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Abstract—We use case injected genetic algorithms to learn
how to competently play computer strategy games. Strategic
computer games involve long range planning across complex
dynamics and imperfect knowledgepresentedto players requires
them to anticipate opponent moves and adapt their strategies
accordingly. In this paper, we addressthe problem of acquiring
knowledge learned from human players, in particular we learn
generalrouting information from a human player in the context
of a strike planning game. By incorporating caseinjection into
a genetic algorithm, we show methods for learning general
knowledge from human players to incorporate into futur e plans.
Results showv that with an appropriate representation, case
injection is effective at biasing the genetic algorithm toward
producing plans that contain important strategic elementsused
by human players.

I. INTRODUCTION

We use caseinjected geneticalgorithmsto learn to play
stratgic games[1]. In particular we attack the problem of
using caseinjection to bias a geneticalgorithm player such
that it better emulatesthe playing styles of human players
it has seenin the past. Our researchfocuseson a strike
force assetallocationgamewhich mapsto a broad catgyory
of resourceallocation problemsin industry and the military.
Geneticalgorithmscanbe usedin our gameto robustly search
for effective stratgies. Thesestratgies may approachgame
optimal strategyies but they do not necessarilyapproachreal
world optimaasthe gameis animperfectre ection of reality.
Humanswith pastexperienceplayingtherealworld gametend
to include external knowledge when producingstrateies for
the simulatedgame.Incorporatingknowledge from the way
thesehumansplay should allow us to carry over some of
this external knowledge.Our resultsshav that caseinjection
combinedwith a e xible representatiortan bias the genetic
algorithmtowardsproducingstratgiessimilar to thoselearned
from humanplayers.Beyond playing similarly in a particular
mission, the genetic algorithm can use strategyic knowledge
acrossa rangeof similar missionsto continueto play as the
humanwould.

We seekto producea geneticalgorithm player (GAP) that
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Fig. 1. GameScreen-shot

can play on a stratgic level andlearnto emulateaspectsof
stratgiesusedby humanplayers.Our goalsin learningto play
like humansare:

1) To make GAP a more interestingopponent.Humans
generally enjoy playing against opponentsthey can
relateto and personify

2) GAPshouldbeableto functionasatrainer, a playerwho
playsnot just to win but to teachtheir opponenthow to
better play the game,in particularto preparethem for
future play againsthumanopponentsThis would allow
usto useGAP for acquiringknowledgefrom humanex-
pertsandtransferringthat knowledgeto amateuthuman
playerswithout the expenseof individual training with
experts.

3) We wantto useGAP for decisionsupportwherebyGAP
providessuggestionandalternatie stratgiesto humans



actively playing the game. Stratgies more compatible
with thosebeing consideredby the humansshould be
more likely to have a positive effect on the decision
making process.

We would like to incorporatedynamicsinto the game
without the expenseof simulating them. Considera
gameinvolving armiesdoing battle, both playersrotate
out their front line troopsto let them rest. Whetheror
notthe gamesimulationhasanaccuratenodelof fatigue
the resultis much the same,playing in anticipationof

this dynamic (fatigue)is equivalentto implementingit.

If GAP canincorporategamedynamicsfrom watching
humansplay, it should deepenthe feeling of strateyy
involvedin the game.

Theseroles require GAP to play with objectivesin mind
besidesthat of winning — theseobjectives would be dif cult
to quantify inside the evaluator As humanscan function
effectively in theseregards,learning from them should help
GAP betterful Il theseresponsibilities.

