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Abstract- Pac-Man is a well-known, real-time computer
gamethat providesan interestingplatform for reseach.
This paper describesan initial approachto developing
an arti cial agentthat replaceshe human to play a sim-
plied version of Pac-Man. The agentis specied 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-basedincrementallearning (PBIL) to ad-
just the agents' parameters. Experimental resultsare
presentedhat give insight into someof the complexities
of the game, aswell as highlighting the limitations and
dif culties of the representationof the agent.

1 Intr oduction

Pac-Manis awell-known, real-timearcadecomputergame
originally developedby Toru Iwatanifor the NamcoCom-
pary in 1981.Differentversionsof thegamehave beende-
velopedsubsequentlfor alargenumberof homecomputey
game-consolgndhand-heldsystems.

The typical versionof Pac-Manis a one-playergame
wherethe humanplayermaneuersthe Pac-Mancharacter
arounda maze attemptingto avoid four “ghost” characters
while eatingdotsinitially distributedthroughoutthe maze.
If Pac-Mancollideswith a ghost,helosesoneof his three
livesand play resumeswith the ghostsreassignedo their
initial startinglocation (the “ghost cage”in the centreof
the maze). Four “power pills” areinitially positionednear
eachcornerof amaze:whenPac-Maneatsa power pill he
is ableto turn the tablesand eatthe ghostsfor a few sec-
ondsof time. The gameendswhen Pac-Manhaslost all
(usually 3) of his lives. Figure 1 shavs a screen-shoof
the startingpositionof the rst mazein thegame.Pac-Man
is a real-time computergamethat resemblesa simpli ed
versionof mary modern rst-personenvironmentcomputer
games. That is, the gameis centeredaroundnavigating
the player charactelarounda semi-structureavorld, accu-
mulatingpoints,avoiding and(whenappropriate pttacking

Figurel: Thestartingpositionof the Pac-Mangame show-
ing themazestructure Pac-Man(lower-center) power pills
(largedots),dots(smalldots)andghostgcenter).

non-playergamecharacters. This kind of gamerequires
dynamiccontrol of the gameagentby the humanplayer
andinvolvestask prioritization, planning,andrisk assess-
ment.While it is relatively easyfor ahumanto learnabasic
stratgyy for Pac-Man thegamehascomplex aspectshatal-
low the possibility of developingmoreintelligentstrategies
(in conjunctionwith otherskills suchashand-ge coordina-
tion). It is alsoachallengdor a persorto describeprecisely
their Pac-Man-playingstrateyy, or to represensucha strat-
egy formally (e.g.,asasetof rules).
Thispaperdescribesninitial approacho developingan
arti cial agentthat replacesthe humanplaying Pac-Man.
For this work, the gamehasbeensigni cantly simpli ed
to having only a single ghost,dotsandthe Pac-Managent
presentin the mazes. The agentis speci ed asa simple
nite statemachineandruleset,with parametershatspec-
ify the statetransitionand the probabilitiesof movement
accordingto eachrule. Section2 providesan overview of
previous work relevantto Pac-Manand Al gameplaying,

Alternatively, othergamecharactersnight be controlledby otherhu-
manplayersin amulti-playersetting.



while Section3 describeghe evolutionary rule-basedap-
proachtakenin this paper Someexperimentaldetailsare
discussedn Sectiond. Resultsarepresentedn Section5,
andSection6 providesa summaryandsomediscussiorof
possiblefuturework.

2 Arti cial
Man

Intelligence Approachesto Pac-

A relatively small amountof previous researchhasbeen
donetowardthe applicationof arti cial intelligenceto Pac-
Manor similargamesKoza[7] andRoscd9] usePac-Man
asanexampleproblemdomainto studythe effectivenes®of
geneticprogrammingdor taskprioritization. Theirapproach
relieson a setof prede nedcontrol primitivesfor percep-
tion, actionandprogramcontrol(e.g.,advancetheagenton
theshortespathto thenearestineaterpower pill). Thepro-
gramsproducedepresenprocedureshat solve mazesf a
given structure,resultingin a sequencef primitivesthat
arefollowed. GeneticProgramminghasalsobeenapplied
to thecomputeigameTron[3], wherecoevolutionwasused
to produceagentghatlearnstrateiesby playinghumanop-
ponentovertheinternet.

