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Abstract

Support vector machines(SVM) are widespread attended for its excellent ability to learn, that are based on

statistical learning theory. But in dealing with large-scale quadratic programming (QP) problem, traditional SVM will

take too long time of training time,and has low efficiency and so on. This paper made a summarize of the new progress

in the SVM training of algorithm, and made analysis and comparison on main algorithm, pointed out the advantages and

disadvantages of them,focused on new progress in the current study

Support Vector Machine. Then the two mainly applications

Fuzzy Support Vector Machine and Granular

classification and regression of SVM were discussed. Fi-

nally, the article gave the future research directions on SVM prediction,

Keywords Support vector machine, Training algorithm, Fuzzy SVM, Granular SVM

FHE I BYLE Vapnik AT 1995 4EH SBE B, &
BET VC 4Ee M XS B/ MU A2 I HLE ., B
P/ AR MR AR B B R R B
EIE S, — B IR T R d " M it 2 5] S 4
SrRIME, BN e B A RS IR A, T AR T R R
R AEE TR AR H DOk SZ B2 f5evE SFIRE TR
BHERE, .

SR MBYUMVIGB LIPS I RE—ZARY QP [
B, AT/ QP M, THRME T HatE A I
3 4E 254 F R FABI-KHUELH QP [RIEERY , 32 F B I S
S BB HERTEEE. AEFTENNSBERE
BFA IR QP Ml —R 51/ QP A, {HE2
W TR L R SR 0 T R e i 3 B
(B8, 3 X RSN FIR LS IR, Hoh—8H %
FEEINBEON FRREARE T EEARTE BHLAR
R—FHehe . skEAE —an AR,

B A IT B9 R AU AT 458 1 71 RE A 1Y) R AR e P T

FF H#1.2010-03-14 &5 H #:2010-06-21

e B9 i B, BN M DR Bk b AT A B M B B B ST R
IMFBEEHRIENT, AT ERPINGREUL SVGM T R
BT T 408 P B Rl b X RRBE SR T | AT TR
B,

1 SVM EXRIEBig

FHEEV BV REEERNPREN. BENGRE
EE (i) i=1, L, ER . yE{—1,+1}, T LB E
il =+ wtb=0 LRI, H B EBEERAENRES
BT R B R R KA, X A AR T AR S B RS,
M SVM # B B AR A S A B a e Rtk 5l i
AT z B S — B 4 RRE 25 18] Z, HE7E X155 (R e ) 1
BRI, (B2 AR AR B S p A T A K&
il kb3 B 25 A 2 B BB R 43—
B FEIIG SVM B 5 45— QP M8, 3+ B ik EE
op AN oE e RS R L

L(w,b,a)=%‘wz — gai {yi[(xi * w)—b]—1}

AILZILH A B ARPHEE ST H (BK2009093) , HFK B ARIE R4 H (60975039 %t B .

BAE#E (1987 —), 5, B4k, EEBF N M 9B . XM B, E-mail : guyaxiang@yahoo. com, cn; TH €(1963—), B, &2, M+ 45

I, EEBFS S RS S S BRI A TR e SRR %,
e 14



H H R BS A  R X w b RSN 0. REH X
QP [0} % Ak Sk A S B %o (R BB

{ { l
max Q@) == 3 3 yyaa; (z + )+ Sa
@ i=1j= i=

s. t. iéyiai =0yi=1,y] O0<ail,i=1,-+,1
Ny AT S

F(x)=sgn{{w - x>+b}=sgn{£§a3‘ vilx s xi)+b"}

Mt EFRERX T, 0 LUF H RAH 34 >0, FRE X
NI SE-Z AT i

] b 2 e R RPAE 5 TR R BOICHE T AT R BRAERRAE =
i Z P RUEYE, AT E U BRI K% BB ES
JB], T R B E R i B S s E i B A R H
RO ERE S M R RN SVM R E##TH BN
TR R Mercer EHBMAZ RBORAE, F .

() » (z;)=K(x * z;)
A, OO RMARBHFESH N —EERERSN. B
M, REHIESEP X BRERE XA BREA R K
(z « 2 UEE, BRRPHE 2SRl o Xt (B e B a2 T .

