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https://www.youtube.com/watch?v=3Sxgrahdeyw
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Overview

1997: 1BM's Deep Blue beats 2011: IBM Watson beats Ken Jennings
chess champion Garry Kasparov at Jeopardy

2016: Google AlphaGo beats
Go Champion Lee Se-dol
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http://www.theverge.com/2016/3/11/11208078/lee-se-dol-go-google-kasparov-jennings-ai
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Basics (1/6)

1. Markov Decision Process

2 gotels 22 axNoR
S2 AW 2HE YoIT 0 ALBSHE e

ot °

« MDP2| T+ d 4+ AA CHAZHX| Y. Eli(state), &S (action),
H &gk (reward), & Elf H 2= S (state transition probability),
Zt 712 (discount factor)

1997: IBM's Deep Blue beats 2011: IBM Watson beats Ken Jennings 2016: Google AlphaGo beats
chess champion Garry Kasparov at Jeopardy Go Champion Lee Se-dol




Basics (1/6)

1. Markov Decision Process

» ex) Pac Man

DEEP REINFORCEMENT LEARNING
IN PACMAN

TYCHO VAN DER OUDERAA

% [« O 03
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https://www.youtube.com/watch?v=QilHGSYbiDQ




Basics (1/6)

1. Markov Decision Process

» ex) Pac Man

(1,1 | (1,2) | (1,3)

(3,1) | (3,2)
- & Ell(state) : S = {(1,1), ..., (3,3)}
- S (action) 1 A = {«,1,-, 1) R¢ = E[Riy1 | St = 5,4 = a]

- HAet = (reward) : R = {+1 or +10 or — 1} ') “
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Basics (1/6)

1. Markov Decision Process

» ex) Pac Man
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Basics (1/6)

1. Markov Decision Process

- JEli(state) : | O|HETI 2HE 7t B T

—

» B S(action) : Q0| HETL E7Y SENOM & == U= A2 T
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- EfjHZIZHE (state transition probability) : O O| M E
SElf sO|M WS aZ oA CHE B 8’0l T2 2HE

« Zt7H& (discount factor) : Z2 EAI0|H LIE0f 2HE =2 J}X| 7}
20|d. O|F s=tH o2 Hoiol/| !¢t 713
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2. Value Function
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Basics (2/6)
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Basics (2/6)

2. Value Function

Q E u
| | | | .
| | | | g
— t t+1 t+ 2 t+ k
o Riyq Yt X Riso Yl X Ry,

o Br2tdi(return): O|MEZ HA| 2 2tEE EHSIH 22 24
Gt = Rey1 + YReyz + YRz + .

« 7tX| 2= (value function): OO EZF OS] HM = HHS
A QUK Off CHet Z[Cdgt. Of A|BOFCH 45O| Cr=27| I

MO
=2
N
>
N
>
oo

v(s) = E[G|S; = 5] = E[Rey1 + YReyz + V*Regpz + o S = 5]



Basics (2/6)

2. Value Function

=, 7HA[gte gt Of et JEOf =

1y

20ref =

o= &= A[of ot /|

CHZF
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M O] SEHO AT &S

O| Ct.
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=
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Basics (3/6)

3. Policy
’dH(policy)O| 2t 2= HE{O| A OO|HET & W=

(1,1 | (1,2) | (1,3)

o | @ %

n(als) = P|A; = a | S; = s]

cex)(a=3AF|s=(2)) =01
mla=2LEZH|s=(22)) =09
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Basics (4/6)

4. Bellman Expectation Equation
AT 7|CH B E A 0[2h Sk JERC| ZrK|=t2f L5 Ef 2
K[t ALOl S| A& Toli = W E A O,

O E m
| | | | .
| | | |
— t+1 t+ 2 t+ k
o Riyq Yt X Riyo Yl X Ry

Gt = Reyr1 + YRy + YRz + .

v(s) = E[Rpy1 + yv(Se41)| Sp = 5]
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Basics (4/6)

4. Bellman Expectation Equation

. ce - en
| | | | .
| | | | g
— t t+1 t+ 2 t+ k
o Riyq Yt X Riso Yl X Ry,

Rey1+ YRy + YPRpyz + o |Sp = 5]
Rey1 + Y(Rerz + Y Rz + )| Se = 5]
Riv1+ Y(Gey)| Se = 5]
Riyq + yv(Sesq)| Sp = 5]

py & & M




Basics (4/6)

