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Abstract— We investigatethe useof geneticalgorithms to play
real-time computer strategy games.To overcome the knowledge
acquisition bottleneck found in using traditional expert systems,
scripts, or decision tr ees we use genetic algorithms to evolve
game players. The spatial decision makers in our game players
use in�uence maps as a basic building block fr om which they
construct and evolve tr ees containing complex game playing
strategies. Inf ormation fr om in�uence map tr ees is combined
with that fr om an A* path�nder , and used by another genetic
algorithm to solve the allocation problems presentwithin many
gamedecisions.As a �rst step towards evolving strategic players
we develop this systemin the context of a tactical game.Results
show the co-evolution of coordinated attacking and defending
strategiessuperior to their hand-codedcounterparts.

Fig. 1. Earth2160- Reality PumpStudios

I . INTRODUCTION

Gamingandentertainmentdrive researchin graphics,mod-
eling and many other computer�elds. Although AI research
has in the past been interestedin gameslike checkers and
chess,popular computergameslike Starcraft and Counter-
Strike arevery differentandhave not receivedmuchattention
from researchers[1], [2], [3], [4], [5]. These games are
situatedin a virtual world, involve bothlong-termandreactive

planning,and provide an immersive, fun experience.At the
sametime,we canposemany training,planning,andscienti�c
problemsasgameswhereplayerdecisionsdeterminethe �nal
solution.

Developersof computerplayers(gameAI) for thesegames
tend to utilize �nite state machines,rule-basedsystems,or
other suchknowledgeintensive approaches.To develop truly
competitive opponentsthese computer players often cheat,
changingthe natureof the gamein their favor, in order to
defeat their human opponents[6]. Theseapproacheswork
well - at least until a humanplayer learns their habits and
weaknesses- but require signi�cant player and developer
resourcesto createandtuneto play competently. Development
of gameAI thereforesuffers from the knowledgeacquisition
bottleneckwell known to AI researchers.

By using evolutionary techniquesto creategameplayers
we aim to overcomethesebottlenecksand produceplayers
that can learn andadapt.The gameswe are interestedin are
Real Time Strategy (RTS) games.Theseare gamessuch as
Starcraft,Dawn of War, SupremeRuler, Earth2160(Figure1),
or Age of Empires[7], [8], [9], [10], [11]. Playersare given
cities,armies,buildings,andabstractresources- money, gold,
saltpeter. They play by both allocating these resources,to
producemoreunitsandbuildings,andby assigningobjectives
and commandsto their units. Units carry out player orders
automatically, and the game is usually resolved with the
destructionof otherplayers' assets.

Gamesare fundamentallyaboutmaking decisionsand ex-
ercisingskills. In contrastto somegamegenres,RTS games
concentrateplayer involvementprimarily aroundmaking de-
cisions,the alternative being a gamesuchas a racing games
which requiresa high degreeof skill. While varying greatly
in contentand play, RTS gamessharecommonfoundational
decisions.Most of these decisions can be categorized as
either resourceallocation problems: how much money to
invest on improving my economy, which troops to �eld, or
what technologicalenhancementsto research;or as spatial
reasoningproblems:which parts of the world should I try
to control, how shouldI assaultthis defensive installation,or
how do I outmaneuver my opponentin this battle.

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



Our goal is to evolve systemsto play RTS games,making
bothresourceallocationandspatialreasoningdecisionsPrevi-
ouswork hasusedgeneticalgorithmsto make allocationdeci-
sionswithin RTS games,andhasevolved in�uence maptrees
to make spatial reasoningdecisionswithin RTS games[12],
[13]. Our playerscombinethesetwo systems,using genetic
algorithmsfor allocationdecisionsandin�uence maptreesfor
spatialreasoning.Thespatialdecisionmakingsystemlooksat
thegameworld anddecidesto build a basehere,to put a wall
up there, and to send a feigning attack over there. An A*
path�nder looksat the feasibility of reachingthoseobjectives,
noting that putting up a wall there would be great if there
wasn't an enemyarmy in theway [14]. The allocationsystem
allocatesavailable resourcesto objectives, deciding that this
unit grouphasthe weaponryandis in positionto lay siege to
the city. Thesesystemscombineinto a gameplayer, which is
capableof carryingout coordinatedstrategies.

