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Abstract- We presenta case-injectedgeneticalgorithm
player for Strik e Ops, a real-time strategy game. Such
strategy gamesare fundamentally resource allocation
optimization problems and our previous work showed
that geneticalgorithms can play such gamesby solving
the underlying resource allocation problem. This pa-
per shows how we can learn to better respondto oppo-
nent actions(moves)by usingcase-injectedgeneticalgo-
rithms. Case-injectedgeneticalgorithms were designed
to learn to impr ove performance in solving sequences
of similar problemsand thus provide a good �t for re-
sponding to opponent actions in Strik e Ops which re-
sult in a sequenceof similar resource allocation prob-
lems.Our resultsshow that a case-injectedgeneticalgo-
rithm player learns fr om previously encountered prob-
lems in the sequenceto provide better quality solutions
in lesstime for the underlying resourceallocation prob-
lem thus impr oving responsetime by the geneticalgo-
rithm player. This impr oves the responsivenessof the
gameand the quality of the overall playing experience.

1 Intr oduction

The computergamingindustrynow hasmoregamessales
thanmovie ticket salesandbothgamingandentertainment
drive researchin graphics,modeling and many other ar-
eas. Although AI researchhasin the pastbeeninterested
in gameslike checkers and chess[1, 2, 3, 4, 5], popular
computergameslike StarcraftandCounter-Strike arevery
differentandhavenotyetreceivedmuchattentionfrom evo-
lutionarycomputingresearchers.Thesegamesaresituated
in avirtual world, involvebothlong-termandreactiveplan-
ning, and provide an immersive, fun experience. At the
sametime, we canposemany training, planning,andsci-
enti�c problemsasgameswhereplayerdecisionsdetermine
the�nal solution.Thispaperusesacase-injectedgenetical-
gorithmto learnhow to play Strike Opsa Real-Time Strat-
egy (RTS) computergame[6].

Developersof computerplayers(gameAI) for popu-
lar First PersonShooters(FPS) and RTS gamestend to
use�nite statemachines,rule-basedsystems,or othersuch
knowledgeintensive approaches.Theseapproacheswork
well - at leastuntil a humanplayerlearnstheir habitsand
weaknesses.Thedif�culty of theproblemmeansthatcom-
petentGame AI developmentrequiressigni�cant player
anddeveloperresources.Developmentof gameAI there-
foresuffersfrom theknowledgeacquisitionbottleneckwell
known to AI researchers.

Since geneticalgorithmsare not knowledge intensive
and were designedto solve poorly understoodproblems
they seemwell suitedto RTS gameswhich arefundamen-
tally resourceallocation games. However, geneticalgo-
rithms tendto be slow, requiringmany evaluationsof can-
didatesolutionsin orderto producesatisfactoryallocation
strategies.

To increaseresponsivenessand to speedup gameplay,
this paperappliesa case-injectedgeneticalgorithm that
combinesgeneticalgorithmswith case-basedreasoningto
provide playerdecisionsupportin the context of domains
modeledby computerstrategy games. In a case-injected
geneticalgorithm,everymemberof thegeneticalgorithm's
evolving populationis a potentialcaseand can be stored
into a case-base. Whenever confrontedwith a new re-
sourceallocation problem (Pi ), the case-injectedgenetic
algorithm learns to increaseperformance(playing faster
andbetter)by periodicallyinjectingappropriatecasesfrom
previously attemptedsimilar problems(P0; P1; : : : ; Pi � 1)
into the genetic algorithm's evolving population on Pi .
Case-injectedgenetic algorithms acquiredomain knowl-
edgethroughgameplay andour previous work describes
how to chooseappropriatecases,how to de�ne similarity,
andhow often to inject chosencasesto maximizeperfor-
mance[6].