4. Bellman Expectation Equation

Q E u
| | | |
| | | |
— t t+1 t+ 2 t+ k
o Riyq Yt X Riso Yl X Ry,

O
O
O
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Basics (4/6)

4. Bellman Expectation Equation

2R V| EA S A= SEFOM 2| Z7HX| 2 =2 OfL| 2t
SHOOIHEZ O{H A= 2X[0f Cligt =H&)

cex)(a=3A%F|s=(22)) =01
mla=2LEZH|s=(22)) =09

n(al|s) = P[A; = a | S; = s]

— v(s) = E[Reyq1 + yv(See)| Se = 5]

iy v=1|v~2]| v~3
P> O O O
21




Basics (5/6)

5. Q-Function
« 7tX|gt==(value function)= O ‘& E[f’0f| CHoF E 42| 7| CH

ZF

HA
« F8k2=(q-functionyl= Of T “AFEOfl M OftH S S'0| Yt} ELX]
Ofp{ = StA SHE JlK|SHARI DL St

CEEA FEaE AEf BS0laH £IHR| B4 S 7t

(1,1) | (1,2) | (1,3)

N

(3,1) (3+2) #
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Basics (5/6)

5. Q-Function

— qr(s,a) = E|R¢s1 + ¥qu(St41,Ae41)| Se = s, Ay = a

PlA; =al|S; = s]

L m(als)

=

K7} 8Lt

=2
=

X
o
St Il

=
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o
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15 0f CHol 7HX| 25 Al LoHO
oF 71X

Z+ S
A

=o| 4 A
AL H = 0| JEfOf| T

= ) m(als)aa(s, )
acA

v(s)
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Basics (6/6)

6. Bellman Optimality Equation

C IHCHE JhA|St4o| S Yty YMS Hatn 1 HMe
TRl S BHe 2 A SOl Bl X B4R O B2 MM
sHOHLE = 2

C IO 2 No| JHK|EAE T 18 4 USTH

v.(s) = max[vy(s)]

= E[R41 + ymaxq.(se41,a')| Se = 5, A = a

24



Basics (6/6)

1) MDPE| CHA7HX| R 4F7
2) 7tK|g=2t? HQot O| 7 =7
3) ‘dAO|Et?

4) W0} 7| B Al27 o|Oj =2

5) ATEt?
6) X o| 7tX|g == O{EA +

25



Outline

* Dynamic Programming
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Dynamic Programming

e L= 1afffll 5 (=X T2 M| A0 T H 0| = BHE7|
.2 BHE B o 81257| HEL X2 oi2ifel 82X 2
LI+=OlM F&= 78
e.g.) O ELIX| =G
Jib(7)
£ib(6)+ fib(5)
fib(5)+ fib(4) fib(4)+ fib(3)
fib(4)+ fib(3) fib(3)+ fib(2) fib(3)+ fib(2) fib(2)+ fib(1)
fb(3)CAb2) B2 AB(1)  Sfib(2 ~'_mv 1) MBI fib0)  fib(2 ~’mv 1) fib(1)% fib(0) fib(1 .'_mw 0
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Dynamic Programming

= HEA 22E2X 2 LSO A Z71?
(1) S2|7F #5120 24 28 HEY Q| 7t (1. e. v,(sy,))
A S

(2) O|Mf, 2= &FERO|| CHSH 7 TSt jterations S0 2

R
KEfof Chat HK|Et+2 E|0|E sict

S2 S3 Sy St
Se S7 Sg So9 510 7_||-7_||-_(_)_| E% él- HO-” EH OH
g 512 | 513 514 S15 PN I PN EElEe U (S) =

T5t= A0l S H!