RTSgameshave,by design,anon-linearsearchspaceof po-
tentialstrategies,with playersmakinginterestingandcomplex
decisionswhich often have dif�cult to predict consequences
later in thegame.Using geneticalgorithmswe aim to explore
this unknown andnon-linearsearchspace.

We representour gameplayingstrategieswithin theindivid-
uals of a geneticalgorithms' population.The gametheoretic
meaning for strategy is used here - a system which can
choosean action in responseto any situation [15]. We then
develop a �tness function which evaluates these decision
makers basedupon their in-game performance.A genetic
algorithm then evolves increasinglyeffective playersagainst
whateveropponentsareavailable.Dueto thenumberof games
and evaluationsrequiredto reachcompetentplayerswe �rst
use hand-codedautomatedopponentsfor this phaseof the
research.Co-evolution is the natural extension of playing
against hand-codedopponents,whereby we evolve players
againsteachother, with the goal of increasinggameplaying
competenceandstrategic complexity.

In this paperwe develop and test our architecturewithin
the context of a 3D computerRTS game.Our architecture
ties togethera spatial reasoningsystembasedon in�uence
map trees,with a geneticalgorithm performing allocations.
Encodedas individuals of a genetic algorithms population,
these players are evolved to improve their game-playing
abilities. Resultsshow this is effective, with playersshowing
coordinatedgame-playingstrategies. We describethe spatial
decisionmakingsystem,andhow it ties into the path-�nding
and geneticalgorithm allocationsystems.We then detail the
gamewithin which we test the system,evolving players�rst
againststatichand-codedopponentsand later againstanother
populationof co-evolving players.Resultspresentan analysis
of thesystem's performance,includingthebehaviorsproduced
by evolution.Finally we discussdirectionsfor thecontinuation
of this research.

I I . REPRESENTATION - GAME PLAYER

Eachindividual in thepopulationrepresentsa game-playing
strategy. RTS gamesare primarily aboutmaking spatial rea-

soningandresourceallocationdecisions.We �rst usea com-
bination of in�uence mapsto do spatial reasoning,and later
use geneticalgorithmsto solve the allocation problems.An
objective zonerconvertsthe in�uence mapsinto objectivesfor
playerunits to carryout. Eachobjective is a taskto becarried
out at somepoint in space:attackhere,defendthis, or move
here.Meta-datais attachedto eachobjective, describingwhat
kindsof unitsto allocatdto them.For examplea ”siegeenemy
city” objective requestslong rangeartillery, while a feigning
attackobjective requestsfastanddisposabletroops.A genetic
algorithmthenallocatesunit groupsto theseobjectives,using
the information available to solve the underlying allocation
problems.An A* path�nder is usedto determinesthe spatial
costsinvolvedin theseallocations:objectivesthatarefar away
are more costly, as are objectives which require traversing
dangerousterritory. This �nal allocation takes into account
how bene�cial eachobjective is perceived to be, how well
the unit compositionof the groupsmatchthe units requested
by the objective, andhow readily thoseunit groupscanreach
thoseobjectives.Theoverall architectureis shown in Figure2.
Our game players representtheir spatial reasoningstrategy
within in�uence maps,we describethesein�uence mapsin
the next section.

Fig. 2. GamePlayerArchitecture

A. In�uence Maps

An in�uence map (IM) is a grid placed over the world,
which hasvaluesassignedto eachsquarebasedon somefunc-
tion which representsa spatial featureor concept.In�uence
mapsevolved out of work doneon spatial reasoningwithin
the gameof Go and have beenusedsporadicallysince then
in gamessuchas Age of Empires[16], [11]. In�uence maps
combinetogetherto form spatialdecisionmaking strategies.
TheIM functioncouldbeasummationof thenaturalresources
presentin that square,the distanceto the closestenemy, or
the number of friendly units in the vicinity. Figure 3 is a
visualizationof an in�uence map, with the triangles in the
game world increasingthe values of squareswithin some
radiusof their location.