Gugler [5] describes‘Pac-Tape”, a project which at-
temptedto producea self-playing Pac-Manbasedon the
original Pac-Manarcadegameemulatedon a desktopPC.
The approachappeargo be basedon brute force search,
but is not describedor tested. Lawrence[8] builds on the
Pac-Tapework, but appliesa geneticalgorithmto evolve
a string of directions(north, south,east,west)to traversea
maze.Theaimwasto evolveinterestingoatterndor solving
particularmazes.Unfortunately successvaslimited, per
hapsdueto unfavourableinteractionsbetweenthe genetic
operatorgesp.cross@er) andtherepresentationsed.

KalyanpurandSimon[6] usea geneticalgorithmto try
to improve the stratgyy of the ghostsin a Pac-Man-like
game.Herethesolutionproduceds alsoallist of directions
to betraversed. A neuralnetwork is usedto determinesuit-
able crosswer and mutationratesfrom experimentaldata.
Finally, De Bonetand Staufer [2] describea projectusing
reinforcementearningto developstratgjiessimultaneously
for Pac-Manandtheghostspy startingwith asmall,simple
mazestructureandgraduallyaddingcompleity.

The aim of our researchis to investigatetechniquego
develop an adaptie agentthat learnsinductively to play
Pac-Man. Our approachs aimedat producingagentsthat
can learn basedonly on the information that is available
to a humanplaying the game(or quantitiesthat a human
could concevably estimatein real-time). In particulat the
agentshouldnotbeableto exploit internalknowledgeabout
the game(e.g, the programmedehaiour of the ghosts)-
the (software)agentshouldbe considereaxternalfrom the
gamesoftware. Furthermorethis agentshouldlearngen-

eralizablestratgiesfor good gameplay, basednot on the
exactstructureof a givenmazebut ratheron moregeneral
principlesof goodstratgiesto play Pac-Man.

3 Designing an Arti cially Intelligent Agent
that learnsto play Pac-Man Inductively

Pac-Manis a simple gameto describeand play. Human
playershave little dif culty in learningthe basicsof game
play, which areto obtainas mary points as possible(by
clearingmazesof dotsandeatingpower pills andghosts),
whilst avoiding the ghosts.However thereis not obviously
onecorrectway of specifyingsucha stratgyy precisely per
hapsbecausst is largely basedon perceptiorof the visual
presentatiomf the gameandits dynamicsn time.

Moving beyondthis basicapproachmakesclearthefull
compleity of thegamedomain. A large pointincentive is
providedfor eatingpower pills, followedby eatingghostsn
thefew secondshatthepower pill remainseffective, but the
ghostsgenerallytry to retreatfrom Pac-Manin this time to
avoid beingeaten.Thusan effective stratgy mightinvolve
attractingghoststo the areaof the mazeneara power pill
beforeeatingit. The ghostsmovementsare dependenbn
eachotherandtypically containanelementof randomness,
makingit dif cult to predicttheirbehaiourandplanaround
it.

Our approachhereis to initially remove much of the
compleity from the gameto seeif it is possibleto produce
an effective agentin a simpli ed Pac-Manervironment.In
the experimentsdiscussedelow, only the dotsanda sin-
gle ghostare presentin a mazewith Pac-Man. While this
clearlyremovesseveralinterestingaspect®f game-playwe
believe that what remains(learningto avoid the ghostand
perhapgo includerandomexploration)is still afundamen-
tal aspecof thefull Pac-Mangame.

