Policy Gradient Methods



What is the goal of Reinforcement Learning?
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Evaluating the Objective
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Direct Policy Differentiation
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Reminder of key identity:
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Direct Policy Differentiation

T
po(S1,aq, ..., ST, ar) = p(s1) H”G(at|5t)P(5t+1|at» St)
t=1
Take Log of both sides

T
log pg(7) = logp(sy) + Z logmg(at|se) + logp(se41lse ar)

\ s }
|

VB](Q) = Er~p9 (1) [VB log pg (Dr(2)]

T T
V6 (0) = Erpyir KZ Vo log g (at|st>> (Z (st a@)]
t=1

t=1



Evaluating the policy gradient

N T T
1
Vel @) ~ =) (Z Vo log g (ai,t|si,t>> <Z r(sie al-,a)

=1 \t=1 t=1

0 « 0+ aVy/()

REINFORCE algorithm

1. Sample {Ti} using policy mg(a¢|s¢) (Run the policy in the environment)

2. VoJ(0) = 33 Vo logmg(alsh)) (X, (st ab))
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What are we doing?
Vo mur(0) = %z Vg logmy(7;)
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Make the good trajectories more likely
Make the bad trajectories less likely

We are formalizing the notion of “trial and error”



Reducing variance
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“Reward to go”




Actor-Critic Methods

Q"(sp, ar) = Yy Er,[7(s¢r, apr)|st, ag]: Total reward from taking a;in s;
Vi(st) = Eqmp(alse) [Q™(s¢, a¢)]: Total reward from s;

A™(s¢,a:) = Q™(sg, ar) - V™(sg): How much better a;is

We canfit Q™ and V™ or just V™

Actor-Critic Algorithm

Sample {Ti} using policy mg(a¢|s¢) (Run the policy in the environment)
Fit Vg (s) to sampled reward sums

Evaluate A"(s;, a;) = r(s;, a;) + V v(s;) — Vg(si)
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Advanced Policy Gradients
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For small enough ¢, this is guaranteed to improve J(8") — J(0)
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