We createandcombineSeveral IM' s to form our spatialde-
cisionmakingsystem.For examplecreatetwo in�uence maps,
the �rst using an IM function which produceshigh values
near vulnerableenemies,the secondIM function producing



Fig. 3. An In¯uenceMap

high negative valuesnear powerful enemies.Then combine
thosetwo in�uence mapsvia a weightedsum. High valued
pointsin theIM resultingfrom thesummation,aregoodplaces
to attack - placeswhere you can strike vulnerableenemies
while avoiding powerful ones. The next step is to analyze
the resultant IM and translateit into orders which can be
assignedto units.We arelooking for multiple pointsto assign
to multiple unit groups,so we use the systemdescribedin
SectionV.

The setof IM functionsand their parametersbe appliedto
produceanswersfor any situation,so they can encapsulatea
decisionmaking strategy. EachIM conveys simple concepts:
near, away, hide, attack; which combine together to form
complicatedbehavior - hide near neutral units until your
enemy is nearby then attack. In our work we encodethe
IM functionsand their parameterswithin the individualsof a
geneticalgorithm,which we thenevolve with standardgenetic
operators.Previous work evolved a neural network which
took every squarefrom every IM as an input, and produced
the squaresof the �nal IM as output[17] . Our systemhas
the �e xibility to evolve both the in�uence maps and their
�nal combination,and since the combinationoperatorsare
simple arithmetic operators,the systemis more transparent
and thereforeasierto analyze.

B. In�uence Map Combinations

We combine IM' s within a tree structure insteadof the
traditional list [16]. Eachtree representsa completedecision
making strategy, and is encodedwithin an individual in a
genetic algorithm. Leaf nodesin the tree are regular IM' s,
they usefunctionsto generatetheir valuesbasedon thegame-
stateas before.Branchnodesperform operationsupon their
children's values in order to create their own values. The
kinds of processingperformedby the branch node include
standardarithmetic operators,such as a weighted sum, or

multiplication, as well as more complex processingsuch as
smoothingor normalizationfunctions.

In�uence map treesare a generalizationof the traditional
method of using a weighted sum on a list of in�uence
maps[16]. They alsoallow for the variety of specializedpro-
cessingdoneon in�uence mapsin many commercialgames.
For example,Age of Empiresusesmulti-passsmoothingon
in�uence maps to determinewhere to construct buildings.
IMTreeswere designedto containall the importantinforma-
tion about in�uence mapswithin one structure.The IMTree
structurecanthenbeencodedasanindividual in a population,
including 1) the structureof the tree,2) which IM functions
to apply at eachnode,3) which parametersto use in those
functions,and 4) any processingto be done.With crossover
and mutation operatorswe can then evolve towards more
effective spatial decisionmaking strategies. This is in many
wayssimilar to geneticprogramming,but taken in thecontext
of spatialreasoning.Next, we explore theeffectivenessof this
systemin the context of a naval combatgame- Lagoon.

I I I . THE GAME - LAGOON

We developedLagoon,a Real-Time 3D naval combatsim-
ulationgame.Figure4 shows a screen-shotfrom thebridgeof
onedestroyer which is aboutto collide with anotherdestroyer.
Theworld is accuratelymodeled,andthegamecanbe played
from either the helm of a single boat or as a real-time
strategy gamewith playerscommanding�eets of boats.The
complexities of the physicsmodelareparticularlydemanding
on the players,as the largest boats take several minutes to
come to a stop. To deal with theseand other complexities,
Lagoon has a hierarchicalAI systemwhich distributes the
work. At the top level sits thestrategic planningsystembeing
developedby our group, this systemallocatesresourcesand
assignsobjectives to the various groups of boats.Behavior
networks then carry out those orders for each individual
boat,following propernaval procedurewithin thecomplexities
and constraintsof the physicsmodel. They then relay their
desiredspeedsandheadingsto a helmsmancontroller, which
manipulatesthe variousactuatorsandeffectorson the boats-
ruddersandrpm settingsto the engines.

