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e for publisher.)ABSTRACTOn experimental data the histori
al volatility is usually 
al
ulated by averaging thelo
al varian
e (or its generalizations) over a �nite time window. Already in the 
aseof a 
onstant volatility in the Gaussian model the resulting histori
al volatility is non-Gaussian distributed. We will 
al
ulate histori
al volatility distributions in the Gaussianand GARCH(1,1) model for di�erent time window sizes and 
ompare them with thoseobtained from the S&P500 data 1.Keywords: Volatility Distributions
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Fig. 1. Left: Volatility distribution for a GARCH(1,1) model with parameters from 2 { time lag�t = 30 min. as in 1. The standard deviations are 
al
ulated in a time window of 150, 300, 600and 1200 minutes. Right: The GARCH(1,1) pro
ess generates the same powerlaw as the S&P500data1. However for a long time horizon the s
aling breaks down to that of the Gaussian pro
ess.[1℄ Y. Liu, P. Gopikrishnan, P. Cizeau, M. Meyer, C.-K. Peng and H. E. Stanley, Thestatisti
al properties of the volatility of pri
e 
u
tuations, 
ond-mat/9903369.[2℄ R. N. Mantegna and H. E. Stanley, Modelling of �nan
ial data: Comparison of thetrun
ated Levy 
ight and the ARCH(1) and GARCH(1,1) pro
esses, Physi
a A 254,77-84 (1998). 1


