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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
dynamicsand imperfect knowledgepresentedto players requires
them to anticipate opponent moves and adapt their strategies
accordingly. In this paper, we addressthe problem of acquiring
knowledge learned fr om human players, in particular we learn
general routing information fr om a human player in the context
of a strik e planning game. By incorporating caseinjection into
a genetic algorithm, we show methods for learning general
knowledgefr om human players to incorporate into futur e plans.
Results show 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 geneticalgorithms to learn to play
strategic 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 seen in the past. Our researchfocuseson a strike
force assetallocationgamewhich mapsto a broadcategory
of resourceallocationproblemsin industry and the military.
Geneticalgorithmscanbeusedin our gameto robustly search
for effective strategies. Thesestrategies may approachgame
optimal strategies but they do not necessarilyapproachreal
world optimaasthegameis an imperfectre�ection of reality.
Humanswith pastexperienceplayingtherealworld gametend
to include external knowledgewhen producingstrategies for
the simulatedgame.Incorporatingknowledge from the way
thesehumansplay should allow us to carry over some of
this external knowledge.Our resultsshow that caseinjection
combinedwith a �e xible representationcan bias the genetic
algorithmtowardsproducingstrategiessimilar to thoselearned
from humanplayers.Beyond playing similarly in a particular
mission, the genetic algorithm can use strategic knowledge
acrossa rangeof similar missionsto continueto play as the
humanwould.

We seekto producea geneticalgorithmplayer (GAP) that

Fig. 1. GameScreen-shot

can play on a strategic level and learn to emulateaspectsof
strategiesusedby humanplayers.Ourgoalsin learningto play
like humansare:

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

2) GAPshouldbeableto functionasatrainer, aplayerwho
playsnot just to win but to teachtheir opponenthow to
betterplay the game,in particular to preparethem for
future play againsthumanopponents.This would allow
usto useGAP for acquiringknowledgefrom humanex-
pertsandtransferringthat knowledgeto amateurhuman
playerswithout the expenseof individual training with
experts.

3) We wantto useGAPfor decisionsupport,wherebyGAP
providessuggestionsandalternativestrategiesto humans



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

4) We would like to incorporatedynamicsinto the game
without the expenseof simulating them. Consider a
gameinvolving armiesdoing battle,both playersrotate
out their front line troopsto let them rest.Whetheror
not thegamesimulationhasanaccuratemodelof fatigue
the result is much the same,playing in anticipationof
this dynamic(fatigue)is equivalent to implementingit.
If GAP can incorporategamedynamicsfrom watching
humansplay, it should deepenthe feeling of strategy
involved in the game.

Theseroles require GAP to play with objectives in mind
besidesthat of winning – theseobjectives would be dif�cult
to quantify inside the evaluator. As humanscan function
effectively in theseregards,learning from them shouldhelp
GAP betterful�ll theseresponsibilities.

We attackthe problemof modelinghumansthroughcase-
injectedgeneticalgorithms.Thegeneticalgorithmsearchesfor
an optimal strategy while caseinjection biasesit to contain
elementsfrom strategies used by humansin the past, how
it does this is explained in the next paragraph.Used in
conjunctionwe hope to producenearoptimal strategies that
incorporateimportant information external to the evaluation
function. We work on a strategic game, speci�cally, strike
force assetallocation which consistsprimarily of allocating
a collection of strike assetsto a set of targets. We have
implementedthis gameon top of a professionalgameengine
making it more interestingthana pureoptimizationproblem.
The gameinvolvestwo sides:Blue andRed,Blue allocatesa
set of platforms(aircraft) to attackRed's targets(buildings).
Redhasdefensive installations(threats)thatcomplicateBlue's
planning,asdoesthevarying effectivenessof Blue's weapons
againsteachtarget.Potentialnew threatsand targetscanalso
”pop-up” on Red's commandin the middle of a mission,
requiring Blue to be able to respond to changing game
dynamics.Both players seek to minimize the damagethey
receive while maximizingthedamagedealtto their opponent.
Red plays by organizingdefensesin order to bestprotect its
targets.Red'sability to playpopupscanalsoaffect its strategy.
For example,feigning vulnerability can lure Blue into a pop-
up trap, or keepBlue from exploiting a weaknessout of fear
of sucha trap. Blue playsby allocatingits platformsand the
assets(weapons)they carryasef�ciently aspossiblein orderto
destroy the targetswhile minimizing risk. Risk is determined
by many factors,including the platform's route, the effect of
accompanying wingmen,and the presenceof threatsaround
chosen targets. GAP develops strategies for the attacking
strike force, including �ight plans and weapontargeting for
all available aircraft. When confronted with popups,GAP
respondsby replanningwith the geneticalgorithmto produce
anew planof action.Beyondproducingnearoptimalstrategies
we would like to bias it towardsproducingsolutionssimilar
to thoseit hasseenusedby humansplaying Blue in the past.