Playersbegin Strike Ops with a startingscenarioand
the geneticalgorithmplayerattemptsto solve P0, the un-
derlying resourceallocationproblem. During gameplay,
an opponent's actionchangesthe scenariocreatinga new
resourceallocationproblemP1 and triggering the genetic
algorithm to attemptto solve P1. Combinedwith case-
injection,thegeneticalgorithmplayerusespastexperience
at solvingtheproblemsequencegeneratedby opponentac-
tions,P1; P2; : : : ; Pi � 1, to increaseperformanceoncurrent
andsubsequentproblems,Pi ; Pi +1 ; : : : ; Pi + n . Preliminary
resultsshow thatourcase-injectedgeneticalgorithmplayer
indeedlearnsto play fasterandbetter.

The next section introducesthe strike force planning
gameand case-injectedgeneticalgorithms. We then de-
scribe previous work in this area. Section 4 describes
the speci�c strike scenariosusedfor testing, the evalua-
tion computation,oursystem'sarchitecture,andourencod-
ing. Thesubsequenttwo sectionsexplainour testsetupand
our resultswith usingcase-injectedgeneticalgorithmto in-
creaseour performanceat playing thegame.The last sec-
tion providesconclusionsanddirectionsfor futureresearch.



2 Strik e Ops

A StrikeOpsplayerwinsby destroying opponents'installa-
tionswhile minimizingdamageto theplayer'sown installa-
tionsandassets.An attackingplayerallocatesa collection
of strike assetson �ying platformsto a setof opponenttar-
getsand threatson the ground. The problemis dynamic;
weatherandotherenvironmentalfactorsaffectassetperfor-
mance,unknown threatscan popupand becomenew tar-
getsto be destroyed. Thesecomplicationsas well as the
varyingeffectivenessof assetson targetsmakethegamein-
terestingand the underlyingresourceallocationproblems
dif�cult andthussuitablefor geneticandevolutionarycom-
puting approaches.Figure1 shows a screenshotfrom the
game.

Figure1: GameScreen-shot

Our gameinvolvestwo sides:Blue andRed,bothseek-
ing to allocatetheir respective resourcesto minimizedam-
agereceivedwhile maximizingtheeffectivenessof theiras-
sets. Blue plays by allocatinga set of assetson aircraft
(platforms),to attackRed's buildings (targets)anddefen-
sive installations(threats). Blue determineswhich targets
to attack,whichweapons(assets)to useon them,aswell as
how to routeeachplatformto thetargets,trying to minimize
risk presentedwhile maximizingweaponeffectiveness.

Red hasdefensive installations(threats)which protect
its targetsby attackingenemyplatformsthat comewithin
range. Red plays by placing thesethreatsto bestprotect
targets. Potentialthreatsandtargetscanalso”pop-up” on
Red'scommandin themiddleof amission,allowingarange
of strategic options. By cleverly locating threatsRedcan
feign vulnerability and lure Blue into a deviously located
popuptrap,or keepBlue from exploiting sucha weakness
out of fear of a trap. The many possibleoffensive andde-
fensivestrategiesmake thegameexciting anddynamic.

In this paper, a humanplaysRedwhile a GeneticAlgo-
rithm Player(GAP)playsBlue. The�tness of anindividual
in GAP'spopulationsolvingtheunderlyingallocationprob-
lemis evaluatedby runningthegame.GAPdevelopsstrate-
giesfor theattackingstrike force,including�ight plansand
weapontargetingfor all availableaircraft.Whenconfronted
with popupsor otherchangesin situation,GAPrespondsby
replanningwith thecase-injectedgeneticalgorithmin order
to produceanew planof actionthatrespondsto changes.

