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* Why even estimate Q-values? Can we learn the policy directly?

. Parameterizegr_g (a | S)] as a neural network and directly train
this network to maximize the rewards gk S

“/Should mg(a | s) be deterministic or stochastic? ook’ ad f\

- The optimal policy is deterministic, but stochastic policies
make the optimization process “smoother”

- Also helps with exploration



Reinforcement learning (recap)
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Policy optimization
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Why policy optimization?
* Can be simpler or faster to estimate optimal policy than Q or V

* If we compute V_function, we still need to compute optimal
policy by runnirg Bellman update

* I[f we compute Q, we need to take argmax which can be
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Likelihood ratio policy gradient
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Empirical estimate
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Temporal decompos1t10n
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Intuition



Decompose to states and actions
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Likelihood ration gradient estimate



Variance reduction: baselme







Practical update
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Algorithm 2 “Vanilla” policy gradient algorithm
Initialize policy parameter 0, baseline b
for iteration=1,2,... do
Collect a set of trajectories by executing the current policy
At each timestep in each tra]ectory, comput ¢ ufu*k&
the return Ry = I, ]t T/, ang 2? é‘? “
hai ::L L//ﬁthe,advantage estimate Ay = Ry @ r N}N mk
W e-fit the baseline, by minimizing [[b(s¢) — R¢||?
summed over all trajectories and timesteps.
Update the policy, using a policy gradient estimate g,

which is a sum of terms Vg logm(ay | s, 0)A¢ U \;_ “ﬁ,w
end for —) Vg
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Step sizing
 Cannot move too far or too less

* How to re-formulate policy gradient to allow a natural notion of
“how far to move”?



Surrogate loss interpretation |
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