We were motivatedto begin by using a simple, trans-
parentrepresentatioffior the agent. A representationhat
waspotentially capableof capturingthe generalaspectof
a basichumanstrateyy providesa goodplatform on which
to testthe feasibility of usingan evolutionary approacho
learning,aswell asservingasa benchmarlfor comparing
futurework. It wasalsointerestingo testif theevolutionary
algorithmwould generat@anagentwith anobviousstratayy.
Theseconsiderationteadto the agentbeingrepresenteds
a two-state nite statemachine with a setof probabilistic
rulesfor eachstatethatcontrolthe movementof the agent.
At ary giventime, thestateof theagentis determinedy the
distancebetweerPac-Manandthe ghost.If this distances
greaterthan somegivenvalue, , the agentis in the Ex-
plore state,while if the distanceis lessthan , the agent
switchegto the Retreatstate.

A humanplayeris ableto seethe entire mazeduring
gameplay, but dynamicallyis usuallyfocusingtheir atten-



tion primarily on the immediateareaof the mazewhere
Pac-Manis currentlylocated. Planninga long sequencef

movesin advancewould not only bevery dif cult for ahu-
man, but alsoineffective, sincethe dynamicsof the game
would belikely to make sucha stratgyy poorandirrelevant.
Ourinitial approacHor anarti cial Pac-Managents there-
fore to view play asa smallnumberof possibleturn types,
togetherwith basicglobalinformationsuchasthe position
and movementof the ghost. Figure 2 categyorizesthe en-
tire mazein termsof turntypes,includingstraightcorridors.
Notethattherepresentationsedbelonr considergurntypes
from the currentorientationof Pac-Man,so thatthe “true”

orientationof a turn type doesnot needto be directly con-
sidered(e.qg.,verticalversushorizontalcorridors).
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Figure2: The rst Pac-Manmazein termsof turn types.
Sometypesaremorecommonthanothers.

At eachtime step(tick) of thegame theagentis located
in aninstanceof a certainturn-type,andneedsto produce
an outputthat becomeghe currentdirection of movement
for Pac-Man.Dependingon theturn-typeof thecurrentpo-
sition (corridor, L-turn, T-junction, intersection) thereare
anumberof differentfeasibledirectionsto move,including
maintainingthe currentdirection(but excludingrunningdi-
rectly into walls). In the Explore state,a probabilisticde-
cisionis madeto chooseone of the feasibledirectionsde-
pendingon the turn type. As a result, Pac-Manis ableto
explorethe mazein a pseudo-randorfashion.Exploration
doesnot useary othergameinformationto determinethe
agents output. In the Retreatstate,the agentadditionally
considerghe locationof the ghostto determinethe output.
This resultsin the needto considera numberof possible
turn-type and ghostposition combinations. We classi ed
theghostspositionasbeingeitherforward,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(fprevdir,turntype)
case‘L-turn”
newdir = Random(Bprevdir,turntype)
caseT-turn”
newdir = Random(fprevdir,turntype,orientation)
case‘Intersection”
newdir = Random(Bprevdir,turntype)

Retreat()
switch(turntype)
case'corridor”
newdir = Random(Bprevdir,turntype,ghostpos)
case‘L-turn”
newdir = Random(Bprevdir,turntype,orientation,ghostpos)
caseT-turn”
newdir = Random(Bprevdir,turntype,orientation,ghostpos)
cas€'Intersection”
newdir = Random(Bprevdir,turntype,ghostpos)

Figure3: Pseudo-codéor the Pac-Managentstratayy.



