Lecture 32: Reinforce algorithm
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Aliased Grid World

Adapted from Hado van Hasselt



Advent of Policy Gradient Methods

e Oriented towards finding
deterministic policies

. . . .
Arbltra.ry change in action value can Policy Gradient Methods for
cause it to be selected/not selected Reinforcement Learning with Function

Approximation

e Not converge
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e Instead of approx value func and
then deterministic pol, direct
stochastic policy



RL Objective
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Finding the Objective Value 0" = argmax Er., lir(st,at)]

Let r(7) = Zr(st,at)

t=1

Thus, J(0) = E,py(n [7(7)]
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N E E T(Si_t, ai,t) [ Take samples and estimate the expectation ]
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[ Rollouts generated by running the policy ]




Optimising the Objective Value J(0) = Erpy(r)[r(7)]
ie., J(0) = /po(T)T‘(T) dr

VoJ(0) = /VHPG(T)’I’(’T) dr
pg(T) = p9(517 aiy..., 8T, a'T)

P9(31,al, .- -,ST,CLT) = P(Sl) H?=1 7Te)(at | St)P(3t+1 ’ st,at)




Gradient Expression CORFACICHE dTT
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[ Convert the integral to an expected value, and estimate it using samples ]

J(0) = B po(r) (7))

Goal: Isolate pg (7')

Vopg(T) = po(7) Ve log pg(7)

_ / sl b

VaT(6) = [ polr)Valogpa(r)r(r) dr
VpJ(0) = / Vopo()r(r) dr

= Erpy(r) Vo log pg(7) 7(7)] =B, py(r) [Vo log po(7) 7(7)]



Gradient Estimator V6J(0) = Erpy(r) Vo log ps(7) r(7)]
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V@J(Q) = ETNpo(T) [(Z Vo log o (at | 3t)> (Z T(Sh at))]
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Gradient Computation VoI (60) = Erpy oo [(Z Vi Yoo Tl | st>) (ir<st,at>)]
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J(0) = Eqrropy(r) [T(T)} | Estimatingexpectation
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[ No need to know the initial state distribution or transition dynamics ]

Po(Sl,ah---,ST,aT) :P(Sl) HtT:1 Wo(at | St)p(3t+l | Staat)
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The Reinforce Algorithm ~ veo =3 (Z Vologmo(ai | si ) (i )

2=1l.

REINFORCE: Monte-Carlo Policy-Gradient Control (episodic) for .

Input: a differentiable policy parameterization w(a|s, 0)
Algorithm parameter: step size a > 0
Initialize policy parameter 8 € RY (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, R1,...,S7_1, Ar_1, Rp, following =(-|-, )
Loop for each step of the episode t =0,1,....,717" — 1:
e Zg:t-kl ,Yk*,—t—le (@)
0+ 0+ Oz’thVan(At]St,O)

Section 13.1, Reinforcement Learning: An Introduction, Sutton & Barto



http://incompleteideas.net/book/RLbook2020.pdf

Summary & Announcements

e Summary
o Aliased grid world
m Stochastic optimal policy
o Policy gradient expression
o Reinforce algorithm
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