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Objective:  J(π) := $ [
H−1

∑
h=0

r(sh, ah) s0 ∼ μ, sh+1 ∼ Psh,ah
, ah ∼ π( ⋅ |sh)]

ℳ = {P, r, H, μ, S, A}
where s0 ∼ μ
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Today: Policy Gradient Deriviation

Consider parameterized policy:

J(πθ) = $πθ [
∞

∑
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. Recap on Gradient descent and stochastic gradient descent

2. Warm up: computing gradient using importance weighting

3. Policy Gradient formulations 
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Summary so far:

SGD is a simple algorithm that can find a locally optimal solution 
(  small in expectation — proof optional)∥∇θJ( ̂θ)∥2

For convex function, this guarantees global optimality
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We can set sampling distribution ρ = Pθ0

∇θJ(θ0) = $x∼Pθ0 [∇θln Pθ0
(x) ⋅ f(x)]

To compute gradient at :   (in short of )θ0 ∇θJ(θ0) ∇θJ(θ) |θ=θ0
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∇θJ(θ) |θ=θ0
= $x∼Pθ0
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x

Pθ

Pθ0Pθ1

θ1 = θ0 + η∇θJ(θ0)
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 has high probability mass at regions 

where  is large

θ
Pθ

f(x)

Using same idea, now let’s move on to RL…
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Policy Gradient: Examples of Policy Parameterization (discrete actions)

1. Softmax Policy for 
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Exercise: 

Show this simplified version is equivalent to REINFORCE
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