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Table 1 Mean rejection rates at the 10% and 5% levels under scenario 1( M = 64)
k 5 10 20
10% 5% 10% 5% 10% 5%
Qh 8.7% 4.0% 6.8% 3.0% 3.2% 1.3%
Qhb 8.3% 3.9% 5.8% 2.5% 1.9% 0.8%
hong 10.6% 7.3% 11.2% 7.4% 11.5% 7.2%
hongb 11.1% 7.2% 11.3% 7.1% 11.4% 6.8%
:Qh  hong Haugh  Hong Qhb  hongb :
2 1 10% 5% (M = 100)
Table 2 Mean rejection rates at the 10% and 5% levels under scenario 1( M = 100)
k 5 10 20
10% 5% 10% 5% 10% 5%
Qh 9.1% 4.4% 8.0% 3.7% 5.0% 2.2%
Qhb 8.8% 4.2% 7.1% 3.2% 3.7% 1.6%
hong 10.4% 7.1% 10.9% 7.2% 11.2% 7.1%
hongb 10.9% 7.1% 11.0% 6.8% 11.0% 6.6%
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hong
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Table 3 ARMA-GARCH model for SHFE copper futures
z P
c 0.000 114 0.000 203 0.559 172 0.576 0
AR(1) -0.032 157 0.017 106 - 1.879 887 0.060 1
AR(2) 0.036 393 0.016 240 2.240 930 0.025 0
AR(3) 0.028 579 0.016 850 1.696 056 0.089 9
AR(12) 0.040 044 0.016 485 2.429 134 0.015 1
c 1.74E - 06 1.90E - 07 9.154 870 0.000 0
RESID( - 1) 2 0.057 026 0.004 187 13.621 11 0.000 0
GARCH( - 1) 0.933 886 0.004 238 220.348 5 0.000 0
4 LME ARMA-GARCH
Table 4 ARMA-GARCH model for LME copper futures
7z P
c 0.000 248 0.000 214 1.157 824 0.246 9
c 2.01E - 06 2.88E - 07 6.969 280 0.000 0
RESID( - 1) 2 0.047 725 0.003 305 14. 440 88 0.000 0
GARCH( - 1) 0.945 027 0.003 503 269.749 3 0.000 0
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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.

Key words: RBF neural networks; dynamic optimum learning rate; gradient descent
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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



