DMQA Seminar 20211203

Basics of Reinforcement Learning
From Markov Decision Process To SARSA/Q-Learning
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Il Reinforcement Learning

State, Action Reward

% What is Reinforcement Leaming?

L3ISES2 MEli(state), S (action), EAlreward) Q2 TAE|0] 2
LoREE =AM ONZEE EMOIM 5 EA= (0L 517 | o ARMAIRE XA A2i0] [E SiE HiS sk

State Action Reward

a o -10/0/




Il Reinforcement Leaming

Reinforcement Learning

“ What is in the Reinforcement Leaming?

Reinforcement
Learning

Model-Based

Markov
Decision Model-Free
Process

On-Policy
(SARSA)

Off-Policy
(O-Learning)
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Il Formulating Sequential Problem

Formulating Sequential Problem

¢ Markov Property

0[2H2] &4EH(s;41 )= BIRHE HEH(S 0Tt FSES O MEAQ| HEHGs; ... 5p-1)2] SIS 2| &

P[St+1 | St] = IP)[51:+1 |51:52» ---:St]

Markov Process (MP)

Markov Reward Process (MRP)

Markov Decision Process (MDP)

S/ P
+ Reward & Discounting Factor
S 7" PRYy

+ Action

SAPRY
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Il Formulating Sequential Problem

Markov Process (MP)

% Markov Process (MP) Se+1
e SAPRY Poo | So | S1 | S2 | S35 | Sa | S5
+ SEHQMAERHOIEIE R LR B ZHERER HAIS 2RIst = QU So | 07| 03
s, | 09 0.1
. AEHFO[EIS (state transition probability matrix)  EEEE——— S, | s, 01| 09
v S sON Sl s’ 2 HO [ 250 A= o|0fe! S5 10
/ — —_— ! —_—
Rg = P[Sts1 =5'|S; = 5] 5. 70
Ss

100%

Initial State Terminal State
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Il Formulating Sequential Problem

Markov Reward Process (MRP)

% Markov Reward Process (MRP)

e S/ PRy
=1

o ENSI L ZA QXD RTIE AR Al 7H0]S M2 BAS

o BHMSE (reward function)
L el SOf| EERIO =M HhA| Ef= HA
R =E[R;|S; = s]

«  ZARIX} (discounting factor, y)
0|2 BAO| ZQEE REGH= I}

A
T

ol
MO

SOJTO o 51,7"1 ——>
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Il Formulating Sequential Problem

Markov Reward Process (MRP)

% Markov Reward Process (MRP)

«  2[E (etum)

v AR OIMRE 7|CHe 4= 4= 021 Bat
V' Gy =Rep1 + YRz +¥*Rpyz + -
I2QIXIE SolM B AlEC| M s
I2|QIKIS 0t 1AJO[C] 2422 ol 2[H

[]\I

[]\I

o|H(G)E Z[CH=tot

10
N
S

O] Feith7} iz 2= X
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Il Formulating Sequential Problem

Markov Reward Process (MRP)

% State Value Function (V)

o MEHTIX[EI: (state value function)
S AJEJO 5K 240) 7RIS Mol 2

() = E[G)S; = s]

AN
<

20| =l5X Q4= Qloff O|IA=H 2{E10| 7|SHg(S 018
EH0IlA 20104 OO} 2|EH0] ZEHX|22 01T SEHC| 7 XIS 2lE2| 7|51%E Soll H2lgt

(@)
° Q:)g

Sa

24 895 /4

R=+0 R=+0
10% 100%
— S3 — Ss
HE g5 gy 0E =4l 21

Terminal State

G(so) = —4.095
G(so) = —11.778

M35
oo oo
&

S
97 +0 % 0.98

EP.1 =2 A
‘ EP.2 ekl
—-1%0.9%5 —1%09° +0
v(sg) = —=7.937
AN

Sampling Episodes
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Il Formulating Sequential Problem

Markov Decision Process (MDP)

+ Markov Decision Process (MDP)

- SAPRYy
«  MRPO| Of0PHEZ 7ol ZHAEHUIM S| SAEES ERI0| IeA [

o 3= (action, a)
v OOMEZ |t ZH-AEHOIM Flok= SIAEE

o« HxH5(policy function)
v SHAEOI SN HES Fe 218 LiEK
v 1(als) =P[At = al|$; =]

. B0 |BIE O] R740| 20| 571
v S A S5 S1SS SRS 1 LIS Ao S ale
V' Ry =PlSy41=51S%=s 4 =4

+ RAIBINO| T2 S0| £71E)
SN AN SHUSS T s 2y2 T}

O oo=

v
v s = E[Reyq St =5 A =d]
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Il Formulating Sequential Problem

Markov Decision Process (MDP)

% State—Action Value Function (Q)

o MEF-SHSTEX[EH: (state—action value function)
N JgEH(Hlkl % WS Floh= W2 7IXIE MHolk= gk
q(s,a) = E[G,|S; =s, A =4q]
SH4o| 2= QAE Qlol| I|AEH 2|HO| 7 [EH7kS O 2t
2 HEH0IM E2 WSS ol HITAEN 2|HO0| HEK|E 2 HEf-S2| 7IXIS 2|[H2| 7[5HE So

a,: 728 57
ay: MHJOI[AH 20{E7|

70%
30%

R=-1 R=+0

So 4, Ss
" an =oeny ojg 4| 21

= a
Initial State R=91 Terminal State
EP-1 eee -,QFX|/6|-§,P —> HHH—E-_O_l LX) G(S4) = —4
‘ EP.2 oo OX|/0|-EP e *‘IHH—?—Q_ e EE%‘ oo G(S4) = _6
Sampling Episodes ~ sesesssssssssssssssssssssssssssss ‘
Step 4 —
P q(S4,, al) =-5
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Jl Bellman Equation

Introduction

¢ Bellman Equation

o HIBFEIMAL (bellman equation)
SN APHS| 71X} CFZ AFHS| 7IX| A (2] HAIE CiF= 2784
HOEPHALS SOl AE 2 S| T IXIE M U

AN

o= L

8t 7 |CHEESA (bellman expectation equation)

OF 2PHEPHAL (bellman optimality equation)

T
<5
g 0F

WE [

L OIS QR THALE
2O R VIRIE RE W ARE
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Jlll Bellman Equation

