Case-InjectionImpr ovesResponselime for a Real-Time Strategy Game

Chris Miles
EvolutionaryComputingSystemd.AB (ECSL)
Departmenbf ComputerScienceandEngineering
Universityof Nevada,Reno
miles@cs.unedu

Abstract- We presenta case-injectedgeneticalgorithm
player for Strike Ops, a real-time strategy game. Such
strategy gamesare fundamentally resource allocation
optimization problemsand 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 using case-injectedgeneticalgo-
rithms. Case-injectedgeneticalgorithms were designed
to learn to improve performance in solving sequences
of similar problemsand thus provide a good t for re-
sponding to opponent actions in Strike Ops which re-
sult in a sequenceof similar resource allocation prob-
lems. Our resultsshow that a case-injectedgeneticalgo-
rithm player learns from previously encountered prob-
lemsin the sequenceo provide better quality solutions
in lesstime for the underlying resourceallocation prob-
lem thus improving responsetime by the geneticalgo-
rithm player. This improvesthe responsienessof the
gameand the quality of the overall playing experience.

1 Intr oduction

The computergamingindustry now hasmore gamessales
thanmovie ticket salesandboth gamingandentertainment
drive researchin graphics,modelingand mary other ar-
eas. Although Al researchhasin the pastbeeninterested
in gameslike checlersand chess[1, 2, 3, 4, 5], popular
computergamedik e Starcraftand CounterStrike arevery
differentandhave notyetreceivedmuchattentionfrom evo-
lutionary computingresearchersThesegamesaresituated
in avirtual world, involve bothlong-termandreactve plan-
ning, and provide an immersve, fun experience. At the
sametime, we canposemary training, planning,andsci-
enti ¢ problemsasgamesvhereplayerdecisiongletermine
the nal solution.Thispaperusesacase-injectedenetical-
gorithmto learnhow to play Strike Opsa Real-Time Strat-
egy (RTS) computergame[6].

Developersof computerplayers(gameAl) for popu-
lar First PersonShooters(FPS) and RTS gamestend to
use nite statemachinesrule-basedsystemspr othersuch
knowledgeintensive approaches.Theseapproachesvork
well - at leastuntil a humanplayerlearnstheir habitsand
weaknesseslThedif culty of theproblemmeanghatcom-
petentGame Al developmentrequiressigni cant player
and developerresources.Developmentof gameAl there-
fore suffersfrom theknowledgeacquisitionbottleneckwell
known to Al researchers.
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Since geneticalgorithmsare not knowledge intensive
and were designedto solve poorly understoodproblems
they seemwell suitedto RTS gameswhich arefundamen-
tally resourceallocation games. However, geneticalgo-
rithmstendto be slow, requiringmary evaluationsof can-
didatesolutionsin orderto producesatisfictory allocation
strataies.

To increaseresponsienessandto speedup gameplay
this paperappliesa case-injectedgenetic algorithm that
combinesgeneticalgorithmswith case-basedeasoningo
provide playerdecisionsupportin the context of domains
modeledby computerstratgly games. In a case-injected
geneticalgorithm,every memberof the geneticalgorithm's
evolving populationis a potential caseand can be stored
into a case-base. Wheneer confrontedwith a new re-
sourceallocation problem (P;), the case-injectedyenetic
algorithm learnsto increaseperformance(playing faster
andbetter)by periodicallyinjecting appropriatecasesrom

into the genetic algorithm's evolving populationon P;.
Case-injectedgenetic algorithms acquire domain knowl-
edgethroughgameplay and our previous work describes
how to chooseappropriatecaseshow to de ne similarity,
and how often to inject chosencaseso maximizeperfor
mance6].

Playersbegin Strike Ops with a starting scenarioand
the geneticalgorithm player attemptsto solve Py, the un-
derlying resourceallocation problem. During gameplay,
an opponent action changeghe scenariocreatinga new
resourceallocationproblemP; andtriggering the genetic
algorithmto attemptto solve P;. Combinedwith case-
injection, the geneticalgorithmplayerusespastexperience
atsolvingthe problemsequencgeneratedby opponentac-

resultsshav thatour case-injectedeneticalgorithmplayer
indeedlearnsto play fasterandbetter

The next sectionintroducesthe strike force planning
gameand case-injectedyeneticalgorithms. We then de-
scribe previous work in this area. Section 4 describes
the speci ¢ strike scenariosusedfor testing, the evalua-
tion computationpur systems architectureandour encod-
ing. The subsequentvo sectionsexplain our testsetupand
ourresultswith usingcase-injectegeneticalgorithmto in-
creaseour performanceat playing the game. The last sec-
tion providesconclusionsinddirectionsfor futureresearch.