A. TheMission

To test our playerswe createdthe missionshown in Fig-
ure 5. Two small cigaretteboats- trianglesat top, attemptto
attackan oil platform - pentagon,which is beingguardedby
a destroyer - hexagon.The cigaretteboatsarefast,maneuver-
able, and equippedwith rocket propelledgrenadelaunchers.
Their primary advantageover the defendingdestroyer is that
there are two of them and that they can quickly accelerate,
decelerateand turn. The destroyer on the other hand is also
quite fast,with a highertop speedthantheattackingcigarette
boats,but it takesa signi�cant periodof time to changespeeds
or turn. The six-inch gun on the destroyer hasbeendisabled
for this mission,requiring it to rely uponmachinegun banks
mountedon its sides.While the cigaretteboatshave slightly
morerange,the destroyer hasfar more �repower.



Fig. 4. Lagoon

This mission was chosenas it was relatively simple, and
it requiredthe playersto understandthe effectivenessof their
units,with thepossibility of evolving coordinatedattacks.We
alsochosethis missionbecausewe coulddevelophand-coded
playersfor both sideseasily. In many ways this is moreof a
tactical thana strategic missionin that therearefew boatson
eachside,andno ”complex long term” decisionsto make such
aswhereto placea base.We think of this missionasaninitial
test of our ability to evolve effective spatialdecisionmaking
strategies.Futurework would be testedon missionsinvolving
large numbersof boatsandmorecomplex interactions.

Fig. 5. Mission

IV. PLAYER IMPLEMENTATION

Both sidesof thegamehave a playercontrollingthem,with
eachplayerhaving its own in�uence map tree andallocation
GA. The players do continuousprocessingthroughout the
game,calculating a small amount of an in�uence map, or
runninganotherevaluationin the allocationGA at eachslice
of time. In this way the players do complex calculations
without consumingtoo much processingpower. Currently it
takes between10-20 secondsfor eachplayer to completea
processingcycle, at which point new objectivesare assigned
to player units. We next describeour implementationof the
variousplayer components,startingwith the in�uence maps
andtheir combinationinto a tree.

A. In�uence Map Tree Implementation

The IM' s calculate the value of their squareswith IM
functions basedon which units are near those squaresas
shown in Figure 3. Units in the world add various circles
of in�uence to eachIM - increasingthe valuesassignedto
all squaresaround those units. The IM function must �rst
determinewhich units it considersrelevant, this is basedon
a parameterwhich we encodein the GA. It can be either
friendly units, neutralunits, or enemyunits. The next issue,
and GA parameter, is how large of a circle to use,with the
IM either using the weaponsradius of the unit the circle is
around,or a large �x ed radius.Next, the IM determineshow
much to incrementvalueswithin the circle. Eachunit hasan
abstractpower or strengthrating associatedwith it, which
gives a general idea how powerful that unit 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 Figure3 we increasedthe valueof each
squarewithin a circle by one,regardlessof its distanceto the
unit the circle is centeredaround.The IM function can also
distributevalueswith a biastowardsthecenter, sopointsnear
the centerget the maximumvalue and as you move towards
theperimeteryou get lessandlesspoints.Thereis an alsoan
inversedistribution, giving maximumpoints at the perimeter
and zero points in the center. All of theseoptionsto the IM
function are parameterized,and encodedwithin individuals
in the geneticalgorithm. To allow �ne tuning of each IM,
two coef�cient parametersarealsoencoded.The �rst directly
scalestheradiusof thecircle usedfor eachunit - this is bound
within (0,4]. The seconddirectly scalesthe valuesgiven to
squareswithin the circle - boundwithin [-10,10].

Branchnodesin the IMTree can be any of the four basic
operators- addition,subtraction,multiplication, anddivision.
There is also an ”OR” branchnode which takes the largest
valuesfrom its childrenat eachpoint. TheOR nodegenerally
functionsastheroot of thetree,choosingbetweenthevarious
coursesof actionscontainedwithin its children. With these
nodeswe thenconstructedplayersfor both sides,tuning and
testingthemover a few games.