to Pac-Man. Note thatthe rst four classi cationsarede-
terminedusingonly onecoordinatedimension. For exam-
ple,if Pac-Manis currentlyfacingnorth (up) onthescreen,
the ghostwould be classi ed asbeing“back” if its current
y-coordinateis lessthan Pac-Mans currenty-coordinate.
Addingthe nal four classi cationsareoneway of re ning
this information. For the sameexample (Pac-Manfacing
north),the ghosts locationwill beclassi edasfollows:

e back if (ghost, < pacman,) and (ghost, =
pacman, )

e back-left/left-back if (ghost, < pacman,) and
(ghost, < pacman,)

e back-right/right-back if (ghost, < pacman,) and
(ghost, > pacman,)

e forward if (ghost, > pacmany) and (ghost, =
pacman, )

o forward-left/left-f orward if (ghost, > pacman,)
and(ghost, < pacman,)

o forward-right/right-f orward if
(ghost, > pacman,) and(ghost, > pacman,)

e left if (ghost, =
pacman, )

pacman,) and (ghost, <

e right if (ghost, =
pacman, )

pacman,) and (ghost, >

Note alsothat, for example,back-leftis equivalentto left-
backasindicatedin theabove. Unfortunately having eight
classedor thepositionof theghostfor eachturn-typemeans
that the ruleset(and the numberof parametersplso gets
larger Hencein our implementation,eight classeswere
usedto classifythe ghosts positionfor intersectionsyith
only the rst four classesisedfor otherturn-types.Pseudo-
codefor theagents stratey is shovn in Figure3.

Implementatiorof the agentbasedon the speci cations
above leadsto atotal of 85 adjustablgparameters;ollected
into aparametevectorP = (..., ss5), thatcontrolsthe
agentsbehaiour. A sub-componenf P is usedto decide
Pac-Mans current(new) directionof movementdepending
on the previous direction (prevdir), turn type, orientation,
and(in retreatmode)the ghosts location. Parameter is
the distancevalue at which the agentshifts from Explore
to Retreat(andvice-versa) calculatedasthedirect(i.e.,ig-
noring mazewalls) ManhattandistancebetweenPac-Man
andtheghost.All otherparametersf P areprobabilityval-
ues,0 < ; <1,i =2,...,85. Tablel givesacomplete
speci cationof thesevalues.

| Parameter | Description |
Distanceto ghost
Explore:
9_3 Corridor: forward,backward
4—5 L-turn: forward,backward
6—8 T-turn (a) approackcentre
9— T-turn (b) approacHeft
2 4 T-turn (c) approachight
5_ 8 Intersection
Retreat:
9-20 Corridor: ghostforward
9 _99 Corridor: ghostbehind
93_94 L-turn: ghostforward
25-_926 L-turn: ghostbehind
27-29 T-turn (a): ghostbehind
30—32 T-turn (b): ghostbehind
33_35 T-turn (c): ghostbehind
36—38 T-turn (a): ghoston left
39—4 T-turn (b): ghostonleft
49— 44 T-turn (a): ghostonright
4547 T-turn (b): ghostonright
48-50 T-turn (b): ghostforward
5 —53 T-turn (c): ghostforward
54—57 Intersection ghostforward
586 Intersection ghostbehind
6265 Intersection ghostleft
66—69 Intersection ghostright
70—73 Intersection ghostforward/left
T4_7 Intersection ghostforward/right
78_8 Intersection ghostbehind/left
82_85 Intersection ghostbehind/right

Table1: Descriptionof parametervaluesusedin the Pac-
Man agentandtheir usage.



4 Simulation Methodology

4.1 FitnessFunction

For our simpli ed Pac-Mangame,a tness function was
developedbasedprimarily on the scoreobtainedby Pac-
Man. The only way to scorepointsin this simpli ed game
is to eatdotsfrom themaze andsincethereis a x edinitial
numberof dotsin a maze the maximumpossiblescorefor
eachmazeis known a priori. It was consideredhat the
time Pac-Manmanageso survive shouldalsobeafactorin
the tness function. Note however that therealso exists a
possibility that Pac-Manmay successfullyavoid the ghost
inde nitely, but fail to clearthe mazeof dots. Becauseof
this a termwasaddedto reward the time survived by Pac-
Man, but imposinga pre-choserdimit on this factor The
tness functionusedis:

i o

The scoreandtime factorsin the tness function arenor-
malizedby their maximum (respectiely, known and cho-
sen)valuesfor eachlevel. Hence the maximum tness for
eachlevel is 2.