2 SVM &=t E

2.1 SVMillg#Ek

#Zit FEATHS, BATME QP EEHMBIUERE TS5 X
FE BT B AR YN SR A 5 (R MG AR B AT B &
2 b A AT 2 B0 ghid a3 K Fs R A E, Bk st it
BEAETRBEANEERY SVM BIRTHEENE. XH
PERER,

(1) chunking & %

Boser fil Vapnik & #5i8 89 chunking B H Hix2iE
A FEAENR T KBS HERAE R &, AT RER I Zhad 72 3
FBERWER., BANEEREBNEESRE T T
B ORFEE T8, 8 R QP kR ESHE B,
BRI IEmE, R B N RS SR HMNEEE
R RIEARIANICERRERERANREE, R
KKT {48 M AREA 5 56118 B A =2 3735 1 B 4 R i — 1
B, M RURTHF QP )3, BB B K —EVLEN . RTE
F—H9 , R R KKT F4HHARBRE MAS, PR et
AETWMABFE QP MEF . BR, XF LA FHTHE
RIS E RE R T Rm RIE /D FIIGREARR. R
i, MR LR EAREE SRS L, lE R R
e, TSRS USBERK B KIESTHE Hrkd.

(2) SMEE LS

Osuna AN E iR T H . FERERBE IS
M ITAEE B FEETEE N, HRIFANAZE., ERRE
AF QP RIERT. A BB H —MEFR, REHA N B
— AR KKT {4FHEAR, RERBXLT BT QP A
B, ZRENCBRETHAENER - ERMK, H Osuna 78
TAEL MBS T REYLEY 7 8, PR & T B B r s
B, & XAN R, Joachims™ R GE ek T Osuna B9
%, TERBETELNEE L., HEARER, MRAEFES
W KKT SRR, Fi B T MR i, 7 S T B O 1) e
A g MR RBLGX ¢ MEAMBR T/EE R THEELE

fi ke QP [R)0, APV A HEA W 2 KKT 444, Joachims Ry
HEBTREFEWSGEE, FEMAMAXEFETHT
Sy Mibieht . :

(3)SMO B ke

Platt 811 T 4 i B ORI E——SMO B 8 %8
BILAEES RA 2 M, B — KB AL w4 o —
FINHEWAN LB TFHRACEE, BT F b s R
g, MENAFXARTUE - EEHA LR
XA LK, B4R QP RN, RUELEERF
R, RERE—-PMFRENEABEERBRITH N EE
Ak, BARKAHREEMTRE . BHTHRAIEREEE
AL AR, Bk g o syed mEE ¥ e, KR% %
TNgReEl, [FE LAEEMEE L. ERAT M E XX
FEHTRE AR EENEE THRE., FERAREI &K
ERIER SMNEEF e D7 e R, B R 2 KKT
FAFHREA, HFTA BRI AR AT B KKT &40 BT
WNETBER, TR B RS X U B KKT &4ArHE4A K
R — MRS TERHE AL, BB R F i —
SHRE A B P R B Bl R B Rk K.

SMO B 1k FRFEHTE R AR 4514 00 2 7 L FnqE dE LR 11
BT IR E R, B LU F B S BT AR M REN
B R AR

SMO BB R IF 2% BT EHAT T HRNEHE. X
BRLO B T ERTER F R RAL 3 1R BN 3 MR/
AL R R O] LA AT SR 8 . SCE R B B Bk Lk SMO 1i)l|
St ER ., SCERL10 4R T — R Br 12 1 v, &l LU
PR EES,

(€85 5=y p- 3

W REIBRE S RGBT R, AX %
R P GHEAE XTI B RRE, 5
ZRRBEST A B K, MRS RN — P REBREE
SVM K% BE—THIEZE—MAREHRIKIE. Cau-
wenberghs R H T —Fi FH TR A M ER 2T ik,
EEEBT MBS — NIRRT hAS B H R SVM
BB MR ; FOB S B A A TR Y B 0T, R 35— Sk AR,
EHAEMS M. Ralaivola T B —fBREI Hik,
HEHERTRIEN IR, REFR 2 IV
W5 K Lagrange REL DB HEE S E . Y. G L ig
BE¥IABELR -4 KMEALHEE, BIFELE
U0yl T R RS T 0 SVM gl k.

YR I B

R TR BYLR TSR RN — M IIGEE, &
ZH Y. C. Tang HAERERLY. EREUBETE (GO IR
MG I TGN BRI —Fh R RS A, KT EAEE
¥ AR o kg s AR — R PR B R G
EESMEBR LHTES . BRESREEBR EMER (0
B ALV B S R R AR SVM R R, X—
2 3 AL o AR BT AR — RS Al 4 (e R b —
RIVRME] 53 0] GH , Wl R Y — - R QP A&, 8 5t
BRI Sy, RN —FR /N QP M Fat, th B35
AR REE SR, BRI SVM Y g8 2l N R SR 1T,
WA A TR BE R A R R X R BV R EE &, H

