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Types of RL algorithms g a\gorth
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Types of Models

« Distributional model ~ o\ ‘7IA

« Sample model
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Random-sample one-step tabular Q-
planning — N% T RRMIR s mild ok e

Loop forever: A {0 “U\an’f
1. Select a state, S, and a% action A at random /
2.5end S, A to a@lp/ﬁlnad@and obtain a sample ne j ﬁ:‘/
reward R, and a sample next state, S’

3. Apply one-step tabular Q-learningto S, A, R, S’ fﬂw "]

Q(S, 4) + Q(S, 4) + a[R + ymax,Q(S',a) — Q(S, 4)) 3
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Online planning
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Dyna Architecture
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Tabular Dyna-Q Overview

» Direct RL method: one-step tabular Q-learning
« Model-learning method:
- Assumes environment is deterministic

« Table-based

« Given A, S; — Rii1,S5:41, stores
model[(S;, A¢)] = (Ret1, Sty1)



Tabular Dyna-Q Algorithm

[nitialize Q(s,a) and Model(s,a) for all a, s
Loop forever:

1.5 « current (nonterminal) state Mrect RL
2. A + € — greedy(S, Q)

3. Take action A; observe resultant reward R and state $’

4.Q(S, A) + Q(S, A) + a[R + ymax,Q(S',a) — Q(S, i@
5. Model(S, A) < (R, S") (assumes deterministi

6. Loop repeat n times o/do“g (
S + random previously observed state 4
A « random action previously taken in S P\M\A;*7

R, S’ + Model(S, A)
Q(S, 4) + Q(S.A) + a[R + ymax,Q(S',a) — Q(S, 4)]
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Dyna Maze (Figure 8.2)
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Dyna Maze (Figure 8.3)
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When the Model Is Wrong:
Optimistic Model
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When the Model Is Wrong:
Pessimistic Model
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Dyna-Q+: Dyna-Q + heuristics for
encouraging

Provide an implicit reward to exploring stale transitions

Q(S,4)  Q(S, A) + a[R + ky /7(S, A) + ymax,Q(S', a) — Q(S, A)

Allow actions that had never been tried from a state to be
considered in planning (initial model was that such an
action led back to the same state with a reward of O)



When the Model Is Wrong:
Optimistic Model
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When the Model Is Wrong:
Pessimistic Model
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Dyna-Q tries all state-
action pairs uniformly.

Is there a better way?
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Prioritized Sweeping (Det. Env.)

[nitialize Q(s,a) and Model(s, a) tor all a, s, PQueue to empty
Loop forever:
1.8 <« current (nonterminal) state; 2. A < policy(S, Q)
3. Take action A; observe resultant reward R and state S’
4. Model(S, A) «+ (R, S") (assumes deterministic envirnoment)
5.P = R+ ymax,Q(S",a) — Q(S, A)
6.1t P > ©, insert (S, A) into PQueue with priority P
7. Loop repeat n times while PQueue 1s not empty
a. S, A = first(PQueue); R, S' < Model(S, A)
D.Q(S,A) <+ Q(S,A) + alR + 'YmaXaQ(Sla a) — Q(S, 4)]
c. Loop for all S, A predicted to lead to S:
i. R =pred.reward for S, A4, S
ii. P = R+ ymax,Q(S’,a) — Q(S, A)
iii. If P > @, insert (S, A) into PQueue with priority P