We attackthe problemof modelinghumansthroughcase-
injectedgeneticalgorithms.The geneticalgorithmsearchesor
an optimal stratgy while caseinjection biasesit to contain
elementsfrom stratgies used by humansin the past, how
it does this is explained in the next paragraph.Used in
conjunctionwe hopeto producenearoptimal stratgies that
incorporateimportantinformation external to the evaluation
function. We work on a stratgjic game, speci cally, strike
force assetallocation which consistsprimarily of allocating
a collection of strike assetsto a set of tamgets. We have
implementedhis gameon top of a professionagameengine
making it more interestingthan a pure optimizationproblem.
The gameinvolvestwo sides:Blue and Red, Blue allocatesa
set of platforms (aircraft) to attack Red's targets (buildings).
Redhasdefensve installations(threats)}thatcomplicateBlue's
planning,asdoesthe varying effectivenesf Blue's weapons
againsteachtarget. Potentialnew threatsandtargetscanalso
"pop-up” on Reds commandin the middle of a mission,
requiring Blue to be able to respondto changing game
dynamics.Both playersseekto minimize the damagethey
receive while maximizingthe damagedealtto their opponent.
Red plays by organizingdefensesn orderto bestprotectits
targets.Red's ability to play popupscanalsoaffectits strateyy.
For example,feigning vulnerability canlure Blue into a pop-
up trap, or keepBlue from exploiting a weaknesout of fear
of sucha trap. Blue plays by allocatingits platformsand the
assetgweapons}hey carryasef ciently aspossiblein orderto
destry the targetswhile minimizing risk. Risk is determined
by mary factors,including the platform's route, the effect of
accompawging wingmen, and the presenceof threatsaround
chosentargets. GAP develops stratgjies for the attacking
strike force, including ight plansand weapontargeting for
all available aircraft. When confronted with popups, GAP
responddy replanningwith the geneticalgorithmto produce
anew planof action.Beyondproducingnearoptimalstratgjies
we would like to biasit towards producingsolutionssimilar
to thoseit hasseenusedby humansplaying Blue in the past.

4)

We do this so that GAP can be a betterand more versatile
playerby learningstratgyiesfrom humanexperts.Speci cally
we want to shav that when using caseinjection the genetic
algorithm more frequently producesplans similar to thosea
human has played in the paston the samemission. When
that information from the humanis used by GAP playing
a different mission, we shav that GAP continuesto play
stratgjies closer to the style of the humanthan GAP's non
injectedcounterpart.

Case-injectegieneticalgorithmswork by saving individuals
from the populationof a GA, andlaterintroducingtheminto a
GA solvinga similar but differentproblem.Louis shavedthat
caseinjection improves convergencespeedand the quality of
solutionsfoundby biasingthe currentsearchtoward promising
regionsidenti ed from experience[1], [2]. In this paper the
systemacquires casesfrom humansfor injection into GAP's
population. The idea is to automatically acquire casesby
instrumentinghe gameinterfaceto recordall humandecision
makingduring gameplay. Our goalis not only to improve the
GA's performancebut to biasthe searchusingknowledgethat
is externalto the actualevaluationand tness of anindividual
plan — knowledgebeing expressedoy expert humansin their
formationof gameplans.

Previouswork in strike force assetallocationhasbeendone
in optimizing the allocationof assetgto tamgets,the majority
of it focusingon static pre-missionplanning.Griggs [3] for-
mulateda mixed-integer problem (MIP) to allocateplatforms
and assetdor eachobjectve. The MIP is augmentedvith a
decisiontreethatdetermineghe bestplan baseduponweather
data.Li [4] corvertsanonlineaprogrammingormulationinto
aMIP problem.Yost[5] providesa surwey of thework thathas
beenconductedo addresshe optimizationof strike allocation
assetsLouis [6] applied caseinjected geneticalgorithmsto
strike force assetallocation, shaving results consistentwith
the effectivenessof our GA.

A large body of work existsin which evolutionarymethods
have beenappliedto gameg[7], [8], [9], [10], [11]. However
the majority of this work hasbeenappliedto board,card,and
otherwell de ned games.Suchgameshave mary differences
from popularrealtime stratgy (RTS) gamessuchasStarcraft,
Total Annihilation, and Homeworld[12], [13], [14]. Many
traditional(board,card,paper)gamesuseentities(pieces)that
have a limited spaceof positions(such as on a board) and
restrictedsets of actions (well de ned movement). Players
in thesegamesalso have well de ned roles and the domain
of knowledge available to each player is clearly identi ed.
Thesecharacteristicanake the game state easierto specify
andanalyzeln contrastentitiesin our gameexist andinteract
over time in continuousthreedimensionalspace Entities are
notdirectly controlledby playersbut insteadsetsof algorithms
control themin orderto meetgoalsoutlinedby players.This
addsalevel of abstractiomotfoundin thosetraditionalgames.
In most of thesecomputergames,players have incomplete
knowledgeof the gamestate,and even this domainof eacha
player's knowledge is dif cult to identify. John Laird [15],
[16], [17] suneys the state of researchin using Arti cial