e 15 o




A, EEMB AR ER S | L TR ER S FEH BT
SRIEHL I B0 R AL R R AR R M AR e
B RBGHITE TR IT, ME AR P B LR dd X
SO OCHR I R TR R 43 TR LA R AT SV ISR,
ETERENRE X HHEVN AR A AR ELF A NE
HBHEMN N GHRERTREN S RERFCTLHFNE
BEHRSESLLEE, XTRESRRE ZiFME
PLUS B LA A R B ST Yl R A S AT LR B R
SV, R 3E mU  2BVE THEEAR LLRE
BRI G R AR ST AR B SV YR, AN B T8
TR R E R E RN E . BARTER A ] L g
RIS B B ST S T 45 B RLSR A FR AT 22 B 1 J s fi
TR R 4Y . AR TR B A s A R EOBER AR IR S ]
B4 45 5 7E A% 25 RN A0 A S — BN IR1RE, AT A T i

VL E UM ISR R 3L F] SRR R A — T AR QP 1)
SR Dy — B F NG F QP R, B S B B [ B Yy SR A .
AN ) B R 2o TR TR AL ) 43 A SR s LA B AR AR I BURE RS, IR
EFBEEMENER. 25 L aer, B4R T 0%
chunking Hgk HREER SMO B WRZEIREX 1 HE
BEESROBE L FFMBIEL, FRMES AR
I EA -8, T R ENEEEAR. HE SYMIlGH
EMARTESE R, T KA R SVM [u] B 2 7% 8 7]
SRR R B[R Bt AT e 2 BRS¢ 35 i S A IR MR SR A
SVM (e A R B EE.

(6)BERY 37 HF 1) FEHLIO 7

B SVM(FSVM) B R B R B S &
B ek, FERRA BRI GR A h SRR, HEE
WEER B IMHARTELNOREE, RS EIER T
FHF R AR, R PEMK MR A X B R AR S i B g, B
WX RHmENS WEBRTE T —H . EERHEAR 2. &

Ty, RBE . HARREEN 5 | wl?+C- s+ 8,

BT RE o MHEBEERO<Ka<C" 5, FSVM %
FETE B [0 R 2 A0 i SR R, B T A I RE AR AR
B, BARLOHIREEXFHBTREN T HEEER—
N ATHEPEE — R X P EEAE TS —ERET
it ] P 31 B BB O L X 26 ok DL AR A Y SR 4 B V) I R
SR EBN R R TR TR R BN, B
UUERAFRAES B, 5—RBETFRAEMNER
FE.HPUEARREARET KNN WEMREEREE
FEPL B AR RO ER R BB, B
BRL24, 25 1R I T HTRABIR D OMIEB R EERREBH
IR/, BIX RS S RO & R SV E MR 5SHBEA
P HEMSEERE. ScER(26, 27 B E T —-METEEEN
FSVM,7E SVM 5| A\BEAH BRI S B REAEEE XN
— AR E— SRR B BB T A R A Plsr
SO BRSO T BB SR AR S R

BESH, SVM A A Yang™ 2 1 Bl %% SVM i
JUT S, B T D" (Guard-vector) B 2r, 5843 T
BASEGL QP MG S fmE., KeTr™SEnT
CSVM(Central SVMYBE B4,

e 16 o

2.2 SVMMIyEEX

FEE L IFE B ATEA, AMTREB T —& SVM K
VRS, XY RERFEENMNRET ERRANSE
FEHEAREE, =EN AR - EN S X EF—ENA
JEER B B, I o SVMPY, P SYMPT (GSVMD) £, «
SVM HEm S o UL C, v ER AR XH M EREN L
FRAN S R BRI TR BE 4 o mf DA H SRR B B B
BRMRE, CHAREMEENE.FHEE. GSVM H#L
AL BB FE W ) — D R R AR R AR 1L
LB R SRR SVM %4, {8 GSVM R R E#R
% MAR AL R R B BT 20, T B H s 3 T, e i
SVM.EL SVM, f#i{k SVM %,

AP E A LS SVMES i i1 SVMB, PSVMI*:%7,
One-class SVMP) , WSYMU81 &

2.3 SVMHIEHA

SVM F5iE FAFERER 52750100, [ 1 i) B 5 5 T 41420
HAEaRaEY, FEARETEMIELRET L RIET L
o XA AR T A RPN AT S PR S B . SRR A X
FREFSRE, ESIAT — TR & KiknkR
TR A TP HEATREAR Ar 2 T HE R A 2 M 1) B A SR 25 [
Wit BARAE 25 18], I I R N BUE 3 A = ) ik
TREA s, [mIH B RE T EH AL BT T L T8
I A=k 2 A b S I E V= s s Y= PR E 32
HEE) T, JELR P B B 7E Rt T M SR _E S| AR M AR
B & ¢ kmphiRERD,

HFRE BR SVM HET R RGBT, BHNREFE—
B HAT BRI E S, . SVM B RS R AMMRE S
ML R IS B B Ak B s < T RAR B R A Jfel e BR
BRE M R IR R KR A e I E L A 18
LEH R ERERKEHN.