The movementof the ghostin the gamehasa small
amount of randomnessand the agent developed above
clearly producesstochastionovementfor Pac-Man. As a
consequencehe tness value of eachgamegivena x ed
P will alsobe stochastic.In sucha situationit is typical
to conductrepeatedvaluationsof the tness functionwith
agivenparameteset,andproduceanaveragetness value
to beusedby theevolutionaryalgorithm.In thesimulations
belov, 10gamesvereplayedperaveragetness evaluation.
RecallthatPac-Manhasthreelivesin agamemeaninghat
Pac-Man“runs” in the maze30 timesfor each tness eval-
uationusedin the EA.

SCOr€level . timejevel
f= E ——— 4+ ming ——————,
MaxXSsCOr€level maxtime)eyel

level

4.2 Algorithm

The algorithmusedto learnthe parameter®f an agentis
an implementationof population-baseihcrementallearn-
ing (PBIL) for continuoussearchspaceql, 10, 11]. PBIL
replaceghe corventionalgeneticoperatorof mutationand
recombinationwith a probability vector, which is usedto
generateeachpopulationandis updatedvia alearningrule
basedon the single bestindividual in the currentpopula-
tion. Eachcomponenof the probability vectorrepresents
the meanof a Gaussiardistribution. In our experimentghe
populationsizewassetto 25 (computationatime prevented
alargervalue).For the standardieviationsof the Gaussians
andthe PBIL learningrate parameterq, several different
valuesweretested. Note thatfor a = 1, this algorithmis
equialentto asimple(1, \) evolution stratgy with a con-
stantstandardleviation valuefor all variableq4].

| Vector | Mean | Std.Dev. | Min. | Max. |

Py 0.215| 0.080 | 0.104| 0.511
Py 0.613| 0.316 | 0.187| 1.699
Prs 1.372| 0522 | 0.276| 2.062

Table 2: Resultsfor hand-codegarametenectorstested,
summarizing tness valuesfrom 50 gameswith eachpa-
rametervector

The probability vector was initialized with =15
- this value  chosensuchthat the agentinitially spent
roughly equalamountsof time in the Explore and Retreat
states. wasallowedto evolve asa continuousvalue,al-
thoughthe ManhattandistancebetweenPac-Manand the
ghostis integervalued. The remainingparametersepre-
sentedprobabilitiesfor subsetof variables,so they were
initialized with uniform probability for eachfeasibleoutput
directionof theagent(e.g. 2 3 = 0.5, 5_ g = 0.25).
Theseparametersverere-normalizedafterbeingupdatedat
eachgeneratiorby the PBIL learningrule. Notethat PBIL
evolvesaprobabilisticmodelof thesearctspacavhichcon-
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-basedearchs usedto performthis task.

5 Results

5.1 Hand-codedAgent Parameters

A featureof the agentimplementationdescribedabove is
thatit is transparenteachparametehasa clearfunctionin
thecontrolof theoutputof theagent.It is thereforepossible
to experimentwith anagentof hand-codegbarametersThe
rule setsallow for basicexploreandretreatbehaiour only,
sothe hand-codegarametersvere chosento try and pro-
duceanagentwith theability to explorethemazewidely in
the “Explore” state,andto retreatfrom the ghostto avoid
beingeatenin the “Retreat” state. Resultsfor the different
hand-codegbarametewectorstestedareshovn in Table2.