We do this so that GAP can be a betterand more versatile
playerby learningstrategiesfrom humanexperts.Speci�cally
we want to show that when using caseinjection the genetic
algorithm more frequentlyproducesplanssimilar to thosea
human has played in the past on the samemission. When
that information from the human is used by GAP playing
a different mission, we show that GAP continuesto play
strategies closer to the style of the humanthan GAP's non
injectedcounterpart.

Case-injectedgeneticalgorithmswork by saving individuals
from thepopulationof a GA, andlater introducingtheminto a
GA solvinga similar but differentproblem.Louis showedthat
caseinjection improvesconvergencespeedandthe quality of
solutionsfoundby biasingthecurrentsearchtowardpromising
regions identi�ed from experience[1], [2]. In this paper, the
systemacquirescasesfrom humansfor injection into GAP's
population. The idea is to automatically acquire casesby
instrumentingthegameinterfaceto recordall humandecision
makingduringgameplay. Our goal is not only to improve the
GA's performance,but to biasthesearchusingknowledgethat
is externalto theactualevaluationand�tness of an individual
plan – knowledgebeingexpressedby expert humansin their
formationof gameplans.

Previouswork in strike forceassetallocationhasbeendone
in optimizing the allocationof assetsto targets,the majority
of it focusingon static pre-missionplanning.Griggs [3] for-
mulateda mixed-integer problem(MIP) to allocateplatforms
and assetsfor eachobjective. The MIP is augmentedwith a
decisiontreethatdeterminesthebestplanbaseduponweather
data.Li [4] convertsanonlinearprogrammingformulationinto
aMIP problem.Yost[5] providesasurvey of thework thathas
beenconductedto addresstheoptimizationof strike allocation
assets.Louis [6] applied caseinjected geneticalgorithmsto
strike force assetallocation,showing resultsconsistentwith
the effectivenessof our GA.

A largebodyof work exists in which evolutionarymethods
have beenappliedto games[7], [8], [9], [10], [11]. However
themajority of this work hasbeenappliedto board,card,and
otherwell de�ned games.Suchgameshave many differences
from popularrealtime strategy (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.
Thesecharacteristicsmake the gamestateeasierto specify
andanalyze.In contrast,entitiesin our gameexist andinteract
over time in continuousthreedimensionalspace.Entities are
notdirectly controlledby playersbut insteadsetsof algorithms
control themin order to meetgoalsoutlinedby players.This
addsa level of abstractionnot foundin thosetraditionalgames.
In most of thesecomputergames,playershave incomplete
knowledgeof the gamestate,andeven this domainof eacha
player's knowledge is dif�cult to identify. John Laird [15],
[16], [17] surveys the state of researchin using Arti�cial



Intelligence(AI) techniquesin interactive computersgames.
He describesthe importanceof suchresearchandprovidesa
taxonomyof games.Several military simulationssharesome
of our game's properties[18], [19], [20], thesehowever are
military simulationswhile ours is not intendedto perfectly
modelthedynamicsof realsituationsbut to providea platform
for researchin strategic planningandto have fun.

In this paperwe �rst de�ne the problem being attacked,
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 caseinjection is usedto acquireanduseknowledgefrom
humanplayers.Finally we show resultsthat the GA canplay
the game,and by using caseinjection we can signi�cantly
increaseits likelihoodof playing like a human.

