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Abstract— We investigatethe use of geneticalgorithms to play
real-time computer strategy games and focus on solving the
complex spatial reasoningproblems found within these games.
To overcomethe knowledgeacquisition bottleneck found in using
traditional expert systems,scripts, and decisiontreesas done in
most gameAl, we usegeneticalgorithms to evolve gameplayers.
The spatial decision makers in thesegame players use in uence
maps as a basic building block, from which they construct and
evolve inuence map trees containing complex game playing
strategies.With co-evolution we attain "arms race” lik e progress,
leading to the evolution of robust players superior to their hand-
coded counterparts.

I. INTRODUCTION

Gamingandentertainmendtrive researchn graphicsmod-
eling and mary other computer elds. Although Al research
hasin the pastbeeninterestedin gameslike checlers and
chess[?], [?], [?], [?], [?], popular computer gameslike
Starcraftand CounterStrike are very different and have not
receved much attentionfrom researchersThesegamesare
situatedin a virtual world, involve bothlong-termandreactve
planning, and provide an immersie, fun experience.At the
sametime, we canposemary training, planning,andscienti ¢
problemsasgameswvhereplayerdecisionsdeterminethe nal
solution.

Developersof computemlayers(gameAl) for thesegames
tend to utilize nite state machines,rule-basedsystems,or
othersuchknowledgeintensve approachesTheseapproaches
work well - at leastuntil a humanplayer learnstheir habits
andweaknesses but requiresigni cant playeranddeveloper
resourceso createandtuneto play competentlyDevelopment
of gameAl thereforesuffers from the knowledge acquisition
bottleneckwell known to Al researchers.

By using evolutionary techniquesto creategame players
we aim to overcomethesebottlenecksand produceplayers
which can learn and adapt. The gameswe are interestedin
are Real Time Stratgy (RTS) games.Theseare gamessuch
asStarcraft,Dawn of War, SupremeRuler (Figure??), or Age
of Empires[?], [?], [?], [?]. Playersare given cities, armies,
buildings,andabstractesources money, gold, saltpeterThey
play by both allocatingtheseresourcesto producemore units
and buildings, and by assigningobjectives and commandso
their units. Units carry out playerordersautomaticallyandthe
gameis usuallyresohedwith the destructiornof otherplayer's
assets.
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Fig. 1. SupremeRuler 2010

Gamesare fundamentallyabout making decisionsand ex-
ercisingskills.

"A good gameis a seriesof interestingdecisions.
The decisionsmust be both frequentand meaning-
ful.” - Sid Meier

RTS gamesconcentrateplayer involvementprimarily around
making decisions,in contrastto somegenressuchas racing
gameswhich require a high degree of skill. While varying
greatlyin contentand play, RTS gamessharecommonfoun-
dationaldecisions Most of thesedecisionscanbe categyorized
as either resourceallocation problems:how much money to
invest on improving my economy which troopsto eld, or
what technologicalenhancementso research;or as spatial
reasoningproblems:which parts of the world should | try
to control, how shouldl assaultthis defensie installation,or
how do | outmaneuer my opponentin this battle.

Our overall goal is to evolve systemsto play RTS games,
making both resourceallocation and spatial reasoningdeci-
sions. Previous work has used genetic algorithmsto make
allocation decisionswithin RTS games [?]. For this re-
searchwe explorethe possibilitiesof evolving spatialdecision



malers, a key componentof RTS game Al. These spatial
decisionmaking systemswould be responsibleor looking at
the gameworld and decidingto build a basehere,to put a
wall up there,to senda feigning attack over there,and then
to lay sigge to that city. RTS gameshave, by design,a non-
linearsearchspaceof potentialstratgies,with playersmaking
interestingand complex decisionswhich often have dif cult
to predict consequencesater in the game. Using genetic
algorithmswe aim to explore this unknovn and non-linear
searchspace We represenspatialdecisionmaking stratgies
within the individualsof a geneticalgorithmspopulation.The
gametheoreticmeaningfor stratgy is usedhere- a system
which can choosean actionin responseo ary situation[?].
Then we develop a tness function which evaluatesthese
decisionmakersbasedupontheirin-gameperformance mary
gamesalreadytabulatea playersperformanceutomatically A
geneticalgorithm then evolves increasinglyeffective players
againstwhatever opponentsare available. Due to the number
of gamesand evaluationsrequiredto reachcompetenplayers
we rst usehand-codedutomatedpponentdor this phaseof
the researchCo-evolution is the naturalextensionof playing
againsthand-codedopponents,whereby we evolve players
againsteachother, with the goal of increasinggameplaying
competencend stratgic compleity.