Bellman Expectation Equation

¢ Bellman Expectation Equation

o HIOF7|CHEIEAL (bellman expectation equation)

v ERI0| A0 U= SEOIM SRl e SE-YSC T KIS Mot= A2 A 01T SR Lol BV

o HASHQLMEITOSIES 211 U=K| 50| M2t H36H= 40| LiE

o HAFSEA QL AFEf M O|&H22 OFCHT S [ MDPE QO m3ist

MDPS 2E= %9

MDPE Of

— (@)
|_Z§_I_

SIES

State Value Vr(s0) = Erlrees + ¥0n(sera)] ve(s) = ) mals) | 8 +y ) Pl vn(s)
a€A s'es
State—Action Value An(soa) = Exltirs + ¥qn(Ser1, ae)] | dns,@) =18 +y Z Pg;, Z n(a'ls") g (s',a’)

a’eA
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MDPE Z2& #Q MDPZ Ot= #2

s'es

- Be"man Eq uatlon State Value Ve(S) = Ep[tper + ¥ (Sia1)] vy (s) = Z n(als) (r? +y Z Pf:s’ vﬂ(sf)>

Bellman Expectation Equation ags

State—Action Value 0r(Sva) = Ep (g1 + ¥Yqr (Sea1s @re1)] qr(s,a) =g + yz PY, Z n(a'ls") g, (s',a")

SIES arcA

% State Value Function (V)

«  FORTI2RE0IM S E oI E0f 2|E 20| Bt S Flolt] olid JEHC] 7IXIS 71t
*  MDPE E== 20N SEIV IXIR

Vp(st) = Ep|G¢]
= Ex[res1 + ¥7esz + ¥27eq3 + -]
= Eplri41 + v(reqztyries + )]
= Exlris1 + ¥Grsal

= Eplreer + vvr(Ses1)]
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MDPE Z2& #Q MDPZ Ot= #2

- Be"man Eq uatlon State Value v.(s0) = Ep[rpeq + ¥0r(5051)] v, (s) = Z n(als)

acA

ity Z P, vﬂ(s’)>

s'es

Bellman Expectation Equation

State-Action Value 0r(Sua) = Ep[repy + Y@ (Sprps @piq)] qr(s,a) =1 + VZ P, Z m(a'ls") q,(s',a")

arceA

% State Value Function (V)

«  FOT2RE0IM S E oI E0f 2|E 20| Bt S Flold] olid SRS 7IXIS 71t
*  MDPZE &1 U= d0MCl SEV IR

ve(s) = ) mlals) (18 +y ) Pl vn(s)

acA s'es

BT MEIOIN 53 WSS Mezt =

STl SEHOIM Y WS

o
Ofm
=0£
ne

Hyb 2R AEHOA
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Jl Bellman Equation
Bellman Expectation Equation

MDPZE E=E= 4

% State Value Function (V)
SH01M AHEH7 EX[ek01| HEfT0|2iE 3 &

MDPE R22= 32 MDPE Ot= 4%
State Value Vr(s) = Er[riss + y0r(sesq)] v (s) = Z m(als)| ¢ +y Z Pl vn(s")
acA s'es
State-Action Value 9r(Sua) = Ep[Trsq + V0 (Sprrs @ri1)] qn(s,a) =1 + VZ P, Z n(a'ls") g, (s’,a)
Sres areA
AetrE 110 42 MDPE Of= HElQ| HEV IX[er= 20 S+ U2

o

ve(s) = ) mals){ 1 +y ) Pl u(s")
s’'es

At

acA
a a 4
E m(als)rd +y E m(als) E PS5 v (s)
acA s’'es
St MEfOIN EF WSS oIS I £ OIS MEE G0ZE == X EH LS
o 5= X SH %S & [ Cr2 Hele] B2 15|

aceA
s= Sol = =

ST) A0 ST HES Metst 212 X ST AN SN HE
Erlres1] + Exlyve(Ses1)]
= Eplress + vvr(Ses1)]
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MDPE Z2& #Q MDPZ Ot= #2

- Be"man Eq uatlon State Value Ve(S) = Ep[tper + ¥ (Sia1)] v, (s) = Z n(als) (r? +vy Z P, vﬂ(s’))

acA s'es

Bellman Expectation Equation
State—Action Value Gr(Spa0) = Ep[Tep1 + ¥ (Sta1r Qr41)] r(s,a) =& + ]/Z ) Z n(a'|s") g, (s',a")
SIes arcA

% State—Action Value Function (Q)

«  FOIT 20l ST E OO 2|8 20| Bt s Flott offs E-S2| 71X IS Bkt
*  MDPS E== 20N HE-l=7 Ix[2k+=0]H

Vr(Se) = Eplress + ¥v(Sesq)] ‘ qr(Sp ar) = Eplreer + Y9 (Ses1, Ars1)]
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MDPE Z2& #Q MDPZ Ot= #2

- Bellman Eq uatlon State Value Ve(S) = Ep[tper + ¥ (Sia1)] v (s) = Z n(als)| r¢+y Z P?S, v (s")

acA s'ES

Bellman Expectation Equation
State—Action Value Gr(Spa0) = Ep[Tep1 + ¥ (Sta1r Qr41)] r(s,a) =& + ]/Z ) Z n(a'|s") g, (s',a")

SIES arcA

% State—Action Value Function (Q)

*  MDPE EE= J0N SE-AS7/ A [2l0l SEiE0[=IE R HafelrS It A2 MDPS Ol d&ll ez 20 S+ s

ars,@) =18 +y ) Pl > ml@'ls) gels",a)

SIES a’eA

SIT) AEHOIA EX HES 51US I EX CHS AEHZ HO{Z 215 X EX TS ALEHQ| 717
= ]En[rt+1] + ]En[VCIn(St+1» at+1)]

= Exlres1 + ¥ (Se41, arir)]
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Il Bellman Equation

Bellman Optimality Equation

** Bellman Optimality Equation

o HIAFEREEHA (bellman optimality equation)

=L
v ZOfEI MDPO| 71 B2 SAERIERE: HEi5i0] 250 AEf 52 eh-3

S— O\

|

©  EeltSEIORES 21 %“II O 50| =} Hodoh= U#0| LiE

-

o BABaot B0 E

£ OtCtn & I MDPE QtCt Bt

S 7 XIS T

MDPE R== 42 MDPZ Of= 4%
State Value v(sy) = max E [re41 + ¥V(Se41)] v,.(s) = max ri+y Z P v*(s’)]
s'es

Action—State Value

q.(sy,ar) = E [Tt+1 + ymax q.(Se41, @ )]

q.(s,a) =r&+vy z PZ,, max q.(s',a’)