V. OBJECTIVE ZONER

Processingthe in�uence map producedby the in�uence
map tree into objectives is the job of the objective zoner. An
objective is a taskfor a unit groupto carry out at somepoint
in space.Theobjective zonershouldreducethe in�uence map
to a set of objectives representingits most importantpoints,
includingall thedistinctpeaksin the landscapewithout being
redundant.In Figure 2 the IMTree producesas output the
objective IM, from which theobjectivesareparsed.Thezoner
in responsepicks threekey points, the two peakson the left,
andoneof thepointsfrom theplateauon the right. Thezoner
determinesthe �rst two points correspondto attackactions,
becausethe in�uence map which producedthem was linked
to that behavior, while the third point and its corresponding
IM waslinkedto a movebehavior. This givesthreeobjectives,
attackthosetwo points,or move to this point anddistractthe
enemy.

Our objective zonerusesa simple algorithm to createthe
objectives.It �nds the highestpoint in the in�uence mapthat
is not to close to an alreadychosenobjective, and takes it
as an objective. It then repeatsthe process,until no eligible
pointsare left. Pointsare ineligible if their value is lessthen
someratio of the highestpoint, 1=2 in this case.They are
also ineligible if they are too close to a previously assigned
objective. Currentlyall objectivescarrya genericattack-move
behavior, wherethey move directly to the target point �ring
at enemiesthat comewithin range.

VI . A* PATHFINDER

Once the objectives have been calculated,an A* router
determineshow accessiblethey are.This is doneby looking
at the unit groupsavailable to the player, and searchingfor
how easily they can reachthoseobjectives.This information
is usedby the allocationgeneticalgorithmto keepunits from
beingallocatedto objectivesthey cannotreach,andprioritizes
moreaccessibleobjectives.

We used a traditional A* path�nder to do path-�nding,
A* is shown to always producethe optimal path through a
graph so long as it has a proper underestimate,which we
have. Our path�nder searchesthroughsquaresin an in�uence
map to �nd the optimal path from one point to another.
The A* in�uence map is separatefrom the playersin�uence
map tree, with eachsquarerepresentinghow preferableit is
to route through. It has high negative valuesnear powerful
enemies,and more positive numbersin openwater. Because
the A* router usesan in�uence map, the searchspacecould
bearbitrarily complicated,routingunitssothatthey try to stay
closeto neutralunits, or as far from land aspossible.

VI I . ALLOCATION GA

AllocGA, a geneticalgorithm,allocatesunits to objectives.
AllocGA is a non-generationalGA which usessingle point
crossover, bitwise mutation and roulette wheel selection.It
determinesits resourcescurrently available, and mapsthem
to appropriateobjectives taking into accountthe information
provided by the other systems.Eachindividual in AllocGA's

populationencodesanallocationtable,listing which objective
eachunit is assignedtoo. The �tness for eachindividual is a
summationof the bene�t expectedfrom allocatingeachunit
groupto its objective. The bene�t for allocatinga groupto an
objectiveis givenby: 1) theexpectedbene�t from theobjective
2) how well thatgroupsunitsmatchtheunitsrequestedfor the
objective3) how easilytheunit groupcanreachthatobjective.
Theexpectedbene�t for anobjective is thevaluefrom its point
in the in�uence map.How well units matchthoserequested
is basedupon the compositionof the group, and the meta-
dataassignedto thoseobjectivesasdiscussedin SectionVII-.1.
The penaltiesfor risk incurred,andtravel distanceis the total
cost associatedwith the route from unit to objective found
by the A* path�nder. Attacking an enemycity might yield
tremendousbene�t, but not for a group of units without the
appropriateweaponry, or for units occupiedon the far sideof
the map.