S16 S17 S18 S19 S
S21 S22 S23 S24 EE




Dynamic Programming

3. FFK|BH 47 ORI I (A A e )

S, S3 S4 Sc iteration ZtX g = (v,)
1 S1), e S
Se s, Sg S S10 Vo (S1), o, Vo (S25)
S11 512 513 S14 515
S16 517 518 519 520
S21 S22 523 524 o+
v(s) = E[G.|S¢ = 5] = E[Rey1 + YReyz + V*Regz + o S = 5]

29



Dynamic Programming

3. 7tX|et=7t Holj K| = a7 d (A THE R A 2= A1)
Sy S3 S4 Se iteration ZtX g = (v,)
1 V5(S1), ..., V(S
S¢ s, S 5o S1g 0(51) 0(S25)
2 V1(81), ..., V1(S25)
S11 S12 S13 S14 S15
S16 S17 S18 S19 S20
S21 S22 S23 S24 - L
v(s) = E[G.|S¢ = 5] = E[Rey1 + YReyz + V*Regz + o S = 5]
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Dynamic Programming

3. 7HK| B4 7t THIR|E THE (DR A

iteration ZtX|gk == (v,)
1 Vo(51), oo, Vo (S25)
2 V1(81), o, V1(S35)
K V(81), oo, U (S35)

S5 S3 Sy St

Se S7 Sg So9 510

S11 S12 S13 S14 S15

S16 S17 S18 S19 S20

521 522 S23 S24 o
v(s) = E[G¢|S; =s] = E[Rey1 + YRiy2 + V?Reys + ..

IS¢ = s]
31
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Dynamic Programming

7t (from 224 O|E{2{| O M)

« O{E %% (Policy)0| QUS| 1 HME &% H712
mqa_ﬂ 1A _l|-§ 7|2,|_<_2§ |:-| E=O X0

i
1
e

(. O_L

3*:

1[0
E
ﬁ

o
_}'_

ot

}
|0
Ny

e
7t =l
v(s) = E[Gy|S; =s] = E[Ryy1 + YRey2 + V2Riys + ... IS = 5]

£ 9| 442 Z7bo| AEHO| CHSF OFZE ©f D2 hX| 12{efofst7|
L

- SEX|BHCO|LMY T2 aa) S S8 O|Eo|ME =

v(s) = E[R¢sq1 + Yv(Se+)| S¢ = 5]
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Dynamic Programming

S HIt (from S A O|E 20| M)
D 7| DAL ThR|BE0f TS 7| SHEt HEN(E B T2

U (s) = E[Rey1 + Y (S| Se = 5]

> m(@ls)(Ress + Y0r(s))

a€cA

L UR(s) = ) m(als)(Reys + YUR(S))

acA
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Dynamic Programming

5. % 7} (from A% 0| E{2 0] M
C}

1)
(1) o XH 2FEf s Of| A FA? = Cr= &FEff s’ Of Ciet 7t K| +E
=0 (vt1i(s), EetM 2 &2 T ofL})

ﬂJl

(2) 7K et =0 Z7188 5ot O AEHZ 7= Z0f O3t 2 A S
HE (Resq + yor(sh))

Iteration n 35



Dynamic Programming

5. & xH ™7}t (from S A O[O |_=|)

(3) (2)0IM ot 240 A W= F 2 S E(EH)S &0 7[Hik
HEHE LIEFE (n(als)(Revr + yor(s)) )

(4) ()= 2= 7ttt A0 sl U=
(ZaEAT[(als)(Rt+1 YVrn (S,)) ) ?E

Iteration n Iteration n+1 36



Dynamic Programming

6. X 2™ (from FA O] E{ 20| M)

(1) S8 7S HIPBCE O|EA S HEAZ = JUSTH?
(2) 7tX| et [ Aot MOl = F442 d=S= ot HE 7HX g7t
= ds= O HO| St & ot

(3) 71 F ot RS SFLEQI B2 HA 2 (Greedy Policy
Improvement)& Ar&ote]{d &

(1,11 (1,2) | (1,3) :m(als) =0.25

:m(als) = 0.25

-
1

- (als) = 0.25
l :m(als) =0.25

(3,1) | (3,2)

37



Dynamic Programming

M HEN (from A O] E{ 2| 0| M)
4) "RO| CHBt WIS HK|H FEH4(Q-function)2 0| &80
| Oiet 7Kg =2 & = US
qz(s,a) = E[Rey1 + Y (Sei )| S = 5, A = a]
= Rey1 + v (Seiq)

1,1 | (1,2) | (1,3) <+ :m(a|s) =0.25

1 1 :(als) = 0.25
ﬁ_ T° - (als) = 0.25
(3,1) (3*2) # l :(als) =0.25
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Dynamic Programming

L™ (from X O|E2{O0]M)

n'(s) = argmax q,(s,a)
aceA

< {@] <1

© o ~

o (@) o o

| 1 1 1

N\ N\ N\ N\
%) %) %) %)