SIES
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Jl Bellman Equation

Bellman Optimality Equation

** Bellman Optimality Equation

¢ BRI SIS S MEHSHI) SIEFOE MElBH= 20| ORLIE} 2[5H7) GIAXIS S KR 2 oS AEtst
. DRI EEN 24 5 MEOEIES QXSRS Met S ASEIX| 9iS

MDPE Z2& 4R MDPZ Of= AR
Bellman Expectation Equation vn(st) = [Ejn[rt+1 + )/vn(st_l_l)] vn_(s) — Z T[(als) 1‘? 4y Z P:'ls’ U,T(S')
a€A s'es
Bellman Optimality Equation v*(st) = mglx E [Tt+1 + ]/v*(St+1)] v*(s) = max r? +y z Pgs’ U*(S’)
a
s'es
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Il Model-Based Reinforcement Learning

Introduction

»» Model-Based Reinforcement Leaming(Planning)
MDPO| Cfet 2= FEES ¢ [l 0|= 08510 Fa= L7+ & ol L7 k= 1Fd

*  Prediction problem
v XRHO| OIS I ZHAKERO| 7 X 12 T 1= 2|

*  Control problem

v AR MM BB R 2

Problems Tasks

Prediction « HIEX M2H™7} (Iterative Policy Evaluation)

Model-Based

RL
| - X 0|E{|0|M (Policy Iteration)
Contro « 7}X| O]E{|0|M (Value Iteration)
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Il Model-Based Reinforcement Learning

Introduction

»» Example Environment) Grid World 1

Action
Reward
State
Decay Ratio ;
State Transition Probability :

. Left(25%), Right(25%), Up(25%), Down(25%)
. —1 perstep
. Total 16 states including terminal states

1

Grid World
End S: S, S3
Sy Ss Se Sz
Sg S9 S10 S11
512 513 S1a End
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Il Model-Based Reinforcement Learning

lterative Policy Evaluation
% lterative Policy Evaluation (2H=% X2 T7)

o HEEX XM2H I7} (terative Policy Evaluation)
v FORIFEMOZ AEHO| VX IE TV [ok= 2M0I A

Ue(s) = D m(als) [ T8 +7 ) P ve(s")

= = = !
/R[S YO AIZSI0] AR 7 RIS HEROR YH0|Esls wiE ach s
lteration 1 lteration 2
State 1 State 2 State 3 State 14 State 1
End S5 Sy S3 End Si 5 S3 End S Sy S End S Sy S3
S, S Se s, S, Se Se s, S, Se Se s, S, Se Se s,
Sg So Sio Si1 Sg Sy Si0 Si1 Sg Sy Sio Si1 Sg Sy Sio Si1
Si2 Si3 S14 End Si2 Si3 S1a End Si2 513 S14 End Si2 513 S14 End
e ¥4

Update State Values
w/ Bellman Expectation Equation
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Il Model-Based Reinforcement Learning

lterative Policy Evaluation

* lterative Policy Evaluation

Step 1. &H| 7Ix| =7|8}

v dH 7RIS =7|uE 022 48

Grid World State Value(k=0)
End | S, S, S, 0 0 0
S, Se S S, 0 0 0
——
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Action : Left(25%), Right(25%), Up(25%), Down(25%)

- = Reward : =1 perstep
Jll Model-Based Reinforcement Leaming =’ icemasommiu
lterative Policy Evaluation '
* lterative Policy Evaluation
Step 2. &E 7X| RJHIO|E (Bt
v ALY EAMS A0t HEf2| 71X GHI0IE
0.25 -1 1
State Value(k=1) l l l
o | o | o | o | 6= sy ) PLiu()
a€eA s’es
Se
0 0 0 0 =025 (—1+1x*( +0+x04+0x0+0=x0) # Left
S S10 S11 + 025 (—1+1+«(0*0+ +0x0+0=0) *#Riont
0 0 -1 0 +025x(—14+1*(0*x0+0x0+ +0=x0) #Up
S14 +025%(—1+1*(0*x0+0x0+0*0+ ) #Down
0 0 0 0 10
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Jll Model-Based Reinforcement Leamning 5

lterative Policy Evaluation

* lterative Policy Evaluation

Step 2. HEf 7IX| YGI0IE (=)

v BU[HYZMS ALZ0t JEiS| 7HXIE EHI0IE

State Value(k=1)

Reward

Decay Ratio

: Left(25%), Right(25%), Up(25%), Down(25%)
: =1 perstep

: Total 16 states including a terminal state

o

E St 27 SUSHWAIOR [12 statek YH0[ES a3t

ore

Terminal state2| &2 episodel| OX[2f0]7| IH=Z0]| /el 7tX|S BHIO|EoIX| 5
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Jll Model-Based Reinforcement Leamning 5

lterative Policy Evaluation

* lterative Policy Evaluation

Step 2. AE| 7HX| HHI0|E (BH=

v BU[HYZMS ALZ0t JEiS| 7HXIE EHI0IE

State Value(k=2)

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward - —1 perstep

: Total 16 states including a terminal state
Decay Ratio o

0.25 -1 1

Lo
U (S10) = z m(alsio) | 5 +v z

acA s’es
=025 (—1+1x*( +0*x—1+0x—-1+0=%-1)
+025x(—1+1*0*—-1+ +0x—=1+0x-1)
+025x(—1+1*O0*—-1+0*x—-1+ +0*x—1)
+ 025 (—14+1*0*x=1+0*x—-14+0*—1+ )

==2.0

Un(s")
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Jll Model-Based Reinforcement Leamning 5

lterative Policy Evaluation

¢ lterative Policy Evaluation

Step 2. HEf 7IX| YGI0IE (=)

v BU[HYZMS ALZ0t JEiS| 7HXIE EHI0IE

State Value(k=2)

Reward

Decay Ratio

: Left(25%), Right(25%), Up(25%), Down(25%)
: =1 perstep

: Total 16 states including a terminal state

o

E St 27 SUSHWAIOR [12 statek YH0[ES a3t

ore

Terminal state2| &2 episodel| OX[2f0]7| IH=Z0]| /el 7tX|S BHIO|EoIX| 5
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Action : Left(25%), Right(25%), Up(25%), Down(25%)

Il Model-Based Reinforcement Learning s S —

Decay Ratio 1
lterative Policy Evaluation

* lterative Policy Evaluation

Step 2. AE| 7tX| YOI0|E (8i=

v BRVHEEAS AEot0 JEIQ| 7IXIE ®HIOIE

State Value(k=2) State Value(k=3) State Value(k=)

0 -1.75 -2 -2 0 -2.4 -2.9 -3 0 -14 -20 -22
-1.75 -2 -2 -2 -2.4 -2.9 -3 -2.9 -14 -18 -20 -20

-2 -2 -2 -1.75 -2.9 -3 -2.9 -2.4 -20 -20 -18 -14

-2 -2 -1.75 0 -3 -2.9 -2.4 0 -22 -20 -14 0




Il Model-Based Reinforcement Learning

Policy lteration
¢ Policy lteration

o Z4ZH O|E{|0}M (Policy lteration)
v IO S IS 1210} 4345101 BHO| SRS IR sl wiE

¢ AL UrE A )
« RN TR A T

. IV* Optimal Value
Policy

Evaluation
Policy
Improvement
I/ Initial Value \

™ Optimal Policy

7T Initial Policy
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Il Model-Based Reinforcement Learning

Policy lteration

** Greedy Policy Improvement

« SMHHOIM Z A S SH S 7RV 22 B2

State Value (k=1)

=
0=
it
1110
ﬂ
_OIE
|.|'|
i

Fl'F
0
1=

Random Policy (k=0)

0

-1

-1

-1

._I_.