Considerrstly anagent,P;, , with equalprobabilities
assignedo eachparametein eachrelevant subsetof val-
ues.Thebehaiour of this agentwasobsenedto be highly
erratic, becauseequal probabilitiesmeanthat Pac-Manis
justaslikely to reversehis directionat ary pointin time as
heis to chooseary otherfeasibledirection. As aresult,the
movementof Pac-Manis dominatedby oscillations(e.qg.,
forwards-backwrdsin a corridor) aroundthecurrentpoint.
Thisisre ectedin thelow tnessvaluesobseredfor agent
P;, in Table2.

For the next parametewnector tested(Pyz), in the Ex-
plorestatea lower probabilitywasassignedo reversingthe
currentdirection,with probabilitiesfor all otherfeasibledi-



rectionsassignediniformly (e.g.for acorridorto move for-
wardsandbackwardsrespectiely, , = 0.8, 3 = 0.2; for
anintersectiorto move forwards,backwards,left andright
respectiely 5 7, s = 0.3, s = 0.1). For the Retreat
state,zeroprobabilitywasassignedo thedirectionthatled
to the ghost,with all otherfeasibleoptionsgiven uniform
probability. Thisagenthadreducedscillationsin its move-
mentandwasobsenedto have someability to retreatfrom
the ghostover “chase”sequencesf turns (seeTable 2 for
results).However, the agentonly occasionallycomesclose
to clearingamaze(surviving long enoughto do so)andstill
containsa harmfuldegreeof oscillationin its output.
Finally, a parametewector(Py3) wastestedthatre ned
Py, by having very low probability valuesfor reversingthe
currentdirection. For example,for a corridorto move for-
wardsandbackwardsrespectrely, » = 0.99, 3 = 0.01;
for anintersectionto move forwards,backwards,left and
rightrespectiely 5 7 s =0.33, ¢ =0.01). Thisagent
producedimproved behaiour (Table 2), typically coming
closeto clearingthe mazeandoccasionallydoingso (6 out
of the 50 trials produced tness valuesabove 2.0). More
importantly (sincethe Explore statefor the agentdoesnot
have ary knowledgeof the dotsin the maze),the agentis
ableto evadethe ghostfor long periodsof time, dueto the
Retreatstate. Neverthelessthe limitations of the agentbe-
cameclear from observingthe performanceof this agent.
The rulesetdecidesthe maove direction basedon the cur-
rentlocationonly. In retreatmode the positionof the ghost
is consideredout only crudely measured.As an example,
considera situationwherePac-Manis locatedat oneof the
extremecornersof themaze(ref. Figurel or Figure2). For
say the top-right corner the ghostwill usually be moving
towardsPac-Manfrom a below-left position. Becauseof
the limited way thatthe agentconsiderghe positionof the
ghost,moving left is undesirabldecause¢he ghostis to the
left, but moving downwardis alsoundesirabléecausehe
ghostis alsodownward. Oscillationresults,until the ghost
becomewery closeto Pac-Man.Othersituationsallow the
agentto be capturedoby the ghostbecausequiprobableal-
ternatvesfor retreatingcanleadto oscillatorybehaiour.

5.2 PBIL-evolved Agent

Figure4 shows theresultof the PBIL algorithmevolving a
Pac-Managentparameterector, in termsof the minimum,
mean,andmaximum tness valuesin the populationdistri-
bution. Althoughthe gamecodewasmodi ed to make play
asfastas possible,250 gamesare playedin eachgenera-
tion of the algorithm (populationof 25, 10 gamesper t-
nessevaluation),meaningseveral daysof simulationtime.
For this experiment,a standarddeviation of 0.01wasused
for all parametergxcept , whichusedavalueof 1.0,and
thelearningratewasa = 0.05. Themeanof the population
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Figure4: Evolution of the minimum (crosses)mean(line)
and maximum (dots) tness valuesin the populationfor
PBIL with o = 0.05.

shavs a smoothlearningcurve comparedo otherstandard
deviation/learningrate valuesthat we experimentedwith.

