472 K& ® T RKF F R Vol. 47,No. 2
2007 3 Journal of Dalian University of Technology Mar. 2007

1000-8608( 2007) 02-0291-04

BB, 2 A

(LAEEIAY A7 5 IR¥KR, U7 k&% 116024
LHEARF FEEBAFEIEFR, ILF N 121000 )

D RE X BN K FE —— FCSVMA X HH EEXRAXHM AR A X HE 2
ERTERELHIFR EHRTHAUTE ARIETRASRBENNR TER) KEER
R SVMERERARE . ATHERINXFHRETE AN B & &FE ENFE X
FCSVMEZ#ATT Bt RA- o tr KB KPw X Fm EH 21T RHEEFE
W RBEAURMETE BOT WHE. SRER KA AW R EL KT ZE RAREE BB
DT HERRE RET 0 REE ARLENEENBEEA XHFNEXERSHHEALT K

REWHAL.
D XRFEEAL; Bk oK, FCSVM; Bt
TP18 :
0 Burges i .
SVM (support vector machines) SV M '
1992 1995 : ’
[12] ’ ’
T sV
Platt SMO( sequential (12] ’
.. 1 .. . [71 0
e Optlmllftm n) sund FCSVM (fast classification for support vector
Chunking Joachims SVM light .
0] machines),
SVM ’
’ . Lee ’
SVM ’

RSVM""" (reduced support vector

machines).

(FCSVM)

B B

: 2005-08-20; : 2007-01-05.
: (20032129001).
*(1965), . . E-mail qlq888888@ sina. com; (19459,



292 A HEE I K ¥ ¥

47

1
(FCSVM)
(FCSVM)!"?!
S( N)
P (m .
) Q(n ,
m ) .
, 0
P P 0, ,
2
[l d Xi X, X=
(il x€ X,i= 1,1}, \
+ 1 - 1, Y= {yly
€ @+ L,- D} N s/,
S, S= (sls€ S, j= 1.,
N}. S 2 P
0, m n , P= [sls
€ S, k= 1, .,m),0= {sl &€ S,k= m+ 1,
-, N} Xi S
H H, Hx
— H. Xi S
Hixi)  H(s).
Hxi)H(s) ., H
Mercer K (xi,8) =
H(x")H(sf)v Xi S
H

H(xi)H(s), Kij= H@x)H(s), X P
0 K K.
(D (2)
K. =
K K K- Ku
K2 K2 K- Ku
: : : (1)
Km-1n1 Km- 12 Kom- -1 Km- i
Kt K2 Kna-1 Km )
K =
K(m+ 11 K(m+ 1)2 K(m+ nie-1 K(m+ 1)/
K 21 K 2)2 K 2a-1 K 21
Kv-1n1 Kw-12 Kv-nu-1y  Kw-i
Kni Kn2 K-y Kni
(2)
S, SVM
S(x), (3)
N
= sl ok e ] @)
=
N VT .
T> 0,b
P 0, (3)
(12] (4):

lefy/K(x,s/') = lefy/(x,s/')+

2 Tutes)  (4)

et
(5) W,
(6)
W' =
wii wi2 Wiim- 1) Win
W21 w22 W2(m- 1) Won
: (5)
Wn- )1 Wh- 1)2 Win- 1)(m-1  W(n- hm
Wl Wn2 Whn(m- 1) Wam
K = W K (6)
K K., (6) W
KK.\"K, = K (7)
K€ K (1), (7 ,
W= KK+ y- yK.K\ (y ) (8)
Kn{ 1) Ko {1}-

w. (4 (9)



: I T4 RN R TR BALS K SRR 293

Z TyK(x,s)= (A + AWHK  (9)

A A K (10) (11) (12)
Av= (Tiyi Byr oo Tiym) (10)
Ar'z]‘: (’E+1yml ’I:rﬁ- Zyrm- 2 ’]R/yN)(ll)
K= (Kn Ko - Km)" (12)
(3) (9
f(x)= sgn((A+ AW )K+ b) (13)
(13) )
(14)
min m
s.t. K= WK
10" -0l < XX ) (14)
®= (0, 0, 0,),0'= @1 0% - 0/),
N
0= >, TyK (xi,s),0i= (A + AW)Kn
j=1
(15)
(14) :
1 low= 1,high= N,
2 low= high,m = low,
7, ,m= [(low+ high)/2];
3 (H (2 K
K.;
4 (7) w'
, Jdow = m, 2
5 (8) w',
, (15 © 8}
6 10"~ 08l > Xiow= m:
Lhigh= m, 2
7
3
2 P’
P )

o P ,
O(N). ,
O(log2N). ,
P
n ,
w' w'
4
2 000
, (1200 ),
(800 ). SMO
122.
( RBF) , SVM
C= 100, RBF €= 110 1
10

k1 ERER

Tab. 1 Experiment results
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Research on an improved fast classification algorithm of

support vector machines

QIN Yugping” "?, WANG Xiukun'

( 1.Schooal of Electr. and Inf. Eng. , Dalian Univ. of Technol ., Dalian 116024, China ;
2.College of Inf. Sci. and Eng . , Bohai Univ ., Jinzhou 121000, China )

Abstract The fast classification for support vector machines (FCSVM) performs transformation on

the full set of support vectors, a subset of support vectors, which contains fewer support vectors, is

used in classification. The speed of classification is much faster than that of conventional SVM under

the condition that the precision of classification does not decline. In order to obtain minimal subset of

support vectors and avoid movement of support vectors, the improvement on the method is presented.

The minimal subset of support vectors is gotten by dichotomy. The condition of sufficient and

necessary transform matrix existing and its construction method are given, the amount of computation

is reduced. The experimental results show that the improved algorithm can remarkably reduce the

computation complexity and the speed of classification is the fastest, especially in the case of large

number of support vectors.

Key words support vector machine; fast algorithm; classification; FCSV M; improvement