-1

-1

-1

-1

I

4_1_.

-1

-1

-1

-1

=+

,_I_.

-1

-1

-1

0

HeHF

HeH

Ic:

Greedy Policy (k=1)

._I_.

._I_.

4_1_.

4_1_.

4_1_.

,_I_.

._I_.

._I_.
<_I_.

4_1_.




Il Model-Based Reinforcement Learning

Policy lteration

“* How many iterations are needed to finish the policy evaluation?

=

H 584 T L ADICHAYER 7474212 R IO, BB THM0| st 4 9IS 013 SIS NIsto: S5}

(5}
= -
AR RS BH 70| R O[Ef{0[A10] SX0[7| IHE0| Z240] 4245t Z0f= AIHOIE T LWL S

M1

State Value (k=2) State Value (k=3) State Value (k=)

0 17 2 2 0 -2.4 -2.9 -3 0 -14 .20 .22
A7 | -2 -2 2 -24 | 29 | -3 | -29 coe -14 | -18 | -20 | -20
5 .2 2 17 -2.9 -3 -2.9 -2.4 -20 -20 .18 .14
-2 -2 17 0 -3 -2.9 -2.4 0 -22 -20 -14 0
Greedy Policy (k=2) Greedy Policy (k=3) Greedy Policy (k= o)

+
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Il Model-Based Reinforcement Learning

Policy lteration

+** Overall Process Visualization

Iteration 1 Iteration 2 Iteration 3
State 1 - 14 State 1 - 14 State 1 - 14

0 -1 -1 -1 0 -1.7 -2 -2 0 -2.4 -2.9 -3
Prediction -1 -1 -1 -1 -1.7 -2 -2 -2 -2.4 -2.9 -3 -29

-1 -1 -1 -1 -2 -2 -2 -1.7 -2.9 -3 -2.9 -24

-1 -1 -1 Update PO'IC‘V -2 -1.7 -2.9 -2.4

w/ Greedy Action
~ b 3
1T Update State Values =TT
w/ Bellman Expectation Equation
Control + [+ +
reedy Policy Greedy Policy Greedy Policy
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Il Model-Based Reinforcement Learning

Value lteration

+* Value Iteration

«  7FX| O|E{2|0}M (Value Iteration)

v

° = [ m]
= L

X

|I'|

HIXAA
mleYory!

Iteration 1

State 1

End

S1

53

State 2

‘= MEol SRV IXIE

HEE O 2

L/ 1

Ss

Ss

Sz

End

St

S3

S0 ORI R IS TIGHGI0] 217112 702

Sg

So

Sa

Ss

S7

End

Sg

Sy

End

Update State Values

w/ Beliman Optimality Equation

A MEHS T EEHe HpHE
oz fF0|E & > ,(s) = max
a
State 3 °c State 14
End S Sy S End S Sy S3
S, S. Se s, S, S. Se s,
Sg o Sio Sia Sg o Sio Sia
Si2 Si3 S1a End Si2 Si3 S1a End

rity ) P ()

s’'es

Iteration 2

State 1
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Il Model-Based Reinforcement Learning

Value lteration

+* Value Iteration

Step 1. &H| 7Ix| =7|8}

v dH 7RIS =7|uE 022 48

Grid World State Value(k=0)
End | S, S, S, 0 0 0
S, Se S S, 0 0 0
——
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Il Model-Based Reinforcement Learning

Value lteration

+* Value Iteration

Step 2. & 7}x| RIHIOIE (BS)

v BUXHUYZAMS ALEo0tH JEIS| 7HXIE

State Value(k=1)

0 -1 -1 1
Se
1 1 -1 1
Sg S10 S11
1 1 -1 1
S14
1 1 -1 0

ZHlolE

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward - —1 perstep

State : Total 16 states including a terminal state
Decay Ratio o

v, (S10) = max r?+yz v*(s’)‘
s’'es
=max(—1+1 = ( +0+x0+0%x0+0%0) #Left
—1+1+(0=*0+ +0x0+0%0) #Right
—1+1+x0*x0+0%0+ +0=x0) #Up
—1+1*(O*0+0*0+0*0+ ))#Down

=—1.0
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Il Model-Based Reinforcement Learning

Value lteration

+* Value Iteration

7tX| HI0IE (=)
HAIS ALGot0] HEHQl 7RIS YHI0IE

2rEol0] 2K VHXIE HLEM 21X FMS THH

State Value(k= o)

0 -1 -2 -3
-1 -2 -3 -2
-2 -3 -2 -1
-3 -2 -2 0

Action

Decay Ratio

: Left(25%), Right(25%), Up(25%), Down(25%)

: Total 16 states including a terminal state
o

Optimal Policy (k= )

4_1_.

._I_.
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Il Model-Based Reinforcement Learning

Summary
« Prediction : ‘H2H0| =0{X= M 2t &EH2| 7IXIE 7 fok= =Xl

C R T}
00 RS ARS 3t

ZOfI 40| THEIO| S

ORI AOR 24 AEfo) 7RIS T

DNNERN

. = H = g 1
« Control : ZX9| g2 b= 5= =4
« GO0l
v AR R 0| IO} 7 AR
v B I= Predction SXI2 E25I01 D7 K2 2K SR TS AISE (490 (RIS ALR)
v BRSNS S5 L0 IS E e R0l b J2IC] $5S Foi=S HrS HEt
*  7{X| O[04
v Prediction IS 348! [ #RIEXEING AZ s}
v HREEPRIEMOIA 0[] J2ICI S5 F6H | T £ 7 XIS TRHOM A% HMBHE 01 B

1O O
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Il Model-Free Reinforcement Leamning

Introduction

% Model-Free Reinforcement LeamingO|=t?

