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In e↵ect, the target for the Monte Carlo update is Gt , whereas the target
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Q-learning: O↵-Policy TD Control

Q-Learning: Off-Policy TD(0) Control

One of the most important breakthroughs in reinforcement learning was the de
opment of an o↵-policy TD control algorithm known as Q-learning (Watkins, 19
One-step
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6.10.Q-learning: An o↵-policy TD control algorithm.
‣ Converges, if every (s,a) pair is visited infinitely often
What is the backup diagram for Q-learning? The rule (6.6) updates a state–ac
pair, so the top node, the root of the backup, must be a small, filled action n

Many ways to blend sampled Rt+k and
model-based estimates Q(st+k,a)
Possible target values for training Q(st,at):

Many ways to blend sampled Rt+k and
current estimates of Q(st+k,a)
Possible target values for training Q(st,at):

TD(λ) – Blend all of these

Bias-Variance Trade-Off
‣

‣

MC has high variance, zero bias
-

Good convergence properties

-

Even with function approximation

-

Not very sensitive to initial value

-

Very simple to understand and use

TD has low variance, some bias
-

Usually more efficient than MC

-

More sensitive to initial values of Q(s,a) and V(s)

