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Scenario: Escape!
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Rewards
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Reward Matrix

State

[l
h s W=D

Goal
Valid Transition

Impossible

Action
01 2 3 4 5
-1 -1 -1 -1 0 -1
-1 -1 -1 0 -1 100
-1 -1-1 0-1 -1
-1 0 0-1 0 -1
0 -1 -1 0 —1 100
-1 0 -1 -1 0 100
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Q-Learning Algorithm

For each s, a initialize table entry (f)(s, a)«0
Observe current state s
Do forever:

Select an action a and execute it
Receive immediate reward r
Observe the new state s’

Update the table entry for Q(s, a) as follows:

PN

Q(s,a) « r+ymax Q(s', d)
a/

S< S

Machine Learning: Jordan Boyd-Graber |  Boulder

Reinforcement Learnin,



Initial @ Matrix

012345
0fo o000 0]
1looo0oo000

O= 21000000
31000000
41000000
sloooo0o00

Suppose we start in Room 1

And we'll go to Room 5 afterward
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In Room 5

Action
State 0O 1 2 3 4 5
-1 -1 -1 -1 0 -1]
-1 -1 -1 0 -1 100
-1 -1-1 0 -1 -1
-1 0 0-1 0 -1
0 -1 -1 0 —1100
-1 0 -1 -1 0 100

o W = O

What is the updated Q matrix? (v = .8)

Q(s,a) < r+~ymax Q(s, a)
a/

ning: Jordan Boyd-Graber |  Boulder inforcement Learning | 10 of 17



Updated @ for Room 1 — 5

Q(1,5) = R(1,5) +ymax | Q(5,0),.... Q(5,5)] (1)
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Updated @ for Room 1 — 5

O(1,5) = R(1,5) + y max @(5,0),...@(5,5)} (1)
Q@(1,5) =100+ ~-0 (2)
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Update Q for Room 5 — 1

Action

5
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Update Q for Room 5 — 1
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Update Q for Room 5 — 1

01 2 3 4 5 Action
0o/0 0 00 O O State 0 1 2 3 4 5
110 0 0 0 0 100 o (-1r-1-1-1 0 -1

1 -1 21 -1 0 -1 100

6= 2|0 0000 0 R= 2 |-1 -1 -1 0 -1 -1
310 0 00 O O 3 -1 0 0 -1 0 -1
40 0000 O 410 -1-1 0-1100
50 0000 O 5 |-1 0 -1 -1 0100
Q(5,1) = R(5,1) + y max @uﬁy“.éajﬂ 3)

Q(5,1) = 0+~ - 100 (4)
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Update Q for Room 1 — 3

Action
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Update Q for Room 1 — 3

Action

4
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Update Q for Room 1 — 3

Action

(5)
(6)
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Update Q for Room 3 — 4

Action
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Update Q for Room 3 — 4
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Update Q for Room 3 — 4

Action
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Update Q for Room 4 — 5

Action
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Update Q for Room 4 — 5

Action
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Update Q for Room 4 — 5

0 1 2 3 4 5 Action

0/0 0 O O O O State 0 1 2 3 4 5
10 0 0 0 0 100 0O |-1-1-1r-1 0 -1

1 |-1 -1 -1 0 -1100

sz 0 0 000 0 R= 2 |-1-1-1 0-1 -1
310 0 0 0 0 O 3 -1 0 0 -1 0 -1
4lo 0o 000 O 4 [0 -1-1 0-1100
5\0 80 0 0 0 O 5 1.1 0 -1 -1 0100
Q(4,5) = R(4,5) + v max | Q(5,0),.... Q(5,5)] (9)

Q(4,5) = 100+ - 80 (10)
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Update Q for Room 5 — 4

Action
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Update Q for Room 5 — 4

Action
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Update Q for Room 5 — 4

Action
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If you keep going ...

0 1 2 3 4 5

of o 0o 0 0 400 0
1 0o 0o 0320 03500
O=2(0 0 0320 o0 o0
3] 0 400 256 0 400 O
41320 0 0 320 0 500

51 0400 0 0 400 500
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If you keep going ...

100

0 — N
@ 3 ) 100 @ Goal State
0 A

100 -
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