In this paperwe develop a spatialdecisionmaking system
within the context of a 3D computerRTS game.We describe
the gamewithin which we testthe system,evolving players

rst againststatic hand-codedopponentsand later against
another population of co-evolving players. Results present
analysis of the genetic algorithms performance,including
the behaiors producedby the system.Finally we discuss
directions for the continuationof this research,and future
work.

Il. REPRESENTATION

Eachindividual in the populationrepresenta game-playing
stratgy. We usein uence mapsto represenspatialfeatures.
In uence mapsevolved out of work doneat spatialreasoning
within the gameof Go [?] and have beenusedsporadically
sincethenin gamessuchas Age of Empires[?].

A. In uence Maps

An in uence map (IM) is a grid placedover the world,
which has values assignedto each squarebasedon some
functionwhich represents spatialfeatureor concept.The M
functioncouldbe a summatiorof the naturalresourcepresent
in thatsquarethedistanceo the closestenemy or the number
of friendly unitsin the vicinity. Figure?? is a visualizationof
anin uence map,on the left you have the gameworld which
hastwo triangle unitsin it. On theright is anin uence map,
where the IM function is basedupon distanceto triangles.
The highestvalued points are thosewhich are the closestto
triangles,which are brighterin the visualization.

Several IM's are createdand then combinedto form the
spatial decisionmaking system.For example createtwo in-

uence maps,the rst usingan IM function which produces

Fig. 2. In'uenceMap - Left > GameWorld, Right
representingoroximity to the Triangles

> In"uenceMap

high valuesnearvulnerableenemiesthe secondlM function
producinghigh negative valuesnearpowerful enemiesThen
combinethosetwo in uence mapsvia a weightedsum. High
valued points in the IM resulting from the summation,are
goodplacesto attack- placeswhereyou canstrike vulnerable
enemieswhile avoiding powerful ones.The nal stepis to
analyzethe resultantIM and translateit into orderswhich
canbe assignedo units. In this examplewe take the highest
valuedpoint, andtell our troopsto attackthere.

The setof IM functionsandtheir parameterde appliedto
produceanswersfor ary situation,so they can encapsulat@
decisionmaking stratgy. EachIM corveys simple concepts:
near away, hide, attack; which combine togetherto form
complicatedbehaior - hide near neutral units until your
enemy is nearby then attack. In our work we encodethe
IM functionsandtheir parametersvithin the individuals of a
geneticalgorithm,which we thenevolve with standardyenetic
operatorsPrevious work [?] evolved a neuralnetwork which
took every squargrom every IM asaninput,andproducedhe
square®f the nal IM asoutput.Our systemhasthe e xibility
to evolve boththe in uence mapsandtheir nal combination,
and since the combination operatorsare simple arithmetic
operatorsthe systemis more transparentind therefor easier
to analyze.

B. In uence Map Combinations

To allow for more generalizationve combinelM' s within
a tree structureinsteadof the traditional list [?]. Eachtree
representa completedecisionmakingstrateyy, andis encoded
within the individuals of a genetic algorithm. Leaf nodes
in the tree are regular IM's, they use functionsto generate
their valuesbasedon the game-states before.Branchnodes
perform operationsupon their children's valuesin order to
createtheir own values.Thekinds of processingerformedby
the branchnodeincludestandardarithmeticoperatorssuchas
a weightedsum, or multiplication, as well as more complex
processingsuchas smoothingor normalizationfunctions.

In uence map treesare a generalizationof the traditional
method of using a weighted sum on a list of inuence
maps[?]. They alsoallow for the variety of specializedpro-
cessingdoneon in uence mapsin mary commercialgames.