1) ObjectiveMeta-Data: To determinewhich units to al-
locate to which objectives we attach meta-datadescribing
what kind of units would be useful to each objective. We
use three coef�cients, representingthe power, speed,and
value of the units allocated.To eachunit we associatethree
abstractvalues, a power rating summarizinghow effective
it is in combat, a speedrating summarizinghow fast and
maneuverableit is, and a value rating representingits cost.
Eachis an abstracthandset value summarizingthe complex
workings of the entity, the destroyer's hasa high power, the
cigaretteboatshave high speedratings,and the oil-platform
has a high value rating. AllocGA calculatesbene�t based
how the units allocatedto an objective match up with the
coef�cients attachedto the objective. If an objective has a
highpowercoef�cient, thenallocatingpowerful unitsincreases
the �tness of that allocation.Conversely if an objective has
a negative value coef�cient, then allocating expensive units
reducesthe �tness. Eachunits attributesaremultiplied by the
correspondingcoef�cient, andthesummationis appliedto the
�tness of thatallocation.By changingthesevaluesanin�uence
map can be suited for fast cheapunits, powerful expensive
ones,or weak valuableunits (maybea hide in the rear IM).
Each objective can also have a unit cap, beyond which no
bene�t is receivedfor addingunits,so thatdistractingwith 10
units is not morebene�cial thanusing1.

VI I I . HAND-CODED PLAYERS

To test this systemwe �rst develop hand-codedplayersfor
bothsides,tuningtheir behavior over a few gamesto testhow
well theplayerswork. Our hand-codedattacker work by using
anOR nodeon two child subtrees.The�rst subtreerepresents
anattackbehavior which takestheweightedsumof two nodes.
The �rst node has high valuesnear vulnerableenemies,the
secondhaslarge negative valuesnearpowerful enemies.This
givespointsnearvulnerableenemies,but away from powerful
onesThe secondsubtreerepresentsa distractbehavior where
thecigaretteboattriesto stayjustoutof rangeof thedestroyer,
baiting it into following it and in the processabandoningthe
oil platform.Thedistractchild hastwo childrenof its own, the



�rst representinga ring of points just outsidethe destroyers
range,and the secondwith high values away from the oil
platform To generatethe ring of pointsoutsidethe destroyers
rangeit sumstwo in�uence maps- one with radiusequal to
the destroyersweaponrangebut with negative pointsandone
with a slightly larger radius and positive points. This gives
a ring of positive points just outsideof weaponsrange.The
secondchild of the distractbehavior representspoints away
from the oil platform, and by multiplying this with the ring
outsideof weaponsrangewe get points just outsideof the
destroyersweaponsrangethatareaway from theoil-platform.

The defendercountersthis with a similar tree, onceagain
using an OR node on two subtrees.The �rst behavior puts
the destroyer in-betweenany attackersandthe oil platform, it
works by multiplying high valuesnearvaluablefriendly units
with high valuesnearpowerful enemies.The secondbehavior
keepsthedestroyerneartheoil platformin thedirectionfacing
the attackers if it hasnothingelseto do, it is a multiplication
of high values in close proximity to the oil platform, with
high valuesin a very large are aroundthe attacker. Both of
thesehand-codedIM treesworked reasonablywell, with the
attackers trying to out-maneuver the defenderas it patrols
aroundthe oil-platform.

We found our hand-codedattackers showed a reasonable
level of coordination,with one boat distracting while the
other attacked. The defenderwas effective, staying near the
oil platform until the cigarette boats approached.If they
approachedit would try to chasethemoff, �ring if they got too
close.Therebehavior wasquirky however, andnotparticularly
well rounded.If the defenderdid not take the bait it could
often catch the other boat by supervise,also the attackers
were not ef�cient with their �repower, as the later evolved
behaviors showedthatby switchingplacestheattackerscould
do much more damage.They also had a hard time getting
from oneside of the destroyer, often enteringits �eld of �re
and being destroyed. The defenderwas very often fooled by
the attackersaswell, lured away from the oil-platform it was
trying to protect.To improve uponbothof thesebehaviors we
turnedto evolutionary techniques,allowing the GA to evolve
IMTreesfor controlling units in our game.

IX. EVOLVING PLAYERS

We evolved our players with a non-generationalgenetic
algorithm(PlayerGA)with roulettewheelselection,onepoint
crossover andbitwise mutation.The in�uence maptreesused
by the playersare encodedwithin individuals of PlayerGA.
Crossover took place with 75% probability, and the bitwise
mutation probability was chosento give on average2 bit
mutationsperchild. At this initial phasewe werenot evolving
thestructureof thetree,purelytheparametersandcoef�cients
for eachIM. PlayerGAusesthe samestructureas our hand-
codedattackersanddefenders.Morecomplicatedmissionsand
strategies would likely requirea more complex tree, but we
found this structureto be suf�cient for our desiredbehavior.

