Lmﬁm‘nLaul,nwmmmﬂ'sum!,aa‘lﬂTﬂﬂ'L'a
ﬂ’]‘iL‘iEl‘u‘iLL‘UULﬂ'ﬁJLL‘N
ADAPTIVE GAME-PLAYING AGENT USING
REINFORCEMENT LEARNING

A50Y amﬁuana
a.nwa m'm
aﬁww wmum

=, ﬂ’l’ k d at
Tymmiawiiduaiuniisvasnsfnumandngns
USeyeunanendaasUndia 61913919M81n13A0UNILADS
¢ o 1 £
AMAIVIINYINITABUNIUABT AMSINYIANENT
Vv

danvumalulagnszasunalnigummiisaInnszus
Umsfnen 2558



d¥aneayanane nzvemnFaransek

wuTidunufiauisausudesldlagle
N1SIBUSUUULETUUT
ADAPTIVE GAME-PLAYING AGENT USING
REINFORCEMENT LEARNING

A

LAY BUTANANA
BAwa 9y
WY WuIuan

Eﬂmm

S o e W pprrpratistd

AN ELU DU rsgergereret Seereasrariiittt
e S

N R e

---------

*i']cuwmﬁLﬂwﬁﬁ‘]udqwﬁwmmiﬁnmmwé’ngm
YSyurinersansinudin d191383ne1n1sneuiamnes
NMAYIINYINITABNNINADS ABUEINEIAIERS
dartumalulagnszasuindidinummsainnsels
Un1sfinwn 2558



ADAPTIVE GAME-PLAYING AGENT USING
REINFORCEMENT LEARNING

JIRADET AMORNPIMONKUL
APIPON POONGAM
JATUPHONG PUMJINDA

A SPECIAL PROBLEM SUBMITTED IN PARTIAL FULFILLMENT
OF THE REQUIREMENTS FOR THE DEGREE OF BACHELOR OF
SCIENCE IN COMPUTER SCIENCE
DEPARTMENT OF COMPUTER SCIENCE
FACULTY OF SCIENCE KING
MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG
ACADEMIC YEAR 2015



Wtalgymiie whuidunuiaansauiuiieddlngldnisGousuuuaduuse

Adaptive Game-Playing Agent using Reinforcement Learning

Fotindnw UBI5AY pushuana  sviatinfinyn 55050241
wgaing 4 sviatinfinw 55050528
weIwed Waduan syadndnw 55050230

Useugyn Ingmansiadia Anernisneuianes)

1AV Ienseeufinmes

UnsAnen 2558

99158iUE W asaewa oy

AuyInImans aodumalulagnszasundidnuvmsatanseds eydAliligm
MasiidudunivesmsfinyimumdnanstSyyinermansdudin Gneinmsaeufinnes)

UsgdUnsAnen 2558

AENSTUNISADY auilede
WA.as.ATed  Buvlnay Q—/
J5¥5UNTIUNIT ‘
HA.ATOTUUANT  UTTURAATY

O W30 snsT
AFIUNTT 1

-4
ps.aneva oy
AFIUNISLALDITEINUT NN ( &Y V\} \

AvansvoInnEINeNFEns

antumalulaBnszasundndinummsainnssa




indalymiiiay wiidunuiiausauiuiieddlaglinadouiiuuaiuuss
Fatindnwn U8ISIAY sushuana  wialdnfnwn 55050241
Wgaing g sWieinAinw 55050528
WPIIY  HuTum sadn@nyn 55050230
NELTETY s sduin Gnenspeuioames)
A WemseeuRmes
Unmsfinw 2558
2197557UF W asaneva  lofu
unédnga

Tulagiumalulaglaiinsiiulauazinudiednunnludagtu fnsduinuay
% v U u ¢ s ¢ ¢ v ¢ ¢ <l o @ P
AmmnInugiausuaztenind Inglusureniuisilulagiuiinsimunielily
MIUANMSNNUTRIBIIINT iy usudvielewauy BdlutlagdunisWaunldjusudvinny
o a v e a oW wd i v v ¢ ° Y o v
nuidrveléiludemilamaly udnsasimunlivusuiannsahauldonnisious
a 4 o & a o o M v - & v - »
nsAnwazaionn udiamnsoilden laglulgymfiasilazUssgnaldninSouiuuy

isuusuieRaunlralwidauaisalunisiSeuiuasausoduinuiaisle

°o o a al 124 e = 2 = =l b7 =
ATdALY : NG UIVDILATDN NIIYUTUUULEIULIS MILIBUFLUUA



Title
Students

Degree
Department
Faculty
University
Academic year

Advisor

Adaptive Game-Playing Agent using Reinforcement Learning

Mr. Jiradet Amornpimonkul  Student ID
Mr. Apipon Poongam Student ID
Mr. Jatuphong  Pumjinda Student ID