S S S S

\—r \—r \—r \—r
B [N = [

J«1 -
—~~

) O

A\l #

N N
= )
= m 5
~ (qp)
N N
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Dynamic Programming

7. 7kX| O|E{3[0| M

(1) 7HA| O] E 24| 0] 4 (Value iteration)O| 2t XY 2| ZtX|gt=T} x| & 2
OfL[X| 2k x| 5 0| 2f= T[S0l 2 <EfOI| Eieh 7HX|erS Y H[O[E
Of= HhE (R OFE| A 8EY Al APR)

(2) 2R 7|CHE A2 7|0 SEHO] 7| =0f SM= DU/ S.
ofA| 2 EEF X HYF MO M= X SEFOA 7f%§* Z| 19|
JtA| gt dl= e{orE .

Vne1(S) = max(Rerq + yv,(sh))
acA

40



Dynamic Programming

=X T2 Aol kA

(1) AL SR X (i.e. 5x5 12| E ZET} OfL| 2f nxnO|2FH?)

(2) At 2| M= (ie. A2| = BEXME 2ArR 0| OfL| 2t nA}H O|2}H?)

@
fot
oM
=2
1
Ot
10
AE
Ot
oA
HI
|
o
°
©
_(I)_I-
in)
40
M

= 2Nz Hd=
ERE HotEH EE 2tE0 tigt SES Aot A=71?)
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Dynamic Programming

4) 3™ O|E 0|4
old|st=7t?

5) S O|E{cf 0|t 7t X| O| 2|04 2| XtO| =7
6) M T2 2 Aol st =2

—
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Outline

« Q-Learning
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Q-Learning

O T2 Al o=
HZotHM F7H?

Of & OFCk

T =

Al =7t? CHO| Lt

O cH
"= O'l-c's
— o A=
:%§—|—9_

(=1
=

2016: Google AlphaGo beats
Go Champion Lee Se-dol
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=
L

=
=

Q-Learning
A|ZEXE Of

32 70|l off &)

(@)
<
I

X

_I

(REOIlA Of 7] 3 &

== 0

e.g.) =H|7}

2. 0| =1t H

=20 ZEA|FA LH7F =[H 9
(control)2td gt

o
of )

==

-T-

=LA =2

Iet+E EjE &
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S+ US. 0|
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Q-Learning

2. 0| =1t H

. 2N LFStHEH O

St
OreIX| L0 M| et

A
=
=

LIS

27t
17| I

F

M BIp B s
7hX
57}

ITE

3742 7

1L
o -1 O

A *xH
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Q-Learning

=
—

SE 0f

H| 7t

=
—

|5 0| =mr?

2o

ex)
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Q-Learning

3. =HI7IE 2 =
(1) 2HFIER stE QO ALk S| KA}

" ex) 2|5 O]
P n
4
a 1o StX[EH Rlo| §O| SAZ EELCHH? srvealv g
Y i (2= 2 AI0| RO[OtL| 2 H?)
% X
> Hea2 a8, 52 Mol M+-E MN He| M= Lis
- 0| E=0{ 8N HO0| 69547| O| 1 4r7tAM ™MO| 53657l 2™
219| 50| = 5365/6954 = 0.77142 H| At
- =2 ot Mol =7t FotCf| 2 7™ RO HO[of =&
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Q-Learning

=
—

SE 0f

H| 7t

j

& SLf w2

(

[l o O] EZ
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=1 Ke)
o

B2 FY
o AEES ME

12

| Ao 2 7IX
L7

i OF

S
=

G2 HOl
o
5

|S¢ = 5]

E[Rey1+ YRii2 + Y?Reys + ..

v(s) = E[G|S; = s]
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3.

=H
) 7
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o

Rl

Q-Learning

S
| et
A

AN

|
f

L ENT

mjo 4>

= X
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=
AH =
O =

A

ol 0!