Intelligence (Al) techniquesn interactve computersgames.
He describeghe importanceof suchresearchand providesa
taxonomyof games.Several military simulationssharesome
of our games properties[18], [19], [20], thesehowever are
military simulationswhile ours is not intendedto perfectly
modelthe dynamicsof realsituationsbut to provide a platform
for researchn stratgic planningandto have fun.

In this paperwe rst de ne the problem being attacled,
including the mission being played. Then we outline how
we use a GA to play the game,including delving into the
architectureand how caseinjection works. Next we discuss
how caseinjectionis usedto acquireanduseknowledgefrom
humanplayers.Finally we shav resultsthatthe GA canplay
the game,and by using caseinjection we can signi cantly
increaseits likelihood of playing like a human.

Il. THE MISSION

Fig. 2. The Mission

Themissionbeingplayedis shavn in Figure2. This mission
waschoserto be simple,to have easilyanalyzableesults,and
to allow the GA to learnexternalknowledgefrom the human.
As mary gamesshav similar dynamicsthis missionis a good
arenafor examining the generaleffectivenessof using case
injection for learningfrom humans.The missiontakes place
in NorthernNevadaandCalifornia, Lake Tahoeis visible near
the bottom of the map. Blue possessesne platform which
is armedwith 8 assetqweapons)and the platform takes off
from and returnsto the lower left hand corner of the map.
Red possessesight targetsdistributedin the top right region
of the map, and six threatsthat defendthem. The rst stage
in Blue's planningis determiningthe allocation of the eight
assetsEachassetcanbe allocatedto ary of the eighttargets,
giving 88 = 22* allocations. The secondstagein Blue's
planning involves nding routesfor each of the platforms
to follow during their mission. Theseroutesshould be short

and simple but still minimize exposureto risk. We categorize
Blue's possibleroutesinto two cateyories. Yellow routes y
throughthe corridor betweenthe threats,while greenroutes
y around.The evaluatorhasno directknowledgeof potential
dangempresentedo platformsinsidethecorridorarea Because
of this, the evaluator optimal solution is the yellow route,
sinceit is the shortestThe humanexperthowever, understands
the potentialfor dangeras the corridor provides the greatest
potentialfor a pop-uptrap. Knowing this the greenroute is
the humanoptimal solution.Our goalis now to biasthe GA to
producethe greenroute, while still optimizing the allocation.
TeachingGAP to learn from the humanand producegreen
stratgies even thoughyellow stratgyies have higher tness is
the goal of this researchOur way of measuringthe state of
entitiesin the gameis probabilisticand we describeit in the
next section.

A. Probabilistic Health Metrics

In mary games entities posseshit-points which represents
their ability to take damage.Each attack then removes a
numberof hit-pointsandwhenreducedto zero (0) hit-points
thatentity is destrged. In reality weaponshave a more hit or
misseffect, wherebythey entirelydestry thingsor leave them
functional. A single attackmay destry an entity or multiple
attacksmay have no effect. This paradigmintroducesa high
amountof stochasti@rrorinto thegame Evaluatinga plancan
resultin outcomesangingfrom totalfailureto perfectsuccess,
which makesit dif cult to comparetwo plans. By taking a
statisticalanalysiswe achiese betterresults.Considerthe state
of eachentity at the end of the missionasa randomvariable.
Identifying the expectedvaluesfor thosevariablesbecomes
onemeando judgethe effectivenes®of a plan. Theseexpected
valuescanbeestimatedy playinga numberof gamedor each
plan and averagingthe results.However doing multiple runs
to determinea single evaluationincreaseshe computational
expensemary-fold.