MDPZS & - Gi [ A= E7tH 2 7Hitel LV k= 2+

Prediction problem

v XRHO| OIS I ZHAKERO| 7 X 12 T 1= 2|
Control problem

v EO| F oS S=EA

Model-Free
RL

Problems

Prediction

Control

Tasks

Monte-Carlo
Temporal Difference

On-Policy Monte-Carlo
On-Policy TD (SARSA)
Off-Policy TD (Q-Learning)
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Il Model-Free Reinforcement Leamning

Introduction

% Example Environment) Grid \World 2

s Action Left(25%) Right(25%), Up(25%), Down(25%)
*  Rewad
* State Total 16 states including terminal states
*  Decay Ratio ]
State Transition Probability : ?
Grid World
Start | S, S, Sa
Sy Ss Se S7
S 8 59 S 10 511
S12 S13 Sia End




Il Model-Free Reinforcement Leamning

Model-Free Prediction (Monte—Carlo)

% Monte—Carlo(MC)

Monte—Carlo

v U= AR FES OIS0l el UE
v FORIEMS RIENO = Sliol0] f2 2IEO| 2Oz AlH| 7IXIE ZAfoh= YAIAIS, O] T CH==2| B I0H| Sfol HIEA

Sz O E0ME siEe = UE,

E0| IS A2 KO TAfSH= ATRIS

[[}2tA] Non—terminating Episode0iA = ARE 4= QIS

O} SKASHA Ol

ZEAfEH| JIRIZ TS T Retum S MBS V(s,) « V(s) + a(G; — V(sp))

P RN

Episode 1 Episode 2 Episode 3 Episode n

S5 S 5 5, 5 5, S ~ -

Ci | Se S7 S , Sa S S, S7 S4 S5 Se 5
Sa So S10 S11 o Y Sk 31 Sg So 510 31 Sa So S10 Sh
S12 Sy 3% d Sz 5 End Sz Si3 S14 Eng S12 513 Sia E‘ d

k
Gy G G3 Gn Update State Values
w/ Average of Returns (G, ..., G,,)
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Action : Left(25%), Right(25%), Up(25%), Down(25%)
?

- - Reward D7
Il Model-Free Reinforcement Leamning R —
Model-Free Prediction (Monte—Carlo) State Transition Pmbabiﬁty; ?
+ Monte—Caro(MC)
Step 1. &H| 7Ix| =7|8}
v AR 7R =7|1%kE 022 A-™et
Grid World State Value
Start Si S, Ss 0 0 0 0
S4 Ss 56 S7 O 0 O O
—l
Sg So S10 S11 0 0 0 0
Sty S Sia End 0 0 0 End
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% Monte—Carlo(MC)

Step 2. ¥Ef 7kX| YGIOIE (=)
ot 2|E9] ZHofl M2t HEfe| 7tXIS ZHIOIE (=4

Il Model-Free Reinforcement Leamning

Model-Free Prediction (Monte—Carlo)

)

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward :?

Stte : Total 16 states including terminal states
Decay Ratio 1
State Transition Probabilty : ?

MC / update equation
V(sy) « V(s +ax (Gt - V(St))

Z 6 stepl =2 FdE episode

Time Step(t) State(s,) Action(a,) Reward(r) Next State(s;,q) Return(G,)
1 Start Down -1 State 4 -6
2 State 1 Right -1 State 5 -5
3 State 5 Down -1 State 9 -4
4 State 9 Down -1 State 13 -3
5 State 13 Right -1 State 14 -2
6 State 14 Right -1 End -1

Episode 1
Start Si S, Sq
?
SI__‘l‘s Se S7
58 49 SlO Sll
I

Gy =1 +yr +y2rs+y3n +ytrs + 07
= —14+1+«—-14+1*«—-14+1*«x—-1+1x—-1+1%x-1

= -6

# Return of Start State
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Action : Left(25%), Right(25%), Up(25%), Down(25%)
. . Reward :?
Il Model-Free Reinforcement Leamning U L —
Model-Free Prediction (Monte—Carlo) State Transition Probabity : ?
% Monte—Carlo(MC) — MC/ update equation

V(sp) «V(sp) +ax (G, —V
Step 2. AlE| 7| YHI0|E (4t2) (s) « V(se) +ax (G, —V(sp)

v B|S5ta|Eo| 0| M2t AEO| 7HXIS HEI0IE (44l &)

— a

Episode 1 Return(G,)
Start S1 S, S5 -6
*
J——is Se S7 -5 -4
—
Sg 49 510 511 -3
512 513 514_ End '2 '1 End
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (Monte—Carlo)

% Monte—Carlo(MC)

Step 2. #Ei 7kX| YCI0IE (M=

v E|S5ta|ElQ| 30| Tat RS JHXIS YHI0IE (%A

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward - ?

State - Total 16 states including terminal states
Decay Ratio 1

State Transition Probability : 2

MC / update equation
V(sy) « V(s +ax (Gt - V(St))

AL ED)

-4 2|B(G): -4

/

V(s3) « V(s3) + a(63 — V(Ss))
— 0 4 0.001(—4 — 0) = —0.004

** o7} 0.001 & [j

Episode 1
Start Si S, Sq
' /
LTS
S8 49 SlO Sll
I
Sis S13 3. LB

/ D A

V(se) <« V(sg) + a(Gg — V(se))

=0+ 0.001(-1—-0) = —0.001

* a7t 0501 2 of
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (Monte—Carlo)

% Monte—Carlo(MC)

Step 2. HEf 7IX| YGI0IE (=)

v B|S5ta|Eo| 0| M2t AEO| 7HXIS HEI0IE (44l &)

— a

Episode 1
Start Si S, Sq
?
5I——is Se S7
—p
58 49 SlO Sll
I

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward :?

