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ABSTACT

Nowadays, the application of computer to learn and to solve problems instead
of human is more pcpular. Machine learning is used in various ways for learning and
solving their own problems. The reinforcement leaming is one of concepts that has
been wildly used. This project used reinforcement learning, the machine learning
method that learn from the past experience to adjust choice of action in the future,
to solve a maze game. By use surrounding environment at that time to be a current
state. And use that current state to determine action, not any others state. However,
the set of action must remain the same. This project will teach computer to learn

problem and solution of maze game until it can solve the game intelligently.
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FUFUIUTINIAT e-greedy  AnzauRazvililalsuadleniafiasAumiSnnsnazuidymile

0
=

q?.l lﬂ! 4 ﬂl EJ s U 2 d’ L3 5 = at 1 | o
97 FeilAedefiienunininelnudlisiviglunisuidym e aounisaiiuqudmieds neufiavi

mmFundmeavasgudeyaiieihlussendldnulymiiedeadsiusely

3.5.1 mseenuuugluuuniniiudayavesgruninuiieinauls
luduvesguaiuidredadulanldeenuuuguivuvesdeyatiausvesdoyalitonss

Andulaling)Heuristic Knowledge Representation) senidiu 7 dundnediail

1. 9iAn19181999n (Goal Direction)

¢ <

WurszuansdsinfianisvesmsanvesensnavastamilitersudSouiiueglunisia

[

Tavesaiaud Fsazinulugluuuees Integer lnsusazfirnsunudeedail

neen dEluniAnIiT 0 8971 : Value = 0

neoen eyluiirnaeiygm > 0 uar < 90 83 : Value = 1
n9e8n agluiAnevinygm 90 8961 : Value = 2

nseen agluiiAniwitygs > 90 uay < 180 84f : Value = 3
veen aglufimniwinygu 180 aarm : Value = 4

aean agluiirniwingu > 180 uag < 270 89 : Value = 5

n9een ogluiAmnyingm 270 84@ : Value = 6

O 0 O 0O O 0O O O

nean agluiiFninitngm > 270 wag < 360 047 : Value = 7

U 3.5 sUuansFauunuianly

2. $An19999ilunas (Minotaur Direction)

=3 [ ' '

Wuefuamnsfafimmiawes Minotaur 1nfeLaus aefuliuriguiiensu Goal Direction

3. favAsNlngvign (Nearest Distant)
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Wurfiaeidudn Minotaur ¥5e Goal agnaRInBluAlndnIfunisiulaglaiaga
o i - LY dy
hrmalpganaziiuluguuuuves integer fadl
O Goal’s Distant < Minotaur’s Distant : Value = 0
O Goal’s Distant = Minotaur’s Distant : Value = 1
O Goal’s Distant > Minotaur’s Distant : Value = 2
4. AuwaieLuile (Top Brick)

o

Hueiuansfadesuuvaseiaud o 9aqiuidadavnmiels lngdAnsiuluguuuures
Integer sdnilAsAnunsariiandu 1 usdlsifiazilandu o

5. uwsiiAle (Bottom Brick)
udniluansiaesarsvoueiaud o nqduiniaeiaenwiel Ferrnzfuluguuuy
ey Top Brick

6. MunsiiFrmziuan (Left Brick)
Wurnfiuansfisesdreveatalaud o gaqduinfidaiavanaitel Fernvziiuluguuuy
\fefiu Top Brick

7. Muwslidsngiuean (Right Brick)
Hudriluansiadasvvesiawnudt o gaqiuindidsinuanaiel Femraziiuluguuuy

WAenfiu Top Brick

3.5.2 Mmseanuuugmdeyanuidaedagula

lugaw Heuristic  Knowledge  i31ldvanuuuliiiudoyanuuresgrudoyaideduius
(Relational Database) latis1lsutsgrudeyaeendueeinis fe @ouluwuung (Rule Base) wav
oulungmud (Max Frequency Base) Tneeulvuuungtiesfuiawiznanseyindinn g Jamii
weFeudinuunluefinaeandasiudesgluguuvurengierfuuisuaiioungaediindae
anunsaiwuuiasasiuuui dauvestevlunuunganuiesiiugngnsnsyiilidinasaesndes
funselsiustaniisludiuvesieuilunisnssvindranseiitevsuenitnmsnsle sULUUvRINg

fineq demnadlunsnssigegavionuneanudulymineSsuruniudenldnisnsesh

9
o al

sananmngaiietsuaniimisnszvidanaindediemnniigaus tnesuuvuvesnisadudsil

M3 3.1 assuanamIgudeyainulsulunuung
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Goal Minotaur Nearest | Top Brick Down Left Brick | Right Brick Action
Direction | Direction Distant Brick
azitulsinsliiaves Heuristic Knowledge Representation unAuludiuvas 7
Columns W3n was7iluaaRa Action FI9LUERITINITNTEVINNY
M3 3.2 MEnadiis g udeyaiufeuluwuungend
Goal Minotaur | Nearest | Top Brick Down Left Brick Right Action | Frequency
rection | Direction Distant Brick Brick

