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The Quadratic-Linear Bi-Level Programming with Interval Coefficients

GAO Xiaoni SUN Yuhua™
( School of Mathematics and Physics University of Science and Technology Beijing Beijing 100083 China)

Abstract: The quadraticdinear bidevel programming model with interval coefficients for upper objective function is
studied. Firstly the definition of the optimal value interval of quadratic-dinear bidevel programming with interval co—
efficients is proposed. Secondly the quadraticdinear bidevel programming model with interval coefficients is conver—
ted into two deterministic models. Then mixed integer programming method is used to solve the best optimal value
and worst optimal value. Finally numerical examples are given to demonstrate the effectiveness of the proposed
method.

Key words: quadraticdinear bidevel programming; best optimal objective value; worst optimal objective value; opti—

mal objective value interval
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The Estimation of the Overnight Volatility

XIAO Min ' LI Can > JIANG Tao
(1. School of Statistics and Mathematics Zhejiang Gongshang University Hangzhou Zhejiang 310018 China;
2. School of Mathematics and Statistics Hunan University of Commerce Changsha Hunan 410205 China)

Abstract: A new estimation of overnight volatility of individual stock returns based on the generalized dynamic fac—
tor model is proposed. Using the data of 24 stocks of the Shanghai Stock Exchange 50 index the overnight volatility
level of them is studied. Empirical results show that the new estimation performs better than the squared overnight
return and dose eliminate part of the noisy component.

Key words: overnight volatility; generalized dynamic factor model; realized volatility