For example, Age of Empiresusesmulti-passsmoothingon
in uence mapsto determinewhere to construct buildings.
IMT reeswere designedto containall the importantinforma-
tion aboutin uence mapswithin one structure.The IMTree
structurecanthenbe encodedasanindividual in a population,
including 1) the structureof the tree, 2) which IM functions
to apply at eachnode, 3) which parametergo usein those
functions,and 4) ary processingo be done.With crosseer
and mutation operatorswe can then evolve towards more
effective spatial decisionmaking strateies. This is in mary
wayssimilar to geneticprogrammingput takenin the context
of spatialreasoningNext, we explore the effectivenesof this
systemin the contet of a naval combatgame- Lagoon.

I1l. THE GAME - LAGOON

We developedLagoon,a Real-Time 3D naval combatsimu-
lation game.Figure ?? shows a screen-shotrom the bridge of
onedestrgerwhichis aboutto collide with anotherdestrger.
The world is accuratelymodeled andthe gamecanbe played
from eitherthe helm of a singleboator asareal-timestratgy
gamewith playerscommandingeets of boats.The comple-
ities of the physicsmodel are particularly demandingon the
players,as the largestboatstake several minutesto cometo
a completestop. To deal with theseand other compleities,
Lagoon has a hierarchical Al systemwhich distributes the
work. At the top level sitsthe stratejic planningsystembeing
developedby our group, this systemallocatesresourcesand
assignsobjecties to the various groups of boats. Behavior
networks then carry out those orders for each individual
boat,following propernaval procedurewithin the compleities
and constraintsof the physicsmodel. They then relay their
desiredspeedsand headingsto a helmsmancontroller, which
manipulateghe variousactuatorsand effectorson the boats-
ruddersand rpm settingsto the engines.
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Fig. 3. Lagoon

A. TheMission

To testin uence map treeswe createdthe missionshavn
in Figure??. Two small cigaretteboats- triangles,attemptto
attackan oil platform- pentagonwhich is beingguardedoy a
destrgyer- hexagon.Thecigaretteboatsarefastandmaneuer
able, and equippedwith rocket propelledgrenadelaunchers.
Their primary advantageover the defendingdestrger is that
they canquickly accelerategeceleratandturn. The destrger
on the otherhandis quite fast, with a highertop speedthen
the attackingcigaretteboats,but it takes a signi cant period
of time to changespeedsor turn. The six-inch gun on the
destryer has beendisabledfor this mission, requiring it to
rely uponmachinegun banksmountedon its sides.

This mission was chosenas it was relatively simple, and
it requiredthe playersto understandhe effectivenessof their
units,with the attacler beingableto coordinatea groupattack.
We also chosethis missionbecausave could develop hand-
codedplayersfor both sideseasily In mary waysthis is more
of a tactical than a stratgic mission, in that there are few
boatson eachside,and no "complex long term” decisionsto
male suchaswhereto placea base We think of this mission
as an initial test of our ability to evolve effective spatial
decisionmaking stratgies. Future work would be testedon
missionsinvolving large numbersof boatsand more complex
interactions.
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Fig. 4. Mission

B. In uence Map Tree Implementation

Each unit in the game- the two cigaretteboats and the
destrger, have anin uence maptreeinstantiatecandassigned
to them.Thetwo attaclershave duplicateIMTrees,sowe are
evolving a singleattackingstratey for all situations.ThelM's
calculatethe value of their squareswith IM functionsbased
on which units are nearthosesquaresas shovn in Figure ?7.
Units in the world addvariouscirclesof in uence to eachiM