State : Total 16 states including terminal states
Decay Ratio 1

State Transition Probability : 7

~ MC / update equation
V(sy) « V(s +ax (Gt - V(St))

State Value
-0.006
-0.005 | -0.004

-0.003

-0.002 | -0.001 | End
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Action LeﬂQS%) Right(25%), Up(25%), Down(25%)

Il Model-Free Reinforcement Leamning o S ——
Model-Free Prediction (Monte—Carlo) gt;.iyl'mns'rﬁon Probabiity : ?
% Monte—Carlo(MC) — MC/ update equation

V(se) «V(sy) +ax (Gt — V(St))

Step 2. & 7kX| JHI0|E (HtS)

v T Z2 SHE F 8 01 Y=o 2 4%, elE as Alttols W2 MEXVL X8

ex) First-Visit / Every-Visit / Incremental

Episode 2 = 8 stepl = 1M E episode
Time Step(t) State(s;) Action(ay) Reward(ry) Next State(s;.1) Return(G,)

Sta 1 Sz S3 1 Start Right -1 State 1 -8
2 State 1 Down -1 State 5 -7
S, Se S?I S, 3 State 5 Right -1 State 6 -6
4 State 6 Left -1 State 5 -5
- - 5 State 5 Down -1 State 9 -4

58 10 SNl .
6 State 9 Right -1 State 10 -3
7 State 10 Right -1 State 11 -2
S12 S13 S14 End 8 State 11 Down -1 End -1
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (Monte—Carlo)

% Monte—Carlo(MC)

Step 2. HEf 7IX| YGI0IE (=)

v 250 c|Hol g0l Mt HEfS| 7HXIE YTI0IE (=4 &)

Episode 2
Sta 5, S, Sa
Sy Ss S?I S7
—
Sg 1O 511
S12 S13 Sia End

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward :?

State : Total 16 states including terminal states
Decay Ratio 1

State Transition Probability : 7

~ MC / update equation
V(sy) « V(s +ax (Gt - V(St))

Return(G,)
-8 -7
(-4, -6)| -5
-3 -2 -1
End
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Action : Left(25%), Right(25%), Up(25%), Down(25%)
?

Il Model-Free Reinforcement Leamning S i

Model-Free Prediction (Monte—Carlo)

% Monte—Carlo(MC)

Step 2. #Ei 7kX| YCI0IE (M=

State Transition Probabifty : ?
~_ MC/ update equation
V(sy) « V(s +ax (Gt - V(St))

v 250 c|Hol g0l Mt HEfS| 7HXIE YTI0IE (=4 &)

2|E(G) : -4, -6

-4, -6
/

V(ss) <« V(ss) + a(Gs — V(ss))

= —0.004 + 0.001(—4 + 0.004) = —0.008

** o7} 0.001 & [f

V(s3) « V(s3) + a(63 — V(Sg))

Episode 2
Sta 5 S |_Sa—
I S .
S, Ss Seol S,
S S0 $ 1
S12 S13 Sia End

= —0.008 + 0.001(—6 + 0.008) = —0.014

** o7} 0.001 & f
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (Monte—Carlo)

% Monte—Carlo(MC)

Step 2. ¥Ef 7kX| YGIOIE (=)

v B|S5ta|Eo| 0| M2t AEO| 7HXIS HEI0IE (44l &)

— a

State Value(Episode 1)

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward :?

State : Total 16 states including terminal states
Decay Ratio 1

State Transition Probability : 7

MC / update equation
V(sy) « V(s +ax (Gt - V(St))

-0.006 0 0 0
-0.005 | -0.004 0 0
>
0 -0.003 0 0
0 -0.002 | -0.001 End

State Value(Episode 2)
-0.006 | -0.007
-0.014 | -0.005
-0.006 | -0.002 | -0.001
End
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Model-Free Prediction (Temporal Difference) TD Target
TD Error

Il Model-Free Reinforcement Leaming Vs Vis-+ - (RN - v(e)

% Temporal Difference(TD)

*  Temporal Difference
v o IEHOI FEFO=2 °4IH°I i’;“é %HIO |53|"E U=
2 UCH 7Pgol0] D[2HC| 52 YT HHAIZ EE5l= A

0

o HEAET}EREEE= S7H0|E skagt o~ S, M2 Non—terminating EpisodellIME ALESE = US

S =E

© ZIHEIQ 7IXIE BV I TD enor 24S AkEEY

Episode 1 (step 1) Episode 1 (step 2) Episode 1 (step3) --- Episode 1 (step n)

S't s | s | s @ | s | s | s & * s: | s @ | s 5 53
! S5 Ss S7 _* Ss S7 hee —'I: Ss S7 Sz = Se S
Sg Sg S0 S11 Sg Sg S0 S11 Sg Sy S0 S11 Sg i S Sh
Sia2 Siz Sia End Sia2 Siz Sia End Sia2 Si3 Sia End Siz2 * Sia End

L |

L | L | *

NN . N . TN N ﬁ N
Update State Values
w/ TD Error
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Action : Left(25%), Right(25%), Up(25%), Down(25%)
?

- " Reward o
Il Model-Free Reinforcement Leamning o S —
Decay Ratio o1
Model-Free Prediction (Temporal Difference) State Transition Probabiiity : ?
% Temporal Difference(TD)
Step 1. &Ef 7tX| =718}
v M 7RIS =71%E 0= H8¢et
Grid World State Value
Start Si S, Ss 0 0 0 0
S, Se S S, 0 0 0 0
—
Sg So S10 S11 0 0 0 0
Sty Sia Sia End 0 0 0 End
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (Temporal Difference)

% Temporal Difference(TD)

Step 2. ¥Ef 7kX| YGIOIE (=)

v 2So c|Hol g0l Mt HEfO| 7HXIE YTI0IE (=

Episode 1
Start Si S, Sq
?
SI__‘l‘s Se S7
58 49 SlO Sll
I

iPJ_I_)

)

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward :?

State : Total 16 states including terminal states
Decay Ratio 1

State Transition Probability : 7

TD / update equation

V(st) «V(sy) tax (Tt +YV(Sts1) — V(St))

Z 6 stepl =2 FdE episode

Time Step(t) State(s,) Action(a,) Reward(r) Next State(s;,q)
1 Start Down -1 State 4
2 State 1 Right -1 State 5
3 State 5 Down -1 State 9
4 State 9 Down -1 State 13
5 State 13 Right -1 State 14
6 State 14 Right -1 End
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Action : Left(25%), Right(25%), Up(25%), Down(25%)
. . Reward :?
Il Model-Free Reinforcement Leamning o S —
Decay Rato 1
Model-Free Prediction (Temporal Difference) State Transition Probabiiity : ?
«% Temporal Difference(TD) — TD/update equation

V <V * (14 V(Spr1) =V
Step 2. AlEY 71%| YIH|0|E (=) (s0) < V(s +ax (ress +¥V(ser1) = V(se))

v ES3TD error0i| M2t AEHQ] 7HXIE HLIOIE (=4 &)

Episode 1 (step 3)

Start | 5, S, S,

S, Sls Se 5 - V(s) «V(s)+ a(r’ + yV(s') — V(S))
=0+001(-14+1x0—-0) =-0.01

Sg }9 510 S11 ** g7F 0.01 & 0f
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (Temporal Difference)
% Temporal Difference(TD)

Step 2. HEf 7IX| YGI0IE (=)

v ES3TD error0i| M2t AEHQ] 7HXIE HLIOIE (=4 &)

Episode 1 (steps 1 ~ 6)

Start Si S, Sq

?
SI__]‘S Ss | S
19

512 513 514_ End

Action : Left(25%), Right(25%), Up(25%), Down(25%)
Reward :?