2.1 Case-InjectedGeneticAlgorithms for RTS games

The idea behinda case-injectedgeneticalgorithm is that
as the geneticalgorithm componentiteratesover a prob-
lem it selectsmembersof its populationandcachesthem
(in memory)for futurestorageinto a casebase[6]. Cases
arethereforemembersof thegeneticalgorithm'spopulation
andrepresentanencodedcandidatestrategy for thecurrent
scenario.Periodically, thesysteminjectsappropriatecases
from thecasebase,containingcasesfrom previousattempts
at other, similar problems,into theevolving populationre-
placinglow �tness populationmembers.Whendonewith
the currentproblem,the systemstoresthe cachedpopula-
tion membersinto thecasebasefor retrieval anduseonnew
problems.

A case-injectedgeneticalgorithmworksdifferentlythan
a typical geneticalgorithm. A geneticalgorithmrandomly
initializesits startingpopulationsothatit canproceedfrom
an unbiasedsampleof the searchspace. We believe that
it makes lesssenseto start a problemsolving searchat-
temptfrom scratchwhenprevioussearchattempts(on sim-
ilar problems)may have yieldeduseful informationabout
the searchspace. Instead,periodically injecting a genetic
algorithm'spopulationwith relevantsolutionsor partialso-
lutions to similar previously solved problemscan provide
information (a searchbias) that reducesthe time taken to
�nd a quality solution. Our approachborrows ideasfrom
case-basedreasoning(CBR)in whicholdproblemandsolu-
tion information,storedascasesin a case-base,helpssolve
a new problem[7, 8, 9]. In our system,the data-base,or
case-base,of problemsandtheir solutionssuppliesthege-
neticproblemsolverwith a long termmemory. Thesystem
doesnot requirea case-baseto startwith andcanbootstrap
itself by learningnew casesfrom thegeneticalgorithm'sat-
temptsatsolvingaproblem.

The case-basedoeswhat it is bestat – memoryorga-
nization; the geneticalgorithmhandleswhat it is bestat –
adaptation.The resultingcombinationtakesadvantageof
both paradigms;the geneticalgorithmcomponentdelivers
robustnessandadaptivelearningwhile thecase-basedcom-
ponentspeedsup thesystem.

The Case-InjectedGenetic Algorithm (CIGAR) used
in this paperoperateson the basisof solution similarity.
CIGAR periodically injects a small numberof solutions
similar to the currentbestmemberof the GA population
into the current population,replacingthe worst members.
TheGA continuessearchingwith thiscombinedpopulation.
Theideais to cyclethroughthefollowing steps.Let theGA
make someprogress.Next, �nd solutionsin the casebase
thataresimilar to thecurrentbestsolutionin thepopulation
andinject thesesolutionsinto thepopulation.If injectedso-
lutionscontainusefulcrossprobleminformation,theGA's
performancewill be signi�cantly boosted.Figure2 shows
this situationfor CIGAR whenit is solving a sequenceof
problems,Pi ; 0 < i � n, eachof whichundergoesperiodic
injectionof cases.

We have describedone particular implementationof
sucha system. Other lesselitist, approachesfor choosing
populationmembersto replacearepossible,asaredifferent
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Figure2: Solvingproblemsin sequencewith CIGAR. Note
themuliple periodicinjectionsin thepopulationasCIGAR
attemptsproblemPi ; 0 < i � n.

strategiesfor choosingindividualsfrom thecasebase.We
canalso vary the injection percentage;the fraction of the
populationreplacedby choseninjectedcases.

Note that CIGAR periodically injects casesinto the
evolving population. We have to periodically inject solu-
tions basedon the makeup of the currentpopulationbe-
causewe do not know which previously solved problems
are similar to the currentone. That is, we do not have a
problemsimilarity metric. However, thehammingdistance
betweenbinary encodedchromosomesprovidesus a sim-
ple andremarkablyeffective solutionsimilarity metric. By
�nding andinjectingcasesin thecase-basethataresimilar
(hammingdistance)to thecurrentbestindividualin thepop-
ulation, we areassumingthat similar solutionsmusthave
comefrom similarproblemsandthatthesesimilarsolutions
retreived from the casebasecontainuseful informationto
guidegeneticsearch.Resultsondesign,scheduling,andal-
locationproblemsshow theef�cacy of thissimilarity metric
andthereforeof CIGAR [6].

