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https://wikidocs.net/book/1896
https://github.com/Curt-Park/reinforcement_learning_an_introduction
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Reinforcement Learning



The nature of learning




The nature of learn
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The nature of learning
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The nature of learning

- A28 E5H S 2 HEE9] learning and
intelligence

(D

) oo 28 00F or50|| CHet A4t 2Eel
(computatlonal approach)

- NT2Z S5 SHATH B

(goal-directed learning from interaction)

o

22lerE (Reinforcement Learning)!
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Reinforcement Learning?

(situation
o)

=1y

AL
Oo
action)o| CH

= Trial-and-error search

= Delayed reward
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Reinforcement Learning?

ol

o U3l5HS 23|1= Markov Decission Process(MDP) 2

12 0/0j7] Z23:

https://en.wikipedia.org/wiki/Markov_decision_process



Reinforcement Learning?

o U3l5HS 23|1= Markov Decission Process(MDP) 2

ol

AgentE 2tgo] ot MEH(state)°|;(| QA|et 4~ 100} SIC},

« MDP={sensation) action, goal| Ml 7t2| 7HES =&t

13 0|0|%| £3:

https://en.wikipedia.org/wiki/Markov_decision_process



Reinforcement Learning?

ol

o U3l5HS 23|1= Markov Decission Process(MDP) 2

14 0/0j7] Z23:

https://en.wikipedia.org/wiki/Markov_decision_process



Reinforcement Learning?

ol

o U3l5HS 23|1= Markov Decission Process(MDP) 2

15 0/0|2| £:

https://en.wikipedia.org/wiki/Markov_decision_process



Reinforcement Learning?

o SISO M| 7HA| BF
- R|£=35H5 (Supervised Learning)
- H|Z|=5&E (Unsupervised Learning)

- U5IsHS (Reinforcement Learning)
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Reinforcement Learning?

- O =0jQle] MEVI=FE 4&9| =/ (labeled) &5

- SHGO|0|HE Edfl stEEte2M A2 =10 CisHAM =
4dc === 20|e|ef V[ofettt.




Reinforcement Learning?

o H|Z| Z S0 A

- 0|2F (unlabeled) G0|&{2] = A2l F+=(hidden
Ct

1|0
structure)E = A2 SH=Z ol

o TotE0NE,

- HAS 2UfElEHe 22 REE Bt
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Reinforcement Learning?

o Efal(Exploration) 1t 0| & (Exploitation)

- O 52 HAS | QBHAS 2012 Ao Mo Cf XA

o 7t=|0f| Cholf & 7| fIiM= A0 &
7

o ¢ 2[0|2t HOo{A|= action=

= [ xploration-exploitation dilemmma
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Reinforcement Learning?

o & (Exploration) 2} 0|2 (Exploitation)

- O 52 HAS U] QEHAS 2012 Ao MO Cf XA

o 7t=|0f| Cholf & 7| fIiM= A0 &
7
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Examples

viewer

=2419&listStyle=

srl

game&document_

http://appsarang.co.kr/xe/?mid

O|0JZ| £

22



Elements of RL

Reward signal

Value function

Model

~~1Policy:
|3 = (action)2 AXst= s

E% policy= 2f&%(stochastic)?! 4% |
7t et |

: 47QH of MEH state)

DI 4 oy W - -
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Elements of RL

Policy

Reward signal <

Value function

Model

(=) i
( E |

oF WS action
BHA2 agentOl| Al ELiF= 2X},

'Reward signaloi| CHgt Ho|7t HIZ S X |
Of] et goletil Bt SRYSILE, |
| 5& reward signal2 state®} action0i| |
\Cist =tE8t(stochastic function)0|

24



Elements of RL

Policy N
\Value function2 reward signal2Ct &
O F71Hel 20X el 7IX|E 2|0etTt.

1 L—- —

Reward signal

10t stateO]| CH value2td 519, 1 state!

= AIEIOE agentV} @A £la|2} oflAbEl=

Value function 4 reward01| CHst S&to|2ta & 4~ UL}

Model L MEHS Stof] QUojAl=
o
—

- \
SUHOZ HEEIL)

SEe=
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Elements of RL

Policy

Reward signal

Value function

Model% §._ | behaworE QHlsh= O \f
| 1710]Ct,

0t state@} action0| Z=0{% 21 model |
= (IZI || B8HAR{Z) O 22 M reward®}
9| state=. F'PQPOHJ ;,.
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Multi-Armed Bandits



Introduction

e Multi-armed bandit problem?

28



Introduction

— O
- 58S Soll 2tE ds= AAloH7| Eb= dE s
ot M==0i Chet 7tz & Bt

e Multi-armed bandit problem?

- 22 ofLto| HEHOA e HNe] ds T otLiE UE
ste S45 Zsiets 24

m H J}2| solution methodsS AIHEA|C},
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One-armed bandit?

o 2T0[ X 2f= X

GO gle Tre-urTReS eIt B L Q I 1 ] Q

30 0[02| 23: 7= 0[0|2] HM


https://www.google.co.kr/search?q=one-armed+bandit&tbm=isch

31 0|0|Z| £21: Microsoft research



https://www.microsoft.com/en-us/research/

k-armed bandit problem

1. Off A|==0}Ct k7He] s X B4 SOl
OjEH k7HQ| QA

2. BT ;‘f'ﬂ*'% -T’-"*%' 54% =X (stationary
probability dist 2| 2401 (numerical) EA!
= Hi=2tstC}

m
=)
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O
=20
nJan
%
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Value Function

- AIZOIM OfH HES MefgiaTiol Batol chat 7|58




Value Estimation

(optimal) action valueOj|
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Terminologies

e Greedy actions: Of A|L=0f|A Qgt2f ¢r0| 714 =2 action
=0 7~|o|-
E.——

e Exploiting: Greedy actions & ot7tX| action= MEHst= 2

e Exploring: Et&E 2|3l non-greedy actions = SH7}X]
actions MElist= A

35



Terminologies

e Greedy actions: Of A|L=0f|A Qgt2f ¢r0| 714 =2 action
=0 7~|o|-
E.——

e Exploiting: Greedy actions & ot7tX| action= MEHst= 2

ring: Er&S 2|5l non-greedy actions = SH7}A]
action= d&list= A

= Exploitation} exploration2 trade-off 2+A|0]| SHEHSIC}.

=) Explmtatlom—} exploration A[O|0j|A ZASH A S &=
10| =L2o}LC}!

36



Action-value Methods

sum of rewards when a taken prior to t Z, R 1,
number of times a taken prior to t z{—l

Qt(a) —

L edicare PredicateO| trueO|™ 15 Bretsta, false™ 05 Bhet

=
=27t 02! 8R0l= g(w= Yele] g2z gel. (7+3, 0)

o 22 Z+2 YAlS Sample-average method2t £2Ct
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Action Selection

A, = argmax, Q(a)

argmax, Q(a) &= Ola)= Z[tHetA|7|= action aS Ehet

o 29} ZH2 HAE Greedy action selectionO|2t £ ECt

e ExploringS 2|5l O} A|Z0IC}H eRtE2| &2 non-greedy
action selections & = ICt. (e-greedy method)

38



Exercise

e A Ofa) = g«(a) = Br=5}

= L-

€-greedy action selection
actionO| MEHE =527

- 1 =

2
(=]
=

107H2] actionOf| Csl} e=0.1=
ot QT O, optimal

39



Exercise

e AR 00) = () 2 DHES T
e-greedy action selection2
actionO| HEiE 2t527

107H2] actionOf| Csl} e=0.1=
ot QT O, optimal

1. Greedy action selectiond| 2|5l 1- €2| == optimal actionO|
MEHEZICH 1-€e=1-0.1=0.9

2. Non-greedy action selection0f 2|5l Q| &&=Z 107 = 2|9
actionO| MEHEIC} O|= optimal actionO| MEHE! S E 2

0.1 *1/10=0.01

=, optimal actionO| &= 2t52:0.9+ 0.01 = 0.91



The 10-armed Testbed

L

e Greedy method?2} e-greedy method?| st = ot ZF
Cl5F AlS

e 2,0007H2] 10-armed bandit &4 & sHE oA 4510 2
time stepOfCte| average reward®} optimal action
selection?| H|E2 222 =&
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The 10-armed Testbed

e mean=0, var=12| 7[2A[?t EX & 0|25t 1071<]
testbed A4

3
2
J— }
1 |
_ )
=5 1)
Reward o -8 | 1 ) | | . N__§
distribution e M. 10
==4q.(2
1 . —_— |
s—a.H)
-2
-3

O[0|A] £ [1]



The 10-armed Testbed

e mean=0 var= 1OI 7f Al EXEE 0|25t 10712
-=Qptimal action

o oooooooooo ?oo [ ;‘
_F 1 055 ,L a4 "'.‘Ar);
; 4+(9)
Rewar 7.(1) 8%
distribution : . (7 -
L. (2) .\
-1 , 7.(8)
N A 2.(6)
-2

1 2 3 B 5 6 7 8 9 10

43 0|0|z] &34: [1]



e 10-armed Tes

Average
reward

05 4

1005

SO%

oy 3 L

o

Optimal

action a0

205

0%

| 1 ] 1 1
1 250 500 750 1000
Steps

T T T T 1
| 250 500 750 1000
Steps

O[0|R] 23: [1]



e 10-armed Testbed

Average
reward

05 4

100%
S0%

/ &%
°'o N

Optimal
action 4%

205

0%

T
250

T 1
500 750
Steps

10X

§—— Exploring0| 313 9l

O[0|A] £ [1]