2 Strike Ops

A Strike Opsplayerwins by destrging opponentsinstalla-
tionswhile minimizing damagedo theplayer's own installa-
tionsandassets An attackingplayerallocatesa collection
of strike asseton ying platformsto a setof opponentar-

getsandthreatson the ground. The problemis dynamic;
weatherandotherervironmentalfactorsaffectasseperfor

mance,unknowvn threatscan popupand becomenew tar

getsto be destryed. Thesecomplicationsas well asthe
varyingeffectivenes®f asset®ntargetsmake the gamein-

terestingand the underlyingresourceallocation problems
dif cult andthussuitablefor geneticandevolutionarycom-
puting approachesFigure 1 shavs a screenshofrom the
game.

Figurel: GameScreen-shot

Our gameinvolvestwo sides:Blue andRed,both seek-
ing to allocatetheir respectie resource$o minimize dam-
agerecevedwhile maximizingthe effectivenes®f theiras-
sets. Blue plays by allocating a set of assetson aircraft
(platforms),to attackRed's buildings (targets)and defen-
sive installations(threats). Blue determineswhich tamgets
to attack whichweapongassetsjo useonthem,aswell as
how to routeeachplatformto thetargets trying to minimize
risk presentedvhile maximizingweaporeffectiveness.

Red hasdefensve installations(threats)which protect
its targetshy attackingenemyplatformsthat comewithin
range. Red plays by placing thesethreatsto bestprotect
targets. Potentialthreatsandtargetscanalso”pop-up” on
Red'scommandn themiddleof amission,allowing arange
of stratgic options. By cleverly locating threatsRed can
feign vulnerability and lure Blue into a deviously located
popuptrap, or keepBlue from exploiting sucha weakness
out of fear of atrap. The mary possibleoffensive andde-
fensie stratgiesmalke the gameexciting anddynamic.

In this paper a humanplaysRedwhile a GeneticAlgo-
rithm Player(GAP) playsBlue. The tness of anindividual
in GAP's populationsolvingtheunderlyingallocationprob-
lemis evaluatedby runningthegame.GAP developsstrate-
giesfor theattackingstrike force,including ight plansand
weaportargetingfor all availableaircraft. Whenconfronted
with popupsor otherchangesdn situation,GAP responddy
replanningwith thecase-injectedeneticalgorithmin order
to producea new planof actionthatresponddo changes.

2.1 Case-InjectedGeneticAlgorithms for RTS games

The idea behinda case-injectedyeneticalgorithmis that
as the geneticalgorithm componentiteratesover a prob-
lem it selectsmembersof its populationand cacheshem
(in memory)for future storageinto a casebase[6]. Cases
arethereforemember®f thegeneticalgorithm'spopulation
andrepresentinencodectandidatestratayy for the current
scenario.Periodically the systeminjectsappropriatecases
from thecasebasegontainingcasedrom previousattempts
at other similar problems,into the evolving populationre-
placinglow tness populationmembers.Whendonewith
the currentproblem,the systemstoresthe cachedpopula-
tion membersnto the casebasefor retrieval anduseon new
problems.

A case-injectedeneticalgorithmworksdifferentlythan
atypical geneticalgorithm. A geneticalgorithmrandomly
initializesits startingpopulationsothatit canproceedrom
an unbiasedsampleof the searchspace. We believe that
it makes less senseto starta problem solving searchat-
temptfrom scratchwhenprevioussearchattemptgon sim-
ilar problems)may have yielded usefulinformation about
the searchspace. Instead,periodically injecting a genetic
algorithm's populationwith relevantsolutionsor partial so-
lutions to similar previously solved problemscan provide
information (a searchbias) that reducesthe time taken to

nd a quality solution. Our approachborrows ideasfrom

case-basetasoningCBR)in which old problemandsolu-

tion information,storedascasesn a case-baséelpssolve

anew problem[7, 8, 9]. In our system,the data-baseor

case-basepf problemsandtheir solutionssuppliesthe ge-

neticproblemsolver with along termmemory The system
doesnotrequirea case-base startwith andcanbootstrap
itself by learningnew casegrom thegeneticalgorithm's at-

temptsat solvingaproblem.