We use a different approachbasedon probabilistic health
metrics. Insteadof monitoring whetheror not an object has
beendestryed we monitor the probability of its survival up
until that point in time. Being attacled no longer destrys
objects and removes them from the game, it reducestheir
probability of survival from thenon accordingto Equationl.

S(E) = S, (E) (1 D(E)) 1)

E is the entity being considered,which is a platform or
targetunderattack.S(E) representshe chanceof that entity
surviving pastthis pointin time. S, (E) is chanceof survival
up until the attack.D (E) is the chanceof that platformbeing
destryed by the attackas given by equation2.

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

D (E) is the chanceof destructionby this attack.S(A) is the
attaclers chanceof survival up until the time of the attack.
E (W) is the effectivenessof the attaclers weaponas given
by the weapon-taget effectivenesstable. This method gives
us the expectedvaluesof survival for all entitiesin the game



within onerun of the game therebyproducinga representatie

andnon-stochastievaluationof the valueof a plan. As a side

effect, we alsogain a smoothergradientfor the GA to search
aswell asconsistentlyreproducibleevaluations.

I1l. SYSTEM ARCHITECTURE

Fig. 3. SystemArchitecture.

Figure 3 shaws our systems architecture The two players,
humanandGAR, arepresentedvith the missionandgiventime
to preparetheir strategyy. GAP works by applying its GA to
the mission.The GA creategpopulationsof bit strings,which
areconvertedinto plansandevaluated Basedon this evaluated
tnessindividualsarerecombinedandnew plansareproduced.
We combinea steadystatepopulationmodel, roulette wheel
selection,two point cross@er and bitwise mutationto form
our GA. Productionof afull ight planis complicatedsowe
next detail the stepsinvolved.

A. Routing

Fig. 4. How Routesare Built From an Encoding.

GAP must be able to produce routing data for Blue's
platformsin orderto play the game.Figure 4 shavs how the
A* algorithmis usedto build routes[21]. Fromthe allocation
of assetdo tarmgetswe producean orderedlist of waypoints
for eachplatformto visit. In orderfor platformP1to useasset
Al ontamet T3, it hasto y to T3's location. Applying this
to all of P1's assetsproducesa list of waypointsfor P1 to
visit during its mission. Futurework would include ordering
informationinto the chromosomegurrently, targetsarevisited
accordingto the orderingof their respectie assetsFrom the
list of waypointswe usea path- nding algorithmto produce
more intelligent routes.A numberof path- nding algorithms
exist, A* waschosenasit is very widely usedand comprises
the vastmajority of path- nding algorithmsin games.

Path- nding betweendestinationsis accomplishedn two
stages.First, the systemdiscretizesthe world into a voxel
grid. A voxel is a three dimensionalcube, with eachvoxel
having a valuerepresentinghe dangerpresentedo platforms
insideit. Thevoxelsarethenformedinto a graph,whereedges
connectadjacentvoxels in 3D space.By starting A* at the

voxel containingthe startlocation,andsearchingout the most
promisingneighborvoxels we canexplore the graphuntil we
locate a route to the voxel containingthe destination.A* is
guaranteedo always nd the shortestroute if it is given a
properunderestimatef distanceto the goal. This routeis a
list of waypointsto y to in orderto reachthe destinatiorand
in two dimensionst is equivalentto alist of streetintersections
to drive throughin orderto getfrom A to B. Dueto the large
numberof waypoints the routesproducedaretoo cumbersome
to useef ciently . Becauseplatformsarenot limited to moving
through spaceorthogonallywe can remove the majority of
waypointsfrom the route. Imagine a rubber band stretched
arounda setof pegsplacedalongagrid, removing unnecessary
pegs from the graph leaves pegs outlining threatsto avoid,
and pegs marking placesto visit. Speci cally the algorithm
works by startingat the beginning of the route,andremoving
subsequenpegs (waypoints)so long as they do not increase
the total risk involved in the route. Once a node has been
found that cannotbe removed the algorithmrepeatsrom that
location.

