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Abstract- Pac-Man is a well-known, real-timecomputer
gamethat providesan interestingplatform for research.
This paper describesan initial approach to developing
an arti�cial agentthat replacesthe human to play a sim-
pli�ed version of Pac-Man. The agent is speci�ed as
a simple �nite state machine and ruleset, with param-
eters that control the probability of movement by the
agentgiven the constraints of the mazeat someinstant
of time. In contrast to previous approaches,the agent
representsa dynamic strategy for playing Pac-Man,
rather than a pre-programmed maze-solvingmethod.
The agent adaptively “lear ns” thr ough the application
of population-basedincremental learning (PBIL) to ad-
just the agents' parameters. Experimental results are
presentedthat give insight into someof the complexities
of the game,as well as highlighting the limitations and
dif�culties of the representationof the agent.

1 Intr oduction

Pac-Manis a well-known, real-timearcadecomputergame
originally developedby Toru Iwatanifor theNamcoCom-
pany in 1981.Differentversionsof thegamehavebeende-
velopedsubsequentlyfor alargenumberof homecomputer,
game-console,andhand-heldsystems.

The typical versionof Pac-Man is a one-playergame
wherethehumanplayermaneuversthePac-Mancharacter
arounda maze,attemptingto avoid four “ghost” characters
while eatingdotsinitially distributedthroughoutthemaze.
If Pac-Mancollideswith a ghost,he losesoneof his three
livesandplay resumeswith the ghostsreassignedto their
initial startinglocation (the “ghost cage” in the centreof
themaze).Four “power pills” areinitially positionednear
eachcornerof a maze:whenPac-Maneatsa power pill he
is able to turn the tablesandeat the ghostsfor a few sec-
ondsof time. The gameendswhenPac-Manhaslost all
(usually 3) of his lives. Figure 1 shows a screen-shotof
thestartingpositionof the�rst mazein thegame.Pac-Man
is a real-timecomputergamethat resemblesa simpli�ed
versionof many modern�rst-personenvironmentcomputer
games. That is, the gameis centeredaroundnavigating
theplayercharacterarounda semi-structuredworld, accu-
mulatingpoints,avoiding and(whenappropriate)attacking

Figure1: Thestartingpositionof thePac-Mangame,show-
ing themazestructure,Pac-Man(lower-center),powerpills
(largedots),dots(smalldots)andghosts(center).

non-playergamecharacters
�

. This kind of gamerequires
dynamiccontrol of the gameagentby the humanplayer
andinvolvestaskprioritization, planning,andrisk assess-
ment.While it is relatively easyfor ahumanto learnabasic
strategy for Pac-Man,thegamehascomplex aspectsthatal-
low thepossibilityof developingmoreintelligentstrategies
(in conjunctionwith otherskills suchashand-eyecoordina-
tion). It is alsoachallengefor apersonto describeprecisely
theirPac-Man-playingstrategy, or to representsucha strat-
egy formally (e.g.,asasetof rules).

Thispaperdescribesaninitial approachto developingan
arti�cial agentthat replacesthe humanplaying Pac-Man.
For this work, the gamehasbeensigni�cantly simpli�ed
to having only a singleghost,dotsandthe Pac-Managent
presentin the mazes. The agentis speci�ed as a simple
�nite statemachineandruleset,with parametersthatspec-
ify the statetransitionand the probabilitiesof movement
accordingto eachrule. Section2 providesan overview of
previous work relevant to Pac-ManandAI gameplaying,

�

Alternatively, othergamecharactersmight becontrolledby otherhu-
manplayersin amulti-playersetting.



while Section3 describesthe evolutionary, rule-basedap-
proachtaken in this paper. Someexperimentaldetailsare
discussedin Section4. Resultsarepresentedin Section5,
andSection6 providesa summaryandsomediscussionof
possiblefuturework.