An advantageof usingsolutionsimilarity arisesfrom the
stringrepresentationstypically usedby geneticalgorithms.
A chromosomeis, afterall, a stringof symbols.Stringsim-
ilarity metricsarerelatively easyto comeby, and further-
more,aredomainindependent.For example,in this paper
weusehammingdistancebetweenbinaryencodedchromo-
somesfor thesimilarity metric.

What happensif our similarity measureis noisy and/or
leadsto unsuitableretrieved cases?By de�nition, unsuit-
ablecaseswill have low �tness andwill quickly be elimi-
natedfrom the GA's population. CIGAR may suffer from
a slight performancehit in this situationbut will not break
or fail – the geneticsearchcomponentwill continuemak-
ing progresstowardsa solution. In addition,notethat di-
versity in thepopulation- “the grist for themill of genetic
search[10]” canbe suppliedby the geneticoperatorsand
by injection from thecase-base.Evenif the injectedcases
areunsuitable,variationis still injected.CIGAR is robust.

Thesystemthatwehavedescribedinjectsindividualsin
thecase-basethataredeterministicallyclosest,in hamming
distance,to thecurrentbestindividualin thepopulation.We
canalsochooseschemesotherthaninjecting theclosestto
thebest.For example,wehaveexperimentedwith injecting
casesthatarethefurthest(in thecase-base)from thecurrent
worst memberof the population. Probabilisticversionsof
bothhavealsoproveneffective.

Reusingold solutionshasbeenatraditionalperformance

improvementprocedure.This work differsin that1) we at-
tack a setof tasks,2) storeandreuseintermediate candi-
datesolutions,and3) do not dependon the existenceof a
problemsimilarity metric. More detailsaboutCIGAR are
providedin [6].

Geneticalgorithmscanbeusedto robustlysearchfor ef-
fective strategiesinsideour game.A geneticalgorithmcan
generatean initial resourceallocation(a plan) to start the
game. No plan survivescontactwith the enemy, however,
asthe dynamicnatureof the gamerequiresre-planningin
responseto opponentdecisions(moves)andtheeverchang-
ing game-state.Replanningmust be donefast enoughto
keepthegamelively andresponsive,while plansproduced
mustbeeffectiveenoughto produceacompetentopponent.
Cangeneticalgorithmssatisfythesespeedandqualitycon-
straints?

We have shown that case-injectedgenetic algorithms
learn to increaseperformancewith experienceat solving
similar problems[6, 11, 12, 13, 14]. For the case-injected
geneticalgorithm, re-planningis simply solving a similar
planningproblemarisingfromopponentactionsandthispa-
per shows that whenusedfor re-planningin Strike Ops,a
case-injectedgeneticalgorithmquickly producesbetternew
plansin responseto changinggamedynamics.In ourgame,
aircraftbreakoff to attacknewly discoveredtargets,reroute
to avoid new threats,andre-prioritizeto dealwith changes
to thegamestate.

2.2 PreviousWork

Previouswork in strike forceassetallocationhasbeendone
in optimizingtheallocationof assetsto targets,themajority
of it focusingon staticpre-missionplanning. Griggs[15]
formulateda mixed-integerproblem(MIP) to allocateplat-
formsandassetsfor eachobjective. TheMIP is augmented
with adecisiontreethatdeterminesthebestplanbasedupon
weatherdata.Li [16] convertsanonlinearprogrammingfor-
mulationinto a MIP problem. Yost [17] providesa survey
of the work that hasbeenconductedto addressthe opti-
mizationof strike allocationassets.Louis [18] appliedcase
injectedgeneticalgorithmsto strike forceassetallocation.