The case-baseloeswhat it is bestat — memory orga-
nization;the geneticalgorithmhandleswhatit is bestat —
adaptation. The resultingcombinationtakes advantageof
both paradigmsthe geneticalgorithm componentelivers
robustnesandadaptve learningwhile the case-basedom-
ponentspeedsip 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 continuessearchingvith thiscombinedpopulation.
Theideais to cycle throughthefollowing steps Letthe GA
make someprogress.Next, nd solutionsin the casebase
thataresimilarto thecurrentbestsolutionin the population
andinjectthesesolutionsinto the population.If injectedso-
lutions containusefulcrossprobleminformation,the GA's
performancewill be signi cantly boosted.Figure2 shows
this situationfor CIGAR whenit is solving a sequencef
problemspP;;0< i n, eachof which undegoesperiodic
injectionof cases.

We have describedone particular implementationof
sucha system. Otherlesselitist, approaches$or choosing
populationmembergo replacearepossible asaredifferent
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Figure2: Solvingproblemsin sequencavith CIGAR. Note
the muliple periodicinjectionsin the populationasCIGAR
attemptgproblemP;;0< i n.

stratgiesfor choosingindividualsfrom the casebase.We
canalso vary the injection percentagethe fraction of the
populationreplaceddy choserinjectedcases.

Note that CIGAR periodically injects casesinto the
evolving population. We have to periodicallyinject solu-
tions basedon the makeup of the currentpopulationbe-
causewe do not know which previously solved problems
are similar to the currentone. Thatis, we do not have a
problemsimilarity metric. However, the hammingdistance
betweenbinary encodedchromosomegrovidesus a sim-
ple andremarkablyeffective solutionsimilarity metric. By

nding andinjectingcasesn the case-bas¢hataresimilar

(hammingdistance}o thecurrentbestindividualin thepop-
ulation, we are assumingthat similar solutionsmust have

comefrom similar problemsandthatthesesimilar solutions
retreived from the casebasecontainusefulinformationto

guidegeneticsearch Resultson design,schedulingandal-

locationproblemsshaw theef cacy of this similarity metric
andthereforeof CIGAR [6].

An advantageof usingsolutionsimilarity arisefrom the
string representationtypically usedby geneticalgorithms.
A chromosomeés, afterall, a stringof symbols.Stringsim-
ilarity metricsare relatively easyto comeby, andfurther
more,aredomainindependentFor example,in this paper
we usehammingdistancebetweerbinaryencodechromo-
somedor thesimilarity metric.

Whathappensf our similarity measurés noisy and/or
leadsto unsuitableretrieved cases?By de nition, unsuit-
ablecasesawill 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 geneticsearchcomponenwill continuemak-
ing progressowardsa solution. In addition, note that di-
versityin the population- “the grist for the mill of genetic
search[10]” canbe suppliedby the geneticoperatorsand
by injection from the case-baseEvenif theinjectedcases
areunsuitableyariationis still injected.CIGAR is robust.

Thesystemthatwe have describednjectsindividualsin
thecase-basthataredeterministicallyclosestjn hamming
distanceto thecurrentbestindividualin thepopulation.We
canalsochoosescheme®therthaninjecting the closestto
thebest.For example we have experimentedwith injecting
caseghatarethefurthest(in thecase-basdyom thecurrent
worst memberof the population. Probabilisticversionsof
bothhave alsoproveneffective.

Reusingold solutionshasbeenatraditionalperformance

improvementprocedure This work differsin that1) we at-
tack a setof tasks,2) storeandreuseintermediate candi-
datesolutions,and 3) do not dependon the existenceof a
problemsimilarity metric. More detailsaboutCIGAR are
providedin [6].

