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The usual optimization criteria examined in the literature on stochastic dyna-
mic programming, such as total discounted or mean (average) reward struc-
tures, may be quite insufficient to characterize robustness of the problem
from the point of a decision maker. To this end it may be preferable if not
necessary to select more sophisticated criteria that also reflect stability and
variability-risk features of the problem. Hence robustness and risk control are
also important issues in practical applications. As well known one of the com-
mon and popular risk measure is the variance and the best known approaches
stem from the classical work of Markowitz on mean variance selection rules.
In this article we consider discrete- and continuous-time Markov decision
processes with finite state spaces where the stream of rewards generated by
the Markov processes is evaluated by an exponential utility function with a
given risk sensitivity coefficient. If the risk sensitivity coefficient equals zero
(risk-neutral case) we arrive at a standard Markov decision process. For the
risk-sensitive case, i.e. if the risk-sensitivity coefficient is non-zero, for a given
value of the risk-sensitivity coefficient we establish necessary and sufficient
optimality conditions for maximal (or minimal) growth rate of expectation
of the exponential utility function. Recall that in this case along with the
total reward also its higher moments are taken into account. Using Taylor
expansion of the utility function we present explicit formulae for calculating
variance and higher (central) moments of the total reward generated by the
Markov reward process along with its asymptotic behavior. Policy iteration
methods can be used for finding optimal policy for various types of utility
functions.
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