- increasingthe valuesassignedto all squaresaroundthose
units. The IM function must rst determinewhich units it
considersrelevant, this is basedon a parameterwhich we
encodein the GA. It can be either the unit the IMTree is
assignedo, otherfriendly units, neutralunits, or enemyunits.
The next issue,and GA parameteris how large of a circle to
use,with the IM either using the weaponsradius of the unit
it is assignedioo, the weaponsradius of the unit the circle
is around,or a large x ed radius. Next, the IM determines
how much to incrementvalueswithin the circle. Each unit
has an abstractpower or strengthrating associatedwith it,
which givesa generaideahow powerful thatunit is in combat.
The IM can either use this strengthrating, or it can usethe
value of that unit. The next issueis how to distribute values
within the circle. In Figure ?? we increasedhe value of each
squarewithin a circle by one,regardlesof its distanceto the
unit the circle is centeredaround.The IM function can also
distribute valueswith a biastowardsthe center so pointsnear
the centerget the maximumvalue and as you move towards
the perimeteryou getlessandlesspoints. Thereis analsoan
inversedistribution, giving maximum points at the perimeter
and zero pointsin the center All of theseoptionsto the IM
function are parameterizedand encodedwithin individuals
in the geneticalgorithm. To allow ne tuning of eachIM,
two coefcient parameterarealsoencodedThe rst directly
scalegheradiusof the circle usedfor eachunit - this is bound
within (0,4]. The seconddirectly scalesthe valuesgiven to
squareswithin the circle - boundwithin [-10,10].
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Fig. 5. In"uenceMap Implementation
Branchnodesin the IMTree can be ary of the four basic
operators- addition, subtractionmultiplication, and division.
Thereis also an "OR” branchnode which takes the largest
valuesfrom its childrenat eachpoint. The OR nodegenerally
functionsastheroot of the tree,choosingbetweerthe various
coursesof actions containedwithin its children. With these

nodeswe then constructedplayersfor both sides,tuning and
testingthemover a few games.

Our hand-codedttaclerswork by usingan OR nodeon two
child subtreesThe rst subtreerepresentsan attackbehavior
which takes the weightedsum of threenodes.The rst node
has high values near vulnerable enemies,the second has
large negative values near powerful enemies,and the third
has negative valuesnear other friendly units, to keep them
from bunchingup. The secondsubtreerepresents run away
behaior, which the cigaretteboatsshoulduseif the destryer
getstoo close,it works by multiplying anIM with high values
away from the destrger, and an IM with high valuesnear
the assignedunit. The defendercountersthis with a similar
tree,onceagainusingan OR nodeon two subtreesThe rst
behaior putsthe destryer in-betweenary attaclers andthe
oil platform,it works by multiplying high valuesnearvaluable
friendly units with high valuesnear powerful enemies.The
secondbehaior keepsthe destrger nearthe oil platformin
the direction facing the attaclersif it hasnothing elseto do,
it is a multiplication of high valuesin close proximity to the
oil platform, with high valuesin a very large are aroundthe
attacler. Both of theselM treesworked reasonablywell, with
the attaclers trying to out-maneuer the defenderwhile the
defenderdiligently defendsthe oil platform.

We foundthatour hand-codeattaclerswereeasilydefeated
by our hand-codediefenderThe defendemwaseffective, stay-
ing nearthe oil platform until the cigaretteboatsapproached.
Thedestrgyer would thenputitself betweerthe cigaretteboats
and the oil platform, blocking them from getting too close.
If they continuedto approachit would re upon them and
destry them. The cigaretteboatswould try to out-maneuer
the destrger, taking advantageof their maneuerability to get
to thefarsideof theoil platformwherethey thoughtthey could
attackwith impunity. They had a hardtime getting from one
side of the destrger to the other however, often enteringits

eld of re and being destryed. To improve upon this we
turnedto evolutionarytechniguesallowing the GA to evolve
IMT reesfor controlling units in our game.

IV. EVOLUTION

We evolved our players with a non-generationabenetic
algorithm with roulette wheel selection,one point crosseer
and bitwise mutation. Crosseer took place with 75% prob-
ability, and the bitwise mutation probability was chosento
give on averagetwo bit mutationsper child. At this initial
phasewe werenot evolving the structureof thetree,purelythe
parameterandcoefcients for eachIM. The GA useshesame
structure as our hand-codedattaclers and defenders.More
complicatedmissionsand stratgies would likely require a
morecomple tree,but we foundthis structureto be suf cient
for our desiredbehavior.

A. Encoding

The GA packsall the parametergor eachlM in theIMTree
into a bit-string, with x ed point binary integer encodingfor



the enumerationgnd x ed point binary fraction encodingfor
the real valued parametersand coefcients.

B. Evaluationand Fitness

To evaluateeachindividual we play them againstan oppo-
nentandexaminetheresultsof the match.Fitnesss calculated
asf itness = damagedone damagereceived at the end of
the game,which malesit a zero-sumtwo playergame.