Fig. 5. Routing Map visualizationwith rc = 1:4

B. Generl RoutingKnowledg

A* is shawn to always nd the optimal route basedon its
costfunctions,in our casethe shortestroute avoiding known
threats.Since our gameincludestraps, the shortestroute is
not always desirableIn orderto do more interestingrouting,
we mustbe ableto biasA* towardsproducingroutesthatare
longer, or more dangeroughen thoseimmediatelyapparent.
We do this by modifying the graphA* searchesproducinga
variety of effectson the kinds of routesproducedwith relative
ease.For example penalizing eachvoxel basedon how far
southit is providesa biasthattendsto producenorthtraveling
routes thusproducinganoverall stratgy of attackingfrom the
north. Routing two groupsof platforms,one with a southern



bias and one with a northernbiasis likely to producepincer
attacks.However the humanin our gameis trying to avoid

con ned areas,andto do this we needto modify the voxels
in orderto identify areasthatare con ned. If we canincrease
the cost of those voxels, then the router will avoid those
areasln ourrepresentatiome identify thesecon ned areasy

extendingthe effective radii of threatswhenwe build the voxel

graph.The extensionis calculatedby a simple multiplication

of eachradiusby acoefcient rc, which determineshekind of

routesproduced Figure 5 shows the effect rc hason routing.

The inner circle outlinesthe rangeof one of the threats,the

outer sphereoutlines the radius being used by the routing

systemfor this particularmission. At this rc the threatshave

expandedtogetherand lled the corridor, leadingthe router
to producegreenroutes! In our mission,rc valueslessthen
1:4 leadto yellow routeswhile largerrc valuesleadto green
routes.As encodedy c uses8 bits to producea rangefrom 0

to 3. Futurework will include additional parametergo deal
with the differentfactorsinvolved in humanrouting.

C. Encoding

Figure 6 shavs how we representhe allocationdataasan
enumerationof assetsto tarmgets. The left box illustratesthe
allocationof assetAl to target T3, assetA2 to target T1 and
so on. Takulating the assetto target allocationgivesthe table
in the lower left. By de ning the assetdo always be in the
samesequencave canremove them from the table and then
reducethe targetid to binary.

Fig. 6. Allocation Encoding

D. Fitness

Fitnessof a plan is calculatedby measuringhow well the
plan achiezed eachof its goalsand summingthesemeasures.
Blue's goalsareto maximizedamageto Red, while avoiding
damageto itself. Total damagedone is calculatedby the
equationbelow.

Ev
EF

where E is an entity in the gameand F is the set of all
forcesbelongingto that side. E, is the value of that entity.
Es is thatentity's probability of surviving the mission.Shorter
simple routesare also desirable,so we include a penaltyin
the tness basedon total distancetraveled by platforms.This
givesthe tness calculatedas shavn in Equation3.

d c1 (3)

damage(Player) = 1 Eg)

fit(plan) = damage(Red) damage(Blue)

1This ®gurelooks betterin color - you can®nd theseandothercolor ®gures
at http://wwwcs.unredu/ miles/

Whered is the total distancetraveledby Blue's platformsand
clis chosersuchthatd cl hasa 10-20%effectonthe tness.
Notethatthe biastowardsshorterroutesproducesa preference
for plansroutesthatleadinto the con ned area(trap) for our
mission.

IV. KNOWLEDGE ACQUISITION AND APPLICATION

Imagine playing a game and seeing your opponentsdo
somethingyou had not consideredthat worked out to great
effect. Seeingsomethingnew, you are likely to try to learn
someof the dynamicsof that move so you canincorporateit
into your own play andbecomea moreversatileplayet Ideally
you would like perfectunderstandingf whenandwherethis
move is effective andineffective, and how to bestexecutethe
move underthosecircumstancesWhetherthe move is using
a combinationof chesspiecesin a particular way, bluf ng
in poker, or doing a reaver drop in Starcraftthe generalidea
remains.In order to imitate this processwe use a two step
approachwith caseinjection. First we learn knowledge from
humanplayersby saving their decisionmaking during game
play and encodingit in for storagein the case-baseSecond
we applythis knowledgeby periodicallyinjectingthesestored
casesinto GAP's evolving population.