2 Arti�cial Intelligence Approaches to Pac-
Man

A relatively small amountof previous researchhas been
donetowardtheapplicationof arti�cial intelligenceto Pac-
Manor similargames.Koza[7] andRosca[9] usePac-Man
asanexampleproblemdomainto studytheeffectivenessof
geneticprogrammingfor taskprioritization.Theirapproach
relieson a setof prede�nedcontrol primitivesfor percep-
tion, actionandprogramcontrol(e.g.,advancetheagenton
theshortestpathto thenearestuneatenpowerpill). Thepro-
gramsproducedrepresentproceduresthatsolve mazesof a
given structure,resultingin a sequenceof primitives that
arefollowed. GeneticProgramminghasalsobeenapplied
to thecomputergameTron[3], wherecoevolutionwasused
to produceagentsthatlearnstrategiesby playinghumanop-
ponentsover theinternet.

Gugler [5] describes“Pac-Tape”, a project which at-
temptedto producea self-playingPac-Manbasedon the
original Pac-Manarcadegameemulatedon a desktopPC.
The approachappearsto be basedon brute force search,
but is not describedor tested.Lawrence[8] builds on the
Pac-Tapework, but appliesa geneticalgorithm to evolve
a stringof directions(north,south,east,west)to traversea
maze.Theaimwasto evolveinterestingpatternsfor solving
particularmazes.Unfortunately, successwaslimited, per-
hapsdueto unfavourableinteractionsbetweenthe genetic
operators(esp.crossover)andtherepresentationused.

KalyanpurandSimon[6] usea geneticalgorithmto try
to improve the strategy of the ghostsin a Pac-Man-like
game.Herethesolutionproducedis alsoa list of directions
to betraversed.A neuralnetwork is usedto determinesuit-
ablecrossover andmutationratesfrom experimentaldata.
Finally, De BonetandStauffer [2] describea projectusing
reinforcementlearningto developstrategiessimultaneously
for Pac-Manandtheghosts,by startingwith asmall,simple
mazestructureandgraduallyaddingcomplexity.

The aim of our researchis to investigatetechniquesto
develop an adaptive agentthat learnsinductively to play
Pac-Man. Our approachis aimedat producingagentsthat
can learn basedonly on the information that is available
to a humanplaying the game(or quantitiesthat a human
couldconceivably estimatein real-time). In particular, the
agentshouldnotbeableto exploit internalknowledgeabout
the game(e.g, the programmedbehaviour of the ghosts)-
the(software)agentshouldbeconsideredexternalfrom the
gamesoftware. Furthermore,this agentshouldlearngen-

eralizablestrategiesfor goodgameplay, basednot on the
exactstructureof a givenmazebut ratheron moregeneral
principlesof goodstrategiesto playPac-Man.

3 Designing an Arti�cially Intelligent Agent
that learns to play Pac-Man Inducti vely

Pac-Manis a simple gameto describeand play. Human
playershave little dif�culty in learningthebasicsof game
play, which are to obtain as many points as possible(by
clearingmazesof dotsandeatingpower pills andghosts),
whilst avoiding theghosts.However thereis not obviously
onecorrectwayof specifyingsuchastrategy precisely, per-
hapsbecauseit is largely basedon perceptionof thevisual
presentationof thegameandits dynamicsin time.

Moving beyondthis basicapproachmakesclearthefull
complexity of thegamedomain.A largepoint incentive is
providedfor eatingpowerpills, followedby eatingghostsin
thefew secondsthatthepowerpill remainseffective,but the
ghostsgenerallytry to retreatfrom Pac-Manin this time to
avoid beingeaten.Thusaneffectivestrategy might involve
attractingghoststo the areaof the mazeneara power pill
beforeeatingit. The ghostsmovementsaredependenton
eachotherandtypically containanelementof randomness,
makingit dif�cult to predicttheirbehaviourandplanaround
it.

Our approachhere is to initially remove much of the
complexity from thegameto seeif it is possibleto produce
aneffectiveagentin a simpli�ed Pac-Manenvironment.In
the experimentsdiscussedbelow, only the dotsanda sin-
gle ghostarepresentin a mazewith Pac-Man. While this
clearlyremovesseveralinterestingaspectsof game-play,we
believe that what remains(learningto avoid the ghostand
perhapsto includerandomexploration)is still a fundamen-
tal aspectof thefull Pac-Mangame.

