of the core vector machine. The comparison experiments on the artificial datasets,
small-scale datasets and large-scale datasets verity the effectiveness of the RPLM-DDF.

Key words: within-class scatter; support vector machine (SVM); large-scale labeled datasets; global rank

preservation; core vector machine(CVM)
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Fig.1 RPLM-DDF working diagram
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Fig.2 Artificial data set and experimental results

2.2 HUNBIHIRE

S T AR B AR AN R 1 TR o SR H 60 Y0 B AE N I 2R AR L BRI A% 40 26 BCHE A R AR o S B ) 8
280 0T O R R B M A% R, 22 I A R B, R ST A R BRI Sigmoid B pR B, AN [ Y % eRBCIE R
[ R T RS 5, L 85 & 3P .

®1 IBHESE

100
Table 1 Experimental data set gg r
< L
Instances ) ] Class num- = gg [
Dataset Dimension :5 50l
number ber aﬂan( 20[
Tris 150 4 3 R 390
Liver 345 7 2 ol
. _ Iris Liver Glass Wine German
Glass 214 10 ° = Gaussian - Polynomia =Sigmoid oLiner
Wine 178 13 3 3 R SR
German 1000 20 2

Fig.3 Kernel function and experimental results

mE 3TAT LA, 52t ek £ 2 01 4% pR B0 Sigmoid #% pRBCH EL , 36T & 3 % pR 20 RPLM -
DDF 76 5256 504 5 1 HA 50000 4 SR8 77, DR b S5 60 35 s o A% eR 4

SCEG SR A EE R 7 . B RPLM-DDF 5 SVC(Support vectors classification) , KNN (K-near-
est neighbor) . £ 2 Il -3 (Naive Bayes, NB) . 8 % # ( Decision tree, DT) 1 £ 2 B %1 #§ (Multi-layer
perceptron, MLP)#EAT L FSE 50 o At FH W0 A% 48 2 07 1, 7045 24 04 31 161 0] 43 00 A - 3k 77 D) 4 1N T A st 30
TTHUES R 28, y#{0.001, 0.01, 0.1, 1,5, 10} 3E# ; FETI %0 C#4{0.01, 0.05, 0.1, 0.5, 1, 5,
10y B 5 E{0.01, 0.1, 0.5, 1, 3, 5, 10/ %4075 (2 /2V2, 2 /2, 2 /V2, 2V 2,22,2V2 2 }h
PR T AR B K AE(L, 2, 3, 5, 10, 15, 20y 4% , & 2 VI 2R RE AR B3 (9 F 9 S $0F O i . MILP 3t 4
JRA R BE 4 oukUR [ 128, 64, 64, Class Number ], ffi H SGD k2 , 2% 2 %5 0.001. L5
ZRANR 2R A RN E 3 PR
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K2 TBBH

Table 2 Experimental parameters

Dataset SVC KNN RPLM-DDF
Iris y=1,C=1 K=2 §=V2x,b=0.1
Liver y=0.01,C=0.5 K=20 0= 1/2V2,v=0.1
Glass y=0.1,C=1 K=5 6= 1/2V2,b=0.5
Wine y =0.001,C =75 K=1 0= 1/V2,,=0.1
German y=0.1,C=05 K=20 0=x/V2,y=0.1

®3 HNHEHEENIEXBER

Table 3 Experimental results of small and medium-sized datasets %

Dataset SvC KNN NB DT MLP RPLM-DDF
Iris 96.67 98.33 95.00 93.33 96.67 98.33
Liver 64.49 67.39 60.86 63.48 64.35 70.28
Glass 97.67 97.67 90.69 87.38 93.46 98.83
Wine 69.44 68.05 93.26 95.56 86.11 98.61
German 71.25 71.25 72.50 69.00 75.17 77.50
Average 79.90 80.54 82.46 81.75 83.15 88.71

HE3ITLEE , RPLM-DDF % 2 SVC,KNN,NB,DT fl MLP, f£F 3 42Kk fe FRS B . 16
Iris 2045 55 1 KNN 1 RPLM-DDF 3 AH 24 , 7F Liver, Glass, Wine #1 German £ 45 £ 7, 5 SVC,KNN,

NB,DT Ffl MLP #4543 25 )7 B4 e, RPLM-DDF %73 2 SUR AR
2.3 KEBEIHHESE
2.3.1 eHHtHieHoh
S5 R H] Bank Marketing DataSet $UHi 4 , S A7 45 211 M REA 17 4l iR 5 B, L0 B2 . 60%
F K 48 4 DI 5 A, 0 A B 4 BB A . 926 (107,10 %,107°,10 %, 107,10 %, 10 7}
HEH . e 52 R  i] B50 A0 P 4C) % X 56 SRR EE Ace 0B IR 4Cb) BT 73
700 .
600 ol
500 6ok
< 400
-5300
200
100
0

log,, log,, &

(a) eFISLeRIA] (b) eMSLIHEE

(a) ¢ and experiment time (b) € and experimental accuracy
K4 extsess RPLM-DDF HY5 i
Fig.4 Effect of € on experiment RPLM-DDF
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WMEAFR . WRATLFE S BEE I GHEARNR I, RPLM-DDF 73 585 2 & EJtEa#. Il 2k b B
& VI GRREA [ B iy 484 0, {E 2 RPLM-DDF 8 7E A7 BR A e 18] P e A B2 3 5 1 43 24T 55 o

%4 RPLM-DDF 3} K MR £ 4R
Table 4 RPLM-DDF classification results of large-scale data

) Abalone Bank California
Datasets size - ; .
Acc/ % Time/s Acc/ % Time/s Ace/% Time/s
20 61.46 80.12 63.68 156.32 46.03 243.84
40 70.21 130.45 67.32 278.53 54.58 403.47
60 75.36 173.26 71.58 295.72 60.26 672.94
80 76.14 197.63 77.04 331.18 64.57 734.28

3 SRIE

EFXF SVM A L, A S04 1 RPLM-DDF J5 % . RPLM-DDF & AL 7E F « (1) 18 % R e At Ak n)
RIS N S5 H G R R S A R R Sk R B R T SRR A RS B 5 (2) BT DR A T AR Y
AT R 5 (3) 3 F A% 0 1] FEHLAE RPLM-DDF 32 35 KRR 40 25 ) . 78 A TR0 48 b /N RS %
it 5 R KRB R B b S R W] S A% S8 43 2 07 A L, IR O ik B AR 4y e U o 4R, RPLM-
DDF (153 28 45 A T 52 36 2 B0 18 300, An o] S0 = 0 i #R B AR S 402 N — P Wh s i 8 A5
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