Geneticalgorithmscanbeusecdto robustly searctfor ef-
fective stratgiesinsideour game.A geneticalgorithmcan
generatean initial resourceallocation(a plan) to startthe
game. No plan survivescontactwith the enemy however,
asthe dynamicnatureof the gamerequiresre-planningin
respons¢o opponentecisiongmoves)andtheeverchang-
ing game-state.Replanningmust be donefast enoughto
keepthe gamelively andresponsie, while plansproduced
mustbe effective enoughto producea competenbpponent.
Cangeneticalgorithmssatisfythesespeedandquality con-
straints?

We have shavn that case-injectedyenetic algorithms
learnto increaseperformancewith experienceat solving
similar problems[6, 11, 12, 13, 14]. For the case-injected
geneticalgorithm, re-planningis simply solving a similar
planningproblemarisingfrom opponenactionsandthis pa-
per shavs that whenusedfor re-planningin Strike Ops,a
case-injectedeneticalgorithmquickly producedettemew
plansin responséo changinggamedynamics.In our game,
aircraftbreakoff to attacknewly discoveredtargets,reroute
to avoid new threatsandre-prioritizeto dealwith changes
to thegamestate.

2.2 Previous Work

Previouswork in strike forceassetllocationhasbeendone
in optimizingtheallocationof asset$o targets,themajority
of it focusingon static pre-missionplanning. Griggs[15]
formulateda mixed-integerproblem(MIP) to allocateplat-
formsandassetgor eachobjective. The MIP is augmented
with adecisiontreethatdetermineshebestplanbasedipon
weathedata.Li [16] corvertsanonlineatprogrammingor-
mulationinto a MIP problem. Yost[17] providesa surney
of the work that hasbeenconductedto addresshe opti-
mizationof strike allocationassetsLouis [18] appliedcase
injectedgeneticalgorithmsto strike force assetllocation.
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 otherwell de-
ned games.Suchgameshave mary differencegrom pop-
ular realtime stratgy (RTS) gamessuchasStarcraft,Total
Annihilation, and Homeworld[21, 22, 23]. Chess,check-
ersandmary othersuseentities(pieces)}hathave alimited
spaceof positions(suchasonaboard)andrestrictedsetsof
actions(de ned moves). Playersin thesegamesalsohave
well de ned rolesandthe domainof knowledgeavailable
to eachplayeris well identi ed. Thesecharacteristicenake
thegamestateeasietto specifyandanalyze.n contrasten-
titiesin our gameexist andinteractovertimein continuous
threedimensionabkpace Entitiesarenotdirectly controlled
by playersbut insteadsetsof parametrizedlgorithmscon-
trol themin orderto meetgoalsoutlined by players. This
addsa level of abstractionnot found in more traditional



games.In mostsuchcomputergamesplayershaveincom-
plete knowledgeof the gamestateandeventhe domainof
this incompleteknowledgeis dif cult to determine. John
Laird [24, 25, 26] sureysthe stateof researchn usingAr-
ti cial Intelligence(Al) techniquesn interactve computers
games. He describeghe importanceof suchresearchand
providesataxonomyof games Severalmilitary simulations
sharesomeof our games propertieg27, 28, 29], however
theseattemptto modelreality while oursis designedo pro-
vide a platform for researchn stratgic planning, knowl-
edgeacquisitionandre-use andto have fun. The next sec-
tion describeshe scenarigdmission)beingplayed.

3 Missions

Figure3: The Scenario

Figure3 shavs oneof the missionsbeingplayedby our
GA. This missiontakesplacein north-westNevada,Lake
Tahoeis just off the lower left handsideof thescreen.The
rings representhe radii of the variousthreats,the darker
coloredrings representhreatsthat are currentlyinactive -
they arewaiting to surpriseattaclers. The squarelooking
objectsaretamgetsandthereareanumberof them.Theblue
linesrepresentoutesin aplandesignedy ahumanplaying
blue. The humanplayerhasorganizedplatformsinto two
wingsandplansto threadthroughgapsin defensecoverage
to attackundefendedargets. Evaluatinga plan, or com-
putingaplan's tness is dependenbdn the representationf
entities' statesnsidethe game,andour way of computing
tness andrepresentinghis stateis describedext.