We were motivatedto begin by using a simple, trans-
parentrepresentationfor the agent. A representationthat
waspotentiallycapableof capturingthegeneralaspectsof
a basichumanstrategy providesa goodplatformon which
to testthe feasibility of usingan evolutionaryapproachto
learning,aswell asservingasa benchmarkfor comparing
futurework. It wasalsointerestingto testif theevolutionary
algorithmwouldgenerateanagentwith anobviousstrategy.
Theseconsiderationsleadto theagentbeingrepresentedas
a two-state�nite statemachine,with a setof probabilistic
rulesfor eachstatethatcontrol themovementof theagent.
At any giventime,thestateof theagentis determinedby the
distancebetweenPac-Manandtheghost.If this distanceis
greaterthansomegiven value, �

� , the agentis in the Ex-
plore state,while if the distanceis lessthan �

� , the agent
switchesto theRetreatstate.

A humanplayer is able to seethe entire mazeduring
gameplay, but dynamicallyis usuallyfocusingtheir atten-



tion primarily on the immediateareaof the mazewhere
Pac-Manis currentlylocated.Planninga long sequenceof
movesin advancewould not only beverydif�cult for a hu-
man,but also ineffective, sincethe dynamicsof the game
wouldbelikely to makesuchastrategy poorandirrelevant.
Our initial approachfor anarti�cial Pac-Managentis there-
fore to view play asa smallnumberof possibleturn types,
togetherwith basicglobal informationsuchastheposition
andmovementof the ghost. Figure2 categorizesthe en-
tire mazein termsof turntypes,includingstraightcorridors.
Notethattherepresentationusedbelow considersturntypes
from thecurrentorientationof Pac-Man,so that the “true”
orientationof a turn typedoesnot needto bedirectly con-
sidered(e.g.,verticalversushorizontalcorridors).

Figure2: The �rst Pac-Manmazein termsof turn types.
Sometypesaremorecommonthanothers.

At eachtimestep(tick) of thegame,theagentis located
in an instanceof a certainturn-type,andneedsto produce
an outputthat becomesthe currentdirectionof movement
for Pac-Man.Dependingon theturn-typeof thecurrentpo-
sition (corridor, L-turn, T-junction, intersection),thereare
anumberof differentfeasibledirectionsto move,including
maintainingthecurrentdirection(but excludingrunningdi-
rectly into walls). In the Explorestate,a probabilisticde-
cision is madeto chooseoneof the feasibledirectionsde-
pendingon the turn type. As a result,Pac-Manis able to
explorethemazein a pseudo-randomfashion.Exploration
doesnot useany othergameinformationto determinethe
agent's output. In the Retreatstate,the agentadditionally
considersthelocationof theghostto determinetheoutput.
This resultsin the needto considera numberof possible
turn-typeand ghostposition combinations. We classi�ed
theghost'spositionasbeingeitherforward,back,left, right,
forward-left,forward-right,back-left,or back-rightrelative

Agent()
�

while (gameis in play)
currentdistance= Distance(pacman,ghost)
if currentdistance���

� then
Explore

else
Retreat

end
�

Explore()
�

switch(turntype)
�

case“corridor”
newdir = Random(P,prevdir,turntype)

case“L-turn”
newdir = Random(P,prevdir,turntype)

case“T-turn”
newdir = Random(P,prevdir,turntype,orientation)

case“Intersection”
newdir = Random(P,prevdir,turntype)

�

�

Retreat()
�

switch(turntype)
�

case“corridor”
newdir = Random(P,prevdir,turntype,ghostpos)

case“L-turn”
newdir = Random(P,prevdir,turntype,orientation,ghostpos)

case“T-turn”
newdir = Random(P,prevdir,turntype,orientation,ghostpos)

case“Intersection”
newdir = Random(P,prevdir,turntype,ghostpos)

�

�

Figure3: Pseudo-codefor thePac-Managentstrategy.



to Pac-Man. Note that the �rst four classi�cationsarede-
terminedusingonly onecoordinatedimension.For exam-
ple, if Pac-Manis currentlyfacingnorth(up)on thescreen,
theghostwould beclassi�ed asbeing“back” if its current
y-coordinateis less than Pac-Man's currenty-coordinate.
Adding the�nal four classi�cationsareonewayof re�ning
this information. For the sameexample(Pac-Manfacing
north),theghost's locationwill beclassi�edasfollows:

