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Lecture 6. Model Free Policy Control

Model Free Control
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Generalized Policy Iteration

Policy iteration2 FO{ %l policyOllA| value functiong FE3H= Policy evaluation2t 7t& & valueE

7}MCH =& action2 ME{SH= Policy improvement2 4 EICt,

Model Free policy iteration using Action-value Function
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€ — greedy exploration
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6. Monte-Carlo Control
Monte-Carlo Control2 Of episodeOtCt Monte-Carlo policy evaluationg St1l € - greedy policy
improvementE St
Initialize, for all s € S, a € A(s):
Q(s,a) «— arbitrary
Retur -n.s(:..u) «— empty list
m «+— an arbitrary e-soft policy
Repeat forever:
(a) Generate an episode using 7
(b) For each pair s,a appearing in the episode:
R < return following the first occurrence of s, a
Append R to Returns(s,a)
(Q(s,a) — average(Returns(s,a))
(¢) For each s in the episode:
a® «— arg max, (s, a)
For all a € A(s):
(5.a) l—c+¢/|A(s)| ifa=a"
w(s,a) — . e N
‘ =/|A(s)] ifa+#a
[ Figure 1. An e-soft on-policy Monte-Carlo Control Algorithm ]
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Sarsa

TDE 0|23l action-value functiong FEst= 20| SarsaO|LCt. Value functionO| OF:l action-value
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Qst,ar) — Q(se, ar) + [VHI + YQ(St41; ar1) — Q81 flt)]

[ Figure 2. Sarsa update ]

Initialize Q(s.,a) arbitrarily
Repeat (for each episode):
Initialize s
Choose a from s using policy derived from @ (e.g., e-greedy)
Repeat (for each step of episode):
Take action a, observe r, s’
Choose a' from s’ using policy derived from Q (e.g., e-greedy)
Q(s,a) — Q(s,a) + a[r + vQ(s',a’) — Q(s, (1‘)]

s +— 8 a—d; TD target

until s is terminal

[ Figure 3. Sarsa Algorithm for On-Policy Control ]

8.1 n-step Sarsa
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Off-Policy Learning
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9.1 Importance Sampling
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9.2 Q-Learning

Q-Learning2 target policy= greedyStA| actiong MESIL behavior policy= € - greedy St
actiong MEHBICE Sarsat target policy?t behavior policy 25 € - greedy £ [MECL} Q-Learninge

target policy@} behavior policyZt Ct22 £, Off-policy LearningO|LCt.

Qs as) — Q(sy,a) + « [r,H + vymax Q(ss41,a) — Q(,sf_.at)]

[ Figure 4. Q-Learning update ]

Initialize Q(s,a) arbitrarily
Repeat (for each episode):

Initialize s
Repeat (for each step of episode):
Choose a from s using policy derived from Q (e.g., e-greedy)
Take action a, observe r, s’
Q(s,a) — Q(s,a) + ﬂ[r + vymaxy Q(s',a’) — Q(s.a)]

s — g
until s is terminal

[ Figure 4. Q-Learning algorithm ]
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