State : Total 16 states including terminal states
Decay Ratio 1

State Transition Probability : 7

~ TD/ update equation

V(st) « V(s tax (Tt+1 +YV(Sti1) — V(St))

State Value
-0.01
-0.01 | -0.01

-0.01

-0.01 | -0.01 | End
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Il Model-Free Reinforcement Leamning
Model-Free Prediction (MC vs. TD)
2 MC, TD 12 710 B[ (5} AV

«  MCHHES0fIAL HiR)2 MEH 7IXIS YHOIES!, HLIAETFEZ E|0{0F 5-50] 715t
«  TDUHE2 AH TR A 7IXIE H0IES, QLIAEI S 5/X| Q0= SR50| 7HsE

—L— —E

«  [PiM ehs AR ST0M= TD EE=E0| H 20

Terminating Environments Non-Terminating Environments

ex) T2t A|Z2{0]8 A
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (MC vs. TD)

< MC, TD 2= 71o| H|W! (TSk)

«  MCEREE20IAE He= SE 7IXIS BHIOIES, 0 O GHI0IEZ &2 =|FH 2| Twk= 24| 7 [ [0 ok &
«  TDYUEE2 A HRIZE AH 7IXIS BHOIE, 24| 7 x| 252 & 4= G0N O LRI 7IXIS Aol | h=0f| 20| 28

- [MetM ekl Hekd EHM= MC PEE0| o 210

Updating Equation

4/\

MC method TD method

V(se) « V(se) +ax (Gt — V(St)) V(se) «V(se) +ax (rt + YV (Ses1) — V(St))

A

|

v (se) = E[G] Vp(se) = Elre + yv,(s¢41)]

JHR| e=2] Zo At 7| &
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Il Model-Free Reinforcement Leamning

Model-Free Prediction (MC vs. TD)

< MC, TD &&= Zto| H|ul L)

«  MCYHEES 0TlAE == o 7IX[E GH0IES!, ”HI0|E 37 Pt REX0|22 550 =110
«  TDYEE2 AE HRI= AH 7IX[S BHOIE, ”HI0|E 37 P IEE0 QI8 = SIZ0| ZL0[ 2=

—_L —

« [N kgl 2L SHOM=TD PEE0| H 2k

Episode A Episode B

#t Sy S S3 ,t :i, N

-‘vl——-‘i1 Se

,T_
i
L

|
512 513 ~14 hd :-'Im :1.1 :14 r End

Total steps : 6 Total steps : 16
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Il Model-Free Reinforcement Leamning
Model-Free Control
¢ Improving Policy in Model-Free RL

e NMDPEZZ2=ASI0JIA 7|EQ| HEEX XzH If7 | HFHEZO A |25 A o2

- OO L-_—/]171 O Ho

> MDPZE E== MM AEH = ME-_iEL| 7 XIS &H|0|[Esk= HHEQ] Monte—Carlo2t Temporal Difference = H28 H7 104 ARt

[ |

+ SEIVIRIRICEE SEf TO| 2SS E 4 8V | 20| O s2= O SEH0 =ok=A| & == 87 | =01 S WS &+ |lS
~> JH-AE 7RIS Sotik B F2 JH-AS 7RIS 71 YSE HEiot=S FAH /S &

V* MDPE EZ7| I{Z0|

Policy HH IR SESIER 2 4 28
. * ____________________________________________ *
Evaluation _ T f T
Policy
Improvement Policy
Evaluation .
Policy \
V Initial Value / Improvement &Q

\

MDP= & o] ZA O|E 0]+ MDP= & [io] F*4 O|Ez|o[H

Q Initial Action-Value \

7t Initial Policy

7C |Initial Policy
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Il Model-Free Reinforcement Leamning

Model-Free Control (Introduction)

* Greedy Action in Model Free Control

*  MDPS E== d280ki= oH T0| 2iES 227 | IHE0]| 2t sS UERE T LS SEV L E X[ 2+ Bls

—

=
-« S0 M=} EAloh= SRS Blwe - B | IR0 ‘SXS Tldet -+ Bls

a/v@
k@ o(s,) = 1

v(s;) =2

1 =
MDPE 22L& A MDPZ Ot= Z2
State Value Ur(st) = Ex[reer + yvr(Ses1)] Vr(s) = Z m(als)| r§ +vy z PS v (s
acA s'es
State—Action Value Gr(Soay) = Ep[Tes1 + ¥ (Spatr Arsr)] qr(s,a) = rd + yz | Z (a'ls") g (s',a")
SIES arcA
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Il Model-Free Reinforcement Leamning

Model-Free Control (Introduction)

* Greedy Action in Model Free Control

o 7R A A5V iR eSS B2 MDP HES St el AZ= = US
«  JHOEES 227 | TiE0| Aot 0| 0= A= |/ k=K i= LJ(I'FJ7 d=2 /IR0 o= A2 e+ US

@ q(s0,a;) =2 @ v(sy) =2
Cll/v a/v

\e o) — 1 \@ o(sy) = 1

MDPE B== 2 MDPZ Ot= 8%
State Value Ur(s0) = Enlreer + yvp(seed)] U (s) = Z m(als)| r§ +y Z P3ovg(s)
acA s'es
State—Action Value Gr(spap) = Ex[Tesq + ¥qnq (Sertr Grrq)] dr(s,a) =1 + yz P, Z n(a'ls") g (s",a’)
SIES areA
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Il Model-Free Reinforcement Leamning

Model-Free Control

¢ £-Greedy Policy

*  Model- Free9l74° Selot HE-l= 7 X0 CHolMTH EEI0|E &

+ IRP AR 50| S5 UefOik| S5 S50t MEGIES THei0) 1414918
. OIZ EIoR | oM UH S5 D59 =S HEilES sl TAPHERS

Action—State Value (Episode 1) Greedy Policy

0 0 0 0
0 0| O 0f O 00 0
1 0 0 0

HeA+

0 0 0 0

0 —| 0 0| 0 0fo 0 *—I—>
0 1 0 0 ‘
0 0 0 0

0 ofo o|o 0fo 0 <—I—> <—I—>

0 1 0 0
0 0 0 A

0 0] 0 — 0 - End > End
0 0 0 v

63/ 74



Il Model-Free Reinforcement Leamning

Model-Free Control

¢ £-Greedy Policy

¢ O SIS(e)2 HESIUMS M

|._ I-IIH

r"_o'j
om
1=
2
o
ila
1|0
4n
<
o
HT
M|
[
=l
15
i
om
1=
ol
ﬂl:
>
J
H1
0
0jo

E-Greedy Policy

._I_.

