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Lecture 18: Monte Carlo Control (Part 2)
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Recap

e Estimating Q-Values
e Exploring Starts

e Stochastic exploration policies

e Can we find expected returns for the target policy
using expected returns obtained from a source policy?



Outline

e Importance sampling for prediction

e Weighted IS and incremental algorithm

e Off-policy MC control

e [D control



Importance Sampling




Back to Prediction: Off-Policy

We are trying to estimate the expected return for = [ Target policy }

We have a policy b [ Behavior policy ]

Assume coverage:

wa|s) >0 = ba|s) >0

Because every action

[ What is the IS ratio? ] taken under pi has to be
taken under b




RL Objective
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Off-Policy Prediction via Importance Sampling
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[ Use for prediction? }

Section 5.5, Reinforcement Learning: An Introduction, Sutton & Barto



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

Expected Returns
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[ Can we build an incremental estimation algorithm? 1
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Monte Carlo Prediction using Importance Sampling

Off-policy MC prediction (policy evaluation) for estimating Q ~ ¢

Input: an arbitrary target policy 7

Initialize, for all s € 8, a € A(s):
Q(s,a) € R (arbitrarily)
C(s,a) <0

Loop forever (for each episode):
b + any policy with coverage of 7
Generate an episode following b: So, Ao, Ry, ...,S7—1, Ar_1, Ry
G+ 0
W1
Loop for each step of episode, t =T —1,T—2,...,0, while W # 0:
G+ vG+ Ry
C(Ss, Ap) + C(Sy, Ap) + W
Q(St, At) + Q(St, Ar) + ors,ayy |G — Q(Se, Ar)]

m(A¢]St)
W — Wyz1s)

9 Section 5.5, Reinforcement Learning: An Introduction, Sutton & Barto



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

Monte Carlo Control using Importance Sampling

Off-policy MC control, for estimating 7 ~ m,

Initialize, for all s € 8, a € A(s):
Q(s,a) € R (arbitrarily)
C(s,a) <0
7(s) « argmax, Q(s,a) (with ties broken consistently)

Loop forever (for each episode):
b < any soft policy
Generate an episode using b: Sy, Ag, R1,...,S7_1,Ar_1, Ry

G+ 0

W+ 1

Loop for each step of episode, t =T —1,T-2,...,0: Follow behavior policy
G +— YG 4+ Ri41 while learning about and
C(Sy, Ap) + C(Sy, Ap) + W improving the target policy

Q(St, Ar) = Q(Si, Ar) + grmiay [G — Q(St, Ar)]
7(St)  argmax, Q(St,a)  (with ties broken consistently)
If Ay # (St) then exit inner Loop (proceed to next episode)
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10 Section 5.5, Reinforcement Learning: An Introduction, Sutton & Barto



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

Summary & Announcements

e Summary
o Importance sampling return estimation
o Off-policy MC control

e Announcements
o Sign up for Assgn 1 viva slots
m [o be held this Sat, 7/9/24

Viva sign up link
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https://docs.google.com/spreadsheets/d/1jP4pnGZNoLgMUnvXyYbgdAceKcNPlUI-vHTJ7Ya9FwE/edit?gid=0#gid=0