From the computergamingside,a large body of work
exists in which evolutionary methodshave beenapplied
to games[2, 19, 4, 20, 3]. However the majority of this
work hasbeenappliedto board,card, and other well de-
�ned games.Suchgameshave many differencesfrom pop-
ular realtime strategy (RTS) gamessuchasStarcraft,Total
Annihilation, andHomeworld[21, 22, 23]. Chess,check-
ersandmany othersuseentities(pieces)thathavea limited
spaceof positions(suchasonaboard)andrestrictedsetsof
actions(de�ned moves). Playersin thesegamesalsohave
well de�ned rolesandthe domainof knowledgeavailable
to eachplayeris well identi�ed. Thesecharacteristicsmake
thegamestateeasierto specifyandanalyze.In contrast,en-
tities in ourgameexist andinteractover time in continuous
threedimensionalspace.Entitiesarenotdirectlycontrolled
by playersbut insteadsetsof parametrizedalgorithmscon-
trol themin orderto meetgoalsoutlinedby players. This
addsa level of abstractionnot found in more traditional



games.In mostsuchcomputergames,playershave incom-
pleteknowledgeof thegamestateandeven thedomainof
this incompleteknowledgeis dif�cult to determine. John
Laird [24, 25, 26] surveys thestateof researchin usingAr-
ti�cial Intelligence(AI) techniquesin interactivecomputers
games.He describesthe importanceof suchresearchand
providesataxonomyof games.Severalmilitary simulations
sharesomeof our game's properties[27, 28, 29], however
theseattemptto modelrealitywhile oursis designedto pro-
vide a platform for researchin strategic planning,knowl-
edgeacquisitionandre-use,andto have fun. Thenext sec-
tion describesthescenario(mission)beingplayed.

3 Missions

Figure3: TheScenario

Figure3 shows oneof themissionsbeingplayedby our
GA. This missiontakesplacein north-westNevada,Lake
Tahoeis just off thelower left handsideof thescreen.The
rings representthe radii of the variousthreats,the darker
coloredrings representthreatsthat arecurrently inactive -
they arewaiting to surpriseattackers. The squarelooking
objectsaretargetsandthereareanumberof them.Theblue
linesrepresentroutesin aplandesignedby ahumanplaying
blue. The humanplayerhasorganizedplatformsinto two
wingsandplansto threadthroughgapsin defensecoverage
to attackundefendedtargets. Evaluatinga plan, or com-
putinga plan's �tness is dependenton therepresentationof
entities' statesinsidethegame,andour way of computing
�tness andrepresentingthisstateis describednext.

3.1 Fitness

We evaluatethe �tness of an individual in GAP's popula-
tion by runningthegameandcheckingthegameoutcome.
Blue's goalsare to maximizedamagedoneto red targets,
while minimizing damagedoneto its platforms. Shorter
simpler routesarealsodesirable,so we includea penalty
in the �tness function basedon the total distancetraveled.
Thisgivesthe�tness calculatedasshown in Equation1

f it (plan) = Damage(Red)� Damage(B lue)� d� c (1)

d is thetotal distancetraveledby Blue's platformsandc is
chosensuchthat d � c hasa 10-20%effect on the �tness

(f it (plan)). Totaldamagedoneis calculatedbelow.

Damage(Player) =
X

E 2 F

Ev � (1 � Es)

E is an entity in the gameand F is the set of all forces
belongingto thatside.Ev is thevalueof E , while Es is the
probability of survival for entity E . We useprobabilistic
healthmetricsto evaluateentitydamage.

3.2 Probabilistic Health Metrics

In many games,entities(platforms,threats,and targetsin
ourgame)posseshit-pointswhichrepresentstheirability to
take damage.Eachattackremovesa numberof hit-points
andwhenreducedto zerohit-pointstheentity is destroyed
andcannotparticipatefurther. However in reality, weapons
have a morehit or misseffect, destroying entitiesor leav-
ing themfunctional.A singleattackmaybeeffectivewhile
multiple attacksmayhave no effect. Althoughmorerealis-
tic, this introducesa largedegreeof stochasticerrorinto the
game.