A. Knowledg Acquisition

In this paper knowledgeacquisitiontakesthe form of build-
ing a case-bas®f chromosomesepresentingpast stratgies
usedby humanexperts. Eachstratgly shouldbe represented
in a generalway, so thatit can be appliedrobustly acrossa
variety of missions.rc allows us to representhe knowledge
of avoiding con ned areasas de ned by the expert in our
mission.

Actually cornverting humanstratgiesinto chromosomeso
save in the case-basés non-trivial. The focusof this research
is on knowledge application so the chromosomehas been
directly engineeredby the human player Representations
key, andwe are investigatingdifferentencodigsand different
methodsof translatinghumandecisionsto encodedplans.

B. Knowledg Application

Caseinjection hasbeenshawn to increasehe searchspeed
of a GA whenusedacrosssimilar problemd1]. It alsotendsto
producenew answerssimilar to old ones,biasingthe search
to look in areasthat were previously successful Exploiting
this effect gives our GA its learning behaior. By directing
our GA to searchthrough strategyies similar to those that
wereeffective for humanswe biasit towardsproducingmore
humanlike answersHowever we would still like to maintain
the e xibility of the search.Considerlearningfrom a human
who playeda greenroute, but had a non-optimalallocation.
Ideally the GA shouldkeepthe greenroute, but optimize the
allocation. Unless the allocation itself was basedon some
external knowledge (a particular target might seemlike a
trap), in which casethe GA shouldmaintainthat knowledge.
Perfectlyidentifying which knowledgeto maintainandwhich
to replaceis a dif cult taskevenfor humanplayers.Our goal



is to bias GAP to probabilistically keepthe information that

seemsnostrelevantandeffective. In this phaseof theresearch
we concernoursehes with using GAP to reproducea useful

and easily identi able aspectof humanstrateyy. During the

knowledgeacquisitionphase we producea numberof chro-

mosomegepresentindiumanplansand storethemin a case-
base.Theseplans contain the knowledge to avoid con ned

areaghrougha high rc. Subsequentlywhenplayingthe game
we periodicallyinject a numberof individualsfrom the case-
basein orderto biasthe searchwith information from those
individuals. The individuals contain information that avoids

the con ned areasandthroughinjection we hopeto produce
greenroutesin future gameslnjectionoccurshy replacingthe

worstmemberof the populationwith individualschoserfrom

the casedatabaseA "Probabilisticclosesto the best” stratgy

determineswhich individuals getinjected[2]. Parameterdor

case-injectiorinclude the numberof individualsinjected,the

frequeng of injection, as well as specifying when to stop
injecting.

V. RESULTS

We presentresultsshaving GAP's threemajor abilities.

1) GAP canform strat@iesand play the gameeffectively.

2) Caseinjectionleadsto morefrequenthuman-lile strate-
gies.

3) Our encodingfor potentialtrapsallows this knowledge
to be usedon differentmissions.

We alsoanalyzethe effect of alteringthe populationsize and
numberof generation®n the strengthof the biasingprovided
by caseinjection.

Unless otherwise stated, GAP usesa population size of
25, two-point crosseer with a probability of 0:95, and point
mutationwith a probability of 0:01. We useelitist selection,
where offspring and parentscompetefor populationslots in
the next generatiorf22]. All resultsareaveragesover 50 runs.

