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A Fast Algorithm of SVM Based on Geometry
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Abstract In the paper, based on geometry theory, a new fast iterative algorithm for support vector machine(SVM) classifier
design is presented. It is known that the optimal hyper-plane of SVM is completely constructed using its support vectors. Once
all support vectors of two classes are identified, the optimal hyper-plane can be determined. Based on geometric distribution
of the trained sample points, the new algorithm establishes an initial candidate support vectors set by locating the two closest
points of the two opposite class. The new algorithm starts from two closest points of the opposite classes to seek the support
vectors accumulatively. The new algorithm continually seeks the points which are the violators of KKT condition as support
vectors. At last, the new algorithm acquires all support vectors and establishes an optimal hyper-plane. To validate the new
algorithm, some experiments which compare the new algorithm with the SMO algorithm and DIRECTSVM algorithm are

performed. The experimental results have shown the generalization ability of the new algorithm is the same as that of SMO
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algorithm and DIRECTSVM algorithm. The speed of the new algorithm is superior to the other two algorithms.

Keywords geometric algorithm, support vector, support vector machine(SVM) , classification
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Fig.1 Optimal classification hyperplanes of SVM( H is

optimal classification hyperplane. H, and H, are

support planes. The support vectors are circled)
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(2) 0o, sC=y,f(x,) =1 HE =0
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Fig.2 Initialization of geometrical fast algorithm
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Fig.3 lterative update of geometrical fast algorithm
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AELRHEBST @ R —H ,x— o (x) ¥ J555 18 (1 B8 B
- ANEEWREESE H o, XI5
ARER 0 (x ), 0(x) ), 0(xy ), 0(x]),
@(x; ), ,0(xy ),n=N, +N_EREBH;RE
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TR A A ORL AR FE#E 4T AR IR A L5,
ORL AR FEH3LH 40 A (A 10 BEH) # 400
RER(RFZH A/ ERE CRMBE LR
BA) . LB, EFEENANS BEGLE
FUNGREE oAl S5 va B R S 4R, I 2R 4 A 3
EARES, EWEBMANINGEN REEER
ARBHEMAREGERINGESES, FHI,
Sext ORL A JK P v i A B IR AR 47 H — AL A 38,
EERKEBEH—HBI[0,1]XE, AR FH—
. 32 x 32, 3 R M £ 4+ & & # ( principal
component analysis, PCA) 7 & b7 A K B8 0 R 1E
BB RGN G AT SVM Y4 B s
A AR R IE AT R B R WK, LR, B R
ERATU TR EZRE:k(x,y) =exp( -
lx-yl?/0.7%) , LB 4L IE4T T 3 W, 8 R EB HAT BT
AI0NMAMARRD HPHELRERNE 1
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%1 ORLUEELRER
Tab.1 The experiment results of ORL database

WEE B R AIE 4 B FRYI%G  FHER R

BE(s)  BE(s) (%)
SMO Bk 50 6.6 2.5 88.5
DIRECTSVM H ¥ 50 3.8 2.3 88.7
RCE: 3t 8/3 50 2.5 2.4 88.3

T YNGR RS A SVM (- B I 2 md el o 0 ] R
BN AN B F- 2 30 S )

5.2 Sonar database ¥ {85018

LA, R F) B UCT 038 )% ' B Sonar database
BHRHFATTER. ZPIRELHREEA L 208 1, 5
ABHE SR 60 45, P Il 2R 104 N REEA WK 4
104 MR, BB B T 5 ORL A K 3038 2 iR 50 —
BRI R, SLHATT 5 KER, LR R M
K2Pm.

% 2 Sonar database ¥ LR

Tab.2 The experiment results of Sonar database

RBE HE R TG PR R

WHEl(s) WA (s) (%)

SMO # ¥ 60 126.6 2.6 90.5

DIRECTSVM % 3 60 72.3 1.2 89.2

IRCE:S: &£ 60 45.5 1.6 88.8
H:AE L
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Frim &, AT LT IR BB B K B vl BB 2 B
B, i T LA e 8 8 i I gk el BE 8 1Y SMO &
% .DIRECTSVM H- 3 i Yl 4k 6 i) 2, BRI b 8 s 9 1)
SR BERR . BB D JUAe) H BR B Bk — UK AT AR HE R A
SRei B (KB R KKT & M4EMEH—RIES
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WOMRMEREAPHERFME SR SEN TS
Be/ast, U L AT B 3 3 ¥ F1 DIRECTSVM B 5k f9 &
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mERKAT L ERKES LT MTFR—-N0E0
BLOAETFIVTRENEENERLILRELEER
[FAa, RS MR K EmE AR ; R, XF
ALK BB o, 244 90 R A A 1) I L WK 4K [B1 R A
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