The 10-armed Testbed

247
¢ EJ—l'
Average — () (areedy)
reward
’ ; ‘_Ln Strn 7;:.: ln‘m
Steps
100% o
ol omsrerererirerirnns Bfpuee € 0| 0,01 THELLCY
o wn] ) exploringO| #7|
Optimal e [t}=0i| optimal action®|
e 2 £1A10] WS
. { ;‘lm SLIII “.‘:u_: Iulm
Steps

46 o[z =4: [1]



The 10-armed Testbed

74 7|.
o EJ"
135 o
| _ . MW
Average L greeay)
reward
05 4
’ } l‘]‘ll Strn ‘.'slu_: mlm
Steps
100% -
$0% n —— SR —
c=0.1 € 0] 0.1Y wj=ct
oL 60% : . .
Optimal =0 — e OpPtimal action@
action wsf /T | | ZHF EFAHQ| 2| z|0t
( B 271401 A0 AL
L O = i
M52 o 22o2/2t of Al
| S0 SO0 S 10X
Steps

47 0[012] Z3: [1]



Incremental
Implementation

e Sample average method?| § E&2&Q| HAtEEO| QUS7}?
o NHAY MEHE] T actionO] CHSt action value estimation:

Qn _ Rl +R2+ *e +Rn_1

n—1

48



Incremental
Implementation

e Sample average method?|  E&ZQl AHAEEHO| QS771?
o NHAY MEHE] T actionO] CHSt action value estimation:

Rl + Rz + *e° + Rn—l

COn = n—1
=M 4!
1. B.E time stepOjCt &A1=l rewardo]| CHSH 7| =35l 50{0} SiC}.
2. OftH Zt actionOf| CHS BHAHEl B = rewardO]| CHSE &H2 15[ OF SIC}.
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Incremental
Implementation

MREZ &7
ln
Q+1=’—ZZR1
i=1
1 n—1
=;(R,+;Ri)
=—1(R +(n—1) : EIR)
n n—1

l
= . (Rn + (- 1)Qn)
]

"
]

- Qn + _[Rn - Qn._]s
fl

50

(Rn. + nQn T Qn)



Incremental
Implementation

NewEstimation < OldEstimate + StepSize|Target — OldEstimate]

57



Incremental
Implementation

ZH5H= Bk2 yndate ruleS2 0| OF0|C|O{E w2 A| EICH
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Tracking a Nonstationary Problem

Sample-average method= Ot Zfe 2 Aa} £~ 6ILC},

o 20| tiot ==/t 1G5 OfRUA| RFCEHEHE?

-

H

o 227 A= Ct=
(nonstationary)?!

53



Tracking a Nonstationary Problem

Weighted-average method= OH Zt2 2 &} =3 SIC}

54



Tracking a Nonstationary Problem

i a, (a) = 0o and i az(a) < oo
n=1 n=1

. . _ 1
e Stationary bandit problemOf|M AFESIE a,(a) = —=
n

= 2H= E5 Pttt

SN . . x
2& ) —& harmonic series2, )’ — & Basel problem
n=1 n n=1 n

= bt

55


https://en.wikipedia.org/wiki/Harmonic_series_(mathematics)
https://en.wikipedia.org/wiki/Basel_problem

Tracking a Nonstationary Problem

i a, (a) = 0o and i az(a) < oo
n=1 n=1

. . _ 1
e Stationary bandit problemOi|M AFZSNE a,(a) = —=
n

= 2H= E5 Pttt

SN . . x
2& ) — = harmonic series2, » — = Basel problem
n=1 n n=1 n2



https://en.wikipedia.org/wiki/Harmonic_series_(mathematics)
https://en.wikipedia.org/wiki/Basel_problem

Tracking a Nonstationary Problem

e Step-size a € (0,117 YAlst= A

Qui1 = O +a[R, — O]

aR, + (1 —a)Q,

ak, + (1 —a)lar,_| + (1 —a)Q,_]

aR, + (1 —a)aR,_; + (1 — a)zQ,,_l

=aR, + (1 —a@)aR,_; + (1 —a)?’aR,_» + -+ {1 —a)" aR, + (1 — a)"Q;

n
= (1-a)"Q1 + Y a(l - a)" 'R,
i=1

m O|f (1—a)"+zn:a(1—a)"—i= 10|B = 0|&= weighted
=1
averagelt ZCt. (No vanishing, No exploding)
= Yo -a-r = QT HA| Y2 ItE2| 7 B

A|AFBICEH 57

—
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Finite Markov Decision Processes



Introduction

ol
o
M JH

o 4401 H4 X[AH (delayed) 72| trade-off& LI

60 0|0|2| &34

httpsi//en.Wikipedia.org/wiki/l\/larkov_decision_process



The Agent-Environment Interface

Learner and decision maker

The thig the agent interacts with

rlo
\J
N
30
o

e Finite MDPOJ|M state, action, reward?| &t
ot 40| A= O|F20{ 4 UL}

—

e MDP2} agent= CHS D} 2t &2} 4 Q1 AFHS YHUA|ZICEH
Sos Ags Ry 515 Ay, Ry, 87, Ay Ry,

61 o[z =4: [1]




Return

Time step t O|=98| =249l reward= Ry Ry Rz - 2110
st 713k ZHEESE HEQO| return CH21}F 2Lt

G,=R, +R.,+R 5+ +R; whereTis afinal time step.

ABLAH O Z expected returns Z|L{3}tst= @ake 2 sH&50| O
=0 zIC}

62



Epkodes

+ 00| EQ} BHAH7ZIO| S

424712] subsequence= LIF O] & 4 U=, 6H—H’—I
subsequence= episodec}t E2C},

00
>
f_|-
~ (D
=
Q
M
.
O
\:_’/
Q
_9
>
ot
—x

%%@ 3 Eplsodlc taskse L2t €2 S5480| ULt

r
ﬂJ
1>
O
[r
[HO
2
[UjU
i
=9,
W
@
Q.
N
—
Q
(Y2
3
(Vg
d

- QE statesE_lI &g (denoted S+)01|_A1 non-terminal
states?| & gH(denoted §)2 FE = ULt

e Episodel| th2| 2 Holah &~ Q= FA|= continuing tasks
2t HAHSIC}

o O




o Recall: 714 Zttket EHS| returne G2t &L

G =R.,+R.,,+R. 5+ --+R; whereTis a final time step.

e Continuing taskse| 4F T = o0 O|BZ 2|9] return o=
HFALSE A OIC|
L = 1 I .

e DiscountingO|2t= 782 =5t continuing tasks= £ et
returns 4ol 4~ ULCY,

G =R +7R 5+ 72Rt+3 T = Z yth+k+1’
where 7 is a parameter, 0 <y < 1, called the discount rate.

64



Unified Notation for Return

o CI21} ZH0| returnS UBHSIA|ZI 2 2 M Episodic tasks2t
continuing taskss 25 O%& o+ UL}

including the possibility that 7= o or y = 1 (but not both).

o T#oo,y=12M, Ol Ltz £Lt.

Gt = Rt+l + Rt+2 + Rt+3 + -+ Ry.

e T=o00,y€[01]€W, Ol= Ltz ZLt.

G =Ry + 1R+ 7Rz +

65



Policy and Value Functions

o Pollcy O StateOHA-I 2t actionS-2 MENSt 3122 Bttt}
Ol 20, §,=sTM A =as5 dHY HSE n(a|s)= Hch

Ct.

e State-value function for policy T

'UW(S) — ]E’)T[Gt | St:S] — IE Z ARt+L+1 St:b‘ ] for all s € &

e Action-value function for policy 7 :

[ o0
q-(s,a) = E |G, | Si=s,4A; =a] = E; ZW‘ATR@F;\,M Si=s.A;=a
L k=0

66




A Fundamental Property of

n

-

Zr(u\b)> >i (s',7]s, a)[ r+ ~E

Value Functions

-Gt | St 8]

i Rer1 +vGeg1 | Si=s]

wGet1|St41 ZS']]

:ZWQ\S)E“,W,@ )|r+7vs(s)|, forallses

67/



A Fundamental Property of
Value Functions

471'-6}'1; ‘ St 3]
il Reg1 +7Geq1 | Si=3]

Zr(u\b) >ﬂ>ﬂ (s",7|s,0) [ [Gt+1\5t+1:s']]

68



A Fundamental Property of
Action-Value Functions

LR 11 + v (St41) | Se=s, Ay =aq
Z p(s', r|s, a) ['r + YU, (s’)] .
8/’.71

G=($,a)

69



A Fundamental Property of
Action-Value Functions

Gr (8, a)

|
oy
—t
+
_|.
-2
E
| 0
N P
|+
~—
P
~
I
‘J‘l
,,.L.;
*
.i
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Exercise

e Gridworld
Hto 2 HO{A|H
reward: -1
AN B\ 3.3/ 8.8/ 4.4/ 53|15
+5
2 | , I : ~ center
Actions
AKX 1.9/-1.3-1.2-1.4-2.0

n(als) = 0.25 forallae Aands e SO|0 y =09y
v (center) = 0.7 Y= B0}, (24E 28 A2[0|M Br=E)

71 0|0|Z| £2: [1]



Exercise

e Gridworld

| 1 5 3.0 ( 1.9 o’.s

v (center) = 0.25-(0+ 0.9 - 2.3) <—I—- o.1/07f07f0.4 -
-1.0-0.4-0.4-0.6-1.2

+0.25-(0+4+0.9-04) Actions 1.9-1.3-1.21.4-20

+0.25-(0+09--04)
+0.25-(0+0.9-0.7)

= 0.5175+0.09 —0.09 + 0.1575
= 0.675
~ (0.7

72 O[0|A] £ [1]



Optimal Policies and
Optimal Value Functions

e Optimal Policy: 0| policy7} 2= stateO|A T2 2. policy
SHCF AN G AL A2 valueS BHetEHT 0| = optimal policy
2t B=10 m 2 20

= —

e Optimal Value Functions: Optimal policy= 2+ value
function= optimal value functionO|2t11 StC}.

