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An Approach of Confirming Weight Values for Reweighted
Support Vector Regression

WU Jin-hua, SUN De-shan
(Institute of Mathematics, Liaoning Normal University, Dalian 116029, China)

Abstract: In order to overcome the error of regression accused by noise and outliers in standard support vector regression, an approach of
confirming weight values based on linear programming is presented. The essential idea of the approach is to reduce the influence caused by
noise and outliers in support vector regression. Firstly, the weight value of each input sample is confirmed according to its distance to
database by linear programming. The proposed method is applied to reweighted support vector regression. Experimental results show that
this approach compared with standard support vector regression can reduce the error of regression effectively, and improve the anti — noise
capability of SVM. ‘

Key words: support vector regression; linear programming; weight value

0 51 §
S HF B DL (Support Vector Machine, SVM)(1-21 12
20 t42 90 ZEAL, Boser, Guyon, Vapnik $2 Hf iy —Fp 3 F
Kt IBRCIHNREI B, EAREER TR
ANFRR, o BB R S AR AR X, A 1R
BEZACEE S, EENSMERF B A ZBZEEN,
XEEH B B R RS RS R AMEER T IA
B A R E PR R 5 BB, 43
BB RRINE. ERAKETHELTHRNE
VR ETIRAY, X T LA 43 B8, W LA
EPE BT H R4 23 ) AR A B A3 B R R AR AR 2 1)
AL AR AR 53 BB B o
FHEA R AT R Vapnik TEE LT e~ AR
PR BB _E 3R R RY X A m B W )3 (R FF e — SVR)

Wi B #2008 - 09~ 22; 8 E1 B #2008 - 12 - 03

BEME LT HEFE AP E ¥t 85 (2008343)
1EE® T RGAE(1982 - ), &, WALPT A BT i BEit2E T
B, W, BRF DT A R RIS

B, 7E e~ SVR R B AR R ERXfF, B A
B St IR R T AR R B ST B 7, BT LA R A R AR 7
MR R ST, S 3 SVM 7EX B S BN R, di ke
A UERR,

XX A E S, 2002 4F Lin C F B REE
FHESSIAR SVM o269 8 TR X Fem B L
(fuzzy support vector machine, FSVM)S ) 4:, X
R[76E 5 S (B AL oy T0R A A0 90T AU R Ot
PUA TR, S ) T — R B T 30088 0 R O BN SRR B
PRECER) AR IEAE A B RRIE 25 (A B/ B ERBR O Y BE S
e REE . CERI8]1A L —frar RE KSR
RIA R (R S 7% 1 B [ H 7 3 (WRSVR) .

EHETERTIAAUE, RIS AR 4 B8 B8 e
JER R R R AR 6] A B, R 75 R AL R T —
BN SEE, LA /NS ENR R A9 . TEHE AT
R, RAIREMR T —R0XKTE, Lk
VERR, RN T ERREVIBE T SVM KBTI RE
F1o RIRTE—A2Adr, RAEHR e AR5 1R
L IE



- 136 - HENERS R

F19#

1 M FERERLRRF

RAEHINGREAE R,

iy yi) i = 1,200,101
Hp,x, € RV AMAE,y, € R AXMPLH EIRE, !
RGN R

THREMERRD HEABBEIR—TABA
75 [8) Bl th == R A — NIRRT 4(2) : RV~ H, ¥
WARYE - REBIEAERMESEH B, RAE S
R K(x;,z;) RERERMESEPHEBAR <
$(x;), $(z;) >, RS B AT REK I REMA
GV

flz) =< w,d(zx) >+ b (1)
K, w,b 4358 EE BB ENRE.

EF R BV BRAR BN E R I8 W R 451 X,
R B /MU IR, BRAR /M AR 4k 5] R R B /ML T T HY BB
¥

min“21"||w||2+c§#i(5,-+5i*) (2)
HRA
fx) -y <e +e,i =1,2,,1 3)
) <& +e,i=1,2,,1 (4)
g&,60>=0,i=1,2,-,] : (5)

o B — I R ECE P38, AT IR B 2 ALRE ST, 58
ZHRBNRE, W c ABTRE, MHE B LI
Foe H—IEWH, EH EEHE.

SIABMEBIH K%K, 4%@]654[:["]@&415!11%35?&%7

max — —2—Z(a - o/ )a; - q )K(xi,xj) +
Z(ai—a; )y,--—Z(ai-i-a,-*)e (6)
HRA:

Z(a,-—af) =0 (7

O< ai’a:'<#l£"i = 11""1 (8)

XA AR R, B B 5 R f(x) B
BRN:

f(z) = 2ia; = al )K(z;,2) + b (9

2 SERBE

BAERBE R AL AR T 89— L0 KBk —
RARMBEARBEEMN GENEESRE (2,0 = 1,
<o U AN ARG AR S R R
[R) , 7 7 4 = 1B P R — B -1, B =2 LA W BE KR BE
B o W RTRES SR A R S 2 B IF, BRAG T — Bk

KR f(2) = Eak(x ), B—DPHAE - HE

fulx) = p B, b’ﬁi%%!ﬁ?ﬁ% HTHRE wHp Y
15, FFAREES A G B/ MU SR, # B YA 4505 T HT Y
itk

ming lwll}-p+Cé (10)
WA ‘
< 'w,¢(x,-) >>p - E{y&i)O,i = 19""1
(11)
WA R AL R X BT K
EZaa,K(:c »Zj) (12)
ARH
0<a,<Cyi=1,,1 (13)
_Za =1 (14)
B o HE, TR EE:
f(z) = Za;K(x,-,x) (15)
PERZRANT O —RLE D RERYT
M—RHXE P BAEEPRRE(10) FRA 1. - B
R 1, — FRE SCER[10) RS T LR %
minﬂp+C§2$,- (16)
N,
2 K (z,2) = p= &1j = 1,1 (17)
E[a,- = 1 (18)
a;,6>=0,i =1,-,1 (19)
H L E UBEIIF -
-l LBy, f < pay<o
M =
1—% 0 < f(2) < from

(20)
;[P’fmax = max(f(z;) | 2, € X), frin = min(f(.z,-)
lz; € X),0 < 1, NRHB/PHIELE.

