
Policy optimization

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

• Parameterize 𝜋𝜃(𝑎 ∣ 𝑠) as a neural network and directly train 
this network to maximize the rewards 

• Should 𝜋𝜃(𝑎 ∣ 𝑠) be deterministic or stochastic?

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

- Also helps with exploration 
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Reinforcement learning (recap)
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Policy optimization
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Goal Stochastic policy class



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 running Bellman update

• If we compute Q, we need to take argmax which can be 
challenging



Likelihood ratio policy gradient
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Empirical estimate
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Temporal decomposition





Intuition
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Decompose to states and actions



Likelihood ration gradient estimate



Variance reduction: baseline





Practical update



Monte-carlo estimation of 𝑉𝜋



18



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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