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What Is planning?




Tabular Dyna-Q Algorithm
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[nitialize Q(s,a) and Model(s,a) for all a, s

Loop forever:

1. .S < current (nonterminal) state

2@ — e — greedy(S,Q) O

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

4,Q(S, A)  Q(S, A) + o[ R + Tmax,Q(S',a) — Q(S, A)] T

5% Model(;S, A) + (R, S") (assumes deterministic envirnome@

6. I?()B/ﬁrepeat n times |

@ random previously observed state_j

random action previously taken in S

—/R, S’ <+ Model(S, A) K gnf;}\rcf( -

Q(S,A) < Q(S,A) + a|R + ymax,Q(S’,a) — Q(S, A)
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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:
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When the Model is Wrong:
PeSS|m|st|c Model&w +
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Dyna-Q+: Dyna-Q + heuristics for
encouraging model updates

Provide an implicit reward to exploring stale transitions

@7 l A Fl&dﬂ/’?

Q(S, A) + Q(S, A) + alR + ry [7(5, 4) + ymax,Q(S', a) — Q(S, A)]
&lﬂoﬂj o /"llo&//

Allows actions that have never been tried from a state to be

considered in planning (initial model: such an action leads
back to the same state with a reward of 0)




When the Model Is Wrong:
Optimistic Model

S ' : ’ I's ‘

Time steps



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

model (9/ T)C ("/ 0)

Is there a better way?

'(—7 G @ bqltﬂﬂ/'/l
1o I of Jecn
GZ [S(IP\‘ O\/lm')() )E;f S ciz T ef"”'a
0.5 e
) )3 'qow M an
\‘\T | : ﬂan‘ﬁf’/‘/ﬂ
- R ( Stekack )
oMoy foo- /
g@(>/A>f e n ax |

Q.szfb bmw& an (/ (9/’6 \L

| ’
- ﬂﬂﬁﬂ ;b,lf(( o (2970, 2)




Prioritized Sweeping (Det. Env.)

N

[nitialize Q(s,a) and Model(s, a) tor all a, s, PQueue to empty

Loop forever: -

1. § « current (nonterminal) state; 2. 74/\@11@(5 Q) __

3. Take action A; observe resultant reward R and state §"

4. Model(S A) +— (R, Sl(assumes deterministic envirnoment)

5. P = R—I—"ymaXaQS a)~ Q(S, A)JA'/I choyy oF Q

6.If P > O, insert (S, A mtoP ueue With prlorltyP &~ m/a
P > 6, nsert (5, A) inio PQ i

7. Loop repeat n times while PQueue is not empty

a. 8, A= first(PQueue); R, S’ <~ Model(S, A)

b. Q(S A) < Q(S,A) + aLR + WmaxaQ(S' a) —
c. Loop for all §, A predicted to lead to S:

. R/—_@r\eareward for S, A, S ~ fron e /WM

ii. P = R—I—q/maXGQ(S‘ a)s Q(S,4) AR weV/ Le (
iii. If P > @, insert (S, A) into PQueue with priority P_,




Value Expected updates Sample updates

D . . estimated (DP) (one-step TD)
Imensions | 8
B, 7
s) ) A
-  Update state/action values P\ K
OO OO O Os 08’
« QOptimal vs. arbitrary policy policy evaluation TD(0)
- Expected vs. sample updates S
a
0 NA A
OO OO O O
value iteration
S, a S, a
/N RI
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g-policy evaluation Sarsa
S, a S, a
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g-value iteration Q-learning



Expected updates > sample updates?

Lighec AN
Pl uom Jra?( o€ erf (&lf'/ v A Cj],( conipl FUt”

lOV(/ V\y/ﬂﬂ[(

Lad Ol
/\tuf o | Sartzl'/?jf’(/

A=

- & oA/ k Chep
Ey%\w ﬁgéz—)f
76?” alwaX ex/m/u/ Oacy

(’)(/'
O’Cfv'b/;




Expected updates > sample updates?

1_

RMS error
In value
estimate

sample expected

updates updates

b =72 (branching factor)

b=1000

=10,000

|

1b
Number of max Q(s’,a") computations

a

2b



Trajectory Sampling

Sampling:

Uniform

According to on-policy distribution



Trajectory Sampling

Sampling:

Uniform

According to on-policy distribution



When to plan

In the background

« Atdecision time









