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Objective:  J(π) := 𝔼π [
∞

∑
h=0

γhr(sh, ah) s0 ∼ ρ, sh+1 ∼ Psh,ah
, ah ∼ π( ⋅ |sh)]

Recap: Infinite Horizon Discounted MDPs

ℳ = {P, r, γ, ρ, S, A}
where s0 ∼ ρ
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Discounted visitation dπ(s, a) = (1 − γ)
∞

∑
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Advantage function: Aπ(s, a) = Qπ(s, a) − Vπ(s)

State-distribution : probability of  hitting  at ℙπ
h(s) π (s) h
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Today: Policy Gradient Deriviation
e.g., Reinforce, Natural Policy Gradient, TRPO, PPO: 

(Williams 92, Kakade 02, Schulman et al 15, 17)

J(πθ) = 𝔼πθ [
∞

∑
h=0

γhrh]
θt+1 = θt + η∇θJ(πθ) |θ=θt

πθ(a |s) = π(a |s; θ)

Main question for today’s lecture: 

how to compute the gradient?



Outline for today

1. Two formulations of Policy Gradient

2. Variance Reduction

3. Convergence of SGD
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3. Neural Policy:

Neural network  
fθ : S × A ↦ ℝ

πθ(a |s) = exp( fθ(s, a))
∑a′ 

exp( fθ(s, a′ ))
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Derivation of unbiased Stochastic Policy Gradient

∇θJ(θ) := 1
1 − γ

𝔼s,a∼dπθ [∇θln πθ(a |s)Qπθ(s, a)]