� back if
�������	��

��� ���������������

and
�������	��
����

����� ����� � �
� back-left/left-back if

�!��������
 � �"����������� � �
and�������	��
 � �#�$��� ����� � �

� back-right/right-back if
�!��������
 � �%�$��� ����� � �

and�������	��
 �'& �$��� ����� � �
� forward if

�!��������
�� & ����� ���������
and

�!��������
��(�
����� ����� � �

� forward-left/left-f orward if
�������	��
 � & �$��� ����� � �

and
�!��������
 � �)�$��� ����� � �

� forward-right/right-f orward if�������	��
�� & �������*�������
and

�������	��
�� & ���������������
� left if

�������	��

� � ����� ���������
and

�������	��
�� �
����� ����� � �

� right if
�!��������
 � � ����� ����� � �

and
�������	��
 � &

����� ����� � �

Note alsothat, for example,back-left is equivalentto left-
backasindicatedin theabove. Unfortunately, having eight
classesfor thepositionof theghostfor eachturn-typemeans
that the ruleset(and the numberof parameters)also gets
larger. Hencein our implementation,eight classeswere
usedto classifythe ghost's positionfor intersections,with
only the�rst four classesusedfor otherturn-types.Pseudo-
codefor theagent'sstrategy is shown in Figure3.

Implementationof theagentbasedon thespeci�cations
aboveleadsto a totalof 85adjustableparameters,collected
into aparametervector + �,�

�

�.-�/�/0/�- �$132 � , thatcontrolsthe
agent'sbehaviour. A sub-componentof + is usedto decide
Pac-Man'scurrent(new) directionof movement,depending
on the previous direction (prevdir), turn type, orientation,
and(in retreatmode)theghost's location. Parameter�

� is
the distancevalueat which the agentshifts from Explore
to Retreat(andvice-versa),calculatedasthedirect(i.e., ig-
noring mazewalls) ManhattandistancebetweenPac-Man
andtheghost.All otherparametersof Pareprobabilityval-
ues, 465 �87 5:9 -
; �=< -�/�/0/ -
>	? . Table1 givesa complete
speci�cationof thesevalues.

Parameter Description
�

� Distanceto ghost
Explore:

�$@�A8B Corridor: forward,backward
��C0A 2 L-turn: forward,backward
�$D�A 1 T-turn (a)approachcentre
�$E A

� � T-turn (b) approachleft
�

�

@ A
�

C T-turn (c) approachright
�

�

2 A
�

1 Intersection
Retreat:

�

�

E AF@�G Corridor: ghostforward
� @

�

AF@
@ Corridor: ghostbehind
�
@3B AF@�C L-turn: ghostforward

�
@ 2 AF@
D L-turn: ghostbehind

�
@3H AF@ E T-turn (a): ghostbehind

�
B
G�AFB
@ T-turn (b): ghostbehind

�
B3B AFB 2 T-turn (c): ghostbehind

�
B3D AFB 1 T-turn (a): ghoston left

�$B E A8C
� T-turn (b): ghoston left

��CI@ A8C
C T-turn (a): ghoston right
��C 2 A8C3H T-turn (b): ghostonright
��C 1 A 2 G T-turn (b): ghostforward
� 2

�

A 2 B T-turn (c): ghostforward
� 2 C�A 2 H Intersection: ghostforward
�$231 AFD

� Intersection: ghostbehind
�
D3@ AFD 2 Intersection: ghostleft

�
D3D AFD E Intersection: ghostright

�
H
G�AFH
B Intersection: ghostforward/left

�
H
C�AFH
H Intersection: ghostforward/right

�
H 1 A 1

� Intersection: ghostbehind/left
�$1 @ A 1
2 Intersection: ghostbehind/right

Table1: Descriptionof parametervaluesusedin the Pac-
Managentandtheir usage.



4 Simulation Methodology

4.1 FitnessFunction

For our simpli�ed Pac-Mangame,a �tness function was
developedbasedprimarily on the scoreobtainedby Pac-
Man. Theonly way to scorepointsin this simpli�ed game
is to eatdotsfrom themaze,andsincethereis a �x edinitial
numberof dotsin a maze,themaximumpossiblescorefor
eachmazeis known a priori . It was consideredthat the
timePac-Manmanagesto surviveshouldalsobea factorin
the �tness function. Note however that therealsoexists a
possibility that Pac-Manmay successfullyavoid the ghost
inde�nitely, but fail to clearthe mazeof dots. Becauseof
this a term wasaddedto reward the time survivedby Pac-
Man, but imposinga pre-chosenlimit on this factor. The
�tness functionusedis:� ���� �������

�3� �
	�� � ���
����������3� ��	
� � ��������� ��� ��� 

� ��� � �������������
�� ��� � ������� - 9�� (1)

The scoreandtime factorsin the �tness function arenor-
malizedby their maximum(respectively, known andcho-
sen)valuesfor eachlevel. Hence,themaximum�tness for
eachlevel is 2.

