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Value Iterations Example
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Value Iterations Example

=0 ik o2 (-1 4¥-0) K

<_I_, 1 |2 |3 0 0 0 0 0 @ @ 1 0. 25 % («—l -\-‘6'0>7Q4

R, = -1 0 0 0 0 1 -1 -1 -1

12 113 |14 0 0 0 0 -1 -1 -1 -1

ﬁé:G'o\ .

0 0 0 1 1 1 0
4 -1+
—-1!75‘7?"‘219 1.9 7\ S/ - g‘ O-(Z_‘B © e ( 03’(‘9
BT e s _R@\\g"): % 2
-1.675 \-kgs -1.9(’ 1.9 X = = \ /) | 4
k=2 4 < = —
19 | -9 | -19 |-1.675 \( K=4< 025 x("/ +0 ﬂ"ﬁ

Vk\t 3,(0.25%4(:1 §%9 * (7)) & 0225 + (—] +0) = —1875
19 | 9 |67 | 0 | yale 4(0.25% (—1 + 0.9% (—1))) &/} 19 = ~l.6F5
k ( ~ = ~) ) \(,;‘:'0.?)_ 6




Value Iterations Example
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Value Iterations Example
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Q-Learning Vi

For the previous value iteration, we knew P[s’|s, a]. What if we didn’t?

We will use Q-Learning!

Q-Learning tells us the value of doing a in state s

Q(s, ar) = E[Ry + YRey1 + Y*Riyp + -+ | 5,4l

We follow a similar iterative approach as value iterations and get:

0(st,ap) < Q(se,ap) +  [r(s) +7 maxQ(ses, @) = QCse,a0)]

This is off-policy!



Q-Learning Example

Setup: Qo Action
State Left Right
o1 |2 |3 ]| 4|5 ]| 6| 7
n SN i
51
Actions: — « 22
+1if I reach S, 53
ReWa rdS: -1l ifl reach Sy or S5 Sy
+0 otherwise
Ss
a — 1’ '}/ — 1 S6
Sy




Q-Learning Example

Setup: Qo Action
State Left Right
0 1 2 3 4 5 6 7
n SN % i :
$1 0 0
Actions: — « 22 ° ’
+1if I reach S, 53 0 °
ReWa rdS: -1l ifl reach Sy or S5 Sy 0 0
+0 otherwise
Ss 0 0
a = 1’ y = 1 Se 0 0
S, 0 0




Q-Learning Example

Setup: Q1 Action
State Left Right
o| 1|2 |3 |4a]|5]|6]|7
COEECEE % © =
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Actions: — « 22 O <
+1if I reach S, 53 © ]
Rewards: -1if I reach S, or S, S, D O
+0 otherwise Se ] @
a — 1’ '}/ — 1 S6
Sy




Q-Learning Example

Setup: Q1 Action
State Left Right
0 1 2 3 4 5 6 7
n SN % : :
Sl —1 0
Actions: — « 22 ° ’
+1if I reach S, 53 0 '
ReWa rdS: -1l ifl reach Sy or S5 Sy 0 0
+0 otherwise
Se 1 0
a = 1’ y = 1 Se 0 —1
S, 0 0




Q-Learning Example
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Q-Learning Example

Setup: Q2 Action
State Left Right
0 1 2 3 4 5 6 7
n SN % : :
Sl —1 0
Actions: — « 22 ° :
+1if I reach S, 53 0 '
ReWa rdS: -1l ifl reach Sy or S5 Sy 0 0
+0 otherwise
Se 1 0
a = 1’ y = 1 Se 1 —1
S, 0 0




Exploration in Q-Learning

With some 0 < € < 1 probability we choose to either take a random action at
any given state or go with the highest Q(s, a) value

( argmax,e,0(s,a) €

random actiona € A 1—¢€



SARSA (State — Action — Reward — State — Action)

Alternative to Q-Learning, instead of choosing the best possible action we
chose the next action according to the policy

CZL C)’y,(lﬂ g(g{1; )at)
(UN

Q(se ar) « Q(sg,ar) + afr(sy) + Yz m(a|se+1)Q(Se41, Ary1) — Q(St, ar)]

This is on-policy!



SARSA vs Q-Learning
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Discussions

Q1. Q-learning vs Value iterations?
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Discussions

Q2. Q-Learning with no exploration?

Consider the following Markov Decision Process. It has two states s. It has
two actions a: move and stay. The state transition is deterministic: “move”
moves to the other state, while “stay” stays at the current state. The

reward r is 0 for move, 1 for stay. The agent starts at state A. In case of tie

move.
0 Qo1 Sffa/é B Move
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Discussions

Q3. Why Q-Learning is Off-Policy and SARSA On-Policy?
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