Vi(s) = v, (5)

= max,; v,(s)

g:(s,a) = q,(s,a)
= max, q,s,a)

/3



Bellman Optimality Equation

. —?—{Hil O{ stateO]| o optimal policyOl| 2|t value= best
actionOf| Cet 7|SHf1t =¥ et= |0 etLt.
U« (8) = nax gr. (s (s,a)
= maxE,_[G; | Si=s,A:=a]

Q

= mgmxIEm Rit1+vGiy1 | Si=s, At =al
= mBXE[RtH + Y04 (S¢41) | S¢=5, As=a]

= max Zp(s’, r|s,a)[r +yv.(s)].

/
s’,r

|

E[HtH — Y max 0+ (Sty1,0") ‘ S5t — 8, A; = nw
a

S ST T S
a
s'.r

T (SJ (I,)

74



Bellman Optimality Equation

e 0|2 O™ stateOi CHSH optimal policyOll 2|3t value= best
actionOf| Cet 7|SHf1t =¥ et= |0 etLt.

O

o m= valueS 2|CHatsHs
— ma.xIE,r*:Gt | St=S,At =a] pOIicy0|7| [[H—E—

— max]E,r*'RtH +’7Gt+1 | St — 8, At =a]
—ma,xIE[Rt_,_l +'7'U*(St+1) | St—S At— al
—maprs 7'|s a)[ +’Y’U*( )] ‘3

8,7‘

5; = s, A = nw

Q*(San') L[HH—] -+ rl’l’l&X Q*(

p - 7 Iba /

ma_\:q*(a a)} 9
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Exercise

e Gridworld: optimal policyS

Ay

Al |B

\ | 5

+1o] B'

/

AI/

Gridworld

76

= o2 A}

22.0

124.4

22.0

19.4

17.5

19.8

22.0

19.8

17.8

16.0

17.8

19.8

17.8

16.0

14.4

16.0

17.8

16.0

14.4

13.0

14.4

16.0

14.4

13.0

11.7

O[0|A] £ [1]



e Gridworld: &4

Exercise

=| optimal policy.

<

“«{»

»

22.0

24.4

22.0

19.4

17.5

N
\ +5

+1o) B'

/

17.8{19.8/17

16.0(14.4

i

IR

KR
T
T
T
T

LILILIGL|!
LILILIT

LILIGI 1

=
x

77

Gridworld

O[0|A] £ [1]



O™ policyE T2+ value functiong AAtSHeE (7

& L2 policys #ote= @827
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Dynamic Programming



Key Idea

e« Z2 policyQ| EMHE 2|3 value function®| AFE2E A H|E}
Sxssloz

evaluation

P17
T~ greedy(V)

Improvement

e Bootstrapping: QI stateS2| valued|| CHSH 2ES 7|Eh
O 2 Y state?| valueE 24

30 o[z =4: [1]



Policy Evaluation

Ol
® O
i
L

9| policy #0j| CHt state-value function v, & AAtst

O]
HteH 2=20| prediction probleme 2 & 4= R/}

vk1(8) = Ex|Riy1 +vve(Ser1) | Se=s]

Zﬂr als Zp RAENT {‘—l—-ﬁ,ﬂv;‘,(_s')],

where all s € S.

o ko oW, e V2 4 ECH 0245 Y N2IES

—

iterative policy evaluationO|2} StC}.

31



Policy Evaluation




Policy Evaluation

.S.




Policy Evaluation




Policy Evaluation




Policy Evaluation
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Policy Evaluation




Policy Evaluation

e CI22 Iterative policy evaluationd| CHSF pseudocodeCt.

Iterative Policy Evaluation, for estimating V =~ v,

Input i, the policy to be evaluated
Algorithm parameter: a small threshold 6 > 0 determining accuracy of estimation
Initialize V' (s), for all s € 8T, arbitrarily except that V (termainal) =0

Loop:
A+ 0
Loop for each 5 € §: < P E states of H 2 Fo6t= 2= sweepO| 2t oiCt,
v+ V(s)
V(s) < >, m(als) D ., p(s'.r|s, a.)['r 4 7V(s')]
A +— max(A,|v— V(s)|)
until A < 6

o {8 sweepd| Tl maxses|viy () — w17 gELCH 2-Z0]
SOl 12|52 S=EC

—/ L— oL O

88 O|0|R| &41: [1]



Policy Improvement

o 202l value function2 Edll & 2 policyE 2= A4S
policy improvement2td SHC},

o 7Of Clfot greedy policy =’ = G2t £0] ELe|=IC}

m'(s) = argmaxgq,(s,a)
a

— a10maxIE[Rt+1 + Y0 (Si11) | Sp=s,Ar=al
= argmax z p(s’,r|s,a [ '+ q""z..rﬂ(s’)} ,

where argmax_ denotes the value of a at which the expression
that follows is maximized.

39



Policy Improvement

o v,(9) Svils) A2 CIEL UE= Soll SF=EC
V=(8) < gr(s,7'(5))
= E[Rt11 + Y0 (Se41) | Se=5, Ag=7'(3)]
= Er[Ret1 + y0r(Se41) | St =]
< ]Em—':RtH + ’Y'I«(St+177T’(St+1)) | St:s]
= Ex|Ri41 +VEx|Riy2 + Y0r (St42)|Se41] | Se=$]
=E/[Ri—1 +YRit2 + V0 (St+2) | St=5]
< Enx[Ri—1 +YRiy2 + v Rits + 7 0x(Set3) | Se=>5]

S IEW/[Rt_l -+ ’YRH_Q -1 ’YZRH_3 -+ "/BRH_q + .- | St 28]

— Up (S)
90



Policy Iteration

e Policy evaluationi policy improvementE BH=5HH
optimal policy@} optimal valuedi| 2}& d25t= HHS

Policy IterationO|2}11 SHC}.

B I E [ E I E
0o » Ung > » U, > T >y """ > Ty ? Vs,

E . . 1 . .
where — denotes a policy evalualion and — denotes a policy vmprovemendt.

91



Policy Iteration

e Ct22 policy iterationd| TSt pseudocodeCt.

Policy Iteration (using iterative policy evaluation) for estimating © ~ m,

1. Initialization
V(s) € R and m(s) € A(s) arbitrarily for all & € 8

2. Policy Evaluation
Loop:
A+—0
Loop for each s € S:
v V(s)
V(s) + X, .p(s',r|s,m(8))[r + vV (s)]
A + max(A. |[v — V(s)])

until A < 8 (a small positive number determining the accuracy of estimation)

3. Policy Improvement
policy-stable « true
For each s & &:
old-action « = (s)
m(s) + argmax, .., . p(s',r|s, a)[r +V(s')]
If old-action # w(s), then policy-stable + false
Il policy-sieble, then stop and return V' = v, and 7 = 7,; else go Lo 2

O[0|A] £ [1]
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e Gridworld

Y
actions

Example

1 2 3
4 5 6 7
8 9 10 |11
12 [13 |14

93

Ry = —1

on all transitions

O[0|A] £ [1]



e Gridworld

0

Example

Uk for the
random policy

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

94

greedy policy
w.rt. U

4

-

I,

VT

<«
¥
€
v
s
€
¥
3
€
Y

!

Y O B
d

random
policy

O[0|A] £ [1]



Example

e Gridworld

0.0|-1.0[-1.0]-1.0 — |l

* t o A A

-1.0l-10l-1.0l-1.0 A ||

k=1 — T
-1.0[-1.0[-1.0{-1.0 I
-1.0[-1.0]-1.0] 0.0 T

95 o[z =4: [1]



e Gridworld

k

2

Example

0.0

-1.7

-2.0

-2.0

-1.7

-2.0

-2.0

-2.0

-2.0

-2.0

-2.0

-1.7

-2.0

-2.0

-1.7

0.0

l"I”T"T

96

L]

O[0|A] £ [1]



e Gridworld

k

3

Example

0.0

2.4

-2.9

-3.0

-2.4

-2.9

-3.0

-2.9

-2.9

-3.0

-2.9

-2.4

-3.0

-2.9

-2.4

0.0

— < |9
Vi jq |
"5 el
L 5| —

97

Optimal Policy!

O[0|A] £ [1]



e Gridworld

Example

0.0

-6.1

-8.4

-9.0

-6.1

-1.7

-8.4

-8.4

-8.4

-8.4

-1.7

-6.1

-9.0

-8.4

-6.1

0.0

98

— < 9
Vi e |
VS Pl
L 5| -

Optimal Policy!

