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< 42} sh&(reinforcement learning)

= O B2 &= 2F0A SESH= OO|HEYE QIS M, O O| MEZ} ©xf
HEl(state) 0| A &= 7|0 k= +H &2 (reward)O| ZCH7t £ ==
gl Z (action)= *.JE—'.* St= JEé’t—*.'(pollcy)% e A
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a8t o5

< 023 = Z%d 113 (Markov Decision Process, MDP)

= AEl| FO|(state transition)/| S AEH 5,.2f YUH (= HS) 4,0 9
S A EPSI" o AXE|=023=S E':‘"(Markov model)
. Oj23 = E':"E!

— oj2je| HEl 5., = S HEl 5.0 IS T WA HEY S 4,85, ...
o= =2 t.':*7(| U= AAHIO CHt 2 22! (stochastic model)

- P(St+1|5t;5t—1r ---;50) = P(St+1|St)

Andrei Andreyevich Markov

1856-1922
2 A|OF, 28t X}

- 23 ZAFIPY
— P(St411St, St—1, » S0, Ar) = P(Se411St, Ap)
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s O23= A% 13 (Markov Decision Process, MDP) — cont.
XIS

- MEjO TE S =(s;,55 .., 54}
« IO T A={ar,ay .., ay}
. AMEJ

T O|(state transition) 278 SHEEXE
- t Ao MEf 5,0l WF 4,E FE I
Z785t= A (s4,ap, Spe1)
— P(Sty1 =5'St =s,4, =a) =T(s,a,s)
= MEf MO|Z7F dOjE I FA| B2 (immediate reward)
o Bl MOl (sp,ap 504 0N = SA| B4 1y

— R(s¢,a¢,Se41) = R(S¢1) = Ty

» Zsjstao| B3

St 9|
= 7|CH -'.‘-& B MZk(expected accumulated reward)O| Z[CH7t E| == S}
H(policy)2 &= A
A -

—
2t AEfOI A MEE WS X

= 84
X

* ©



a8t o5

<« 0. 2=t o= 24
= 5 ={(1,1),(1,2),(1,3),(2,1),(2,2),(2.3)
(3,1),(3,2),(3,3),(4,1), (4,2), (4.3)}

» A = {east,west, south, north}
. MEITO|SE

0.8

0.1 0.1

T((3,1),north,(3,2)) = 0.8
T((3,1),north,(2,1)) = 0.1
T((3,1),north, (4,1)) = 0.1
= H2F(Reward)
R((4,3)) = +1, R((4,2)) = -1
R((x, y)) =c (x,y)+ (41)or (4,3)

3

!

E




Sk

i

 —
L

A

AN

©

!

E

1

2

3

4

R((43)) =+1, R((42)) =-1, R((x,y)) =c (x,y) # (4,1) or (43)

c =—0.01

+1

Cc

—0.04

+1

t t
} | | -
c =-—2.00
e iadi=dlr
- |
- | = - ¢




. V(so, Sqs -..) = F(Sg) + r(sq) + r(sy) + ...

« ASZGN HAK[TF OX|EH X[FHo=E HE = AUS
ol =X $t4| (sum of discounted reward)

« V(S Sy, ...) = I(Sp) + y*r(sq) + y?*r(s,) + ...
— &OI& (discount factor) y : 0 < y <1
— 7Pt2 240| H Oj2fe] BRYKRLC} 7tX|7t US

AA O



11.3 7HX| g

% 7tX| gt (value function)

= ME{ 7}X| 4= (state value function) V7(s)
o SEf Ol AIZISHY EX n0f et As52 2 M LA ==
7|t 2 A (expected reward)

" (s) :E['rr—1+";""rt—2 ‘|":’2T’r—3+ ‘St = s,

oo
=E| Z"f"k"’r—k—ﬂsr = s5,m]
k=0

= AE}-HF 7}X| Sh=(state-action value function) Q*(s, a)
. QEH sOlM WS aZ o OFS, M n0f It d5S & If A ==
7|CH B4

Q" (s,a)=Elr,., +9r, oo+ 71, 5+ - |5, = 5,0, = a,7]

Z Tyt p+ 1‘5r—5 at—a”]]



THK| B4

< Bellman 74 Al
» AFE| 7}K| S0 AEf-SF 7}K| B0 ZHA|

Z Y4yt 1‘Sf—Sn]

g

— Z” Z {rgs, +~E LZD,}J%T} ols, L = SH a

- SrtealS7 17 2]

