Policy Gradient:
REINFORCE, Variance
Reduction, Convergence

CS 6789: Foundations of Reinforcement Learning



Policy Optimization

[AIphaZero, Silver et.al, 17] [OpenAl Five, 18] [OpenAl,19]



Recap: Infinite Horizon Discounted MDPs
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where s, ~ p
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h=0
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Recap: Infinite Horizon Discounted MDPs

State-action distribution P} (s, a): probability of 7 hitting (s, a) at i

State-distribution [} (s): probability of z hitting (s) at &

0
Discounted visitation d”*(s,a) = (1 — y) Z }/hPZ(S, a)
h=0

Advantage function: A”(s, a) = Q”(s,a) — V*(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)
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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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] 2. Softmax linear Policy 3. Neural Policy:
1. Softmax Policy for (e.g., for linear MDPs):
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Wé\% J(0) = E,.p, [f)]

VoJ(0) = VyE, p f(X)

Suppose that | have a sampling distribution p, s.t., max Py(x)/p(x) < oo

P g(x)
T p(x)
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We can set sampling distribution p = PHO
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Derivation of unbiased Stochastic Policy Gradient
1
V,J(0) := I—_y[EWd,TH | Voln my(a | 5)Q%(s, a)

Draw h o ¥, roll-in 7, to generate s, a;, ~ IPZG

1>h
Roll-out 7, from (s;,, a;,) : terminate with prob 1 —y, Q™(s;, a,) = Z r,
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Unbiased estimate: Vyln zy(a, | s,) Q™(s;, a;,)
’\/\'\‘ v\ w -t L

Q\“Y> ¥ LY ) }{t«w)

\(b\ (\,\X{\AJ{\ \(1“_9 \[W\)( {_\/\—P‘v/
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Summary so far:

The most commonly used formulation:
Policy Gradient with V'’ as a baseline:

1
V,J(6) = I—[Es,aNd,,g [ Volnmy(al s)A™(s, a)]
-7
Q: can you think about a way to get an unbiased estimate of A™(s, a) via one roll-out?

Next: Stochastic Gradient Ascent Converges to Stationary Point
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Convergence to Stationary Point
J(7y) is non-convex (see example in the monograph)

Def of -smooth:
IVoJ(0) — Vo J(Op)ll, < BIIO — Gl
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Convergence to Stationary Point
[Theorem] If J(0) is f-smooth, and we run SGA: 0,, | = 0, + 71 V()J(Qt)
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Convergence to Stationary Point
[Theorem] If J(0) is f-smooth, and we run SGA: 0,, | = 0, + 71 V()J(Qt)
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Convergence to Stationary Point
[Theorem] If J(0) is f-smooth, and we run SGA: 0,, | = 0, + 71 V()J(Qt)
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Convergence to Stationary Point
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Summary

1
V0O = T E v [Veln 7al$)(Q™s, a) — Vg(s))]

Use unbiased estimate of V,J(6), SG ascent converges to stationary point