The movementof the ghost in the gamehas a small
amount of randomness,and the agent developed above
clearly producesstochasticmovementfor Pac-Man. As a
consequence,the �tness valueof eachgamegiven a �x ed
+ will alsobe stochastic.In sucha situationit is typical
to conductrepeatedevaluationsof the�tness functionwith
a givenparameterset,andproduceanaverage�tness value
to beusedby theevolutionaryalgorithm.In thesimulations
below, 10gameswereplayedperaverage�tnessevaluation.
RecallthatPac-Manhasthreelivesin agame,meaningthat
Pac-Man“runs” in themaze30 timesfor each�tness eval-
uationusedin theEA.

4.2 Algorithm

The algorithmusedto learn the parametersof an agentis
an implementationof population-basedincrementallearn-
ing (PBIL) for continuoussearchspaces[1, 10, 11]. PBIL
replacestheconventionalgeneticoperatorsof mutationand
recombinationwith a probability vector, which is usedto
generateeachpopulationandis updatedvia a learningrule
basedon the single best individual in the currentpopula-
tion. Eachcomponentof the probability vectorrepresents
themeanof a Gaussiandistribution. In our experimentsthe
populationsizewassetto 25(computationaltimeprevented
alargervalue).For thestandarddeviationsof theGaussians
and the PBIL learningrateparameter, � , several different
valuesweretested.Note that for � � 9 , this algorithmis
equivalentto a simple

� 9 -�� � evolution strategy with a con-
stantstandarddeviationvaluefor all variables[4].

Vector Mean Std.Dev. Min. Max.

+�� � 0.215 0.080 0.104 0.511
+ � @ 0.613 0.316 0.187 1.699
+�� B 1.372 0.522 0.276 2.062

Table2: Resultsfor hand-codedparametervectorstested,
summarizing�tness valuesfrom 50 gameswith eachpa-
rametervector.

The probability vector was initialized with �

�

� 9 ?
- this value �

� chosensuch that the agentinitially spent
roughly equalamountsof time in the ExploreandRetreat
states.�

� wasallowed to evolve asa continuousvalue,al-
thoughthe ManhattandistancebetweenPac-Manand the
ghostis integer-valued. The remainingparametersrepre-
sentedprobabilitiesfor subsetsof variables,so they were
initializedwith uniformprobabilityfor eachfeasibleoutput
directionof the agent(e.g. �8@�A8B � 4 / ? , �

�

2 A
�

1 � 4 / < ? ).
Theseparameterswerere-normalizedafterbeingupdatedat
eachgenerationby thePBIL learningrule. NotethatPBIL
evolvesaprobabilisticmodelof thesearchspacewhichcon-
vergestowardsa locally or globally optimal value. In this
paperwe interpretthe probability vector learntby the al-
gorithm as the realizationof our evolved “agent”, and a
population-basedsearchis usedto performthis task.

5 Results

5.1 Hand-codedAgent Parameters

A featureof the agentimplementationdescribedabove is
thatit is transparent:eachparameterhasa clearfunctionin
thecontrolof theoutputof theagent.It is thereforepossible
to experimentwith anagentof hand-codedparameters.The
rulesetsallow for basicexploreandretreatbehaviour only,
so the hand-codedparameterswerechosento try andpro-
duceanagentwith theability to explorethemazewidely in
the “Explore” state,andto retreatfrom the ghostto avoid
beingeatenin the“Retreat”state.Resultsfor thedifferent
hand-codedparametervectorstestedareshown in Table2.

