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Fig. 2 Model for simplification SVM

BARL BRI

PB1 s X AR T L N R b
AREA AR A S PCay b) BN 8 1, JF %
i= 1.

FW2 b ox SEVEAYR M x B
7 R [ 28 ) A i A S < L R AR AR
SN =T AR

B3I KA LP [, WS A A v AT )
x; R TLI0) o A5 B AT AT U TR AN S 2 R
MIFF 5 EB R i LP [n) 805 5 P A vl A7 A 0
FoR x AR

TR Li=i+1.&FPE2. HBTAEMN



%3

T OFHE: MHETIRENHALFHENER

449

FEAS R 5E  JE B T 1) B
FB|S  H SMO s A AR #E SVM S
SRS SIS LN

FER6 X SR )R AR AT 4 e 2 BR
LEESISEESICE &

FET AR R SR A R R A SVM 7
FKw AT,

3 LA S

(1) S5t

ARICR T UCK b £ 4 h 1Y Fourclass
Pima Indians Diabetes fll German =/~ F£E/EH
SEU R L Hirp Fourclass 2 2 4 3048, Pima
Indians Diabetes & 8 4E £ . German & 24 4E %
P AT R RS % B A B M RE L SR 2 AT, X R
A R4 s B AT NS AL L T A B R 4y
SRR 2 ¢ 1 X)W o8 4 AN AH 22 B9 AR (TeS)
AYNZRAE (TrS) . SE5 o A b, SR A 340 il 19 T2
] 2 $E B P A1 Matlab T B0/ R T B

XHEEAS B A B AT S5 I, 1 S R SMO
B AR 53 2 55 3 s SR 5 N AR SCHE S Y

faj ft SVM BRI S8 , 45 301 2 Aoy 8 45 s i s
PR R R AT . BE R T 2
i 20 R (Poly-Kernel) K(xi,x;,) = (x;» x; +
1 fil RBF #: % %0 (RBF-Kernel) K(x;,x;) =

exp|— | xi—x |”
o

P SLsat FE ok T 3 A [R5 i 254l
R, doo  CTA WO E M. PR BOHE — [ € {8
AT R X EB 4 B 4 BE 15 2 AR ROR L (H 2 X oA
B A 23 3 A R A P A e AR R L BRI AR S
FRPEAS TR 1 B0 4 K do. C BUAS TR 1 18, SE 5
HRPEMNMEREER >N d € [1,5].0 €
[0.5,3.0].C & [100,500].

(2) SEHR S5 K5 b

ST BB R A SVML GRS
FEYN L5 TS 4 ) AR A LSV ML 192 > 5[]
CUINZRIF 0]+ 43 2 i ) A R 25 58 48 b, b (i 1k
SVM 533 B Il S5 sl [ 4, 45 4 BT 1) 5t A9 B[R] 01
i ] SMO Bk if ), WL s i BAR D BR. R 1
TSRS K 2 K AR iE SVM Y 5L 5 4
FIE AL SVM 1Y 52 56 25 SR AT T IO AR.

k1 XTImEWNE M SVM B4R
Tab.1 Experimental results of simplification SVM based on guard vectors
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A model for simplification SVM based on guard vectors

WANG Yu~ .

MAO  Yu-xin

( School of Management. Dalian University of Technology, Dalian 116024, China )

Abstract: A simplification SVM model based on guard vectors is proposed for overcoming the slow

speed of training and classification for large scale training set. In order to simplify SVM, the methods

of dual transform and linear programming are used to distill guard vectors; based on that, the linearly

dependent support vectors are eliminated from SV set. The experiments on the UCI database are done

with this algorithm. Results show that in the condition of undeclined correct rate, the running time of

this model is reduced and better performance than the standard SVM is achieved.

Key words: guard vector; support vector machine; training set; support vector set