I I . THE M ISSION

Fig. 2. The Mission

Themissionbeingplayedis shown in Figure2. Thismission
waschosento besimple,to have easilyanalyzableresults,and
to allow theGA to learnexternalknowledgefrom thehuman.
As many gamesshow similar dynamics,this 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 possessesone platform which
is armedwith 8 assets(weapons)and the platform takes off
from and returnsto the lower left hand corner of the map.
Redpossesseseight targetsdistributed in the top right region
of the map,and six threatsthat defendthem.The �rst stage
in Blue's planning is determiningthe allocationof the eight
assets.Eachassetcanbe allocatedto any of the eight targets,
giving 88 = 224 allocations.The secondstage in Blue's
planning involves �nding routes for each of the platforms
to follow during their mission.Theseroutesshouldbe short

andsimplebut still minimize exposureto risk. We categorize
Blue's possibleroutesinto two categories.Yellow routes�y
throughthe corridor betweenthe threats,while greenroutes
�y around.Theevaluatorhasno directknowledgeof potential
dangerpresentedto platformsinsidethecorridorarea.Because
of this, the evaluator optimal solution is the yellow route,
sinceit is theshortest.Thehumanexperthowever, understands
the potential for dangeras the corridor provides the greatest
potential for a pop-up trap. Knowing this the greenroute is
thehumanoptimalsolution.Our goal is now to biastheGA to
producethe greenroute,while still optimizing the allocation.
TeachingGAP to learn from the humanand producegreen
strategieseven thoughyellow strategieshave higher �tness is
the goal of this research.Our way of measuringthe stateof
entitiesin the gameis probabilisticandwe describeit in the
next section.

A. Probabilistic Health Metrics

In many games,entitiesposseshit-pointswhich represents
their ability to take damage.Each attack then removes a
numberof hit-pointsandwhenreducedto zero (0) hit-points
that entity is destroyed. In reality weaponshave a morehit or
misseffect,wherebythey entirelydestroy thingsor leave them
functional.A single attackmay destroy an entity or multiple
attacksmay have no effect. This paradigmintroducesa high
amountof stochasticerrorinto thegame.Evaluatingaplancan
resultin outcomesrangingfrom total failureto perfectsuccess,
which makes it dif�cult to comparetwo plans.By taking a
statisticalanalysiswe achieve betterresults.Considerthestate
of eachentity at the endof the missionasa randomvariable.
Identifying the expectedvaluesfor thosevariablesbecomes
onemeansto judgetheeffectivenessof a plan.Theseexpected
valuescanbeestimatedby playinganumberof gamesfor each
plan and averagingthe results.However doing multiple runs
to determinea single evaluation increasesthe computational
expensemany-fold.

We usea different approachbasedon probabilistichealth
metrics. Insteadof monitoring whetheror not an object has
beendestroyed we monitor the probability of its survival up
until that point in time. Being attacked no longer destroys
objects and removes them from the game, it reducestheir
probability of survival from thenon accordingto Equation1.

S(E) = St 0 (E ) � (1 � D (E)) (1)

E is the entity being considered,which is a platform or
target underattack.S(E) representsthe chanceof that entity
surviving pastthis point in time. St 0 (E ) is chanceof survival
up until theattack.D (E) is thechanceof that platformbeing
destroyed by the attackasgiven by equation2.

D(E) = S(A) � E (W )) (2)

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



within onerun of thegame,therebyproducinga representative
andnon-stochasticevaluationof thevalueof a plan.As a side
effect, we alsogain a smoothergradientfor the GA to search
aswell asconsistentlyreproducibleevaluations.

I I I . SYSTEM ARCHITECTURE

Fig. 3. SystemArchitecture.

Figure3 shows our system's architecture.The two players,
humanandGAP, arepresentedwith themissionandgiventime
to preparetheir strategy. GAP works by applying its GA to
the mission.The GA createspopulationsof bit strings,which
areconvertedinto plansandevaluated.Basedon this evaluated
�tness individualsarerecombinedandnew plansareproduced.
We combinea steadystatepopulationmodel, roulettewheel
selection,two point crossover and bitwise mutation to form
our GA. Productionof a full �ight plan is complicated,sowe
next detail the stepsinvolved.