Consider�rstly an agent, +�� � , with equalprobabilities
assignedto eachparameterin eachrelevant subsetof val-
ues.Thebehaviour of this agentwasobservedto behighly
erratic, becauseequalprobabilitiesmeanthat Pac-Manis
just aslikely to reversehis directionat any point in time as
heis to chooseany otherfeasibledirection.As a result,the
movementof Pac-Manis dominatedby oscillations(e.g.,
forwards-backwardsin acorridor)aroundthecurrentpoint.
This is re�ectedin thelow �tness valuesobservedfor agent
+ � � in Table2.

For the next parametervector tested( + � @ ), in the Ex-
plorestatea lowerprobabilitywasassignedto reversingthe
currentdirection,with probabilitiesfor all otherfeasibledi-



rectionsassigneduniformly (e.g.for acorridorto movefor-
wardsandbackwardsrespectively, � @ � 4 / >�- � B � 4 / < ; for
anintersectionto move forwards,backwards,left andright
respectively �

�

2 � �

H � �

1 � 4 / � - �

�

D � 4 / 9 ). For the Retreat
state,zeroprobabilitywasassignedto thedirectionthatled
to the ghost,with all otherfeasibleoptionsgiven uniform
probability. Thisagenthadreducedoscillationsin its move-
mentandwasobservedto have someability to retreatfrom
the ghostover “chase”sequencesof turns(seeTable2 for
results).However, theagentonly occasionallycomesclose
to clearingamaze(surviving longenoughto doso)andstill
containsa harmfuldegreeof oscillationin its output.

Finally, a parametervector( +�� B ) wastestedthatre�ned
+ � @ by having very low probabilityvaluesfor reversingthe
currentdirection. For example,for a corridor to move for-
wardsandbackwardsrespectively, � @ � 4 / ����- �$B � 4 / 4�9 ;
for an intersectionto move forwards,backwards,left and
right respectively �

�

2 � �

H � �

1 � 4 / ��� - �

�

D � 4 / 4�9 ). This agent
producedimproved behaviour (Table2), typically coming
closeto clearingthemazeandoccasionallydoingso(6 out
of the 50 trials produced�tness valuesabove 2.0). More
importantly(sincetheExplorestatefor theagentdoesnot
have any knowledgeof the dots in the maze),the agentis
ableto evadetheghostfor long periodsof time, dueto the
Retreatstate.Nevertheless,the limitationsof theagentbe-
cameclear from observingthe performanceof this agent.
The rulesetdecidesthe move direction basedon the cur-
rentlocationonly. In retreatmode,thepositionof theghost
is consideredbut only crudelymeasured.As an example,
considera situationwherePac-Manis locatedat oneof the
extremecornersof themaze(ref. Figure1 or Figure2). For
say, the top-right corner, the ghostwill usuallybe moving
towardsPac-Manfrom a below-left position. Becauseof
the limited way that theagentconsidersthepositionof the
ghost,moving left is undesirablebecausetheghostis to the
left, but moving downward is alsoundesirablebecausethe
ghostis alsodownward. Oscillationresults,until theghost
becomesvery closeto Pac-Man.Othersituationsallow the
agentto becapturedby theghostbecauseequiprobableal-
ternativesfor retreatingcanleadto oscillatorybehaviour.

5.2 PBIL-evolvedAgent

Figure4 shows theresultof thePBIL algorithmevolving a
Pac-Managentparametervector, in termsof theminimum,
mean,andmaximum�tness valuesin thepopulationdistri-
bution. Althoughthegamecodewasmodi�ed to makeplay
as fastaspossible,250 gamesareplayedin eachgenera-
tion of the algorithm(populationof 25, 10 gamesper �t-
nessevaluation),meaningseveral daysof simulationtime.
For this experiment,a standarddeviation of 0.01wasused
for all parametersexcept�

� , whichusedavalueof 1.0,and
thelearningratewas � � 4 / 4 ? . Themeanof thepopulation
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Figure4: Evolution of theminimum(crosses),mean(line)
and maximum (dots) �tness valuesin the populationfor
PBIL with � � 4 / 4 ? .

shows a smoothlearningcurve comparedto otherstandard
deviation/learningrate valuesthat we experimentedwith.
After 722 generationsthe populationmeanis around0.8,
which is betterthanour hand-codedparametersets+ � and
+ @ but below theperformanceof + B . We wereinterestedin
thein�uence of thePBIL learningrateon theresultsof the
algorithm. Figure5 shows the resultof a differentexperi-
ment,with � � 9 / 4 (note that lessgenerationshave been
performed).This is equivalentto a