O €= O %=

2 U= Of O] HE 7} 2tE 0| A oF Of| | =~
2. (2ol ®ol T2 M ™ StLt #E| 7))

—> - I AE 1
- - I AE 2

C =
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Q-Learning

G(sy) =r + yrp + vors +v°n
G(sy) =mp + yrs + v’

G(s3) =r3+ yry

G(sy) =14

91



Q-Learning

G(sp)=n+ yn+ vy rnt+yn

u o4 55 G(sp) =1+ yr3 + vy
Q =t» = .

i 3 T4 1 G(s3) =13+ yry

® G(sy) =1y

L N0 )
(S
N(S) 1=1 :
AEf s2 02{# 0] O IAL S0 82 514
0 AEIS WEe T oI ACON sOf HHBgt



Q-Learning

3. 2H7IEE (=

N(s)

1
r(s) ~ NG Gils)

WO ZG ( nzl )

i=1

= (G + (= D5 T G
=_(Gn+(n_1)vn)
n

1
= Up + E(Gn - vn)

~V(s) «V(s)+ a(G(s) — V(S)) a:learning rate



Q-Learning

3. 2H7IEE (=

(4) 2H 7S 2 0| =0 A 0O|HE= O] &H
oot St Aot 2= SJEHO| CHol 7K

O
(o)

-

|
F

E Al
— M
A=
T=

=)
=
O

=

o

EilY

i

E s}

-

94



Q-Learning

4. N ZtXt O = (Temporal Difference Prediction)

(1) =HIZ7IE 2 0|52| 7td 2 B2 2 A[Z0] OtL{2k= HO|L},
CEAIZESY, ©F OO E Q| o O L~ E7F ELtH7| K| =
JtA[gt2| YOHO|EE & <Rl

2) 2t
0

0
Q—I'
El
>
In
N
A
o
N
<

N

LCtALE 20| GlEE ZHZIEE

1
rlo
>
o
ot
+
TQ
-
Jill
M

Qe

~ . . i
Ceg ) (RN 2zl MERK (27710)"
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Q-Learning

4. A ZHX} 0| = (Temporal Difference Prediction)
(3) A ZEXFO|=0|2F Of EfQUIAEIONC VX2 4== 2|0 E Sl=

a0 T =
HI EH
O H

V(s) «V(s)+ a(G(s) — V(S))

(4) 712 ZHIZISZ o= 7|8 kX gte O S A0 Eh2heX G (s)

S ok o2 S0t BLEOF Y & 93

o
Sy Aol 7U<| #—% 2 H[ O] = ohrt,

R+ yV(str1) —V(st)
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Q-Learning

4. AN ZtXt O = (Temporal Difference Prediction)

V(s) «V(s)+ a(G(s) — V(S))

|

v(s) = E[Res1 + YReyz + Y2Rpyz + o |Sp = 5]
= E[Rey1 + Y(Rep2 + Y Rpy3 + )| Sp = 5]
= E[Rt11 + V(Gyr)| S¢ = 5] HFSFZFO| 71 SHR|TF ARAL
= ElRon + 7o)l Sy = 51 o TR e

|

V(S:) <« V(Sy) + a(R + YV (St41) — V(St))

A7|M R+ yV(Si41) & ALEAL O 2{(Temporal-difference error)

= LR,

S7




Q-Learning

4. N ZHXt 0| & (Temporal Difference Prediction)

« [t A A ZEA O 52 O JEfOM lS= o Eods B
Chs SEIS 2= 2L CfE SRS 7HAtr2 A =l 2o = ol
1= YHOIES 58E of =Lt A O Ifd = Bh=

V(Se) <« V(S) + “(R + YV (St41) — V(S))

St St+1
A; 5
| | >
| | g
t t+1
V(Se) V(St+1)
Rivq s




Q-Learning

AR Q| 7tX|2t=F RIOIO|E St=
AL 245l SHE 0| M= 5 E A E 2 (Bootstrap)O| 2t g &,
SR 7t E2oLX| 2 SEHOM X e 7tX|et+=Z ®HO|E &

St > St+1 >

99



Q-Learning

5. & Al (SARSA)
(1) SHER9F: &hAL = 4 O|E{20|M + 7}X| O|E{2f 0| M

(2) X‘UCH O|E—|E|O| ‘| H .%Ijl_(o;” )+ jgﬁl.l %FX (X‘”O‘I)
(3) OI=: 7HX|gt = ot
(4) ®MOf: O HF2 7|Hto 2 HAHg LM AL

(5) A|7._U<f 052 2HE2 7K etS A SEFO| A 2
= SEfOAM Ll §R= A7 7] Of EL.

