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Abstract :

Thethesisof this proposedesearchs thatto achieve higherlevels of compleity of behaiour using
multi-agentreinforcementearning,we mustallow the learnersto follow several reinforcemensignals
simultaneouslyThatis, agentshouldlearnto satisfya hierarchicaktructureof sharedr individual goals
of differing levelsof importanceo them.

An agents utility functionmustclearlyrepresentheir progresdowardtheirgoals.For thisreasorwe
usethe collective intelligenceframeavork which usesmoreglobal informationto provide moreaccurate
local utility functions.

We intend to testthe thesisusing problemsarising from massiely multi-player computergames.
Thesegamegequirecomple multi-agentbehaiour yetdonothave theproblemsassociate@ith working
in realworld ernvironments.Thuswe canlook at complex humansocietybehaiour usingthem.

Theresearchwill drav on severalareasof interestincluding multi-agentreinforcementearning,col-
lective intelligence computergamesandinteractve drama.

We intendto investigatereinforcementearningamongsgroupsof agentswith differing lower goals
underthesamehigherlevel goals;ahierarchicaktructureof groupsfor collective intelligenceandbalanc-
ing the performancef groupsof agentswith differentgoalswithin the samesystem.
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intelligence
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1 Intr oduction

It is now nolongersatistctoryjustto have brilliant graphicsin computergames.The marketis
saturatedvith gameswith realistic3D worlds andcharactersBetterarti cial intelligencewill
bethenext big draw for the gamesouying public.

"With the saturationin the quality of computergraphics betterphysicsandAl are
thetwo technologieghat have the mostpotentialto improve gameplay Playersare
looking for morerealisticAls to populatetheir worlds with interestingnon-player

charactersandhuman-like opponentsvho mustbe out-thoughtandnot just out-shot
... [PLOOQ]

Traditionallythe behaiours for the gamecharactersrehand-coded. Thisis acceptabléf
therearefew characteranda limited numberof waysto interactwith them(for example,shoot
with machinegun or shootwith pistol). However, gamesare becominglarger in size,with a
greatnumberof characterslarger worlds and a larger time-scale. Massvely multi-playeron-
line gamegMMOGSs) areonesuchcase.A MMOG canhostthousand®f humanplayersand
non-playercharactersatonce.As thegamesizeincreaseshe quality of thecharactebehaiours
deterioratesThatis, thereis lessdesigntime to work on eachcharacteif therearemoreof them.
Thereforecharacterendup sharingbehaiour speci cation. This leadsto bland unbeliezable
charactersvhich ruin the senseof immersionthatgamesaresupposedo have. It is unrealistic
for themajority of charactersn agameto behae the sameway.

We needmoresophisticatesnethoddor providing the behaiour speci cationfor computer
gamecharacters:

"The behaiour of thesecharactersannotbedeterminedy a simplescript,but must
be driven by the interactionof their body with the ervironment,their goals, their
knowledgeof the world they inhabit, their own personahistory, their interactions
with humanplayersandreal-timeadvicefrom a director Our hopeis thatcomple
Al charactersvill leadto gamesvherethe humanplayersarefacedwith challenges
andobstacleghatrequiremeaningfulinteractionswith the Al characters.[Lea02]

Reinforcementearning(Section2.3) canbeusedto build action-selectiompoliciesfor agents
andcould be usedfor computergamecharacters.If we view a MMOG asa large multi-agent
systemthenwe cantreateachagentas a characterand usereinforcementearningto specify
their behaviours. To achieve coordinationwithin a groupof reinforcementearningagentswith
a commongoal, a teamgameutility functionis used? In sucha multi-agentreinforcement
learningsystemeachagentis giventhe globalreward (attainedby the actionsof all the agents)
aftereachtime step.Thewell known problemwith usingateamgameutility functionis thatan
agentsactionsmayhavelittle effectontherewardit receves.Thus,anagenthasadif cult time

LIn this proposathetermscharacteis andagentsareinterchangeablé/NVhata persorfrom reinforcementearn-
ing callsagentsa persorwith a backgroundn computergamescallscharacters

2Team,global, andworld utility canhave a slightly ambiguousmneanings.They arewell de®nedlaterin Sec-
tion 2.1. Theutility functionis alsocalledthe valuefunction,andis derivedfrom therewardfunction.
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determiningwhetherits actionsarehelpingthe systemachieve its goalor notandhasa dif cult
time learningappropriateactions.Thisis referredto asthelow signal-to-noiseatio problem.

COllective INtelligence(COIN) (Section2.4) is a methodof controlling large multi-agent
systemswith a commongoal wherethe agentsuse reinforcementearning. It considersthe
(somavhatinverseto the normalview) problem: Giventhe world utility function, whatshould
theindividual agents'utility functionsbe? The COIN approachs to useglobalinformation(or
asmuchglobalinformationasis possible}o determineamoreaccuratendividualreward. There
areseveralexamplesof how to dothisin existing COIN research.

