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Markov Decision Process

A Markov decision process (MDP) M = (S, Act, P, sg) consists of
@ a finite set of states S, @ a finite set of actions Act, @ an initial state sg,

@ and a probabilistic transition function P: S x Act x S — [0, 1].
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Markov Decision Process — Policy

A policy of an MDP M is a function & with
@ Input: finite path in M
@ Output: distribution over enabled actions

The purely probabilistic model is a discrete time Markov chain (DTMC)
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