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∇θJ(πθ) = 𝔼τ∼ρθ(τ) [∇θln ρθ(τ)R(τ)] = 𝔼τ∼ρθ(τ) (
∞

∑
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∇θJ(θ) =
1

1 − γ
𝔼s,a∼dπθ [∇θln πθ(a |s)(Qπθ(s, a) − Vπθ(s))] =

1
1 − γ

𝔼s,a∼dπθ (∇θln πθ(a |s)Aπθ(s, a))



Summary so far:

The most commonly used formulation: 

Policy Gradient with  as a baseline: Vπθ

∇θJ(θ) =
1

1 − γ
𝔼s,a∼dπθ [∇θln πθ(a |s)Aπθ(s, a)]



Summary so far:

The most commonly used formulation: 

Policy Gradient with  as a baseline: Vπθ

∇θJ(θ) =
1

1 − γ
𝔼s,a∼dπθ [∇θln πθ(a |s)Aπθ(s, a)]

Q: can you think about a way to get an unbiased estimate of  via one roll-out?Aπθ(s, a)



Summary

∇θJ(θ) =
1

1 − γ
𝔼s,a∼dπθ [∇θln πθ(a |s)(Qπθ(s, a) − Vπ

θ (s))]

Use an unbiased estimate of ∇θJ(θ)