A. Encoding

TheGA packsall theparametersfor eachIM in theIMTree
into a bit-string, with �x ed point binary integer encodingfor
the enumerationsand�x ed point binary fraction encodingfor
the real valuedparametersandcoef�cients.

B. Evaluationand Fitness

To evaluateeachindividual we play themagainstan oppo-
nentandexaminetheresultsof thematch.Fitnessis calculated
asf itness = damagedone� damagereceived at the endof
the game,which makes it a zero-sumtwo playergame.

X. RESULTS

Our hand-codedattacker hada basicattack-distractbehav-
ior, with one cigaretteboat trying to distractand occupy the
destroyer while the otherwent for the oil-platform. Our basic
defenderspentmost of its effort chasingafter the attackers,
hoping to cut them off and broadsidethem with its machine
guns. Our hand-codedattackers were reasonablyeffective -
winning mostof themissions,but oftenmakingmistakes.The
attackers would easily occupy the destroyer while it chased
them,but if it switchedwho it waschasingthey would often
try to cut acrossits �eld of �re. To improve this we �rst
evolved an attacker againstour hand-codeddefender. This
gave better behavior, with the evolved attackers being more
�e xible and reliable. We then evolved the defender, with
the defenderbecominga bit more robust in how it would
deal with two attackers, not getting lured as easily away
from the oil platform. Finally we evolve the two populations
simultaneously, seeing more types of behaviors from both
players,beforeultimatelyproducingtwo well roundedplayers.

A. Results:Evolving the Attacker

The GA �rst evolved our attacker, evaluating 1000 indi-
viduals againstour hand-codeddefender. While we ran the
systemmultiple times,we will discussa singlerepresentative
run which illustratesthe resultswe consistentlyachieved.The
attackers eventually discover a reasonablygood attack-avoid
strategy, stayingwell away from the destroyer while trying to
get close to the oil platform. Over the following evaluations
this evolves into an attack-distractstrategy, wherethe attacks
split their time occupying the destroyer and attacking the
oil-platform. Unlike our hand-codedattacker they were not
reluctantto switch roles,with oneboatdistractingfor several
secondsthen going back to the oil platform. This allows
them to attack the platform, and spendtheir long reloading
time distracting the destroyer, limiting the amountof shots
they �red on the destroyer - who is more heavily armored.
They were also much more cautiousabout approachingthe
destroyer, goingwell outof theirway to avoid it. Thisavoiding
the problem of our hand-codedattacker, whereby it would
occasionallyskim the destroyers �ring range, taking heavy
�re. The evolved attacker proved frustrating to play against
as an opponent,as it was very chaotic in its actions.While
psychologicallyeffective it did make mistakes,but overall it
representeda signi�cant improvementfrom our hand-coded
attacker.



Fig. 6. Behavior Exhibitedby Evolved Attacker

B. Results:Evolving the Defender

Theevolvedattackerswereeffectiveagainstthehand-coded
defender, coordinatinganeffective attack-distractstrategy. We
next re-ran the geneticalgorithm to evolve the defenderto
see if it could �nd a counter to the attackers strategy. The
attack distract behavior capitalizes well on the advantage
given to the attackers, making it dif�cult for the destroyer
to effectively defend.The defendersevolved did surpassthe
quality of our own hand-codeddefendershowever, learning
how to trick the attackers into making mistakes. Figure 7
shows an exceptional defense,where the defenderpushes
bothattackersbackby manipulatingtheir constantswitchesin
roles.While the evolved attacker and evolved defenderwere
effective, particularly againsteachother, they madeobvious
mistakes againsthumanopponents.To improve our players
furtherwe utilized co-evolution,aiming to generateever more
robust players.

Fig. 7. Behavior Exhibitedby Evolved Defender

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 populationcontainingattackingstrategies, and the other
containingdefendingstrategies. We evaluatedindividuals by
playing them againstun-evaluated individuals in the other
population,with �tness calculatedas before.The goal being
an”armsrace”wherebyeachsideis constantlyinnovatingnew
strategies in order to bettertheir opponent.