O[0|A] £ [1]



e Gridworld

Example

0.0

-14.

-20.

-22.

-14.

-18.

-20.

-20.

-20.

-20.

-18.

-14.

f

<_T

-—

-22.

-20.

-14.

0.0

t

N

99

L,

—

“
"

Optimal Policy!

k=3 FE greedy policy= optimal policy= £~&3lC

—

g

O[0|A] £ [1]



Demo: Policy lteration

https://github.com/Curt-Park/KIAS _RL_Basics



Value lteration

e Policy improvement?| greedy selectionS policy

evaluation &A[0f| Bt 5= B = Value lterationO| 21! ot
Ct. otelie] &= Eoff BH=2| sl4-= MUY 0| =€ &+~ UL}
'{?A,_*_](,S‘) — llch\IE[Rf+] + O ‘Sf+]) ‘ ‘Sf_'s 1f— J

— max Zp TS, a [ ~ -+ ’}-“Uk(s')] ,
a

s',r

forallsesS.
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Value lteration

e CI2& value iterationd]| Cist pseudocodeCt,

Value Iteration, for estimating © ~ m,

Algorithm parameter: a small threshold 6 > 0 determining accuracy of estimation
Initialize V' (s), for all s € 8*, arbitrarily except that V (terminal) = 0

Loop:

A0

Loop for each s € 3:
v+ V(s)
V(s) < max, Y. . p(s',r|s, a) [7" -+ ’}"V(s’)]
A — max(A, v — V(s)]|)

until A < 6

Output a deterministic policy, m = m,, such that
m(s) = argmax, » ., . p(s’,7|s,a) [r + 4V (s)]

102 O|0|R| &41: [1]



Demo: Value lteration

https://github.com/Curt-Park/KIAS _RL_Basics



Generalized Policy Iteration

e Policy evaluation2} policy improvementO| A=

AF
ol= 2F8= Generalized Policy Iteration (GPI)2t £
Of Cii ot 7|t == Of2ef &Lt

5212
2c} o)

evaluation

. P10
T~ grecdy(V)

Improvement

o
fv’*a Ty

104 O[0|A] £ [1]



HIT

Dynamic programming=

2 A4t et modelz 2+

| I—

5 B2 AS AR50 YL
I Iy BRI HCHR?

105



Dynamic programming=
=2 74\)%3#1} Z-|2|-0|- m()de|E

1§J

“10H 2

Model-free RL Methods

106
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Monte Carlo Methods



Introduction

e Monte Carlo methodse &t8& 2tH5| UCHD
M5t A| =L,

e Monte Carlo methods= AlA| A0S @15t}

= StLIC| episodes &t F, 4 state == state-action
paird| CHst average returng AHAHHCH

108



Introduction

e St episodes 74| ol & €OH|O|E

| 3
7 Rt B _1
- e -
on all transitions
Y 8 9 10 |11
actions
12 N3 |14

109 O|Q|Z] &4: [1]



Monte Carlo Prediction
For State Value function

e First-visit MC method: StLI2| QI AE0|M S22 HE
St stateOf| CHSHAM Bt average returng F+StLCY,

e Every-visit MC method: 5tLt2| O|T[AE0|M 2= BEol=
stateO]| CHSHA] average returnS S+SHC}.
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Monte Carlo Prediction
For State Value function

| o First-visit MC method: 5LtQ| O AE0|M HEo2 YW
St stateOf| CHSHAM Bt average returng F+StLCY, |

e Every-visit MC method: stLI2| OI|AE0|M 2= BHEot=
stateO]| CHSHA] average returnS S+SHC}.

111



Monte Carlo Prediction
For State Value function

First-visit M C prediction, for estimating V = v,

Input: a policy 7 to be evaluated

Initialize:
V(s) € R, arbitrarily, for all s € 8
Returns(s) < an empty list, for all s € 8

Loop forever (for each episode):
Generate an episode following mw: Sp, Ag. R1,51. A1. R, . ... S7_1. Ar_1, R
G+ 0
Loop for each step of episode. t =T7T—-1.T—-2,...,0:
G +— ’}"G -+ H-t-{-l
Unless St appears in Sg. S1,....5t—1:
Append G to Returns(S;)
V(S:) + average(Returns(St))

1 12 O|0|R| &41: [1]



Monte Carlo Prediction
For Action Value function

o DEIO| Z2ZNTIA| 2B =2 stateZt| transitionOf Clist A&

T FOHAHRQJR| QUL =, state value functionl| Z2ZBe 2=
F=20] ULt
-1 0O AA .

e First-visit MC method@} every-visit MC method = C} &
2oLt

113



Monte Carlo Prediction
For Action Value function

o ~H= B0l ot Y'Y

- Evaluation and improvement on an
episode-by-episode basis

- Exploring starts

114



Monte Carlo Prediction
For Action Value function

Monte Carlo ES (Exploring Starts), for estimating = ~ 7,

Initialize:
m(s) € A(s) (arbitrarily), for all s € &
Q(s,a) € R (arbitrarily), for all s € S, a € A(s)
Returns(s, a) < empty list, for all s € 8, a € A(s)

Loop forever (for each episode):
Choose Sy € § and Ay € A(Sp) such that all pairs have probability > 0

Generate an episode from Sy, Ag, following m: Sy, Ag, R1,...,S7-1, Ar_1, Ry
G+ 0
Loop for each step of episode, t =T—-1,T-2,...,0:

G+ vG + Rt—+—1

Unless the pair S;, A; appears in Sp, Ao, S1, A1...,5-1,Ai—1:
Append G to Returns(S;, Ay)
Q(S;, Ay) + average(Returns(S;, Ay))
m(S;) < argmax, Q(S¢, a)

1 15 O|0|R| &41: [1]



Monte Carlo Prediction
For Action Value function

Monte Carlo ES (Exploring Starts), for estimating 7 ~ .,

Initialize:
7(s) € A(s) (arbitrarily), for all s € §
Q(s,a) € R (arbitrarily), for all s € 8, a € A(s)
Returns(s,a) < empty list, for all s € 8, a € A(s)

GCllCI ate anpeplsodc fr om So AO 'followmgw SO A() | R1 , - 4 - . R
G+ 0
Loop for each step of episode, t =T—-1,T-2,....,0:

G+ 7G + RH—I

Unless the pair Sy, A; appears in Sp, Ao, S1, A1...,8-1,Ai—1:
Appcnd G to Returns(Si, A)

QS Ap) < dVLId’LRPtU?’NS(S; Ay))

116 O|0|R| &41: [1]



Exploring Starts

=

—

117

AI

O
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—
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Monte Carlo Control
Without Exploring Starts

e Motivation

Monte Carlo ES (Exploring Starts), for estimating 7© ~ .,

Initialize:
m(s) € A(s) (arbitrarily), for all s € 8
Q(s,a) € R (arbitrarily), for all s € 8, a € A(s)
Returns(s, a) < empty list, for all s € 8, a € A(s)

Loop forever (for each episode):

Choose Sy € 8 and Ay € A(Sp)fs

Generate an episode from Sy, e ‘- , 7?,1, Ry
G+ 0
Loop for each step of episode, t =T—-1,T—-2,...,0:

G+ "IG + Rt+l

Unless the pair S, A; appears in So, Ag.S1, A1...,5-1,A¢—1:
Append G to Returns(S;, A;)
Q(S;, Ay) < average(Returns(Sy, Ay))
7(S;) + argmax, Q(S;,a)

1 18 O|0|R| &41: [1]



Monte Carlo Control
Without Exploring Starts

. AgentZt 2% B3 BHCHH OfE7}?

- On-policy methods: Episode=S AMd35t= policy2t policy
evaluation & improvement?| CHAHO| 4.

- Off-policy methods: EpisodeE AiA 3= policy@} policy
evaluation & improvement2| CHAHO| &Y.
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Monte Carlo Control
Without Exploring Starts

o Agent’} 28 EFSZ otCHH {E7}?

- 'On-policy methods: EpisodeS A o}+ 'pollcyE —policy |
, evaluatlon& |mprovement0| EH“OI

- Off-policy methods: EpisodeE AiA 3= policy@} policy
evaluation & improvement2| CHAHO| &Y.