A. Routing

Fig. 4. How RoutesareBuilt From an Encoding.

GAP must be able to produce routing data for Blue's
platformsin order to play the game.Figure4 shows how the
A* algorithmis usedto build routes[21]. From theallocation
of assetsto targetswe producean orderedlist of waypoints
for eachplatformto visit. In orderfor platformP1to useasset
A1 on target 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 thechromosome,currently, targetsarevisited
accordingto the orderingof their respective assets.From the
list of waypointswe usea path-�nding algorithmto produce
more intelligent routes.A numberof path-�nding algorithms
exist, A* waschosenasit is very widely usedandcomprises
the vastmajority of path-�nding algorithmsin games.

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

voxel containingthestartlocation,andsearchingout themost
promisingneighborvoxels we canexplore the graphuntil we
locatea route to the voxel containingthe destination.A* is
guaranteedto always �nd the shortestroute if it is given a
properunderestimateof distanceto the goal. This route is a
list of waypointsto �y to in orderto reachthedestinationand
in two dimensionsit is equivalentto a list of streetintersections
to drive throughin orderto get from A to B. Due to the large
numberof waypoints,theroutesproducedaretoocumbersome
to useef�ciently . Becauseplatformsarenot limited to moving
through spaceorthogonallywe can remove the majority of
waypoints from the route. Imagine a rubber band stretched
aroundasetof 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 beginningof the route,andremoving
subsequentpegs (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 algorithmrepeatsfrom that
location.

Fig. 5. RoutingMap visualizationwith r c = 1:4

B. General RoutingKnowledge

A* is shown to always �nd the optimal route basedon its
cost functions,in our casethe shortestroute avoiding known
threats.Since our gameincludestraps, the shortestroute is
not alwaysdesirable.In order to do more interestingrouting,
we mustbe ableto biasA* towardsproducingroutesthat are
longer, or more dangerousthen thoseimmediatelyapparent.
We do this by modifying the graphA* searches,producinga
varietyof effectson thekindsof routesproducedwith relative
ease.For example penalizingeachvoxel basedon how far
southit is providesa biasthat tendsto producenorth traveling
routes,thusproducinganoverall strategy of attackingfrom the
north. Routing two groupsof platforms,one with a southern



bias and onewith a northernbias is likely to producepincer
attacks.However the humanin our gameis trying to avoid
con�ned areas,and to do this we needto modify the voxels
in orderto identify areasthatarecon�ned. If we canincrease
the cost of those voxels, then the router will avoid those
areas.In our representationwe identify thesecon�ned areasby
extendingtheeffectiveradii of threatswhenwebuild thevoxel
graph.The extensionis calculatedby a simplemultiplication
of eachradiusby acoef�cient r c, whichdeterminesthekind of
routesproduced.Figure5 shows the effect r c 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 r c the threatshave
expandedtogetherand �lled the corridor, leading the router
to producegreenroutes.1 In our mission,r c valueslessthen
1:4 leadto yellow routeswhile larger r c valuesleadto green
routes.As encoded,r c uses8 bits to producea rangefrom 0
to 3. Futurework will include additionalparametersto deal
with the different factorsinvolved in humanrouting.

C. Encoding

Figure6 shows how we representthe allocationdataasan
enumerationof assetsto targets.The left box illustratesthe
allocationof assetA1 to target T3, assetA2 to target T1 and
so on. Tabulating the assetto target allocationgivesthe table
in the lower left. By de�ning the assetsto always be in the
samesequencewe can remove them from the table and then
reducethe target id to binary.