To mitigatestochasticerrors,we useprobabilistichealth
metrics[30, 31]. Insteadof monitoringwhetheror not an
objecthasbeendestroyedwe monitor theprobabilityof its
survival. Beingattackedno longerdestroys objectsandre-
movesthemfrom thegame,it just reducestheir probability
of survival accordingto Equation2 below.

S(E) = St 0 (E ) � (1 � D (E)) (2)

E is the entity being considered: a platform, target, or
threat.S(E) is theprobabilityof survival of entity E after
the attack. St 0 (E ) is probability of survival of E up until
theattackandD(E) is theprobabilityof thatplatformbeing
destroyedby theattackandis givenby equation3 below.

D(E) = S(A) � E (W ) (3)

Here,S(A) is the attackersprobability of survival up un-
til the time of the attackandE(W ) is theeffectivenessof
the attackersweaponasgiven in the weapon-entityeffec-
tivenessmatrix. This methodgivesus theexpectedvalues
of survival for all entitiesin thegamewithin onerun of the
game,therebyproducinga representative evaluationof the
valueof a plan. As a sideeffect, we alsogain a smoother
gradientfor theGA to searchaswell asconsistentlyrepro-
ducibleevaluations.

3.3 Encoding

To play thegame,playersgetthestartingscenarioandhave
someinitializationtimeto preparestrategy. GAPappliesthe
caseinjectedgeneticalgorithmto the underlyingresource
allocationandroutingproblemandchoosesthebestplanto
play againstRed.Thegamethenbegins. During thegame,
Red can activatepopupthreatsdetectableupon activation
by GAP. GAPthenrunsthecase-injectedgeneticalgorithm
producinga new planof action,andsoon.



GAP mustproduceroutingdatafor eachof Blue's plat-
forms. We usethe A* algorithm [32] to build routesbe-
tweenlocationsplatformswish to visit. A* �nds thecheap-
estroute,wherecostis a functionof routelengthandroute
risk.

We parameterizethe routing algorithmin order to pro-
ducerouteswith speci�c characteristicsandallow GAP to
tune this parameter. For example,we have shown that to
avoid traps,GAP mustbe able to specify that it wantsto
avoid areasof potentialdanger. In ourgame,trapsaremost
effective in areascon�ned by other threats. If we arti�-
cially in�ate threatradii, threatsexpandto �ll in potential
trapcorridorsandA* producesroutesthatgo aroundthese
expandedthreats. We thus introducea parameter, r c that
increasethreats'effective radii. Largerr c's expandthreats
and�ll in con�ned areas,smallerr c's leadto moredirect
routes. r c is currently limited to the range[0; 3] and en-
codedwith eight(8) bitsat theendof ourchromosome.We
encodeda singler c for eachplan but areinvestigatingthe
encodingof r c's for eachsectionof a route.

Most of theencodingspeci�estheassetto targetalloca-
tion with r c encodedat theendasdescribedabove. Figure4
shows how we representthe allocationdataasan enumer-
ation of assetsto targets. The scenarioinvolvestwo plat-
forms (P1, P2), eachwith a pair of assets,attackingfour
targets. The left box illustratesthe allocationof assetA1
on platform P1 to target T3, assetA2 to target T1 andso
on. Tabulating theassetto targetallocationgivesthe table
in the center. Letting the positiondenotethe assetandre-
ducingthetarget id to binary thenproducesa binarystring
representationfor theallocation.

Figure4: Allocation Encoding

4 Learning fr om Experience

Previouswork hastaughtusthatwecanplay thegamewith
a GA [30, 31]. Ourgoalhassincebecometo play thegame
fasterandbetter. Even on a computerclusterthe time re-
quiredto respondto a changein stateis slow comparedto
the fastpaceof thegame.We achieve our goalof playing
fasterandbetterthroughcaseinjection.