3.1Fitness

We evaluatethe tness of anindividual in GAP's popula-
tion by runningthe gameandcheckingthe gameoutcome.
Blue's goalsare to maximizedamagedoneto red targets,
while minimizing damagedoneto its platforms. Shorter
simpler routesare also desirable,so we include a penalty
in the tness function basedon the total distancetraveled.
This givesthe tness calculatedasshovn in Equationl

fit(plan) = Damage(Red) Damage(Blue) d c (1)

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

(f it (plan)). Total damagedoneis calculatedbelow.

X
Damage(Player) = E,

E2F

(1 Es)

E is an entity in the gameandF is the setof all forces
belongingto thatside.E, is thevalueof E, while E; is the
probability of survival for entity E. We use probabilistic
healthmetricsto evaluateentity damage.

3.2 Probabilistic Health Metrics

In mary games entities(platforms, threats,and targetsin
ourgame)possesit-pointswhichrepresenttheir ability to
take damage.Eachattackremovesa numberof hit-points
andwhenreducedo zerohit-pointsthe entity is destryed
andcannotparticipatefurther Howeverin reality, weapons
have a morehit or misseffect, destrging entitiesor leav-
ing themfunctional. A singleattackmay be effective while
multiple attacksmay have no effect. Althoughmorerealis-
tic, thisintroducesalargedegreeof stochastierrorinto the
game.

To mitigatestochasti@rrors,we useprobabilistichealth
metrics[30, 31]. Insteadof monitoringwhetheror not an
objecthasbeendestryed we monitorthe probability of its
survival. Beingattacled no longerdestrgs objectsandre-
movesthemfrom thegame,t justreducegheir probability
of survival accordingto Equation2 below.

S(E) = S,(E) (1 D(E)) %)
E is the entity being considered: a platform, target, or
threat. S(E) is the probability of survival of entity E after
the attack. S;, (E) is probability of survival of E up until
theattackandD (E) is theprobabilityof thatplatformbeing
destryedby the attackandis givenby equation3 below.

®3)

Here, S(A) is the attaclers probability of survival up un-
til the time of the attackand E (W) is the effectivenessf
the attaclers weaponas givenin the weapon-entityeffec-
tivenesamatrix. This methodgivesus the expectedvalues
of survival for all entitiesin the gamewithin onerun of the
game therebyproducinga representatie evaluationof the
valueof a plan. As a side effect, we alsogain a smoother
gradientfor the GA to searchaswell asconsistentlyrepro-
ducibleevaluations.

D(E) = S(A) E(W)

3.3 Encoding

To play thegame playersgetthe startingscenaricandhave
somaeinitializationtimeto preparestrateyy. GAP appliesthe
caseinjectedgeneticalgorithmto the underlyingresource
allocationandrouting problemandchooseshebestplanto
play againstRed. The gamethenbegins. During the game,
Red can activate popupthreatsdetectableupon activation
by GAP. GAP thenrunsthe case-injectegeneticalgorithm
producinga new planof action,andsoon.



GAP mustproducerouting datafor eachof Blue's plat-
forms. We usethe A* algorithm[32] to build routesbe-
tweenlocationsplatformswishto visit. A* nds thecheap-
estroute,wherecostis a function of routelengthandroute
risk.

We parameterizehe routing algorithmin orderto pro-
ducerouteswith speci c characteristicandallow GAP to
tune this parameter For example,we have showvn that to
avoid traps, GAP mustbe ableto specify thatit wantsto
avoid areasf potentialdanger In our game trapsaremost
effective in areascon ned by other threats. If we arti -
cially in ate threatradii, threatsexpandto Il in potential
trap corridorsand A* producesoutesthatgo aroundthese
expandedthreats. We thusintroducea parameterr c that
increasethreats'effective radii. Largerrc's expandthreats
and Il in con ned areassmallerrc's leadto moredirect
routes. rc is currently limited to the range[0; 3] anden-
codedwith eight(8) bits attheendof our chromosomeWe
encodeda singler c for eachplan but areinvestigatingthe
encodingof rc's for eachsectionof aroute.

