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Reinforcement learning (RL) is generally considered as the machine learning answer to the optimal control problem. In this paradigm, an agent learns to control optimally a dynamic system through interactions.
At each time step i, the dynamic system is in a given state si and receives from the agent a command (or
action) ai . According to its own dynamics, the system transits to a new state si+1 , and a reward ri is given to
the agent. The objective is to learn a control policy maximizing the expected cumulative discounted reward.
Actor-critics approaches were among the first to be proposed for handling the RL problem [1]. In
this setting, two structures are maintained, one for the actor (the control organ) and one for the critic (the
value function which models the expected cumulative reward to be maximized). One advantage of such
an approach is that it does not require knowledge about the system dynamics to learn an optimal policy.
However, the introduction of the state-action value (or Q-) function [6] led to a focus of research community
in pure critic methods, for which the control policy is derived from the Q-function and has no longer a
specific representation. Actually, in contrast with value function, state-action value function allows deriving
a greedy policy without knowing system dynamics, and function approximation (which is a way to handle
large problems) is easier to combine with pure critic approaches. Pure critic algorithms therefore aim at
learning this Q-function. However, actor-critics have numerous advantages over pure critics: a separate
representation is maintained for the policy (in which we are ultimately interested), they somehow implicitly
solve a problem known as dilemma between exploration and exploitation, they handle well large action
spaces (which is not the case of pure critics, as some maxima over actions have always to be computed), and
above all errors in the Q-function estimation can lead to bad derived policies.
A major march for actor-critics is the policy gradient with function approximation theorem [5, 3]. This
result allows combining actor-critics with value function approximation, which was a major lack of the field.
Another important improvement is the natural policy gradient [4] which replaces the gradient ascent over
policy parameters by a natural gradient ascent improving consequently the efficiency of resulting algorithms.
These results share the drawback that they lead to work with the advantage function which does not satisfy
a Bellman equation. Consequently, derivation of practical algorithms is not straightforward, as it requires
estimating the advantage function which is unnatural in RL. We reformulate (and re-prove) the theorems so
as to work directly with the state-action value function [2]. This allows a very straightforward derivation
of new actor-critic algorithms, some of them being proposed here. All results are given for the discounted
cumulative reward case, however they can be easily extended to the average reward case.
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