Bachelor of Sclence (Computer Science)
Computer Science

Science

55050241
55050528
55050230

King Mongkut’s Institute of Technology Ladkrabang(KMITL)

2015

Dr. Saichon  Jaiyen

Abstract

Nowadays technology has been growing considerably, not in just

hardware but in software as well. Many developers try to develop software that

can control the operations of the hardware, such as robot or Al (Artificial

Intelligence. To make a computer do some task, we simply program it, but to

make a computer learning how to do a task is still a hard things to do. In this

project we apply the reinforcement learning to give a computer an ability to

learn by itself and let it learn to play a game.
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2.1.3.1 Value Functions
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AiSEuIsngguinuAIINInssinaslsiasiinsstainands (expected
reward) 11lusuran TngsrediafimavisliaziSenin value 89928359n15A 1L 0490
value fi® Action-value function (Q (s,2)) Fasilaunisfe

Q(s,a=R(s,3s)+ maxQ(s',a’) (2.1)

UM 2.2 Ameeadunig

NFUN 2.2 WnaNLanIa state uasldusendng state azilsetavesusay
o [V | ' o - 3 o P
LEUNNS A9RIDEINYU 91N A1 state Sy LADNLEUNIT A 28l reward = 1 wagaglun
state S, 1 state Sy 1doNEUN1 B axdl reward = 2 wazarluil state S,

o

1y state 13uAUAD S, way state gavnede S Fadun1aain Sy lu S; fifsil

S¢=>5; —>5; —Ss
So >S5 5, S5

SO -_>SZ _)Sq _>55

819N 1SAUINAD
PNFNNT Qls,a) = R (s,a,5") + max Q(s’,a’) ale
Q (Sp,A) = R (Sp, Ay, Sy) + max (Q (S3,A), Q (54,B))

Aeiidaamite Q (SLA) . Q (5,8) Fearls

Q (Sl,A) =R (Sl! Al: 83) + Mmax (Q {S3,A))



Asiifoamie Q (S,A)
Q (S3,A) = R (S, Ay, Ss)
Q(S3A) =1
Jold Q (5,A) - 1 iluunueilu Q (S,A) = RSy, Ay S5) 1 max (Q (S5,A)) wslel
Q (S,A) = R (54, Ay, Sa) + max (Q (S5,A))
=1+1

Q(S,A) =2

Q (54,B) = R (5S4, By, Sg) + max (Q (S4,A))
AsfidiosmAa Q (SyA)
Q (S4,A) = R (S, Agp, Ss)
G (5,40 = 106
ol Q (54,A) = 10 shlUunuAly Q (5,,8) = R (Sy, By, Sg) + max (Q (SaA) a5l
Q (5,,B) = R (Sy, By, Sa) + max (Q (S4,A)
=1+10

Q {Sl,B) =i L1

deld Q(S,A) = 2 uar Q(5,B) = 11
ihldumuelu Q (Sp,A) = R (S, Ay, S,) + max (Q (S,A) , Q (S,,B)) awld
Q (Sp,A) = R (Sp, Ay, Sy) + max (Q (S,A), Q (54,B)

=1 + max(2,11)

=1+ 11

Q (So,A) = 12



Q(s1,4) =2
Q(sy,B) = 11 Q(s;,4) =1

Q(s0,4) = 12
Q(sy, B) = —988

P o [l
3U# 2.3 dpdradumanas Q value

2.1.3.2 Discount factor ()

sUft 2.4 Unynaugy

P = 2 ' - [ 1
MNFUN 2.4 1NaULERIDY state uaziduTYIIng state asiisetaveuniay
dunslag state S; 1dumns A audunisiudn state S, Wudnwarvesgulizou

Q(S,A) =1+ Q(S,A)

=1+1+Q((5,,A)

1+1+1+Q(S,A)
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= a 4 o o
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Q(s,a) = R(s,a,5") + Y max Q(s’,a") (2.2)
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Q (Sl,A) =1+ OS(Q (Sl,A))
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]
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Al v w o g w vk o = =
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nsvrhiduiumnuemadndliaenndasiudsmauunuiteliseuseuniindunn w
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4. dsvaniunisalioly (s') wavs1eda ()

5 QGa«— (1-a)Q(sa)+ alr +7Y max Q(s’,a")
6

naulude 2.

& 79 learning rate TngdlAn 0 < @ < 1

lunnq state vasnsiFouiuuuiaiuuse sane3fivasdaonnsnsevinanduiunislu
state Ja90u wasdanduenluyngmsnsei

#19814 Q learning

SI :: 52 :: 53
| |t |
= Vi .
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gﬂﬁ 2.5 f79879 Q learning
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=10
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AN979T 2.4 MseanAT Q (S,, 13

Q(sy, ) 0
Q(sy 1) 0
Q(s2,¢) 0
Q(s2. ) 0
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Q(s5.—) 0.5
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