� 9 - < ? � -evolution strat-
egy. It is evident that this algorithmis ableto initially pro-
vide morerapid improvementin �tness, but after approxi-
mately100 generationsprogressis muchmorenoisy than
that of Figure4. In preliminaryexperimentswe observed
that a larger standarddeviation valuehada similar effect.
Theresultssuggestthata kind of annealingschemefor ei-
ther of theseparametersmay allow the algorithm to con-
verge morereliably. Overall the performanceof the algo-
rithmswith differentlearningratesis similar in termsof the
kind of �tness valuesobtainedduring learning. The prob-
ability vectorsproducedby the the two algorithmsin the
experimentsabove wereexaminedmanually. Many of the
parametersappearedto beconverging towardsvaluessimi-
lar to the hand-codedstrategy +�� B above. It is clear from
the resultsshown in Figures4 and 5 that the probability
vectoris still subjectto signi�cant perturbation,makingit
dif�cult to interpretwithout extendingtheexperimentover
moregenerations.

6 Discussion

This paperhasdevelopedan approachto constructingan
arti�cial agentthat learnsto play a simpli�ed versionof
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Figure5: Evolution of theminimum(crosses),mean(line)
and maximum (dots) �tness valuesin the populationfor
PBIL with learningrate= 1.0(i.e. (1,25)-ES).

Pac-Man.Theagentis speci�ed asa simplestatemachine
andparameterizedruleset,with thePBIL algorithmusedto
learnsuitablevaluesfor theseparameters.Hand-codedpa-
rameterswerealsotested.

The resultshighlight the limitations of the representa-
tion usedaswell assomeof thecomplexities of thegame,
evenin thehighlysimpli�ed form consideredin theseexper-
iments. The rulesetcould certainlybe improvedgiven the
dif�culties observedin our simulations.For example,con-
sidering8 classi�cationsfor the ghost's position for each
turn type (Section3 shouldreducethe problemsobserved
in Section5.1. This would however necessarilyresult in a
larger ruleset.The representationalsohasredundanciesin
thewaythatprobabilityvaluesarerepresented(e.g.replace

�$B by
� 9 �

�$@ � . Nevertheless,the representationseemsto
have seriouslimitationsfor scalingup the“intelligence” of
the agent. This may result in a very high dimensionalop-
timizationproblemwhich would requirea largeamountof
computationtime to allow enoughgenerationsfor thealgo-
rithm to producea goodresult. Given the complexities of
the full gamecomparedto the versionconsideredhere,it
seemsthatextendingona ruleset-basedrepresentationmay
bedif�cult andimpractical.

Themethodologyusedin this paperis a �rst attemptat
this problemandthereareseveralfactorsthatmight beim-
proved.Firstly, it is clearthatthedifferentstrategies(hand-
codedandlearned)usedin this paperdo not comecloseto
capturingthevarietyof possibleeffectivestrategiesusedby
humansin thefull Pac-Mangame.We hypothesizethatthe
basicexplore/retreatapproachis likely to have a role in an
effective strategy for the full Pac-Mangame,but this has
not beenveri�ed. Secondly, our decisionto usean agent

thatcanconsideronly “localized” informationof thegame
is a factorthat deservesfurther consideration.Finally, the
�tness function usedis basedon both scoreachieved and
time taken. The impactof the time factoron our resultsis
not clear and it may be possibleto remove this from the
�tness functionwith noadverseeffects.

Nevertheless,we believe that the approachtaken here
couldbeusefulasabenchmarkin consideringdifferentrep-
resentationsandapproachesto evolving a Pac-Manplaying
agent. It is expectedthat future work would needto be
ableto improve on the performance(�tness) of the agent.
However it will also be interestingto comparethe com-
plexity (dimensionality, interpretability, computationalre-
quirements)of alternativeapproaches,to therule-basedap-
proachdevelopedabove.Finally, weconjecturethatgeneral
aspectsof the approachtaken hereto developingan adap-
tive agentfor Pac-Manmay eventually leadto techniques
thatcanbeappliedsuccessfullyto otherreal-timecomputer
games.
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