120



Monte Carlo Contro
Without Exploring Starts

On-policy first-visit MC control (for =-soft policies), estimates 7 ~ T,

Algorithm parameter: small € > 0

Initialize:
m <— an arbitrary e-soft policy
Q(s,a) € R (arbitrarily). for all s € 8, a € A(3)
Returns(s,a) < empty list, for all s € S, a € J(s)

Repeat forever (for each episode):
Generate an episode following m: So, Ac. Ry, ..., 81— 1, Ar_1. Rt
G+ 0
Loop for each step of episode, t =7T—-1,T-2,....0:
G ¢ G+ Reqa
Unless the pair S;, A; appears in So, Ag. S1. 41 ...,51-1, A—1:
Append G to Returns(S;. Ay)
Q(S;. A;) < average( Returns(S:, A;))
A* + argmax, Q(S:, a) (with ties broken arbitrarily)
For all a € A(S}):
7(alS,) { 1 —z+¢/|A(S;)| ifa=A"
Bl e/|A(S,)| ifa # A*

121

O[0|A] £ [1]



Monte Carlo Contro
Without Exploring Starts

On-policy first-visit MC control (for =-soft policies), estimates 7 ~ T,

Algorithin parameter: small € > 0

Imitialize:
m < an arbitrary e-soft policy
Q(s,a) € R (arbitrarily). for all s € 8, a € A(3)
Returns(s,a) < empty list, for all s € §, a € A(s)

Repeat forever (for each episode):

IG (‘nm avt‘c’an (‘plsodc follo wmg '7r “So, y ‘, Sr—1,

Loop for each step of episode, t =7T—-1,T-2,...,0: *
C' -\,C I R(_+1 E
Unless the pair S¢, A; appears in So, Ag. S1.A4:1..., 8511, A—1:

Append G to Returns(S;. Ay)
Q(o, A, ) < dVO[cWO(thHH‘(Sf Ap))
For qn a’c A(S ):

[with tiébroken arbitrarily)

e 1 —c+¢/|A(S:)| ifa=A" 3§
m(al5e) { /|.A(S,)| 1f a 7‘ 4*

K- armed band|t01|kI°| exerC|se2} Ql
*AGS,) | = SOllA HEHT ot aqgw?—l Zﬂ#% <ot

O[0|A] £ [1]



Monte Carlo Control
Without Exploring Starts

o Agent’} 28 EFSZ otCHH {E7}?

- On-policy methods: Episodes 4%
evaluation & improvement?2| CH&t
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Off-policy Prediction via
Importance sampling

e On-policy methodse| &HA

N

_lAﬁE% £r31S 3l10Fst7| W&20i| optimal policyS 8t
[= [
=

HA
e Policys 5 7lIlE2 =2[oIT O{E7}?
- Target policy: et52| CHA0| &&= policy

- Behavior policy: behaviors A& 5= policy (I AEE
d-dst= policy)
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Off-policy Prediction via
Importance sampling

e On-policy methodse| &HA

N

IAZ—*.EE Srel= oliokot?| =0 optimal policyE <t&
aALt.

3I—
= HA

e Policys = = =&l O{E7}?

- Target policy: at52| CHA0| &[= policy

C =

- Behavior policy: behavior& 44&5t= policy (O|I|AEE
- dst= policy)
On-policy= target policy = behavior policyQ! off-policy2]

special case® = T QULC}. e



Off-policy Prediction via
Importance sampling

o LHFE2| off-policy 282 importance sampling= 0|26t
C}. Importance sampImgOI?—F CHE = 71| & E2EE ¢
7| 0|23} expected valueE 245 H: 2O}

e Importance sampling= OI6H't7I 2= F
Importance-sampling ratioS AHE}Of St

126



Off-policy Prediction via
Importance sampling

e Importance-sampling ratio

- SfLEC| O|I|A~E0] Ciet trajectory Ay SiisAprs -+ S 7k
ZO{AEW, HE policy #0f 2| SHE traJectoryN%“
st stE2 OS2t 2o

Pr{A:, 5141, A1, .S | Sty Apr—1 ~ 7}

= m(Ae|St)p(St1|St, Ag)m(Asr1[Set1) - p(ST[ST—1, AT 1)
T—1

]| #(AwlSe)p(Skr1|Sk. Ar),
k=1
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Off-policy Prediction via
Importance sampling

e Importance-sampling

- Z0|2

oIt} target policy0

ratio

trajectory?} behavior policyd| &|slf MAE|ACHD

M O| trajectory/} BfAHSH AFCH 24 0l

{5l O|& importance-sampllng

»]

T(Ax|Sk)p(Sk41|Sk.

(Ag|Sk)

(flk‘bk )1) \bk—l—] | bka 4"11\

gLt

(MS
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Off-policy Prediction via
Importance sampling

e Ordinary Importance-sampling

- Chg3} 20| valueS £H3te WA ordinary
importance-samplingO| 2t ot}

Y
: ZtE‘T(s) /’t;’z’(t)—1(7t

Vs T)

G, : The return after t up through T(t)
T(s): The total number of visits on state s
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Off-policy Prediction via
Importance sampling

e Ordinary Importance-sampling

- Ct22} 20| valueE 245t=
importance- sampllngOIELT’_ StC}.

Q_%J 310] of |_+_':01|k| behavior policy}
=0 Oilﬂl*':7f “*—01;” CHEH?

m(Ag|Sk)
7 “ =
V (q) PrT=1= H b AHSA
- Unbounded
G, : The return after t up through T(t) Variance

T(s): The total number of visits on state s
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Off-policy Prediction via
Importance sampling

e \Weighted Importance-sampling

- Unbounded variance®|| 2|gt 24| 27| 2|
importance-sampling ratio= normallzmg% oF HE.
Ordinary importance-sampling 2C} & M< =T},

ZtE‘J—(.s) pe.T(t)—1G1

Vi(s) =
Ztej’(s) pt:T(t)—l

)

or zero if the denominator is zero.
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Incremental Implementation

— 1 y
L WLGy

n—1

k=1 “ k

Vin = n > 2,

o« A== 2ol weighted Importance-sampling@]
incremental implementationS S&stH CH2 1} 2T}

"’"'/71.

Vn+1 = ‘/;). {
C'n,.

[Gn — ‘/n]a n > 13

and
Cn +1 = C'n. + ”fn—+— 15

where Cy = 0 (and V; is arbitrary and thus need not be specified).
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Off-policy Monte Carlo Control

Off-policy MC control, for estimating 7 ~ 7,

Initialize, for all s € 8, a € A(s):
Q(s,a) € R (arbitrarily)
C(s,a) <+ 0
m(s) < argmax, (s,a) (with ties broken consistently)

Loop forever (for each episode):
b < any soft policy
Generate an episode using b: Sp, Ag, Ry,.... 571, Ar_1, Rp
G+ 0
W« 1
Loop for each step of episode, t =T —1,T—-2,...,0:
G ’)G -1- Rt+1
C(S;, Ay) « C(St, Ay) + W
Q(St, Ay) + Q(S:, Ay) + C(b 4 y G — Q(S;, Ay)]
7(S;) < argmax, Q(S;,a)  (with ties broken consistently)
If Ay # 7r(S,) then exit For loop
W Wi

b(A,|5,)

133 0|0|Z| Z3: [1]



Off-policy Monte Carlo Control

Off-policy MC control, for estimating 7 ~ 7,

Initialize, for all s € 8, a € A(s):
Q(s,a) € R (arbitrarily)
C(s,a) <+ 0

m(s) < argmax, (s,a) (with ties broken consistently)

Loop forever (for each episode):
b < any soft policy
Generate an episode using b: Sp, Ag, Ry,.... 571, Ar_1, Rp
G+ 0
W« 1
Loop for each step of episode, t =T —1,T—-2,...,0:
G + ’)’G ar Rt+1
C(S;, Ay) « C(St, Ay) + W

Q(St, At) < Q(S¢, Ag) + c(b =T 3 G — Q(S¢, Ay)]
7(S;) «+ argmax, Q(S;,a) (with ties broken consistently

If A; # w(S;) then exit For loop ﬁ-.m Of?)rfli[_?l;??t pO'_'EYEQJ J Z0f|A| greedy action
W« Wb(Atlw,)\ 2 oop

" . (W =W
A7} target policye] &2H0|M greedy action b(A;15;)
oj8=2 FA7} 1 134

0|8 =)

O[0|A] £4: [1]



Demo.:
Monte Carlo
(for state value)

https://github.com/Curt-Park/KIAS _RL_Basics



Monte Carlo Methods= 01\

policy=

ot of

| A

Continuing tas

<t

C
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7-
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Temporal-Difference Learning



‘It one had to identify one idea as central and novel
to reinforcement learning, it would be undoubtedly
be temporal-difference (TD) learning.”

- Richard S. Sutton and Andrew G. Barto



Introduction

e TD= MC2} ORRIZIZ|2 modelQi0| AA| Ao 2EE SHE
otCt,

—

» TD= DPAHE final outcomes 7|Ct2|2| 410
bootstrapping= &0l SH&otLt.

e Nonstationary environmentO| A 2| every-visit MC
method”7} CtS2 €RUCHH,
V(S,) « V(S;) + a [(t —V(S, )] |
TD= Of2fie} Z0| B =ICt. (called one-step TD or TD(0) )

V(S;) « V(S;) + a [Rt“ + YV (St41) — 1"’(&)}
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TD Prediction

Tabular TD(0) for estimating v

Input: the policy @ to be evaluated
Algorithm parameter: step size a € (0, 1]
Initialize V (s), for all s € 8*, arbitrarily except that V (terminal) = 0
Loop for each episode:
Initialize S
Loop for each step of episode:
A <+ action given by « for S
Take action A, observe I, S’
V(S)+ V(S)+a|R+~V(S) - V(9)]
S« 5

until S is terminal

140 0|0|2| £3: [1]



Exercise

, A.0.B.0
r= B, 1
A Toow B. 1

B, 1
Z+=9| Unknown Markov reward processOi| 2|3l %
J I|AEE —’F’éi\ I Step size = 1, gamma= 1O|
=3/4 V(A) = 0UITf MCQ TD(0)2 AL V(A) =
OtQI7H?

