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Table 1 Results comparisons of HuShen 300 index daily volatility forecasting
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Fig. 2 HuShen 300 index daily volatility forecasting using RBFNN

with dynamic optimum learning rates



— 56 — 2012 4

10

11

13

14

15

16

17

18

19

20

21

Bouchoux S Brost V. Implementation of pattern recognition algorithm based on RBF neural network C // Advanced Signal
Processing Algorithms ~ Architectures and Implementations XII 2002 4791: 125 - 135 468.
Zhao Z Q Huang D S Sun B Y. Human face recognition based on multifeatures using neural networks committee J . Pat-
tern Recognition Letters 2004 25(12): 1351 —1358.
Haddadnia J Faez K Ahmadi M. A fuzzy hybrid learning algorithm for radial basis function neural network with application
in human face recognition J . Pattern Recognition 2003 36(5): 1187 —1202.
Li M Tian]J Chen F. Improving multiclass pattern recognition with a co-evolutionary RBFNN J . Pattern Recognition Let-
ters 2008 29(4): 392 —406.
Lucks M B Oki N. A radial basis function network ( RBFN) for function approximation C . 42nd Midwest Symposium on
Circuits and Systems 1999 1 -2: 1099 -1101 1150.
LuY Sundararajan N Saratchandran P. A sequential learning scheme for function approximation using minimal radial basis
function neural networks J . Neural Computation 1997 9(2): 461 —478.
Park J Sandberg I W. Universal approximation using radial-basis-function networks J . Neural Computation 1991 3(2):
246 -257.
Park J Sandberg T W. Approximation and radial-basisHunction networks J . Neural Computation 1993 5(2): 305
-316.
Yu L Lai K K. Multistage RBF neural network ensemble learning for exchange rates forecasting J . Neurocomputing
2008 71(16 —18): 3295 -3302.
Chen S Cowan C F N Grant P M. Orthogonal least squares learning algorithm for radial basis function networks J . IEEE
Transactions on Neural Networks 1991 2(2): 302 -309.
Wang M Yang S Wu S etal. A RBFNN approach for DoA estimation of ultra wideband antenna array J . Neurocomput—
ing 2008 71(4-6): 631 -640.
Pei J S Mai E C Wright ] P et al. Neural network initialization with prototypes function approximation in engineering me—
chanics applications C // 2007 IEEE International Joint Conference on Neural Networks 2007 1 - 6: 2110 -
2116 3128.
Orr M J L. Introduction to radial basis function networks EB/OL . http: //www. anc. ed. ac. uk/mjo/intro/intro.
html  1996.
Lee D W Lee J. A novel three-phase algorithm for RBF neural network center selection J . Advances in Neural Net—
works 2004 3173: 350 -355.
Husain H Khalid M Yusof R. Nonlinear function approximation using radial basis function neural networks C . 2002
Student Conference on Research and Development 2002 Proceedings: 326 —329 522.
Snyman J A. Practical Mathematical Optimization: An Introduction to Basic Optimization Theory and Classical and New
Gradient-Based Algorithms M . New York: Springer 2005.
Sha D Bajic V B. An online hybrid learning algorithm for multilayer perceptron in identification problems J . Computers
and Electrical Engineering 2002 28: 587 —598.
Yu L WangSY Lai KK. A novel adaptive learning algorithm for stock market prediction J . Lecture Notes in Computer
Science 2005 3827: 443 -452.
Sha D Bajic V B. Adaptive ondine ANN learning algorithm and application to identification of noninear systems J . In—
formatica 1999 23: 521 -529.
Sha D Bajic V B. On-ine adaptive learning rate BP algorithm for MLP and application to an identification problem J .
Journal of Applied Computer Science 1999 7(2): 67 -82.
J. 2010 13(3): 81 -86.
Zhou Weixing. Illusionary multifractality in highHrequency data of Shanghai stock exchange composite index J . Journal of
Management Sciences in China 2010 13(3): 81 —86. ( in Chinese)



4 : RBF — 57 —

22 . J. 2010 13(10):
63 - 68.
Wang Chunfeng Yao Ning Fang Zhenming. Research of multi-scale jump identification and volatility estimation based on

wavelet transform J . Journal of Management Sciences in China 2010 13( 10): 63 —68. ( in Chinese)

A RBF neural network with optimum learning rates and its application

WEI Min® YU Le-an'’

1. School of Economics and Management Beijing University of Chemical Technology Beijing 100029 China;
2. Academy of Mathematics and Systems Science Chinese Academy of Science Beijing 100190 China

Abstract: In this study a radial basis function ( RBF) neural network learning algorithm with optimum learn—
ing rate is proposed. In this learning algorithm the dynamic optimum learning rates which are determined by
gradient descent and classical optimization technique are used to adjust the weight changes of RBF neural net—
works in an adaptive way. Using the dynamic optimum learning rates the RBF neural networks can learn fas—
ter and more stable than the RBF neural networks with fixed learning rates. In order to verify the effectiveness
of the proposed algorithm volatility forecasting experiments on HuShen 300 index in Chinese stock market are
conducted. The experimental results show the proposed RBF neural network learning algorithm with dynamic
optimum learning rates could learn faster and avoid subjective selection of learning rates.
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Time-varying information spillover tests and their application to financial
markets

LU Feng-bin' HONG Yong-miao®
1. Academy of Mathematics and Systems Science Chinese Academy of Sciences Beijing 100190 China;

2. Wang Yanan Institute for Studies in Economics Xiamen University Xiamen 361005 China

Abstract: This paper proposes two types of time-varying information spillover tests by combining Haugh and
Hong statistics with rolling window method and gives the selection rules of the rolling window size. Monte
Carlo simulations show that both tests have good performances and Hong’ s time-varying tests show better per—
formance. The empirical study on the time-varying information spillover between Shanghai Futures Market
( SHFE) and London Metal Exchange ( LME) copper futures market show that the information spillovers be—
tween the two markets are apparently time—varying and SHFE’ s role in global copper markets raises gradually.
Key words: Granger test; information spillover; time-varying character; rolling window method; copper fu—

tures markets



