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Sarsa Algorithm for On-Policy Control

Initialize Q(s,a),Vs € 8,a € A(s), arbitrarily, and Q(terminal-state,-) =0
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 @ (e.g., e-greedy)
Q(S, A) + Q(S,A) + a[R+Q(5, A') — Q(S, A)]
S+ S8 A+ A —_ —
until S is terminal
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Sarsa on the Windy Gridworld
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Sarsa(\) Algorithm

Initialize Q(s, a) arbitrarily, for all s € 8,a € A(s)

. ~( Repeat (for each episode):
8‘*&“’& ~E(s,a) =0, for all s € 8,a € A(s)
A0® Initialize S, A

Repeat (for each step of episode):
Take action A, observe R, S’
Choose A’ from S’ using policy derived from @ (e.g., e-greedy)
0+ R+ ’YQ(S,) A,) = Q(Sa A)
E(S,A) «+ E(S,A) +1
For all s € 8,a € A(s):
Q(s,a) + Q(s,a) + ad E(s,a)
E(s,a) + vAE(s,a)
S+ S A« A

until S is terminal

Sarsa(\) Gridworld Example

g

Action values increased Action values increased
Path taken by one-step Sarsa by Sarsa()) with 2=0.9
B I I '
[
i
= - - palk
I i‘ * NIEE 3% 5
A A==




(| 0@(—-\70(\‘% lescrams

ég\) Av Y*“-/ Q'—; AJ.}’ " g"'zj ~ U

O Jeam om ob%ri«% Aoy oot

® pe-ue et

@ leom  abowt Q—Pﬂ-mul po\s‘y
@&V(p\'w\'v\\’ ?ob‘cg

@ Tram /.,\q,uipfa Po(\‘u‘@

ule Lollg

C o) = 7, Pore)

7<(V\') g ) A

XK)
— _ o o
Mo oS

/\ —_— -

SRR CR St iy $r Aol
,b((/\t*\ls*c&\)

Gy JHAelS)

Y T (AL SE) ) S
G- Taicn Taealws | A ™

Mo USere USt (CT )



w(Aee) i t FUG)-VIE)
TD \/(ge)kl/(gtfxﬂ €|§b)(‘e )

o
S T (Se) = wg;’;”‘ e /

——

Qpart & 0. (ots, &)
= [Z%t\f X&Cgﬁ*\ ) aﬁ%x?ﬁ &

= et £ finos Q6w &)
(- learnis Conpal "
(S, e BLS Aot (12

Cgb*l /a[)>

(o g st

N H—~BLsH)
o QS o) ~

Q-Learning Algorithm for Off-Policy Control

Initialize Q(s,a),Vs € 8,a € A(s), arbitrarily, and Q(terminal-state,-) =0
Repeat (for each episode):
Initialize S
Repeat (for each step of episode):
Choose A from S using policy derived from @ (e.g., e-greedy)
Take action A, observe R, S’
Q(S, A) + Q(S, A) + a[R + ymax, Q(S',a) — Q(S, A)]
S« S

until S is terminal




Relationship Between DP and TD (2)

Full Backup (DP)

Sample Backup (TD) "

Iterative Policy Evaluation \I,.ku.o.
V(s) < E[R+~V(S) | s]

TD Learning wAul

V(S) & R+~V(S)

Q-Policy Iteration %&8

Q(s,a) + E[R+~vQ(S",A) | s, 4]

Sarsa g d:‘

Q(S,A) & R+7Q(S', A

Q-Value lteration

Q(S, a) +— E I:R ankd | meaﬁ Q(S/, a/) | s, a]

where x & y = x < x + ay — x)

Q-Learning

QS A) & R+~ max Q(5', ')
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