(6) O] 2H|E AALO| A= JHX| O|E{ 0| M2 E3ff s AT



Q-Learning

5. & Al (SARSA)

(7) S &A= A|ZER O 5 + B2 Hi(e-greedy)

(8) & A0 A RHIO|E St= Chef 2 7HA[g =7t Ol Hef+¢
QfLSHH AXHLE| HMZ LA 7| EH Ry + yrp(s)E
Z|CHEL S YOLOFSH=0| 122 ™ FAof cfot 2 (230 O

HE)E gofot 37| mh2

Unt1(s) = argmax(Re.q + Yvn(s")
a

n'(s) = argmax q,(s, a)
aeA

o



Q-Learning

5. & Al (SARSA)

(9) &= YHOIE ot EH HE0| 227

Q(s,a) <= Q(s,a) + a(r + yQ(s,a) — Q(s,a))

St > Stt1 >
Q(St'At) Q(St+1'At+1)

L Ry —

(11) &, MZo| MEY 5,0 A EHRFYMO| M2t 4,2 WSS
CHSARO| B R, 2 B 07| A OO HET} S Tf 5., O A
HE A,,, 2 O AZ0| MHE|T O MBEZ ABSE st& A2




Q-Learning

5. & Al (SARSA)

Q(St+1,Ar+1)

> St41

Q(Se, Ar)
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Q-Learning

5. & Al (SARSA)

aeAi
a # a°,|€]

argmax Q(s,a) ,[1 — €]

a*
n(s) = {

oir

64



Q-Learning

5. & Al (SARSA)
(18) &AI <

 e-greedy policy (exploration)

r(s) = a” = argrgllgj(Q(s,a) ,[1— €]
a + a°,|€]
« Sampling

[St 'At 1Rt+1'5t+1 'At+1]

« Update Q-function

Q(s,a) <= Q(s,a) + a(r + yQ(s,a) — Q(s,a))
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Q-Learning

5. & Al (SARSA)

(19) & At2| oHA|(a.k.a On-Policy)

(20) 2= 2| A|(On-Policy)t 2= &

2
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Q-Learning

6. #2{'d (Q-Learning)

(1) 2=c|A| =52 847 HEAM 2XHH0| e

(2) B2 E0|AM BE2 520 OE0hn orgh 2 Bl

(3) LZ /A0 2H|7} LM SH= 0| R 7} S5 AT} S H H0)
ZOtM L7t 2 0| CHE M L[ X| 27712272
St > St+1 >
Q(St, Ar) Q(St+1,Ars1)

L Ry —
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Q-Learning

6. #21'd (Q-Learning)

» 72 d2 OO|HMEJ} L SElE E2EE O JEi0AM 7ty 2
Fetas SR Aol U o|Eof AR

St St+1
A
> O
| | >
| |
t t+1
Q(St;At) - Q(St+1;At+1)
Ret1

Q(Se, Ay) « Q(S, Ap) + a (R + Vn}lé}x Q(St+1, a') — Q(St»At))
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Q-Learning

6. #21'd (Q-Learning)

joO

2| A (Off-Policy)2t

2+O H}
= o

(4) 0|2}
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Q-Learning

6. #21'd (Q-Learning)
6) F2ld 29

 e-greedy policy (exploration)

r(s) = a” = argrgllgj(Q(s,a) ,[1— €]
a + a°,|€]
« Sampling

[St 'At 1Rt+1'5t+1 'At+1]

« Update Q-function

Q(s,a) <= Q(s,a) + a(r + yQ(s,a) — Q(s,a))
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Q-Learning

6. #21'd (Q-Learning)
6) F2ld 29

 e-greedy policy (exploration)

r(s) = a” = argrgllgj(Q(s,a) ,[1— €]
a + a°,|€]
« Sampling

[St 'At 1Rt+1'5t+1 ]

« Update Q-function

Q(s,a) <= Q(s,a) + a(r + yQ(s,a) — Q(s,a))
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Q-Learning

6. #21'd (Q-Learning)
6) F2ld 29

 e-greedy policy (exploration)

r(s) = a” = argrcrlle:;\j(Q(s,a) ,[1— €]
a + a°,|€]
« Sampling

[St 'At 1Rt+1'5t+1 ]
« Update Q-function

Q(Se, Ap) <« QS 4p) + a (R + Y max Q(Se+1,a") — Q(St»At)>
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Q-Learning

6. 72{'d (Q-Learning)

Ot77tet 20| 40| £9|= 877t 2do

FX]
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Q-Learning
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Outline

* Deep Reinforcement Learning
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