AR ZERED SYM K —EHHAR, XEE
RBFER MRS SVM S A, BZABI#F SVM Y%
AL MEEBEE REMEARMER, HMTHED®
FSVM FbLE L m 84, Bk FSVM 7 7e i L E R R A
7 38 B BHE » AT PR 3] — A AT B0E B — AR R 2

- RBERRE—- MR AR R, BB IR Bl H AR

9T A b 7E U2 u) b o R 4y, n SR AR A5 ST LKL FE Rl

T EE RS BIRL S (8], TR A R SR s (] R BE R 40 s B — 2]

B, Rz R S A A BN R,

& % X W

[1] Vapnik VN. SitJBig[M]. irg4e, K2 T, % L. 8F
Tk 4 R 2009

[2] Vapnik V N. The Nature of Statistical Learning Theory [ M.
New York; Springer-Verlag, 1995

[3] Cristianini N,Shawe-Taylor J. ¥#FmENS®H[M]. ZHE, T
B, PR JU R BT Tl AR, 2004

(4] BKET XFHRUHFEJHRSZIFRMBENI] H3hbL2EH,
2000,26(1):32-41

[5] Boser B, Guyon I, Vapnik V. A training algorithm for optimal
margin classifiers [ C]J // Proceedings of the 5% Annual ACM
Workshop on Computational Learning Theory. New York: ACM
Press,1992.144-152

[6] Osuna E, Frenud R, Girosi F. An improved training algorithm



for support vector machines[ C] // Proceedings of IEEE Work-
shop on Neural Networks for Signal Processing. New York,
USA,1997.276-285

[7] Joachims T. Making large-scale support vector machine learning
practical [M] // A. ]. Smola, B. Scholkopf, C. Burges, eds. Ad-
vances in Kernel Methods: Support Vector Machines, Cam-
bridge, MA:MIT Press,C1998

[8] Platt ]. Fast training of support vector machines using sequential
minimal optimization [ M] / A. J. Smola, B. Scholkopf, C.
Burges, eds. Advances in Kernel Methods: Support Vector Ma-
chines,Cambridge, MA; MIT Press, 1998

[97 Dai Liuling, Huang Heyan, Chen Zhaoxiong. Ternary sequential
analytic optimization algorithm for SVM classifier design [J].
Asian Journal of Information Technology,2005,4(3):2-8

[10] Keerthi S S,Shevade S, Bhattacharyya C,et al. Improvements to
Platt’s SMO algorithm for SVM classifier design[ R7. Dept. of
CSA, Banglore, India, 1999

[11] Cauwenberghs G, Poggio T. Incremental and Decremental Sup-
port Vector Machine Learning {M] // Advances in Neural Infor-
mation Processing Systems(NIPS 2000). Cambridge, MA: MIT
Press, 2001

[12] Ralaivola L, Flovence d’ Alche-Bue. Incremental Support vector
machine Learning:a Local Approach[C]//Proceedings of Inter-
national Conference on Neural Networks., Vienna, Austria,
2001:322-330

{13] Liu Yangguang, He Qingming, Chen Qi. Incremental batch le-
arning with support vector machines{ C]//Proc. of the 5" World
Congress on Intelligence Control and Automation, Hangzhou,
China, 2004,2:1857-1861

[14] ZEBfE, @0, B8 X T XRAENNEEEIZTENR
L1, M REE TR A E%4] , 2005, 26(5) : 643-646

[15] Tang Yuchun,Jin Bo,Zhang Yanqing, Granular Support Vector
Machines for Medical Binary Classification Problems[C]//G. B.
Fogl, eds. Proceedings of the IEEE CIBIB, Piscataway, HJ : IEEE
Computational Intelligence Society, 2004 ;73-78

[16] Tang Yuchun,Jin Bo, Zhang Yanging. Granular support vector
machines with association rules mining for protein homology
prediction [J]. Artificial Intelligence in Medicine, 2005,35(1):
121-134

[17] &, £308. —RhE TR H RFm By K0 1 i EE
2,2008,35(8A):101-103,116

(18] Scstse, A, T H 4. &1 /4 RDRE B i KB SVM 43
KB THE YL DS, 2008, 25(8) : 2299-2301