MEL BSR4 o< f(x) < fr BT
Az REBAKER, EXFEERERDT, F45EH
I BIRREE s 5 foin < f(2:) < o B, RN 2, RS
RS, HAUEEGE T— M HEH /DS o, X AT LL
W/NX 2 X B E R R B o

3 WS
Bazel[-22], AFEBENIO0.1, HER y =



oW

R EIEHF B R B SR BUE B E TR -+ 137 -

sinc(z), REEHRTEMNA] 10 MHEAPMARE
N(0,0.8) , HAREA T INAME N(0,0.1), 08 1 FF
TR o 23 B AT M 0 2 1] £ 181 09 AN A 3 H 1) B B

B MR,
2 : S . N
*
1.5
* o+
1 *
** * a
* *
0.5+ Lt + .
. ot *
ot * " *
* L SR
* * * e Y
0.5} E
1 * 4
Y A A —L —_— 1 1
1'5.2 1.5 - 0.5 0 0.5 1 1.5 2
B1 mARAESHEK

B MARERFTIIG, B c = 1/15,6° = 0.
12, FIALRHEARBER o = 0.0931, fr = 0.1377, fri
= 2.8616¢ — 008, MIHEBE N :

(1- 01377~ f(z) 2
0.1377 — 2.8616¢ — 008

2.8616e — 008 << f(x;) < 0.0931

: 0.1377 — f(x;)
0.1377 ~ 2.8616¢ — 008

0.0931 << f(z;) < 0.1377

#H1F e —SVRIISH, Bl c=5,02=1.8, % -2F
2 ZEBRE R 0.13 B9RE4 o IR A (R R Tl 4k
<), WiRIEIR R A iR

MSE = %gy%—xv (22)
Hrb, v HLBRE, y, ITBIME, 2 PR EE,
FPRUESEREE B EE 8 45 5B MSE = 0. 3530, AL X
HmERIFANSE MSE=0.0858, .8 M iE b fEHE
Mg AT, I H A B R R B R R B A TR A

+ 0.0005

=< (21)

1

Ei'fﬁo

4 GFIF

FRAER ST 16 B (B S ZE AR A P R VR S R, B
TREFHY2E ST FNZ ALRE T o (B 2408 b 77 75 02 7 0 BF 5
et , 151 U8 i) R0 1 MR 7 S R 30, DA TG 21 B LS B,
PR,

SCHSEE I AAUVE, B/ T RS S M. 75
ERERT, B THABREHEENER, X RR M
RHARBARK AR T ERIE. SRRV, E®
SRR R EEA L, BT EEREE BETX
1 B HREE S

BEXW:

[1] Vapnik V. The nature of statistical learning theory[ M]. New
York: Springer - Verlag, 1995.

(2] % ®W,.WEK XTIXHMBHOILAEEOHREII].
HEUBARGRRE,2007,17(1) : 142 - 144.

(3] ¥%T ZKi¥IBRMHARIM]. LE: FERFLR
#t, 2000.

(4] B R B EFRIFIFLHIFEBIHSE
TN AR S 2R ,2006,16(11):56 - 58.

[5] Lin CF,Wan S D. Fuzzy support vector machine{J]. IEEE
Tran. on Neural Network,2002,13(2):464 — 471.

[6] Huang HP,Lin Y H. Fuzzy support vector machine for pat-
tern recognition and data mining{J]. Int’ 1 Journal of Fuzzy
Systems,2002,4(3):826 — 835.

[7] 3¢ |, 52, B ETEIEEERMENFRR
PLERA[)]. {58 5% ,2005,34(1):1 6.

[8] Skimt, B B iNBgXBEEERS )] HEN
1R ,2005,28(7):1171 - 1177.

[9] Bao YuKun, Zhang Rui. Fuzzy support vector machines re-
gression for business forecasting: An application[ J ]. Computer
science,2006(9) : 1313 — 1317.

[10] L. XIFEBISEESHAKFEHR(D). KY . +F
K2,2004.

S S VU S G VI U S S P VP GOV S G G S o

(L#% 134 /)

[2] van der Aalst W, van Hee K. Workflow Management[ M].
[s.1. ]: The MIT Press,2002.

[3) R, £, e —HET Peu MARHIER
TRIE XWIE R[] AR, 2005,16(7): 1242 -
1251.

[4] B, BkE —-HETVRARASNRIEAE Web
BRI EE]]. Journal of Software, 2007,18(12):2980 -
2990.

[5] #sik.fa E.ETFSPINK CSCW ASHRIE[)]. &

I aatn atets Sioen sten iy S SRl s ooy

PLEAR 5 £ ,2008,18(4):9 - 12.
(6] BEM. THREFZEARAEMIMI R FEXFEHK
#t,2001.

[7) Anderson A J. Data Flow Systems, In Multiple Processing: A
~ System’s Overview[M]. [s.1. J:[s.n. ], 1989:441 - 488.
[8] Laprie J, Randell B, Landwehr G. Basic Concepts and Tax-
onomy of Dependable and Secure Computing[ ) 1. IEEE Trans-
actions on Dependable and Secure Computing,2004,1(1):11

-33.



