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Abstract—In this presentation | will give an overview of the [17] I. Kontoyiannis, P. H. Algoet, Y. M. Suhov, A. J. Wyner. “Nonparametric
state of the art in universal estimation of: entropy estimation for stationary processes and random fields, with
« Entropy applications to english text'lEEE Trans. Inform. TheorpM\ol. 44, No.
. Divergence S, pp 1319-1327, May 1998. L
Mutual Information [18] A. N. Quas. “An entropy estimation for a class of infinite alphabet
- ) . . processes”Theory Probab. Appl\Nol. 43, pp 496-507, 1995.
with emphasis on recent algorithms we have proposed with H.
Cai, S. Kulkarni and Q. Wang. These algorithms converge to
the desired quantities without any knowledge of the statistical
properties of the observed data, under several conditions such
as stationary-ergodicity in the case of discrete processes, and
memorylessness in the case of analog data. A sampling of the
literature in this topic is given below.
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