141

IO W

O[0|A] £4: [1]



Exercise

TWwWwW
o = o=

e MC:V(A) =V(A) +1 * (G(A) -
AOJ|M B2 100%2°| &=2 20| 5|22 V(A) =V(B)dS
5t Hiod

MCE 5tLIQ| O|I|AE CH 20t 5k&517| [ 20f| 0|2 Hl

142 0|0|2| £3: [1]



Sarsa: On-policy TD Control

e TD prediction method2{ & state-value functionE &t&6}

-

= 20| OtL 2t action-value functionS St&StCY

Q(St, Ar) < Q(S5¢, At) + « [RHI + Q(St41, Aty1) — Q(St, Atﬂ '

Sarsa (on-policy TD control) for estimating Q) ~ ¢,

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q(s,a), for all s € 8*,a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Choose A from S using policy derived from @ (e.g., e-greedy)
Loop 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) + « [R +vQ(S’, A") — Q(S, A)]
S5 A« A"

until S is terminal
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Demo: Sarsa

https://github.com/Curt-Park/KIAS _RL_Basics



Q-learning: Off-policy TD Control

Q-learning (off-policy TD control) for estimating © ~ =,

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q(s.a), for all s € 8*,a € A(s), arbitrarily except that Q(terminal,-) = 0
Loop for each episode:
Initialize S
Loop 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(5". a) — Q(S, A)]
S« 5
until S is terminal
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Q-learning: Off-policy TD Control

Q-learning (off-policy TD control) for estimating © ~ =,

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q(s.a), for all s € 8*,a € A(s), arbitrarily except that Q(terminal,-) = 0
Loop for each episode:
Initialize S
Loop for each step of episode: 4
Choose A from S using policy derived from Q (e.g., e-greedy)
Take action A, observe R, S’
Q(S, A) + Q(.S A)+ o [R + max, Q(S",a) — Q(S, 4)]
S« 5 ,
until S is terminal

» Behavior policy2 2t

Target policy2 2t
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Demo: Q-learning

https://github.com/Curt-Park/KIAS _RL_Basics



Example

o Cliff Walking: Sarsa2t Q-learning= H|

o = = [}
wor/|0f Or= Mgt
ot Of| Al T
J’ x . Sarsa
o 25 AN /\f‘/ VAN YR S YN //\\/—/‘"'
K=-I ’
!

Safer path [ A N s ) f
Sum of _gp_ }‘\/ SR WAYVVANLY \Jﬁ”“"\, YA \ /Au”
rewards Q-learning '

| e =0.1 during

Optimal path | episode
| } 4| episode
S The Cliff G
N\ - | (K} T T 1 L !
R=-100 _— 0 100 200 300 400 500

e Sarsa= Q845 AGIO0|E & M& e-greedy YAIS 2|517| TR cliff
Z 20| M= penaltyZt =71 l—r% 4= dhoj| QiCt 2B 2 dtjd o= orA
212 =O0f7HCt,

Episodes

oF

e HIH Q-learning= high-risk& FA|ote (H&H4Ql) Hek= HOICH 0|2
Olal optimal path& &=4| H-&otX|BF sk&A| €0 =
RICt,

olalf ZZ cliff= ttf
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Double

e Double Q-Iearning% 2712 QE+E AFESICE Ol=
positive biasg S0 F&= = ot}

O
)
Q)
-y
=.
-
Q

Q1(S;, Ay) + Q1(S;, Ay )+« [R,,+1+7"Qz Sii1,argmax Qq(Si41, (z))—Ql(S,,A,)].

a

Double Q-learning, for estimating 1 ~ )2 ~ ¢.

Algorithm parameters: step size a € (0, 1], small ¢ > 0
[nitialize Q,(s,a) and Q2(s,a), for all s € 81 a € A(s), such that Q(termnal,-) — 0
Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A [rom S using the policy é-greedy in (01 + (Jo
Take action A, observe R, S’
With 0.5 probabilility:
Q1(S. 4) « 1 (S. A) + « ( R+ vQ2 (S’, argmax, @1(9",a)) — Q1(S, A))
else: | |
Q2(S. A) ¢ Qa(S. A) + a R+ Q1 (5. argmax, Q2(S', a)) — Qa(5, 4))
S+ 5 \ '
unsil S is terminal
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Example

e Maximization bias

100 SLEA HA (for many possible actions)

; N(-0.1,1)
0 0
75% |'|' B left right
% left |', .
actions  50% \“‘\-\Q-Iearning
from A |
Double
o509, | Q-learning
5%»————————————————————————j; —————— q——-ioptimal
%% 100 200 300
Episodes
AZ 27|9|2[2t7 512}, 0|, V(B)2] 7|51740] -0.10|22 =
= O|sote A2 &2 2480| OrL L}, ofA|BF Q-learningl| St
20l MBHI 20 T20IAX{ 28 A 4510] ZRE MEHS Bict
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Example

e Maximization bias

st=4 24 (for many possible actions)

100% \ N(—0.1.1)
/J— \\\\
[\ 3 )< 0
75%] | \\ : left right
\\
| \
O/O left ‘\
actions  50%}[’ \Q-Iearning
from A \
Double \
, 4 N
250, Q-learning L
S e e ettt optimal
OL . .
1 100 200 300
Episodes
A left
Q(f)‘/,: J’l;}) < Q(JSL, 4"'1/,) -+ < |:R1.__+_] —+ Y max Q(;S{,+] . (1) — (2(19{ f1f)i| )
a
FAHSHC}

HEZ O] maxat4=0i| 2|35l positive bias/t 24l sl
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Example

e Maximization bias

st=4 24 (for many possible actions)

100% . .
00 . N(-0.1,1)
\\\\ 0 O
75% \"\ B left right
l \
| \
% left ,' \
: | \
actions  50% \.Q-learning
from A Noubl \
oupie
' ; - - \‘
250, Q- INg ~
T B kTR S Aty At puiypeap el gty ghigrig—g- g~ optimal
OL . . ;
1 100 200 300
Episodes

) — Q1(S5;, Ay )+a —R,H +vQ2 (S,+|.z11'g11121.x Q1(S¢41. (1.))—(21(3,, )]
Double Q-learning?| A< actionE MEiGH= QOV\QP 0| = L7t
F EE =2 ZAoH/| TE0 bias/t &S o] =1 '31%'4. o 2 1

SHe QBHa7

Q1 (S, A,




Double Q-learning

e Double Q-learning2t &2 @2to = Double-Sarsate ZAY
siCt

—

e Double Q-learningl| & O dblst=l & 2|So=2&=
Multi Q-learning[3]0]| QIC}.
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http://file.scirp.org/Html/3-7900465_72002.htm

Other Important Topics



ASA| 2= LHE

e WIMA[1]9] Chapter 6771X|2| LHE
- Introduction
- Multi-armed Bandits
- Finite Markov Decision Processes
- Dynamic Programming
- Monte Carlo Methods

- Temporal-Difference Learning
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o WIM[1]9] Chapter 75
- n-step Bootstrapping
- Planning and Learning with Tabular Methods

- Approximate Solution Methods

156



n-step Bootstrapping

e The backup diagram of n-step TD methods

1-step TD co-step TD
and TD(0) 2-stepTD  3-step TD n-step TD  and Monte Carlo
C[) O O O @,
Y 9 9 y
T ® ® ® ®
) 4 P A X X y
@, L/ () (J Q)
A \ r
® T ® ®
Y b4 X 4
@ ) (J Q)
I ‘ |
I e ®
- ‘ 4
) f (I)
T .
£
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Planning and Learning
with Tabular Methods

e Model-free methods2} model-based methods2| £

value/policy

acting
planning direct
RL
model experlence
model

learning

158
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Approximate Solution Methods

o C}I29| EXE2 Tabular methodZ S| Z5H7|0]| HE (=
= Sotoh) &EllE 7HA| 2D UL 6].

- Backgammon: 10% states
- H}=:10!70 states

- dig|ZH 2Z! continuous state space

. 0|0} 22 AEHE BHT 4 Qs TAIAIL TRSICH

 Deep Reinforcement Learning0f| A= value function0i|
CHSt 2AFeE2 deep neural networksS AFESHCY
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Existing problem

e Reinforcement learning agents7f AMA MAIC EREE 7t
2l 2A|0l|AM & Az ot7| feiMe

ot 1 #% Isensorymputsoé':'lﬂ representation

2+ 210 2= QI0{OF BHCH

ulo 0x

O representation@ 2 2} He| 2EE ABSISH A2
S ME & {48 o+~ UG Ot

MHone

= RLO| #&d= O
f

A SOl (e.
state-space % 2 E0jehof =2 QU
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Objective

e Deep Convolutional Neural Network”Zt non-linear

function approximator24{ 0[3{| &2l

0x
olr
[0

HT
o

o

o
{1

e CNN 722 £ 0|23} raw sensory datasS YHO 235t=
action-value functionl| ZAtet4LE B =SO{EEH {E7)}?