After 722 generationghe populationmeanis around0.8,

which is betterthanour hand-codegarametesetsP and
P; but below the performancef P;. We wereinterestedn

thein uence of the PBIL learningrateon the resultsof the

algorithm. Figure 5 shaws the resultof a differentexperi-

ment,with a = 1.0 (notethatlessgenerationdiave been
performed). This is equivalentto a (1, 25)-evolution strat-
egy. It is evidentthatthis algorithmis ableto initially pro-

vide morerapid improvementin tness, but after approxi-
mately 100 generationgprogresss much more noisy than
that of Figure4. In preliminary experimentswe obsered

that a larger standarddeviation value had a similar effect.

Theresultssuggesthata kind of annealingscheméor ei-

ther of theseparametersnay allow the algorithmto con-

verge morereliably. Overall the performanceof the algo-

rithmswith differentlearningratesis similarin termsof the

kind of tness valuesobtainedduring learning. The prob-

ability vectorsproducedby the the two algorithmsin the

experimentsabove were examinedmanually Many of the

parameterappearedo be corverging towardsvaluessimi-

lar to the hand-codedstratgly P35 above. It is clearfrom

the resultsshovn in Figures4 and 5 that the probability
vectoris still subjectto signi cant perturbationmakingit

dif cult to interpretwithout extendingthe experimentover

moregenerations.

6 Discussion

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

Pac-Man. The agentis speci ed asa simplestatemachine
andparameterizedulesetwith the PBIL algorithmusedto
learnsuitablevaluesfor theseparametersHand-codega-
rametersverealsotested.

The resultshighlight the limitations of the representa-
tion usedaswell assomeof the complecities of the game,
evenin thehighly simpli ed form consideredn theseexper
iments. The rulesetcould certainly be improved giventhe
dif culties obsenedin our simulations.For example,con-
sidering8 classi cationsfor the ghosts positionfor each
turn type (Section3 shouldreducethe problemsobsened
in Section5.1. This would however necessarilyesultin a
largerruleset. The representatiomalsohasredundancief
theway thatprobabilityvaluesarerepresentede.g.replace

3 by (1 — 5). Neverthelessthe representatioseemsto
have serioudimitationsfor scalingup the “intelligence” of
the agent. This may resultin a very high dimensionalop-
timization problemwhich would requirea large amountof
computatiortime to allow enoughgenerationgor thealgo-
rithm to producea goodresult. Giventhe compleities of
the full gamecomparedo the versionconsiderechere, it
seemghatextendingon aruleset-basetkepresentatiomay
bedif cult andimpractical.

The methodologyusedin this paperis a rst attemptat
this problemandthereare severalfactorsthatmight beim-
proved.Firstly, it is clearthatthe differentstratgies(hand-
codedandlearned)usedin this paperdo not comecloseto
capturingthevarietyof possibleeffective stratgiesusedby
humansn thefull Pac-Mangame.We hypothesizdhatthe
basicexplore/retreatpproachs likely to have arole in an
effective stratgyy for the full Pac-Mangame,but this has
not beenveri ed. Secondly our decisionto usean agent

thatcanconsideronly “localized” informationof the game
is a factorthat deseresfurther consideration.Finally, the
tness function usedis basedon both scoreachiezed and
time taken. Theimpactof the time factoron our resultsis
not clearandit may be possibleto remove this from the
tness functionwith no adwerseeffects.

Neverthelesswe believe that the approachtaken here
couldbeusefulasabenchmarkn consideringlifferentrep-
resentationandapproacheto evolving a Pac-Manplaying
agent. It is expectedthat future work would needto be
ableto improve on the performancg tness) of the agent.
However it will also be interestingto comparethe com-
plexity (dimensionality interpretability computationake-
quirementspf alternatve approachegp therule-basedp-
proachdevelopedabove. Finally, we conjecturghatgeneral
aspectf the approachtaken hereto developingan adap-
tive agentfor Pac-Manmay eventuallyleadto techniques
thatcanbe appliedsuccessfullyo otherreal-timecomputer
games.
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