Case-injectedGA's have beenshown to increaseper-
formanceat similar problemsas they gain experience. In
strategic gamessuchsituationsoccur often. Every oppo-
nentactionandsituationalchangeis achangein gamestate.
However, thesechangesare often minor as few opponent
actionsare worth redevelopingyour entirestrategy. Case
injection maintainssomeinformation from previous strat-
egy development,allowing us to keepour currentstrategy
in mind whendevelopingnew onesin responseto changes
in gamestate. Caseinjection thusallows the GA to adapt
old strategiesto new situations,maintainingpastknowledge

that is still applicable,and redevelopingnew strategiesas
unforeseensituationsarise.

5 Results

In this work we explorehow we canimprovegeneticalgo-
rithm performancethroughcaseinjection. We analyzehow
case-injectionimpacts re-planningwith respectto game
complexity andre-planningscope.Exceptfor thelargemis-
sion (below), we useda steady-statepopulationsizeof 20
run for 20 generationswith a single-pointcrossover proba-
bility of 0:9 anda mutationprobabilityof 0:1. We injected
two individualseverygenerationchosenusingaprobabilis-
tic closestto thebeststrategy wheretheprobabilityof being
pickedfor injectionfrom thecase-basewasdirectlypropor-
tional to hammingsimilarity. Thelargemissionusedapop-
ulation size of 40 run for 40 generations.The algorithm
stoppedeitherwhenit exceededthesetnumberof iterations
(20 or 40) or whentherewasno improvementfor over ten
generationsor whenf max =f av g waslessthan1:01. Here
f max is the populationmaximum�tness and f av g is the
populationaverage�tness.

5.1 GameComplexity

Gamecomplexity refersto the complexity of the individ-
ualmissionbeingplayed.Increasingtheresourcesavailable
for eachsideto allocateincreasesthestrategic searchspace
presentedto eachplayer. How doesthis increasein search
spacealtertheeffectof caseinjectiononthegeneticsearch?

To test this, we �rst constructed3 missionsof increas-
ing complexity. More complex missionshave moreattack-
ing aircraft loadedwith moreweaponsto attackmoretar-
gets.Themission'sgeneralcharacterdoesnot change.The
defendingplayer follows a script activating popupthreats
early in the mission leading the attackingplayer (GAP)
to replanattackingstrategy. Scripting keepsthe analysis
straightforward and repeatable.We then let the GA play
this gamemultiple times,with andwithout caseinjection
andanalyzethe GA's response.We provide missionpro-
�les below

� SimpleMission

– 4 platforms

– 8 assets

– 8 targets

– 30bitsperchromosome

� MediumMission

– 6 platforms

– 12assets

– 20 targets

– 66bitsperchromosome

� LargeMission(populationsize40)

– 10platforms



– 20assets

– 40 targets

– 114bits perchromosome

We run a GA with and without caseinjection on the
threemissionstentimewith differentrandomseedsandplot
theaveragenumberof evaluationsmadein Figure5. Note
theCase-InjectedGeneticAlgoRithm (CIGAR) greatlyre-
ducesthe numberof evaluations(time) to converge out-
performingthe non-injectedGA, especiallyasthemission
becomesmore complex. On more complicatedmissions
CIGAR retainsmoreinformation,giving it a largeradvan-
tageover theGA.

Figure5: MissionComplexity — EvaluationsMade

We canalsoseethatalthoughCIGAR takeslesstime to
converge,thequalityof solutionsproducedby CIGAR does
not suffer. Figure6 plots theaverageof the maximum�t-
nessfound by theGA or CIGAR over ten runsandshows
that CIGAR seemsto producebetterquality solutions;al-
thoughweneedto havemorerunstoprovetheimprovement
is statisticalsigni�cant.

