
Policy Gradient: 
REINFORCE, Variance 

Reduction, Convergence 
 

Sham Kakade and Kianté Brantley 
CS 6789: Foundations of Reinforcement Learning



Policy Optimization

[AlphaZero, Silver et.al, 17] [OpenAI Five, 18] [OpenAI,19]



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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Advantage function: Aπ(s, a) = Qπ(s, a) − Vπ(s)
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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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∇θJ(θ) =
1

1 − γ
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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 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)]
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Next: Stochastic Gradient Ascent Converges to Stationary Point



Outline for today

1. Two formulations of Policy Gradient

2. Variance Reduction

3. Convergence of SGD
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Summary

∇θJ(θ) =
1

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

θ (s))]

Use unbiased estimate of , SG ascent converges to stationary point∇θJ(θ)


