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Contribution: Theoretically principled objective to jointly train the actor and critic.
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v" Maximizing ¢:(6) does not require computing V. J(7) and results in off-policy updates.
v Monotonic policy improvement for any complex parameterization.
% Forming £:(0) requires knowledge of V,J(), which involves either Q™ or A™ functions.
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@ To maximize policy improvement, an algorithm should (i) learn g; to minimize the blue term
(critic objective) and (ii) compute 7 € I that maximizes the green term (actor objective).
@ c is a parameter relating the critic error to the permissible movement in the actor update.
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convergence to the sub-optimal action, while minimizing the decision-aware loss above
results in convergence to the optimal action.
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@ Lower-bound holds for any policy or critic parameterization i.e. p™(:|s) = p™(:|s, 0),
Q@™ (s,a) = Q™ (s, a|w), and instantiates the actor and critic objectives at iteration t.

@ The decision-aware critic loss is asymmetric and penalizes the under/over-estimation of the
Q™ function differently.

e Can construct two-armed bandit examples where minimizing the squared loss results in
convergence to the sub-optimal action, while minimizing the decision-aware loss above
results in convergence to the optimal action.

@ Similar results for the softmax functional representation.



ibutions

o Lower-bound (on the return of an arbitrary policy) depends on both the actor and critic.
v The lower-bound is valid for any policy representation, and actor or critic parameterization.
@ Generic AC algorithm and its instantiation for the direct and softmax policy representations.
V' The actor supports off-policy updates like in PPO, whereas the critic minimizes a
decision-aware loss.
v" Examples to demonstrate that minimizing the proposed critic loss results in convergence to
the optimal policy, whereas minimizing the standard squared loss does not.
@ Conditions for the AC algorithm to guarantee monotonic policy improvement

v Improvement guarantees hold regardless of the policy or critic parameterization.

@ Simple experiments that demonstrate the importance of being decision-aware
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