Types of Value Function Approximation

:q(s a1 W) o q(sa W) |
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Architecture

Convolution Convoluton
w v

Figure 1 Schematic illustration of the convolutional neural network. The
details of the architecture arc explained in the Mcthods. The input to the neural
network consists of an §4 X 84 X 4 image produced by the preprocessing
map ¢, followed by three convolutional layers (note: snaking blue line

o
0000000 0000000 0000000 0000000 0000000
LR NN B B NN I B B B I I IR I

Fully cgmected

n
c
-
<
-
o
Q
o
Q

. No inpust
. .
: .
n o
o N -
. . =D
v Bl
! !
e . n
. .
» ° v ++O
! !
o o
. ¢, M+
o o/ —
! y
. e | g+0O
' °
c+0

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for cach valid action. Each hidden layer is followed

by a rectifier nonlinearity (that is, max(0,x)).
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-:nvgluti oooooooooooo nn d F)-cgn
]  HE| /e
:
DD Els - N -]
.
BE-oeons-e: io: = *
g !
DD BB - ]
DD Els ]
(=]

* Input: 84x84x4 (by preprocessing map o)

Figure 1 Schematic illustration of the convolutional neural network. The  symbolizes sliding of each filter across input image) and two fully connected
details of the architecture are explained in the Mcthods. The input to the neural - layers with a single output for cach valid action. Each hidden layer is followed

F in the ¢ inpi ) t single output for ¢ acl
network consists of an §4 X 84 X 4 image produced by the preprocessing by a rectifier nonlinearity (that is, max(0,x)).
map ¢, followed by three convoluticnal layers (note: snaki i

* 32 convolutional filters of 8x8 with stride 4 followed by a rectifier non-linearity

( aking blue line

* 64 convolutional filters of 4x4 with stride 2 followed by a rectifier non-linearity
* 64 convolutional filters of 3x3 with stride 1 followed by a rectifier non-linearity
* Fully connected layer with 512 nodes + a rectifier non-linearity

* Fully connected linear layer with a single output for each valid action
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Challenges

non- Imear function approxmator% AMESIF= 4
O| EAE|R] Qe A= LA QL

scture 6: Value Function Appredimatior
I Incremental Methads

Convergence

Convergence of Prediction Algorithms

On/Off-Policy  Algorithm  Table Lookup Linear Non-Linear

: MC v v v

_Polic
On-Policy TD(0) / 7 X
TD(A) v v X
| : MC v v v
Off-Palicy TD(0) v X X
TD(A) v X X
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Challenges

non-linear function approximator= ArZ ot
O| HHE|R| &= Ao =2 2|4 QUL

Correlation between samples

- Non-stationary targets
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Challenges

o U2tot50M action-value(Q) function= LIELHY
non-linear function approximator= ArZotg= 4
O E&E[R| = A= LA UL

- Non-stationary targets

167



Challenges

e Correlation between samples

detetg0| e 5|0l = AlZHe| S 50| U2} =xlde =z £~4E1
O| =249l 4|0|El= 2ot A=7|2| &= correlation= &|A| =T}

T g

O All Observed Data O Samples - high correlation O Samples - low correlation
20 20
15 15
10 10
5 5
0 0
0 3 6 9 12 0 3 6 9 12

2rotof| O] =214 Q1 L|0lH & A= g5 2= &5t £[8 ¥ HO0|0[X|
= correlation0f| 2|afi &+50| =28sl& A0|Ct.
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Challenges

e Correlation between samples (Neural Network perspective)

0|, objective function(loss function)2
oA=ICt

1 50f| C{ ot representation
© action a0f Cist weight

EJ‘“

O(s, a; 0) = x(s)w,

&2 quadratic forme.=

1
L(w,) = E(Q*(S’ a) —

1
—(Q%(s,a)

2

169
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Challenges

e Correlation between samples (Neural Network perspective)

1
L(w,) = E(Q*(S’ a) — Q(s, a; 0))°
= %(Q*(S, a) — x(s)" w,)?

w, 0| CHSt stochastic gradient descent update= CrS1F Z Lt

Vw 0(s, a; 0) = x(s) .
Aw, = a(Q*(s,a) — O(s, a; 0) ) x(s) .

where a € (0,1) Is a step-size parameter.

Qrof Y H &= state”t H|zolCttH (highly correlated) —1Oj| CHf gt
representation®! x(s) Lot H|=<t 20|11, w,0f Cet HG|O|E7} CiA
Hak=l 0|}
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no
O

N
=

Challenges

linear function approximator= A&t
HE|R]| i Aoz LA QT
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Challenges

e Non-stationary targets

MSE(Mean Squared Error)S 0|23} optimal action-value function
S 2AGH| @6t loss functionS CHeuf 20| BEaie 4~ QICt

L) = [Es,a,m,[<r + ymax,Q(s’,a’;0,) — O(s, a; Qi))z] :

where 6. are the parameters of the Q-network at iteration i.

O|= Q-learning target & 2Alst= ¥y, = r+ymax,Q(s',a";0,) 2 315}
= A1t 2L A= 00, a;0) 71 Qet0f CHol| o|&d= 40 e B =
Qet+E = ZA0|C}. O] o

YCIO| E5tH| = target y; £t S210[A| =ICt
ol st5 2| = hgofi7Itt,

172



Challenges

o U3ISHES0|A action-value(Q) function=S LIEILZ| 2|oH
non-linear function approximator= ArZot= 4% &4
O E&E[R| = A= LA UL

Solutions!

experience replay
(replay memory)

Correlation between samples -

- Non-stationary targets

- fixed Q-targets
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Replay Memory
1.Agent?| A& (experience) e =(s,a,7,5,)S time-step &t
= data set D, ={ey, ..., }0f| A& &L},

2 A=l data set@ 22 E{ uniform random sampling=S Eof
minibatch& +45t0] 52 2IASIC} ((s.a.r,5") ~ UD))

- Minibatch?7t =242l H|O|H 2 EE|A| to B2 @14 O|O|E| AtO|Q]
correlation= A&l 24 &= UL}

[

29| AMFHO| M= replay memory sizeE 1,000,000 2 A ZH3SIC}
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Fixed Q-targets

+ 06s,0;0) 2 22 HER T £ Z0|X| 2 CHE I2t0|E S 712(=

212101) target network O(s,a;07) S BFS 1 0|2 Q-learning

H T

target »:0i| O|29otCt,
y;i=r + ymaxaQ(S’, al; ei_) .

Li(ei) — [E(s,a,r,s’)NU(D) [(l" + ymaxa/Q(s’, Cl/; ‘91'_) — Q(Sa a, 91))2] ;

iIn which 7 is the discount factor determining the agent's horizon,

0. are the parameters of the Q-network at iteration i and
0 are the network parameters used to compute the target

at Iteration i.

= 0f C stepOtCt Q-network

= CHI9| iteration=2Ht0||= Q-learning
H |3I— A O] |-

- Target network parameters 6
parameters(0.) 2 YG|O|EEC S
= SAIS

updateA| targetO| 2210|= A

=
- ==l d™0M= Cil= 10,0002= 245,



Gradient Clipping

e Loss function:

(7’ + ymaxa’Q(Sla a’ ei_ — (s, a; ei)>2

e 2| loss functionOf| Ciet gradient?| ALCHZr0| 1ELCt 2=
ACHZf0| 10| & == clippingaf|Z&CH[5].

e Huber loss[10]2} 7|sXd2= 5Eot7| 20| +A|0|=
loss function= Huber loss= A2|ot7| = otCH11].

[ u? u| < M
P (1) = \ M2Ju|— M) |u>M
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Data Preprocessing

e Atari 26002 210x160 pixel2| colo =
Y A2 ot HO| 4ottt 4= ifﬁoﬂ CHsl M&{2
= HA 84x84xme| UAH|0|e S A =LC}H9].
(E%OHHE m= 42 24)

O|0|R] 234: [9]



Data Preprocessing

1. 0|0JR|2] 27[& (210, 160)0{|M (84, 84)= H=t

2. RGB O|0|A|= grayscale= H=t
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Data Preprocessing

3. 9=l 0|0|R|= & Of KHAR{O]| 22| et O|O0|R| =8t MHEREIC}
Sk|pped frame

*EC frame= #E
=O0|A| =}

179 0|0|Z| £2]: [9]



Data Preprocessing

4. 301|H MEHE OIDIZIBP 71 0| A i IDIZIOH Chotl pixel-

wise component wise) maximum= Z|oll=
* Atari Z6OOC> [HO|| SF |HO|| HA|S &~ Q= sprites?} EF 571 20| O A

Ao Doy, 24 Zef| Yol HZ0tM HAlote A2= 0e]/h9f spritesS

PD:'OH 504 7 URUCEH, ALE & O|0[X|0f| BHsH component-wise
maximum= ?—IEHEEEW O|= o OJ'3|7\|01| D& HAIE 4= UL}

O|0|R] 234: [9]


https://en.wikipedia.org/wiki/Sprite_(computer_graphics)

Data Preprocessing
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Algorithm

Algorithm 1: deep Q-learning with experience replay.
[nitialize replay memory D to capacity N
Initialize action-value function  with random weights 0
Initialize target action-value function Q with weights 0 = 0
For episode = 1, M do
[nitialize sequence s, = {x, } and preprocessed sequence ¢; = ¢ (s )
Fort=1,T do
With probability « select a random action g,
otherwise select a;, =argmax, Q(¢(s;).a; 0)
Execute action a, in emulator and observe reward r, and image x, - ,
Set 5,1 =s,,a;.x;1 and preprocess ¢, ; =¢(s;41)
Store transition (¢,,a;,r1.,. ;) in D
Sample random minibatch of transitions ((.bjja_,-jr_,-jq’)j M ,) from D

ri if episode terminates at step j-|- 1

Sety; = - — -
),' r-j e '}.‘ max, Q (d)}- 1 ,a, : 0 ) Othel‘Wlse

Perform a gradient descent step on (yj —Q ((‘b i H) )2 with respect to the
network parameters )
Every C steps reset Q=0
End For
End For
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Algorithm 1: deep Q

Algorithm

)-learning with experience replay.