We rst shav that GAP canform efcient stratgies. GAP
plays the mission50 times, and we graphthe average tness
of individuals inside the populationagainsttheir generation
in Figure 7. The graphshavs a strong approachtoward the
optimum. GAP approacheswithin 5% of optimal allocation
and routing 95% of the time. This indicatesthat GAP can
form effective stratgjies for playing the gameto the extent
possiblefrom the evaluator

To test GAP's ability to captureexternal knowledge and
emulatehumanswe producegreenroute plans,corvert them
to chromosomesandthentry to biasour searchtowardsthose
chromosomesThe humanplan is shav in white in Figure
8. Corverting this to the closestplan representablen our
encodinggivesthe planshavn in greenin Figure8. The plans
are not identical becausethe chromosomedoes not contain
exact routing information. Note the overall tness difference
betweenthesetwo plansis lessthen 2%.

The cateyory of routesproduceds determinedy the values
of rc. GAP's ability to producethe humanlik e route(green)is
basedon the valuesof rc it choosesFigures9 and 10 shov
the distribution of rc producedby the non-injectedgenetic

Fig. 7. Best/Worst/Averagelndividual Fitnessasa function of Generation
Averagedover 50 runs.

Fig. 8. Plansproducedby the Humanand Gap

algorithmandthe case-injectedjeneticalgorithm.Comparing
Figure 9 with Figure 10 shavs a signi cant shift in therc's
produced,which leadsto a large increasein the numberof
greenroutesgeneratedy the caseinjectedGA. Without case
injection GAP producedno greenroutes,using caseinjection
biased GAP to produce 64% green routes, this difference
is statistically signi cant. These results were basedon 50
differentruns of the systemwith differentrandomseedsand
shav that caseinjection does bias the searchtowards the
humanstrateyy.

Moving to the missionshawn in Figure 11 and repeating
the processproducesthe histogramsshovn in Figures 12



Fig. 9. Histogramof Routing Parametergproducedwithout Caselnjection.

Fig. 10. Histogramof Routing Parametergproducedwith Caselnjection.

and 13. The sameeffect on rc can be obsened even though
the missionsare signi cantly different, and even though we

usethe casesfrom the previous mission.Our generalrouting

representatiorallows GAP to learn to avoid con ned areas
from play by the humanexpert.

Fig. 11. AlternateMission

Caseinjection appliesa biasto the GA searchthe number
andfrequeng of individualsinjecteddetermineghe strength
of this bias.However the tness function alsocontainsa term
that biasesagainstproducinglonger routes.As the number
of evaluationsallottedto the GA is increasedthe biasagainst

Fig. 12. Histogramof Routing Parameterproducedwithout Caselnjection
on the Alternate Mission.

Fig. 13. Histogramof Routing Parameterproducedwith Caselnjection on
the Alternate Mission.

longerroutesoutweighsthe biastowardshumanstratgiesand
fewer greenroutesareproducedThe effectis shavn in Figure

VI. CONCLUSIONS AND FUTURE WORK

Our original goalswereto develop GAP sothatit couldplay
the game,and to use caseinjection to biasits play towards
human-lile stratgjies. GAP shavs its ability to play andlearn,
and our resultsindicate a good rst steptowardsknowledge
acquisitionand application.We ran mary experimentsto try
to control the strengthof the bias provided by caseinjection.
Replacingthe entire populationwith injectedindividuals led
to 86% greenroutes but otherwisewe wereunableto produce
morethen40-60%greenrouteswhile still optimizingthe allo-
cation.We are currently exploring methodsfor increasingthe
biastowardsusinginjectedmaterials- in particulararti cially
changingthe tness of injectedindividuals and their descen-
dants,so as to better presere injected material. Expanding
the gameis also an avenueof major interest.Increasingthe
complity of the gamewill lead to deeperstratgic play,
providing mary areasin which to expand GAP's abilities.
Allowing both sidesto attackanddefend,in conjunctionwith
resourcananagemernis the next major phaseof the game We
are alsointerestedn representatiofssueshow to bestbuild
theencodingsothatit canrepresena large variety of stratgyic
ideaslikely to be usedby humansformulating stratey. Even
with good representationseverse-engineerindgquman plans
into chromosomesontainingrelevantandgeneralinformation
presentsa formidable problem.



Fig. 14. Number of Evaluationseffect on the PercentageGreen routes
Produced
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