é

« 20| WSS FlofHMECFE £3*"401I EHOWEE EMH%E
- AR e S = & 7 BE E0[= UAO=E B0 2t
Action—State Value (Episode 1)
0 0 0 0
0 0] 0 0] 0 0f0 0
1 0 0 0
0 0 0 0
0 —| 0 of O 0f0 0
0 1 0 0 <
0 0 0 0
0 00 0O 0f0 0
0 1 0 0
0 0 0
0 0| o - o -| End
0 0 0

HeA+

D mnd End
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Il Model-Free Reinforcement Leamning

Model-Free Control (On-policy vs. Off—=Policy)

» On—Policy, Off-Policy BIH= 7to| H|w!

*  Behavior Policy : &lX|= St Ao XE6HH Z2iE A= A, 2 T HEAOIM A=

*  Target Policy : ZefolilAt of= S HI = A4, 720 [ CAOIM ALE &

»  Behavior Policy2} Target Policy” | 2= 4

= 4% -2 On—Policy Leaming
*  Behavior Policy2} Target Policy? | L= &

-> Off—-Policy Leaming

o
-
o
-

Category 1 Monte-Carlo Temporal Difference
Category 2 On-Policy On-Policy Off-Policy
Learning Method On-Policy MC SARSA Q-Learning
Behavior Policy e-Greedy e-Greedy e-Greedy
Target Policy e-Greedy e-Greedy Greedy
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Il Model-Free Reinforcement Leamning

Model-Free Control (On-policy vs. Off—=Policy)

» On—Policy, Off—Policy A= 7t0| H| W (A2 XHALE)

«  On—Policy2| A SiXH HEHOZ M2 74510 20+ SiX|| HEHS THME 4= QIS
+ Off-Policy®) Z SR R84 0 OFLI2} 27{0] 42 Zi510 20 STY S et 4 S
«  [2}A Off-Policy” t On—Policy= Lt LI0|Ef 22121 550 7tsEt

On-Policy Learning Off-Policy Learning

Policy Evaluation Experience(0) ~ by i Policy Evaluation :  Experience(0) ~ by
[teration 1

Iteration 1 _ _ _ _ _ _
Policy Improvement : my — 7y using Experience(0) Policy Improvement : 7o — 7y using Experience(0)

Policy Evaluation :  Experience(1) ~ by

Policy Evaluation . Experience(1) ~ by
Policy Improvement : 7y — 7, using Experience(0,1)

Policy Improvement : 1y — m; using Experience(1)

Iteration 2 Iteration 2

*%*
M H, 0| Hae o Z20| YHO|ES AL MR CHE M| P
Aol 2t MY Bl ZHO BEE Y2

. &30
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Il Model-Free Reinforcement Leamning

Model-Free Control (On-Policy MC Control)

* On—Policy Monte—Carlo

o Xz M7 KBehavior Policy) : e=Greedy (MC Prediction)
o MM (Target Policy) : e-Greedy
o HEi-is K| e R eES AEE (Q(sp ar) < Qs ar) +ax Gy
Iteration 1 Iteration 2 lteration 3 : EXp| oration
State 1 - 14 State 1 - 14 State 1 -+ 14
° ® ®
Prediction
End lupga:.:dpyolzcym End
Q E W/ &= n z Q*
T Update Action—State Values : ~ "
w/ Retumn
+]+ EaE: ++
+ + +=
Control
e-Greedy Policy e-Greedy Policy £-Greedy Policy
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Il Model-Free Reinforcement Leamning

Model-Free Control (On-Policy TD Control)

s SARSA
o Xz M7 KBehavior Policy) : e=Greedy, TD Prediction
« XM= JiM(Target Policy) : e~Greedy
o AE|-SUE TIX| Bl L MO L UHAS AL Q(sp, ar) « Qs ap) + a * (Tepq + ¥Q(Sp41, @rv1) — Q(sp, ap))
Iteration 1 Iteration 2 lteration 3 : EXp| oration
Episode 1 (step 1) Episode 1 (step 2) Episode 1 (step 3)
C—= P | c |
Prediction \ -
End End End l Upgar:.;dpvoli:cvﬁo
Q : : w/ e- n Q *

Q
=

Q

T Update Action—State Values
w/ Bellman Expectation Equation

Control + 14
+[+

£-Greedy Policy

End
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Il Model-Free Reinforcement Leamning

Model-Free Control (On-Policy TD Control)

s SARSA
2 7 {Behavior Policy) : e~Greedy, TD Prediction
28 7iM(Target Policy) : e-Greedy
ME-3E 7EX| Bt LT | EAMS AEEE: Q(sp, ar) « Q(se ap) + a * (11 + YQ(Sps1, Apin) — Qse, ar))
_ . _ . Exploration
Episode 1 (step 1) Episode 1 (step 2) Episode 1 (step 3)
C— ® | I

Prediction

[ +]F + [+ [+
| + T
Control [ ||+ o |
EEAEaE o EEEaE

e-Greedy Policy £-Greedy Policy &-Greedy Policy




Il Model-Free Reinforcement Leamning

Model-Free Control (Off—Policy TD Control)

“* Q-Leaming

M I Behavior Policy) : e-Greedy, TD Prediction
A (Target Policy) : Greedy
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Il Model-Free Reinforcement Leamning
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Jl Model-Free Reinforcement Leaming #2714 ¥ (a0 = el Trnfien o)

: = o©oF «St, =[E . , !
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I Summary

Deep Reinforcement Learning

% Reinforcement LeamingO|=t?
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Reinforcement _ On-Policy
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Markov
Decision Model-Free
Process

Off-Policy
(O-Learning)

73 /74



Jl Citation

Deep Reinforcement Learning

52, THIERH = dalets,;, SLIRA(2020)
Sutton, Richard S., and Andrew G. Barto. Reinforcement learning. An introduction. MIT press, 2018.

https://www.youtube.com/playlist?list=PLqYmG7hTraZBiG_XpjnPrSNw-1XQaM_gB
(Introduction to Reinforcement learning with David Silver, DeepMind)

https://www.davidsilver.uk/wp—-content/uploads/2020/03/DP.pdf
https://www.davidsilver.uk/wp-content/uploads/2020/03/control.pdf
https://www.davidsilver.uk/wp—-content/uploads/2020/03/MC-TD.pdf
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