=l @

wwwiuldinmaiudeyaszedeiugudeyafeulauvunguivzimssifinisfivaudves

NINTEVINTU ALY

3.5.3 NseanuUUdIUMTTIuNeY28fndula (Heuristic Learning)
[ s P £ o ] v a . t4 2 a
\Wwinaniulasteyaiiedasdndulativiiauelugiuanuilvedlugluuuvesioyai du
mMaseughuuesmasannndilald iesinguuuuresteyaidaunisieuiuuuasuindslddy

0w W =

wwagluguuuures  Atdaniue (State)  astulunsdliiduaiuiidadonisfiadinisnszyinen

grueugitetiedndulalulluswiluieuanusliineluannneufisuludesuvassuuuuues
Toyavnanusiludeyaiietivsindulanvuinauediuidiuniaisousiethednaulaindu
dhunsdeuiiiediedndulafasinsgitugumsfifeteinduladuiiiinsety daumsiFeus

} Y =3
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ol 35 = a | a i | J £ 1=
Jaymimutufeielaudasifuiuguidosaniiuly u aausildmegluinneuudalidnng
Seuilagiinvuiesnlifinsmeaindlunes, Wufimieeen visaudumsiuvuiiung ¥ils
laudliflagineulinisavyiiediels lduadesdqunisnseviluiBesqauninaslddunansuuny
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Sou3 ndgmadsnarsildesnuuuismsudlgdainananlaesaginisiuswiuan Safluideu
agaursneqlime sihlielaudamsoilituaely a aae  duesudlvy feamasingrisiis

sanuuulioludmiiuly s antusididrarudlunsivdeudgadielfonudliruly o agius
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== Y 1 o

wngauugulunsaidesdunisnsgit uavifleleaudanunsadsuiiseunisifouiieninaiuise
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WWuilimeeeniagvinsiadisiemanudlunisiudeuewsasaniurlminnads

3.7 sviawies (Pseudo Code)

{c_Percentage = Fercentage That YOu Want T4 rely on hauristic knowledge dacabase.
ristic = Heuriscie's type -> Rule'base or Max fregusncy base.
Percentage = e-greedy value * 100,

LevelCfProblem = First level of problem:
StartScate = new state{(CurrencProblem) ;

while (true)

(1]

1] —

beol EpochEnd = false:
CurrentState = StartS5tate;

/* Repsat learning Gntil agent can mascer in the current pyoblem before changs to highsg level

for{ int loop = : loop < iteration_of epoch ; loop++)
{
do{
int randPercencage = random() ;

= This Btacte er

if(CurrentState->GetMax(QValue{) <= )
{

if (randPercentage % e - Heuriscic_Pexrcentage) )

Action = Heuristic_ Learner->gethAction(CurrentState,TypeCfHeuristic)
else

Action = randeomiction() s

NextState = CurrentSctate->Takehction(Action)

]
/= In case of agent's §
due to has learnad =
to make a acticr

this state has updated

. =0 we put him

ay
else
{
if(randPercentage % . { >= e-greedy Percentage)
Action = CurrentState->gectActionMax@value()
else
Action = randomAction():
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/= Update { valua base on NextState that i3 the result due to action that CurrentState has taken. =/

/7 To prevent agsnt to do the action that waste a time, we nead to chack weathar agent doesn't still in the same atate after
f taken & action if CurrentState egqual to NextState,it mean as if agent hasn't done anything -> it waste
) a vime 50 w2 give the negative reward te agsant.

i 1 ®f
if({CurrentState != NextState)
{
if[tlextsr.ate—mgenc_px — H:xcsr.ace—:-uinotaur_px h& Nex:Stane—:rMen:_x;Y = Nexr.sr.ace-:-!ﬁnnl:auz_p!’)
{
/*In case of NextZction is the state that Minotaur can reach agenc's position, we put agent to
update his action's ( valus base on (Q-learning eguation with raward's value equal o minimum reward
and Next3tate's maximum Quains =qual to zero, 3o learned valus= sgual To minimum reward.
§ L7
CurrentState-»Jvalue[Action] = ((:-alpha) * CurrentState->aQvalue{Acticn]) + ( alpha * minReward )
EpochEnd = true:
)
else if{NexcState->Agent pX = NextState-»Goal pX && Nexr.S:ar.e—-)Agen:ﬁpY == NextState->Goal_pY¥)
{
/*In case of Hexticoi 12 tha sctace that agent can raach goal positicn, wa pus BZART TC
updace his accticn's § value base on Q-learning equation with reward's valus equal to maximwrn reward
and NextState's maximum Qyaluys equal to zero, 3¢ learned valus equal to maximum reward
wf
CurrentState->{value[Acticn] = (( -alpha) * CurrentState->Qvalue[Action]) + ( alpha * maxReward ¥ia
EpochEnd = true;
H
else
{
/*In case of MextActicn is the state that agent neither reach goal position nor WIRRLEGT can rmach agent positioen,
wWe put agent to update his action’s ¢ value base on Q-learning egquaticn with learned value egual to
aipha * { gamma * NextState's maximum § valus} due To reward at state like this ecqual to zers .
' §
CurrentState->Qvalue [Action] = ((:-alpha) * CurrentState->@value[Action]) + (alpha * { gamma * NextState->getMaxGvalue()):
/¥ Change to naxt state and rap=at until reach the end of epocha.
L]
CurrentState = NextState;
}
}
/% In case ©f agent =till in the sam= sctate after aas caksn cthe action, We give the negacive reward (wasteReward) te agans.
&/
else
{
CurrentState->Quvalue (Action] = ((i-alpha) # CurrencScace->{value[Action]) + (alpha * wasteReward) :
H