"lrlhe rp\ : tmon toLaput\f Initialization
{Initialize action-value function Q with random weights 0 |
Initialize target action- wlue functlon Q W 1th wughts 0 =0 |
For episode = 1, M do “ o
[nitialize sequence s, = {x, } and preprocessed sequence ¢, =@ (s )

Fort=1,T do

With probability « select a random action g,

otherwise select a;, =argmax, Q(¢(s;).a; 0)

Execute action a, in emulator and observe reward r, and image x, - ,
Set 5,1 =s,,a,.x,1 and preprocess ¢, ; =¢(s;41)

Store transition (¢,,a;,r.,. ) in D

Sample random minibatch of transitions ((_bjja_,-jr_,-#)j M ,) from D

ri if episode terminates at step j-|- 1

Sety;= ; - -
),' rj — '}: max, Q (q[)f*l ,a,; 0 ) OtllerWISC‘

2
Perform a gradient descent step on (1' — Q( 0,0 H) ) with respect to the
network parameters 0/
Every C steps reset 0=0

End For
End For
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Algorithm

Algorithm 1: deep Q-learning with experience replay.
[nitialize replay memory D to capacity N
Initialize action-value function  with random weights 0
Initialize target action-value function Q with weights 0 = 0
For episode = 1, M do
Hnitialize sequence s, =
ST

With probability « select a random action g,

otherwise select a;, =argmax, Q(¢(s;).a; 0)

Execute action a, in emulator and observe reward r, and image x, - ,

Set 5,1 =s,,a,.x,1 and preprocess ¢, ; =¢(s;41)

Store transition (¢,,a;,r1.,. ;) in D

Sample random minibatch of transitions ((_bija_,-jr_,-#)j M ,) from D

/ Initialization

and preprocessed sequence gy ~ (s ) | ¢ ' 280N |

X

ri if episode terminates at step j-|- 1

Sety;= ; - -
),' rj — '}: max, Q (q[)f*l ,a,; 0 ) OtllerWISC‘

Perform a gradient descent step on (}:J,- — () (gb i H) )2 with respect to the
network parameters )
Every C steps reset Q=0
End For
End For
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O|0|R| 23]: [4]



Algorithm

Algorithm 1: deep Q-learning with experience replay.
[nitialize replay memory D to capacity N
Initialize action-value function  with random weights 0
Initialize target action-value function Q with weights 0 = 0
For episode = 1, M do
[nitialize sequence s, = {x, } and preprocessed sequence ¢, =@ (s )
Fort=1,T do | | | o
{"With probability « select a random action @, § . : :
: o t Epsilon-greedy action selection
- otherwise select a, =argmax O(¢(si).a;0) 3}
Execute action a, in emulator and observe lewald r; and image x, . ,
Set 5,1 =s,,a,.x,1 and preprocess ¢, ; =¢(s;41)
Store transition (¢,,a;,r1.,. ;) in D
Sample random minibatch of transitions ((_bija_,-jr_,-#)j M ,) from D

ri if episode terminates at step j-|- 1

Sety;= ; - -
),' rj — '}: max, Q (q[)f*l ,a,; 0 ) OtllerWISC‘

2
Perform a gradient descent step on (1' — Q( 0,0 H) ) with respect to the
network parameters 0/

Every C steps reset 0=0
End For
End For
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Algorithm

Algorithm 1: deep Q-learning with experience replay.
[nitialize replay memory D to capacity N
Initialize action-value function  with random weights 0
Initialize target action-value function Q with weights 0 = 0
For episode = 1, M do
[nitialize sequence s, = {x, } and preprocessed sequence ¢, =@ (s )
Fort=1,T do
With probability « select a random action g,
otherwise select a, —drglnaxaQ{<p(a,) a; 9)
“Execute action a, in emulator and observe 1wa1 d 7, and Image X, -+ ; |
| Set S11=$,4;.%+1 and preprocess ¢, ., = (s ‘
Store transition (¢,,az,r.i; ., S
Sample random mlmlthh of transitions ((_bija_,-jr_,-#)j M ,) from D

Action execution

i if episode terminates at step j-|- 1
Set y; = 5 _ .
Y] t; =) maxy Q(q[{,-* a0 ) otherwise

Perform a gradient descent step on (1' — Q( 0,0 H) )2 with respect to the
network parameters 0/
Every C steps reset 0=0
End For
End For
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Algorithm

Algorithm 1: deep Q-learning with experience replay.
[nitialize replay memory D to capacity N
Initialize action-value function  with random weights 0
Initialize target action-value function Q with weights 0 = 0
For episode = 1, M do
[nitialize sequence s, = {x, } and preprocessed sequence ¢, =@ (s )
Fort=1,T do
With probability « select a random action g,
otherwise select a;, =argmax, Q(¢(s;).a; 0)
Execute action a, in emulator and observe reward r, and image x, - ,
Set s,_l - s, QX1 1 and preprocess Q),_l—¢($,+1} I

1y maXy Q (q[{,- L.a 07 ) otherwise

Perform a gradient descent step on (1' —( )( 0,0 H) )2 with respect to the
network parameters 0/
Every C steps reset 0=0
End For
End For
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Algorithm

Algorithm 1: deep Q-learning with experience replay.
[nitialize replay memory D to capacity N
Initialize action-value function  with random weights 0
Initialize target action-value function Q with weights 0 = 0
For episode = 1, M do
[nitialize sequence s, = {x, } and preprocessed sequence ¢, =@ (s )
Fort=1,T do
With probability « select a random action g,
otherwise select a;, =argmax, Q(¢(s;).a; 0)
Execute action a, in emulator and observe reward r, and image x, - ,
Set 5,1 =5,,0;.X,+1 and preprocess ¢, . ; =P (s;41)
Store transition (¢,,a;,r1.,. ;) in D
Sample random minibatch of transitions

(A"}j:[']j:r_f:(i)i-i- | from D
episode terminates at step j 1 1 |
t -+ maxy Q (([’j 1 ,al; 0 ) otherwise G radie nt

2 J
() ((‘b,,aj:_ H)) with respect to the | descent

?‘j

“~

- Perform a gradient descent step on (yj =
 network parameters )
Every C steps reset 0=0

End For
End For
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Algorithm

Algorithm 1: deep Q-learning with experience replay.
[nitialize replay memory D to capacity N
Initialize action-value function  with random weights 0
Initialize target action-value function Q with weights 0 = 0
For episode = 1, M do
[nitialize sequence s, = {x, } and preprocessed sequence ¢, =@ (s )
Fort=1,T do
With probability « select a random action g,
otherwise select a;, =argmax, Q(¢(s;).a; 0)
Execute action a, in emulator and observe reward r, and image x, - ,
Set 5,1 =s,,a,.x,1 and preprocess ¢, ; =¢(s;41)
Store transition (¢,,a;,r1.,. ;) in D
Sample random minibatch of transitions ((_bjja_,-jr_,-ﬂ)j M ,) from D

ri if episode terminates at step j-|- 1

Sety;= ; - -
}..' rj — '}: max, Q (q[)f*l ,al; 0 ) OthGI’WlSe

o

2
Perform a gradient descent step on (}:J,- — () (gb i H) ) with respect to the

End For o '
End For

Update fixed Q-targets every C steps
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+ Replay memory2} target Q-networkl| AtZ S50 = Ij
ILHA H|W

Extended Data Table 3 | The effects of replay and separating the target Q-network

Game V\.Iith replay, .With replay, Wi!hout replay, VYithoul replay,
with target Q without target Q with target Q without target Q
Breakout 3168 240.7 10.2 3.2
Enduro 1006.3 831.4 141.9 291
River Raid 7446.6 4102.8 28677 1453.0
Seaquest 2894.4 822.6 1003.0 275.8
Space Invaders 1088.9 826.3 373.2 302.0

D3N zgents weretrained for 10 million frames using starca~d Fypeparametersfora’ poss o ecombinations ofturning raplzy on o off. using cr 1ot Lsing = seoarate target Q network, anc thraz differzrtlearning

razss. Lack agentwas evaluated evary 250,000 traiming frarmess tor 135 U000 validation trariss and the nighest avarage episode score 1s reoorted. Nota that thase svaluation eoiscces were not truncatad 2t S imur
leading tn highe-srores on Fndurs thar =72 anes repor-=a in Fxtended Na= Takle 2. Nete alsn thas mae rumber of trzinirg frames was shorter (10 no L an frames) as 2ompared ta the main resalts poesentec ir

Fxtended MNat= Teble 2 (80 millian framas).
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Figure 2 Training curves tracking the agent’s average score and average
predicted action-value. a, Zach point is the average score achieved per ¢pisode
after the agent is run with &-greecy policy (s = C.05) for 320K frames on Space
[nvaders. b, Average score achievec per episode for Seaquest. ¢, Average
predicted action-value an a held-out set of states on Space Tnvaders. Fach point

0 20 40 60 3C 1CC 120 140 150 12C 200
lraining epnchs
on the curve is the average of the action-value QQ computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest, See Supplementary
Discussion tor details.
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Demo: DQN

https://github.com/Curt-Park/KIAS _RL_Basics
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