5.2 ReplanningScope

GAP re-plans whenever the situation changes. These
changesrangefrom minor eventslike discoveringa poorly
valuedtargetto big eventslike highly time-criticalandim-
portanttargetsappearing.Case-injectionexploits informa-
tion gainedin previoussearches,andthescopeof thesitu-
ationchangedetermineshow muchof thatpreviousknowl-
edgeis pertinentto the currentsituation. How doescase-
injectionwork underthesedifferentkindsof changes?

We againconstructthreemissions,this time with differ-
ent defendinglayoutsandscriptedactionsfor the defend-
ing player. In eachmissionthedefendingplayermakes� ve

Figure6: MissionComplexity — Fitnessof Solution

changes,thesechangeshaving an increasingimpacton the
attackingplayersstrategy. We summarizethemissionsand
GAP's responsebelow.

� SimpleReplan- Small threatspopupon the way to
targets(sameasprevious3 missions).

– GA reroutesto avoid new threats

– Minor changesto weapon-targetallocation

� ModerateReplan- Medium threatspopuparounda
handfulof targets

– Moderatechangesin allocation

– Avoidsnewly protectedlow valuethreats

– Redirectsadditional attackers to newly pro-
tectedhighvaluetargets

– Signi�cant routingchangesto avoid new threats
andreachnew targets

� Complex Replan- Large popupsoccur defendinga
largeclusterof targets

– Largechangesof allocations

– Wings (groups)of aircraft diverted from new
hotzones

– Focusingof aircraft towards the most highly
valuedtargets

– Reroutingof mostaircraftfor eachreplan

Figure7 shows thenumberof evaluationsrequiredasa
functionof thenumberof re-plansfor theabove missions.
As the scopeof the replanincreases,case-injection's ad-
vantagedecreases.In otherwords, case-injectionfocuses



searchtowardspreviously successfulsolutions,asthenew
solutionmovesfurther from theold solutiontheadvantage
providedby case-injectiondecreases.Figure8 shows once
againthatCIGAR's speedadvantagedoesnot comeat the
expenseof lower quality solutions.On thecontrarythe�g-
ureshowsthatCIGAR producesbetterqualityplans.

Figure7: ReplanningSize— EvaluationsTaken

5.3 Statistical Signi�cance

CIGAR's speedupover the GA is statisticallysigni�cant.
Using CIGAR, we canexpectsigni�cant speedupwith no
loss in quality of solution produced. In fact, our results
lead us to believe that we shouldalso expectbetterqual-
ity solutions.Theseresults�t well with previouswork that
showscase-injectedgeneticalgorithmsmorequickly deliv-
eringbetterquality solutions[6].

6 Conclusionsand Future Work

We have shown thata geneticalgorithmcanplay computer
strategy gamesby solving the sequenceof underlyingre-
sourceallocationproblems.Case-injectionstatisticallysig-
ni�cantly improvedthespeedwith which our case-injected
geneticalgorithmplayer (GAP) respondsto opponentac-
tionsandotherchanges,while improving the�tness of so-
lutionsproduced.We exploredtheeffectsof missioncom-
plexity and replanningscope,showing that the advantage
providedby caseinjectionincreasesasthemissionbecomes
morecomplicated,anddecreasesasthedifferencebetween
new andold situationsgrows. Notethatcaseinjectionstill
providesasigni�cant improvementevenwhenthegamesit-
uationchangesdrastically. PlayingRTS gameswith a GA
presentsa goodapplicationof caseinjection,andwe have
explored how case-injectionimpactsthe dynamicsof the

Figure8: ReplanningSize— Fitnessof Solution

game,showing signi�cant improvementin responsetimeas
well assomeimprovementin responsequality.

We areexploring severalavenuesfor further improving
responsetimes. Onepossibility is to usea reducedsurro-
gateto quickly approximate�tness evaluations.Finally, the
gameitself is severalstagesfrom beinghumanplayableand
we arecurrentlyworking on makingthegamemuchmore
playable.
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