Fig. 6. Allocation Encoding

D. Fitness

Fitnessof a plan is calculatedby measuringhow well the
plan achieved eachof its goalsandsummingthesemeasures.
Blue's goalsare to maximizedamageto Red,while avoiding
damageto itself. Total damagedone is calculatedby the
equationbelow.

damage(Player) =
X

E � F

Ev � (1 � Es)

where E is an entity in the game and F is the set of all
forcesbelongingto that side. Ev is the value of that entity.
Es is thatentity'sprobabilityof surviving themission.Shorter
simple routesare also desirable,so we include a penalty in
the �tness basedon total distancetraveledby platforms.This
givesthe �tness calculatedasshown in Equation3.

f it (plan) = damage(Red) � damage(B lue) � d � c1 (3)

1This ®gurelooksbetterin color - you can®nd theseandothercolor®gures
at http://www.cs.unr.edu/� miles/

Whered is the total distancetraveledby Blue's platformsand
c1 is chosensuchthatd� c1 hasa 10-20%effecton the�tness.
Notethatthebiastowardsshorterroutesproducesa preference
for plansroutesthat leadinto 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 can incorporateit
into yourown playandbecomea moreversatileplayer. Ideally
you would like perfectunderstandingof whenandwherethis
move is effective andineffective, andhow to bestexecutethe
move underthosecircumstances.Whetherthe 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 knowledgefrom
humanplayersby saving their decisionmaking during game
play and encodingit in for storagein the case-base.Second
we applythis knowledgeby periodicallyinjectingthesestored
casesinto GAP's evolving population.

A. Knowledge Acquisition

In this paper, knowledgeacquisitiontakestheform of build-
ing a case-baseof chromosomesrepresentingpast strategies
usedby humanexperts.Eachstrategy shouldbe represented
in a generalway, so that it can be appliedrobustly acrossa
variety of missions.r c allows us to representthe knowledge
of avoiding con�ned areasas de�ned by the expert in our
mission.

Actually converting humanstrategies into chromosomesto
save in the case-baseis non-trivial. The focusof this research
is on knowledge application so the chromosomehas been
directly engineeredby the human player. Representationis
key, andwe are investigatingdifferentencodigsanddifferent
methodsof translatinghumandecisionsto encodedplans.

B. Knowledge Application

Caseinjection hasbeenshown to increasethe searchspeed
of a GA whenusedacrosssimilarproblems[1]. It alsotendsto
producenew answerssimilar to old ones,biasingthe search
to look in areasthat were previously successful.Exploiting
this effect gives our GA its learning behavior. By directing
our GA to searchthrough strategies similar to those that
wereeffective for humans,we biasit towardsproducingmore
humanlike answers.However 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 optimizethe
allocation. Unless the allocation itself was basedon some
external knowledge (a particular target might seem like a
trap), in which casethe GA shouldmaintainthat knowledge.
Perfectlyidentifying which knowledgeto maintainandwhich
to replaceis a dif�cult taskeven for humanplayers.Our goal



is to bias GAP to probabilisticallykeepthe information that
seemsmostrelevantandeffective.In this phaseof theresearch
we concernourselves with using GAP to reproducea useful
and easily identi�able aspectof humanstrategy. During the
knowledgeacquisitionphase,we producea numberof chro-
mosomesrepresentinghumanplansandstorethemin a case-
base.Theseplans contain the knowledge to avoid con�ned
areasthrougha high rc. Subsequently, whenplayingthegame
we periodically inject a numberof individualsfrom the case-
basein order to bias the searchwith information from those
individuals. The individuals contain information that avoids
the con�ned areas,andthroughinjection we hopeto produce
greenroutesin futuregames.Injectionoccursby replacingthe
worstmembersof thepopulationwith individualschosenfrom
thecasedatabase.A ”Probabilisticclosestto thebest”strategy
determineswhich individualsget injected[2]. Parametersfor
case-injectioninclude the numberof individuals injected,the
frequency of injection, as well as specifying when to stop
injecting.

V. RESULTS

We presentresultsshowing GAP's threemajor abilities.
1) GAP canform strategiesandplay the gameeffectively.
2) Caseinjection leadsto morefrequenthuman-like strate-

gies.
3) Our encodingfor potentialtrapsallows this knowledge

to be usedon differentmissions.
We alsoanalyzethe effect of alteringthe populationsizeand
numberof generationson thestrengthof thebiasingprovided
by caseinjection.

Unless otherwisestated,GAP usesa population size of
25, two-point crossover with a probability of 0:95, andpoint
mutationwith a probability of 0:01. We useelitist selection,
whereoffspring and parentscompetefor populationslots in
thenext generation[22]. All resultsareaveragesover 50 runs.