[197 Yu Hwango, Yang Jiong, Han Jiawei, et al. Making SVMs Scala-
ble to Large Data Set s Using Hierarchical Cluster Indexing[J].
Data Mining and Knowledge Discovery,2005,11(3):100-128

[20] Lin Chunfu, Wang Shengde. Fuzzy support vector machines [J].
IEEE Trans on Neural Network,2002,3(2).:464-471

[21] Cawley G C. An empirical evaluation of the fuzzy kernel percep-
tion [ J7. IEEE Trans on Neural Networks,2007,18(3) :935-937

[22] Lin Chunfu, Wang Shengde. Fuzzy support vector machines with
automatic membership setting [ J]. StudFuzz,2005,177.:233- 254

[23] AR, 2T 3 ALy RN BUR BRI 8 5T S A (D).
WM BT K2, 2006

[247 Huang H P, Liu Y H. Fuzzy support vector machines for pattern

recognition and data mining {J]. Incrmental Journal of Fuzzy
Systems, 2002,4(3) :826-835

[25] KA, B/ B0, SRR EN T RBENTE SN
[J]. shiE B 3 241, 2006, 11(8) : 1188-1192

[26] &k, FIEMRK, SIRT. £ FEEFRNEREmEN0I] X
HRAEZEMH,2004,37(6) :544-548

[27] B7H RS AR ETEEREN I FRENIEE S
[J]. V%2338 K24 , 2005,39(12) : 1319-1322

{287 Yang M H, Ahuja N, A Geometric Approach to Train Support
Vector Machines[ C] // Proceedings of IEEE Computer Society
Conference on Computer Vision and Pattern Recognition. Hilton
Head, SC, USA, 2000, 1:430-437

{297 Kou Zhenzhen,Xu Jianhua, Zhang Xuegong, et al. An Improved
Support Vector Machine Using Class-Median Vectors[C]//Pro-
ceedings of the 8% International Conference on Neural Informa-
tion Processing, Shanghai, China, 2001, 2;883-887

[307] Kazush I I. Effects of kernel function on v2support vector ma-
chines in extreme cases [ J]. IEEE Trans on Neural Networks,
2006,17(1).129 '

[31] Huang Suyun, Lee Y J. Reduced support vector machines; a
statistical theory [J]. IEEE Trans on Neural Networks,2007,18
(1):12-13

[32] Anthony K,Philippe D W. Comments on pruning error minimi-
zation in least squares support vector machines [ J. IEEE Trans
on Neural Network,2007,18(2) ; 606-609

[33] Jiao Licheng,Bo Liefeng, Wang Ling. Fast sparse approximation
for least squares support vector machine [J]. IEEE Trans on
Neural Network,2007,18(3) :685-697

[34] Wang Defeng, Daniel S Y,ERIC C T. Weighted mahalanobis dis-
tance kernels for support vector machines [J]. IEEE Trans on
Neural Networks,2007,18(5):1453-1462

[35] Mangasarian O L, Wild E W. Multisurface Proximal Support
Vector Machine Classification via Generalized Eigenvalues [J].
IEEE Trans on pattern analysis and machine intelligence, 2006,
28(1):69-74

[36] Famese, fE4T e, haksR. e T HE AR oA AN V-4 0 I A ST e 1) B
HLLD. HHEHRE , 2007, 34(5) . 174-176

[37] Schdkopf B,Plat J C,Shawe-Taylor J, et al. Estimating the sup-
port of a high-dimensional distribution [J]. Neural Computa-
tion,2001,13(7),1443-1471

[38] Zhang Li, Zhou Weida, Jiao Licheng. Wavelet support vector ma-
chine[J7. IEEE Trans on Systems, Man and Cybernetics, Part
B,2004,34(1) :34-39

[39] Doumpos M, Zopounidis C. Additive support vector machines for
pattern classification [J]. IEEE Trans on Systems, Man, and Cy-
bernetics: Part B,2007,37(3):540-550

[40] Jayadeva, Khemchandan I R, Chandra S. Twin support vector
machines for pattern classification [J]. IEEE Trans on Pattern
Analysis and Machine Intelligence, 2007,29(5);:905-910

[41] Wu Zhili, LT Chunhung, Joseph K, et al. Location estimation via
support vector regression [ ] ]. IEEE Trans on Mobile Compu-
ting, 2007,6(3):311-321

[42] Hao Peiyi, Chiang J H. Fuzzy regression analysis by support
vector learning approach [J]. IEEE Trans on Fuzzy Systems,
2008,16(2) :428-441



