BH AL R A

55 23 5 5 1Y) Vol. 23 No. 5
2006 £ 10 H Control Theory & Applications Oct. 2006

XEHST: 1000—8152(2006)05—0805—05
PR3 E AU SCRY ) AL BN IR 5 2K

ASZEL2 R [E N3, el EL
(1. AR TR TR 5 TRESERE, 4% T M0 510640; 2. PN T R HALKEE, T4 1M 510260;
3. TG K S MAE R, ) 2% )M 510006)

FE: LG R BT EASR H, 3T KA S MRS . A7 T 22, JF AR R 82
ST Bl T B 2 30 O v e IR A N ) R A ST S T — Al e S 1) S LA T R A
SRR R R U TR R 0. 2 S S Fe SR A A 25 () T, TR AR R A TAE T4, e A 2
FERE 2 AN RIB R EE TOM AR TR St A7 3R B, AE32 AR FE AR RS S 5 0l N, DI SR i i S 4R .

FHEIR: SRR AL, YR ST UESR R RN A 2 1) LAY

hE 452 S: TP1S, 029 HERFRIRED: A

Fast incremental weighted support vector machines for

predicating stock index

LI Yong-jun'2, FENG Guo-he®, QI De-yu!
(1. School of Computer Science and Engineering, South China University of Technology, Guangzhou Guangdong 510640, China;
2. Radio and Television Guangzhou University, Guangzhou Guangdong 510260, China;
3. College of Economics and Management, South China Normal University, Guangzhou Guangdong 510006, China )

Abstract: Traditional support vector machine (SVM) is effective only for small size of samples.When the size of
sample is large, it exhibits a low training speed and a large required memory. Thus, it is not suitable for increment learning.
Furthermore, traditional increment learning algorithms such as neural network have local minima only. To tackle this
problem, a fast incremental weighted support vector machines for predicting the stock index is put forward. The algorithm
model reconstructs the phase for the index, and then decomposes the sample space into subsets and gives different weights
to them. Experimental results show that modified algorithm raises the training speed while maintaining the same precision.
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Fig. 1 Curve of changed weight
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#47% (Fast incremental weighted support vector
machines model and algorithm)
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construction of stock index)
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Table I Results comparison of experiment
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In1=Test1=50 MSE=0.0049 Test1=50 MSE=0.0052
S5=59 SVs=35,T=6.8 S=400 SV s=53, T=452.3
ke In2=Test2=50 MSE=0.0542 Test2=50 MSE=0.0649
S5=39 SV s=20, T=6.3 5=400 SV s=37,T=458.3
In3=Test3=38 MSE=0.0074 Test3=38 MSE=0.0093
S=41 SV s=20, T=6.3 S=400 SVs=41, T=455.6
In1=Test1=50 MSE=0.0045 Test1=50 MSE=0.0054
S5=132 SVs=81,T=21.1 S=400 SV s=106, T'=445.6
IE180 In2=Test2=50 MSE=0.0092 Test2=50 MSE=0.0097
S=111 SVs=56, T=12.8 S=400 SVs=81, T=417.7
In3=Test3=38 MSE=0.0070 Test3=38 MSE=0.0071
S5=118 SV s=68, T=15.4 S5=400 SV s=93,T=424.8
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