S
=Y 7(s5,0)Q"(s,a)
a

. n(s.a) A p7h ME| sOIM BE o2 M B2
« PO, SR sOIM AE oF M, &Ei 0] E =E
c o, AEL SOIN BE oF S 1, HAZ
RA R vemry e I GO R

s ) = Tis,a 5.0 "

a S Q"(s,a)
-—_

Q" (s,a) = ZP;S- [+ V(5] a, a, a,
k2




s 7HH|

7HX]

ot~ (value function)

ook
45

Q"(s.a)
s.a
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2 Y'Y Monte Carlo method)

H 7t

=
—

. 70|17l B 0| w2t oo
B AZES 7|230] At THK]
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11.4 =X H*
< %| & H*Hoptimal policy) 0t %= AEf 7}X] &4 v+

m*=argmax, V'(s), (Vs)
V*(s)= V" (s)

< Bellman Z|& W73 4 (optimality equation)

« X|H FHO| IE 7HK g430| BHFots 97 A

= AME 7}K| SHRO| A2 r

V*(s) = max Y PL, [rd, +4V*(s)) s
S/

- BE Vtstt ¥E UM /tY 2 7ItEYUE = 52 &

—

k

o ME|-S 7| B0l F2

Q'(s.0) = BP5 [r5 4976
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‘B "ot (policy evaluation) © — V=
= FOT HM 5 HE M, 28 SERO M A k| = 7|CHE & 2f vr

11.5 43} st

Vit1(s) = ZW(Sa a) Zpsas’

B2lo| 74X 2= v Ol A AR P01 V,7t =

Input : 7t EH 7
V(s) « 0 foreachs €8S
repeat
A<0
for each s €S
temp < V(s)
V(s) « > n(s, a)Z TR A CH]
A« maX(A |temp —V(s)|
until A< 0 (B2 &)
Output : V' = V"™

Yn2|E

2
T O

{r?sl + 'ka(s/)]

S 7t x|

H &=

—

Al Lt



a3 etg €8S

< J*™ 7§ M (policy improvement) V=— r

 JE 7K g v(s) WeE FH M 27

7'(s) = arg max Q" (s, a)

— /
= arg mgxz; Pb?s, {7“?8, + V7 (s )}
S

Input : &ERZHX| g =V

foreachs €S
n(s) « arg maaxz P2, [rgs,+fyw(s’)]
sn‘

Output : B
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n°1|*‘| *P‘"&@ 70| CHSi Al Bellman
77f7(|(7—|c, HF‘HXl a= M{7kX]) M3t v & A4t
n/t =HS 7HX] k=
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HA |
% ZF "Ht=2 (value iteration) &
Vk_|_1(8) = maxz [ ss’/ + ’VV]{(S/)]
= Q9|Oo] THX| Bt V001|H AESH M2 A
g x| grs
= K| g v E ALESHY HM B

V(s) « 0 foreachs €8S
repeat
A<0
foreachs €8S
temp < V(s)
V(S) — maxz SS,{ S,—}-—ka(s’)]
A < max(A, |temp —V(s)|

until A< 6 (Bt2 &)

RS
foreachs € S
(s) = arg mC?xZP;;, [frg"sf —|—ny7T(s’)]

S’
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< Q-learning ¥12|&
= DH0| Bl0] eh5dt= d3tets €&

for each s and a
O(s,a) « 0

AXH AEH s 2HE

repeat forever
WS o2 MEBLO] 43
SANEYU rE &S
MEZ &Ef s'2HE
0(s,a) « r + ymax, Q(s’,a")
s« s'




for each s and a
Q(s,a) « 0
x| SEf s 2HE
repeat forever
WE o2 MEBI0| 3
SAENT rS TS
M2 Mef s 2a
Q(s,a) « r + ymaxgy 0Q(s’,a’)
s« s
Action Action
state 0 1 2 3 4 5 g 0 1 2 3 4
ofo o000 0] o -1 -1 -1 -1 0
11000000 1 |-1 =1 =1 0 =1
(Sa)EOOOOOO r2 -1 -1 -1 0 -1
731000000 3 =1 0 0 -1 o0
410 0 0 0 0 0 4 10 -1 -1 0 -1
5100 00 0 0 5 -1 0 -1 -1 0

S a=5 Mg 3
MZ2 MEf s =5 25
0015 -

r(1,5)+0.8 * max{Q (5,1
=100+0.8*0 = 100

Q(s,a)

h w2 — O
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= Z2H7IEE WH(Monte Carlo method)

& (temporal difference learning, TD-learning)

F

—_—
o
=

- A2 %tO]

= ™M Jo|HE LNE|E (policy gradient algorithm)
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R(s) = E w0, (s)

i=1



4.7 HOj

& (transfer learning)
HE sl Z2st= O AFE Rl XA
o o|&dst= A
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