We �rst show that GAP canform ef�cient strategies.GAP
plays the mission50 times,andwe graphthe average�tness
of individuals inside the populationagainsttheir generation
in Figure 7. The graphshows a strongapproachtoward the
optimum. GAP approacheswithin 5% of optimal allocation
and routing 95% of the time. This indicatesthat GAP can
form effective strategies for playing the gameto the extent
possiblefrom the evaluator.

To test GAP's ability to captureexternal knowledge and
emulatehumanswe producegreenroute plans,convert them
to chromosomes,andthentry to biasour searchtowardsthose
chromosomes.The humanplan is show in white in Figure
8. Converting this to the closestplan representablein our
encodinggivestheplanshown in greenin Figure8. Theplans
are not identical becausethe chromosomedoesnot contain
exact routing information.Note the overall �tness difference
betweenthesetwo plansis lessthen2%.

Thecategoryof routesproducedis determinedby thevalues
of r c. GAP's ability to producethehumanlike route(green)is
basedon the valuesof r c it chooses.Figures9 and 10 show
the distribution of r c producedby the non-injectedgenetic

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

Fig. 8. Plansproducedby the HumanandGap

.

algorithmandthe case-injectedgeneticalgorithm.Comparing
Figure 9 with Figure 10 shows a signi�cant shift in the rc's
produced,which leadsto a large increasein the numberof
greenroutesgeneratedby the caseinjectedGA. Without case
injection GAP producedno greenroutes,usingcaseinjection
biased GAP to produce 64% green routes, this difference
is statistically signi�cant. These results were basedon 50
different runs of the systemwith different randomseedsand
show that case injection does bias the searchtowards the
humanstrategy.

Moving to the missionshown in Figure 11 and repeating
the processproducesthe histogramsshown in Figures 12



Fig. 9. Histogramof RoutingParametersproducedwithout CaseInjection.

Fig. 10. Histogramof RoutingParametersproducedwith CaseInjection.

and 13. The sameeffect on rc can be observed even though
the missionsare signi�cantly different, and even though we
usethe casesfrom the previous mission.Our generalrouting
representationallows GAP to learn to avoid con�ned areas
from play by the humanexpert.

Fig. 11. AlternateMission

Caseinjection appliesa bias to the GA search,the number
and frequency of individuals injecteddeterminesthe strength
of this bias.However the �tness function alsocontainsa term
that biasesagainstproducing longer routes.As the number
of evaluationsallottedto theGA is increased,thebiasagainst

Fig. 12. Histogramof RoutingParametersproducedwithout CaseInjection
on the AlternateMission.

Fig. 13. Histogramof RoutingParametersproducedwith CaseInjection on
the AlternateMission.

longerroutesoutweighsthebiastowardshumanstrategiesand
fewer greenroutesareproduced.Theeffect is shown in Figure
V.

VI . CONCLUSIONS AND FUTURE WORK

Ouroriginalgoalswereto developGAPsothatit couldplay
the game,and to usecaseinjection to bias its play towards
human-likestrategies.GAP shows its ability to play andlearn,
and our resultsindicatea good �rst steptowardsknowledge
acquisitionand application.We ran many experimentsto try
to control the strengthof the biasprovided by caseinjection.
Replacingthe entire populationwith injected individuals led
to 86%greenroutes,but otherwisewe wereunableto produce
morethen40-60%greenrouteswhile still optimizingtheallo-
cation.We arecurrentlyexploring methodsfor increasingthe
biastowardsusinginjectedmaterials- in particulararti�cially
changingthe �tness of injectedindividualsand their descen-
dants,so as to better preserve injected material. Expanding
the gameis also an avenueof major interest.Increasingthe
complexity of the game will lead to deeperstrategic play,
providing many areasin which to expand GAP's abilities.
Allowing both sidesto attackanddefend,in conjunctionwith
resourcemanagementis thenext majorphaseof thegame.We
arealso interestedin representationissues,how to bestbuild
theencodingsothatit canrepresenta largevarietyof strategic
ideaslikely to be usedby humansformulatingstrategy. Even
with good representationsreverse-engineeringhuman plans
into chromosomescontainingrelevantandgeneralinformation
presentsa formidableproblem.



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