V. RESULTS

We originally expectedthe attacler to develop an attack-
distract strateyy, with one cigaretteboat distractingor occu-
pying the destrger while the other cigaretteboat attacksthe
oil platform. We expectedthe defenderto loiter aroundthe
oil platform, chasingoff ary attaclers which come nearby
We found our hand-codedttaclerswererelatively ineffective
againstthe defenderSowe rst evolvedthe attaclersIMTree
againstour hand-codeddefender We analyzethe behaiors
producedby the resultantIMTree, and commentupon its
effectivenessThenwe evolved the defenderdMT ree against
the evolved attacler. We analyzethe behaiors it produces,
commentingupon how they have reactedto the attacler. Fi-
nally we evolve thetwo populationssimultaneouslydescribing
the behavior within the system.

A. Results:Evolvingthe Attadcer

The GA evolved our attaclers IMTree againstthe hand-
codeddefenderusinga bit-string of length 198 bits. The GA
evaluated1000 individuals againstour hand-codeddefender
We graphthe tness of the best,worst,andaverageindividual
in the populationafter eachevaluationin Figure ??. While
we ran the systemmultiple times, we will discussa single
representatie run which illustratesthe resultswe consistently
achieved. The 205th attacler found a stratgyy for which the
defenderhad no effective responsethis stratgy is shawvn in
Figure ??. The attaclers make a quick passon oil platform
from the far side of the destryer before it can reach an
effective cruising speedandthensail off into the sunsetThe
defenderpatrols around the oil platform afterward, but the
attaclers never attempta secondpass.The attaclers weapon
doesgood damage,but has a very long reloadtime, so the
single passattackdoessigni cant damagewithout presenting
risk to the attaclers. The destrger startsat rest and takes a
long period of time to reachits maximumspeed.This gives
the attaclersenoughtime to make it to the far sideandattack
while it is still acceleratingOncethe destryer haspicked up
speedt is dif cult for the attaclersto avoid beingintercepted
beforethey cangetwithin rangeof the oil platform. Therefor
it makes sensefor the attaclers to do what damagecan be
doneeasily andthenrun away. To testif this behaior was
dependenbn the initial mission layout, we randomizedthe
location of the attaclers and still consistentlyevolved this
behaior.
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Fig. 7. Behavior Exhibited by Evolved Attacker

B. Results:Evolvingthe Defender

The evolved attaclerswereeffective againsthe hand-coded
defender doing damageand eeing before retaliation could
be enacted.We next re-ranthe geneticalgorithm to evolve
the defenderdMTree, to seeif it could nd a counterto the
attaclersstrateyy. The tness of individualsin the population
areshown in Figure??. The defendercannotstopthe attaclers
from making their initial pass.What it did do was learnto
duplicatethe attaclersrun-avay behaior. The defenderdoes
not learnto follow the attaclers, only to run off in the same
directionthey run off in by duplicatingthat part of their tree.
In doing so it abandonghe oil platform, leaving it totally
vulnerableto ary other attacking stratgly. However, as the



destrer has a higher top speedthan the cigarette boats,
it eventually chasesthem down and annihilatesthem. This
over specializedbehaior was effective againstthe attaclers
stratgyy, but was very ineffective againstary other strateyy.
If the attaclerswait for a shortwhile at the beginning of the
mission, the defenderwill leave the areaand then they are
thenfree to attackthe oil platform at their leisure.

We found both the offensive and defensie stratgiesto be
fragile, the attaclers had no avoidanceplan if the defender
cameafter them, and the defenderwas only effective if the
attaclersran off in thatdirection.This wasa problemof over
specializatiorandfailed generalizationandto overcomeit we
turnedto co-evolution.

Fig. 8.
Attacker

Min/Max/Avg Fitnessof a DefenderEvolving againstthe Evolved

C. Co-Evolution

Co-evolution occurs when the evaluation of an individ-
ual is dependentupon other individuals. We implemented
co-evolution with a traditional two population model, with
one populationcontainingattackingstrateies, and the other
containingdefendingstratejies. We evaluatedindividuals by
playing them againstun-evaluatedindividuals in the other
population,with tness calculatedas before. The goal being
an”armsrace”wherebyeachsideis constantlyinnovatingnew
stratgyiesin orderto bettertheir opponent.