}vwhile (! EpochEnd) ;

/= Start at begin stats again in neXT epoch.
it 4

CurrentState = StarlLState;

/*Update Hauriscic K
&f:
UpdateHeuriasticKnowledge () ;

/*Ch

nge i1 of probiam to higher Revel.

if(LevelOfProblem < HighestLevelOfFroblem)

& {
-3 ChangelevelOfProblem() ;
g ClearState();
(1] StartState = new state (CurrentFroblem):
i
else

break;

oW N ke
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4.1 NMnAags Epsilon Policy
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4.2 NMAavs Heuristic Algorithm

g

]

Fonhlsvhmmaaeslaglézuuvunmenalunsaassiomn 5 suuuu Taslunsveaes)

fEo2d

wldgUuuues Heuristic Algorithm 3 jUWuufe Rule Base, Max Sequence Base wazlsild
Heuristic Algorithm #a3gvin13meaes 10 AsuienIAafsvesduIuTau(epoch)ldlunsifiuds

N9DINAILINVBILAAL DA ND SN ULAGLUNLT

U 4.11 sUuansgUuuuYaueng (Besdfugduuy 12 3 9andheuu uag 4 5 ndhesng)

Msvnasasulagnsali Al Feujunuiizuuuud Lifeadsngisaeawuuiusineulaeiinng
T SouGsuuauizuiuui 1 9visvun 5 AsANBANAMIRANEIATBINY Nas 1 UNINTIuhAI 03T
luneaesldfuununzuuuui 2 wae 3 Tnemsieuianuauiigluoui 1 dufiFouldadedenle

@13 Rule Base Yuu1 26 U8 WAy Max Sequence Base 11 67 U8 wazldnasminisiedi 4.1

A13199 4.1 arsenansnanismaaasly Heuristic Algorithm wHungULUUR 1

LLNU‘?‘igULLUUﬁ Lail#ing Rule Base Max Seguence Base
2 280.913 79U 166.464 38U 245.897 59U
3 464.269 59U 399.556 79U 430.574 saU
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Tl iSoulasougineatrsReulvanuauizuiuui 2 Wuidu leelddeuludmiu

Rule Base uag Max Sequence Base 11 37 way 72 domuanulaglananisnaasvdsainiilaifis

Nouluisfund lananisei 4.2

9197 4.2 as1auansnanIsaaesld Heuristic Algorithm waufigluuud 2

LquﬁgULLUUﬁI Ladlaing Rule Base Max Sequence Base
5 458.904 s8u 333.269 j8U 369.694 98U
4 516.174 59U 260.303 58U S1L.901 Sau

&g v a v owa  ow oA =i = 2] g 9 o o w
yntuligSuulazeuiiieaifeulvainuauiiguuuud 3 iy Tegldieuludmsu

Rule Base uay Max Sequence Base 11 19 Uay 90 Tamuanulaglananisnaanandsaind Lo

Weuluiuduudrlannisned 4.3

A3197 4.3 srsudnsanisaaesld Heuristic Algorithm usufisuiuu 3

LLNuﬁgﬂLLUUVi Laileing Rule Base Max Sequence Base
4 508.87 sau 255.886 59U 261.481 savu
5 2440.77 59U 2109.32 59U 1824.99 sau

O vy vl v v o o = s oa oo ° o
nduliiFoulateugifeadesloulvanuauiguuuud 4 wisd Teeldideuludmsu

Rule Base Way Max Sequence Base 11 32 wag 90 damuasulaglananisnaasmdninilaii

Wouluiuduudlanensned 4.3

ANT97 4.4 as1eudRsHanITMaaasld Heuristic Algorithm unufigunuud 4

= =
WNUTIFULUUN

lallaing

Rule Base

Max Sequence Base

5

2473.61 39U
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