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An Extended Generalized Orthogonal GARCH Models for Multivariate Volatility

in High Dimensional System of Finance Market and Its Parameter Estimation

LIU Zhi dong, XUE Li
(1 Central University of Finance and Economics, Beijing 100081, China;
2. Nan Jing University, Nanjing 210093, China)

Abstract: In this paper, an extended generalized orthogonal GARCH M odel, which can reflect the asymme
try and leverage of volatility, is proposed based on that of Van der Weide (2002). Then, a new estimation
method for the multivariate GARCH models from the mutual informatiorr theoretic viewpoint is consid
ered The relationship between the statistical dependence in standardized residuals and the maximum likelr
hood, when estimating multivariate GARCH models, is revealed Based on that, the different statistic
ways are proposed in the framework of the extended generalized orthogonal GARCH models, for purpose
of implementing the models based on the estimation of mutual information minimization. These methodolo-
gies can therefore be easily applied to high-dimensional systems, where likelihood based estimation will run
into computational problems According to 15 global stock returns indexes, empirical research is included
to illustrate the model and the estimation method.

Key words: mutual information; multivariate GARCH models; leverage effects; parameter estimation; dy

namic conditional correlation



