
Policy Gradient  
(continue)



Recap: the REINFORCE Algorithm

τ = {s0, a0, s1, a1, …, sH−1, aH−1}

ρθ(τ) = μ(s0)πθ(a0 |s0)P(s1 |s0, a0)πθ(a1 |s1)…



Recap: the REINFORCE Algorithm

τ = {s0, a0, s1, a1, …, sH−1, aH−1}

ρθ(τ) = μ(s0)πθ(a0 |s0)P(s1 |s0, a0)πθ(a1 |s1)…
J(πθ) = 𝔼τ∼ρθ(τ) [

H−1

∑
h=0

r(sh, ah)]
R(τ)



Recap: the REINFORCE Algorithm

τ = {s0, a0, s1, a1, …, sH−1, aH−1}

ρθ(τ) = μ(s0)πθ(a0 |s0)P(s1 |s0, a0)πθ(a1 |s1)…
J(πθ) = 𝔼τ∼ρθ(τ) [

H−1

∑
h=0

r(sh, ah)]
R(τ)

∇θJ(πθ) |θ=θ0
:= 𝔼τ∼ρθ0(τ) (

H−1

∑
h=0

∇θln πθ0
(ah |sh)) R(τ)
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Recap: the REINFORCE Algorithm

Initialize θ

While True:

Generate  i.i.d trajectories  using n τ1, …, τn πθ

Compute gradient: g =
1
n

n

∑
i=1 (

H−1

∑
h=0

∇θln πθ(ai
h |si

h) ⋅ R(τi))
update:  (or adaptive methods like Adam)θ ⇐ θ + ηg
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REINFORCE can have high uncertainty

Gradient: g =
1
n

n

∑
i=1 (

H−1

∑
h=0

∇θln πθ(ai
h |si

h) ⋅ R(τi))

Often require large n to reduce the 
variance, especially when policy  is 

quite random
πθ



Today’s Question:

How to reduce Variance in Policy Gradient? 



Outline:

1. A  based Policy GradientQ(s, a)

2. Variance Reduction via A Baseline 
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ℳ = {P, r, γ, μ, S, A} where s0 ∼ μ

dπ(s, a) = (1 − γ)
∞

∑
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γhℙπ
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Aπ(s, a) = Qπ(s, a) − Vπ(s)
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∑
h=0
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Summary so far: 

∇θJ(πθ) =
∞

∑
h=0

γh𝔼s,a∼ℙπθ
h

∇θln πθ(ah |sh) ⋅ Qπθ(sh, ah)

chain rule +  Important weighting + Recursion:

for finite horizon MDP (try this out!)

∇θJ(πθ) =
H−1

∑
h=0

𝔼sh,ah∼ℙπθ
h [∇ln πθ(ah |sh) ⋅ Qπθ

h (sh, ah)]
h = 0

s0 ∼ μ0, a0 ∼ π( ⋅ |s0) sh

ah
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Q-based PG with a baseline
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b(s) = b(s)∑
a

∇πθ(a |s) = b(s)∇[∑
a

πθ(a |s)] = b(s)∇1 = 0
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∇J(θ) = 𝔼τ∼ρθ(τ) [(
∞

∑
h=0

∇θln πθ(ah |sh)) R(τ)]
REINFORCE

∇θJ(θ) =
1

1 − γ
𝔼s,a∼dπθ [∇θln πθ(a |s)(Qπθ(s, a))]
PG w/  functionQ

∇θJ(θ) =
1

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

PG w/  function (use  as a baseline)A Vπ(s)