Most of the encodingspeci estheasseto targetalloca-
tion with rc encodedttheendasdescribedibore. Figure4
shawvs how we representhe allocationdataasan enumer
ation of assetdo tamgets. The scenaricinvolvestwo plat-
forms (P1, P2), eachwith a pair of assetsattackingfour
targets. The left box illustratesthe allocationof assetAl
on platform P1 to target T3, assetA2 to target T1 and so
on. Takulating the asseto targetallocationgivesthe table
in the center Letting the positiondenotethe assetandre-
ducingthetargetid to binary thenproducesa binary string
representatiofor theallocation.

Figure4: Allocation Encoding

4 Learning from Experience

Previouswork hastaughtusthatwe canplay thegamewith
aGA [30, 31]. Ourgoalhassincebecoméo play thegame
fasterand better Even on a computerclusterthe time re-
quiredto respondo a changein stateis slow comparedo
the fastpaceof the game. We achieve our goal of playing
fasterandbetterthroughcaseinjection.

Case-injectedSA's have beenshown to increaseper
formanceat similar problemsasthey gain experience. In
stratgic gamessuchsituationsoccur often. Every oppo-
nentactionandsituationalkchanges achangen gamestate.
However, thesechangesare often minor asfew opponent
actionsare worth redevelopingyour entire stratgy. Case
injection maintainssomeinformationfrom previous strat-
egy development,allowing usto keepour currentstratey
in mind whendevelopingnew onesin responséo changes
in gamestate. Caseinjection thusallows the GA to adapt
old stratgjiesto new situationsmaintainingpastknowledge

thatis still applicable,and redevelopingnew stratgiesas
unforeseesituationsarise.

5 Results

In this work we explore how we canimprove geneticalgo-
rithm performanceahroughcasenjection. We analyzehow
case-injectionimpacts re-planningwith respectto game
compleity andre-planningscope Exceptfor thelargemis-
sion (below), we useda steady-stat@opulationsize of 20
run for 20 generationsvith a single-pointcrossaer proba-
bility of 0:9 anda mutationprobability of 0:1. We injected
two individualsevery generatiorchoserusinga probabilis-
tic closesto the beststratgly wherethe probabilityof being
pickedfor injectionfrom the case-baswasdirectly propor
tionalto hammingsimilarity. Thelarge missionuseda pop-
ulation size of 40 run for 40 generations.The algorithm
stoppeceitherwhenit exceededhe setnumberof iterations
(20 or 40) or whentherewasno improvementfor over ten
generationor whenf s =fay g waslessthan1:01. Here
fmax is the populationmaximum tness andf a4 is the
populationaveragetness.

5.1 Game Complexity

Gamecompleity refersto the compleity of the individ-
ualmissionbeingplayed.Increasingheresourcesvailable
for eachsideto allocateincreaseshe stratgyic searchspace
presentedo eachplayer How doesthisincreasen search
spaceltertheeffectof caseinjectiononthegeneticsearch?

To testthis, we rst constructed3 missionsof increas-
ing compleity. More complex missionshave moreattack-
ing aircraftloadedwith moreweapongo attackmoretar
gets.Themissions generakharactedoesnotchange.The
defendingplayerfollows a script activating popupthreats
early in the mission leading the attacking player (GAP)
to replanattackingstratgy. Scripting keepsthe analysis
straightforward and repeatable.We thenlet the GA play
this gamemultiple times, with and without caseinjection
and analyzethe GA's response.We provide mission pro-
les below

SimpleMission

— 4 platforms

— 8assets

— 8tamgets

— 30bits perchromosome

Medium Mission

— 6 platforms

— 12assets

— 20targets

— 66 bits perchromosome

LargeMission (populationsize40)

— 10platforms



— 20assets
— 40targets
— 114bits perchromosome

We run a GA with and without caseinjection on the
threemissiongentime with differentrandomseedsndplot
the averagenumberof evaluationsmadein Figure5. Note
the CaselnjectedGeneticAlgoRithm (CIGAR) greatlyre-
ducesthe numberof evaluations(time) to corverge out-
performingthe non-injectedGA, especiallyasthe mission
becomesmore complex. On more complicatedmissions
CIGAR retainsmoreinformation,giving it a largeradvan-
tageoverthe GA.