D. Results:Co-evolving Attaders and Defendes

To implementco-evolution we run two geneticalgorithms-
one evolving attaclers, and one evolving defendersWe play
unevaluatednemberdrom eachpopulationagainsteachother,
and calculate tness as before. Again we allowed each GA
to evaluate 1000 candidatestratayies. Figure ?? shows the
minimum, maximum, and average tness in the two popu-
lations over time. Examinationof the individuals produced
at various stageshelped elaborateon the dynamicspresent

Fig. 9. Behaior Exhibited by Evolved Defender

within the system.The attaclers quickly duplicatedtheir one
passattackasthey had donebefore.Several evaluationslater
the defenderlearnedto chasethem down as it had down

before.Theattaclersthenlearnedo circle aroundthe defender
and attackthe oil platform again. The defenderthen learned
a good generalizedbehaior, alternatingbetweenpatrolling

near the oil platform and chasingoff the most threatening
attaclers.Theattaclersthensettledinto a hit andrun behaior,

where they try to get to the far side of the destryer to

attackfrom asshown in Figure??. Both attacler anddefender
learnedgeneralizedehaiors, similar to thosewe hadtried to

developin our hand-codedbehaiors. The co-evolvedversions
weregenerallysuperiorhowever, with the attaclersfrequently
out-maneuering the destrgyer, and the destrger vigorously
defendingthe oil platform.

VI. CONCLUSIONS AND FUTURE WORK

Co-evolved in uence maptreeswere capableof producing
competenbehaior inside our RTS game.While our mission
was relatively simple, and the IMTreeswere used more as
operationalkontrollersthan asstratgic plannersthe IMTrees
functionedadequatelyThe behaiors producedvererelatively
similar to our hand-codedstratgyies, but were generallymore
robust. They were producedwithout an excessof evaluations,
and could be evolved within an hour Both attacler and
defenderwere of sufcient quality to be usedas opponents
for humansplaying the game. Our resultsindicate that co-
evolving IM Treesis a promisingtechniquewith the potential
to evolve strateic playerswho learnto usecomplex stratgies
to win long-termgames.

The nal plansproducedby co-evolution wereeffective, but
not as coordinatedas we had originally hoped.The desired
behaior was that of a coordinatedattack-distractstrateyy,
which we rarely sav the attaclers exhibit. This limitation



Fig. 10. Min/Max/Avg Fitnesss of Attacker / DefenderCo-evolving

Fig. 11. Behaior of Co-evolved Units

is due to our implementationof the IMTrees, primarily in
how they wereboundto individual units. Eachtreewasbeing
usedas an individual unit controller Both treesareidentical,
differing only in the in uence mapsrelative to the assigned
unit, so it is dif cult for the attaclers to keep from going
to the samepoint. Also since the tree we provided to the
GA was relatively small, there was no room for compleity
on the level of effective group coordinationto emege. More
recentwork appearsto overcomethis problem by using a
singlein uence maptreeto representachside. The IMTree
producesa list of objectvesanda roughdescriptionof which
unitswould be bestfor them.An allocationGA thenallocates
individual units and groupsto theseobjectves. This hasthus

far producedsuperior results with the attaclers effectively
coordinatingagainstthe defenderandis the primary direction
for our current research.The other avenue of future work

is that of increasingthe compleity presentin the mission
and the game.An elementof stealthhasbeenaddedto the
game,whereattaclers can hide behindneutralboatsin order
to approachand hide undetectedNeutraltraf ¢ is alsobeing
used, requiring the destrger to maneuer around, and not
re upon,neutralboatswhile trying to defenda maoving ally.

Combinedwith stealththis greatly evensthe oddstowardsthe
fasterattaclers. Evolution of the structureof the treeis alsoa
major step under development,allowing stratejies to evolve
increasinglevels of compleity over time, without a steep
initial learning curve. Our implementationof co-evolution

was also very basic, and future work would include a more
complicatedsystem,such as using a hall-of-fame systemor

a maintaininga sub-samplegopulationof opponentgo test
against. Fitness sharing, or some other form of speciation
would alsobegood,particularlyto protectandencouragenore
complicatedstrategjiesto develop. Thesetechniqueqd?] were
developed for improving the performanceof co-evolution,

andwould likely leadto fastermore consistenimprovement.
Pareto co-evolution [?] would also provide similar improve-

ments,helpingto developandmaintaindifferentattackingand
defendingstratgyies within the population.
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