D. Results:Co-evolving Attackers and Defenders

To implementco-evolution we run two geneticalgorithms
- one evolving attackers, and one evolving defenders.We
play unevaluatedmembersfrom eachpopulationagainsteach
other, and calculate�tness as before.As beforewe allowed
each GA to evaluate 1000 candidatestrategies. Figure 8
shows theminimum,maximum,andaverage�tness in thetwo
populationsover time.At �rst thereis chaos,with bothplayers
usingrandomstrategies.Effectiveattackersanddefendersstart
to emergehowever, with theattacker learningto go for theoil
platform and the defenderlearning to go for the attackers.
The attackers suffer for a few hundredgenerations,trying to
learnanattack-distractor anattack-avoid behavior. Eventually
thosestartto emerge,andtheir �tness risesdramatically. This
leads to improvementsin the defendersAI, learning not to
be lured away from the oil platform, and to keep its speed
up. Ultimately they develop the behaviors shown in Figure9
- the attacker develops a well roundedattack-distract-avoid
behavior, and the defenderdevelopsa diligent defensive be-
havior. The attackersspendslesstime distractingthenbefore,
preferringto stayon the oppositesideof the oil-platform and
�ght. Oneboatwill occasionallylure the defenderaway, and
then return while the defenderturns around.The attackers
also tend to stay far away, generallyoppositesidesasshown
in Figure 9, which makes them much more �e xible than if
they bunch up. The defendersbehavior was very protective,
generallystayingverycloseto theoil-platform. It wasdif�cult
to lure off, anddid a goodjob of overcomingits slow turning
rateby stayingin goodpositions..Both attacker anddefender
learnedgeneralizedbehaviors, similar to thosewe hadtried to
develop in our hand-codedbehaviors. The co-evolved players
were superior to the hand-codedplayers,with the attackers
clearlyout-maneuveringthedestroyer, andthedefenderdoing
its bestto defendtheoil-platform.Co-evolution gave themthe
robustnessnecessaryto play againsthumanopponents.

XI . CONCLUSIONS AND FUTURE WORK

Co-evolved in�uence map trees were capableof produc-
ing competentbehavior inside our RTS game. While our
mission was relatively simple, and the IMTrees were used
more as operationalcontrollers than as strategic planners,
the IMTreesfunctionedadequately. By combining in�uence
maps with genetic algorithms we produced behavior that
was much more coordinatedthan in either of the previous
systems.The attackers learnedhow to effectively work as a
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Fig. 9. Final Co-Evolved Players

team, taking advantageof their unit's abilities to overcome
a more powerful defender. This is in contrast to previous
work, wherethe attackersfunctionedindependentlyandwere
defeatedby thedefender[12]. The �nal behaviors wererobust
and effective, both againstother evolved playersand against
humanopponents.Our results indicate that co-evolving IM
Treesis a promising technique,with the potential to evolve
strategic playerswho learn to usecomplex strategies to win
long-termgames.

The other avenueof future work is that of increasingthe
complexity presentin the missionand the game.An element
of stealthhas beenaddedto the game,where attackers can
hide behind neutral boats in order to approachand hide

undetected.Neutral traf�c is also being used,requiring the
destroyer to maneuver around, and not �re upon, neutral
boatswhile trying to defenda moving ally. Combinedwith
stealth this greatly complicatesthe gamesfor both players.
Evolution of the structureof the tree is also a major step
under development,allowing strategies to evolve increasing
levelsof complexity over time, without a steepinitial learning
curve. Futurework would expandour implementationof co-
evolution, utilizing a hall-of-famesystemor a maintaininga
sub-sampledpopulationof opponentsto test against.Fitness
sharing,or someotherform of speciationwould alsobegood,
protecting and encouragingmore complicatedstrategies to
develop. Thesetechniqueswere developedfor improving the
performanceof co-evolution, and would likely lead to faster
moreconsistentimprovement[18]. Paretoco-evolution would
also provide similar improvements,helping to develop and
maintain different attackingand defendingstrategies within
the population[19].
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