Figure5: Mission Compleity — EvaluationdMade

We canalsoseethatalthoughCIGAR takeslesstime to
converge,thequality of solutionsproducedy CIGAR does
not suffer. Figure6 plotsthe averageof the maximum t-
nessfound by the GA or CIGAR over tenrunsandshaws
that CIGAR seemsgo producebetterquality solutions;al-
thoughwe needto have morerunsto provetheimprovement
is statisticalsigni cant.

5.2 Replanning Scope

GAP re-planswheneer the situation changes. These
changesangefrom minor eventslik e discoseringa poorly
valuedtargetto big eventslik e highly time-criticalandim-
portanttargetsappearing.Case-injectiorexploits informa-
tion gainedin previous searchesandthe scopeof the situ-
ationchangedeterminesow muchof thatpreviousknowl-
edgeis pertinentto the currentsituation. How doescase-
injectionwork underthesedifferentkinds of changes?

We againconstructhreemissionsthis time with differ-
ent defendinglayoutsand scriptedactionsfor the defend-
ing player In eachmissionthedefendingplayermakes ve

Figure6: Mission Compleity — Fitnessof Solution

changesthesechangesaving anincreasingmpacton the
attackingplayersstratgy. We summarize¢he missionsand
GAP'sresponséelow.

Simple Replan- Small threatspopupon the way to
targets(sameasprevious3 missions).

— GA reroutego avoid new threats

— Minor changego weapon-tagetallocation
ModerateReplan- Medium threatspopuparounda
handfulof targets

— Moderatechangesn allocation

— Avoidsnewly protectedow valuethreats

— Redirects additional attaclers to newly pro-
tectedhigh valuetargets

— Signi cant routingchangeso avoid new threats
andreachnew targets

Complex Replan- Large popupsoccur defendinga
large clusterof targets

— Largechange®f allocations

— Wings (groups)of aircraft diverted from new
hotzones

— Focusingof aircraft towards the most highly
valuedtargets

— Reroutingof mostaircraftfor eachreplan

Figure7 shaws the numberof evaluationsrequiredasa
function of the numberof re-plansfor the abose missions.
As the scopeof the replanincreasescase-injectiors ad-
vantagedecreasesln otherwords, case-injectiorfocuses



searchtowardspreviously successfukolutions,asthe new
solutionmovesfurtherfrom the old solutionthe advantage
providedby case-injectiordecreasesrigure8 shows once
againthat CIGAR's speedadwantagedoesnot comeat the
expenseof lower quality solutions.On the contrarythe g-
ureshavsthat CIGAR producesetterquality plans.

Figure7: ReplanningSize— EvaluationsTaken

5.3 Statistical Signi cance

CIGAR's speedupover the GA is statistically signi cant.
Using CIGAR, we canexpectsigni cant speedupwith no
lossin quality of solution produced. In fact, our results
lead us to believe that we shouldalso expectbetterqual-
ity solutions.Theseresultst well with previouswork that
shaws case-injectegeneticalgorithmsmorequickly deliv-
eringbetterquality solutions[6].

6 Conclusionsand Futur e Work

We have shown thata geneticalgorithmcanplay computer
stratgly gamesby solving the sequencef underlyingre-
sourceallocationproblems.Case-injectiorstatisticallysig-
ni cantly improvedthe speedwith which our case-injected
geneticalgorithm player (GAP) respondgo opponentac-
tions andotherchangeswhile improving the tness of so-
lutions produced.We exploredthe effectsof missioncom-
plexity and replanningscope,shaving that the advantage
providedby casenjectionincreasessthemissionbecomes
morecomplicatedanddecreaseasthe differencebetween
new andold situationsgrows. Note that caseinjection still
providesasigni cant improvemenivenwhenthegamesit-
uationchangedirastically PlayingRTS gameswith a GA
presentsa goodapplicationof caseinjection, andwe have
explored how case-injectionmpactsthe dynamicsof the

Figure8: ReplanningSize— Fitnessof Solution

game shaving signi cantimprovemenin responsd¢ime as
well assomeimprovementin responsguality.

We are exploring several avenuesfor furtherimproving
responsdimes. One possibility is to usea reducedsurro-
gateto quickly approximatetness evaluations Finally, the
gameitselfis severalstagesrom beinghumanplayableand
we are currentlyworking on makingthe gamemuchmore
playable.
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