We proposeto investigateusing COIN to provide the behaiour speci cationfor the large
numberof comple charactershatmightbefoundin aMMOG. We needto provide theindivid-
ual charactebehaioursandcontrolthe gameitself, thatis, the plot of thegame.Theplot of the
gameis afunctionof mary thingsincludingwhathumanplayersdo, whatnon-playercharacters
do andhow mary andwhattype of playersandnon-playercharactersherearein agame.The
plot of thegameis of courseboundby the gameernvironmentandtherulesof thegameuniverse.
Theuseof gameconductorgSection2.2) will be proposedo controlthe plot of agame.Game
conductorsare agentswithin the multi-agentsystembut they are not characters.It hasbeen
suggestedhat they could have power over suchthings asthe numberandtype of non-player
characterssettingthe lighting and musicalaccompanimenandin uencing the behaiours of
the characterso affecta plot line. In this researclygameconductorswill be consideredor only
alimited setof tasks.

Theresearclguestionsaregivenin Section3 but brie y, they are:

What combining functions canwe usefor groups of agentswith differing local goals
under the samehigher level goals?

Will creating individual utility functions in a hierarchical COIN structure improve
the learning ability of the systemin the sameway that the COIN approachworks for
at structured systems?

Can a macroleamer compensateor imbalancesbetweenmicroleamers by adjusting
its combining function?

2 Background

Herewe shall discusspreviousresearchelatingto the proposedesearch.Thatis, previousre-
searchrelatingto computergamesyeinforcementearningand COIN. Firstly the earlyresearch
into boardgamesroboticfootballandthemake-upandtypesof moderncomputeigamesnclud-
ing adiscussiorof gamecharactersThenmassvely multi-playeron-linegamesaredescribedn
termsof how they t into the computergamesceneandthe researclkthallengeghey raise. The
futuredirectionof MMOGsiis noted.

Thecontributionsfrom interactve dramaresearclaregivennext andleadontoanexplanation
of gameconductors.Thenthe mostdirectly relevant backgrounds coveredin the sectionson
reinforcementearningandcollectiveintelligence.



Finally, the contritutionsfrom (the someavhatlessrelevantbut still worth mentioning)evo-
lutionary methodsandstategeneralisatiormrebrie y considered.

2.1 From board gamesto massvely multi-play er on-line games

Gameshave long beenusedasa studytool in arti cial intelligence.Boardgamessuchaschess
andbackgammonverethe rst challengesakenonby the Al community They arestill usedfor
teachingourposesandindeed,arestill the subjectof active researcl{see[RN96] for acomplete
overview) . With mostof thesegameghereis avery large statespaceasis the casewith modern
computergames. Confusionover a large choice of actionsis part of what makes up games.
Attemptsat solutionsto boardgamessuchas chessand backgammorare generallyproduced
by tree searchesvith clever look-aheadunctions. The main problemsarereal-timedecision
(speedbf searchpndlarge (but discrete statespacassues.Thesegamessharenothingelsewith
moderncomputergames.

Robotfootball (commonlycalledRoboCupor robotsoccer)aimsto recreategamesof foot-
ball usingphysicalrobots(thoughmuchresearchs donein simulations)[SS01,SV00]. There
aremary sub-problemshatexist in therobotfootballdomain,for example keep-avay in which
oneteammustkeepthe ball aslong as possible[SS0]. The robot football researchkdomain
sharesmuchmorein commonwith moderncomputergames. Sharedissuesincludereal-time
decisionmaking,a large continuousstatespace hiddenstate, multiple agents poth teammates
andadwersariesandlong andvariabledelaysin the effectsof actions[SS0]. Onenotedprob-
lem of robotfootball is the large statespaceproblem,which hasled to mary advancesn state
approximationor generalisation Reinforcementearningis often usedto train individual, and
teamsof, robotfootball players. It is relatively simpleto de ne individual andteamutility re-
wardsfor problemsin the robot football domain. Metrics suchas goalsscored,tacklesmade,
passesompletecandshotsontargetcanbeusedfor bothplayersandteamso make upareward
function.

Computergamessharemary challengeswvith robotfootball asmentionedabore. Onemust
remembethat, differentto researcldomains, gamesexist for the enjoymentof humanplayers.
Humaninteractionis whatsetsgamesapartfrom Im andprovidestheentertainmentactorin all
gamesModerncomputergamessuchasthefamousTombRaider[Des9q featuremary charac-
tersandquasi-realistiosirtual ervironmentswhich allow alot of interaction. Typically, current
gamegfor exampleQuale Il [Sof00]) provide for interactionprimarily throughtheir environ-
ment. Thecharactersn thegamesarenot sufciently advancedo provide muchstimulationfor
humanplayers. An interestingpopulationof charactersanincreasehe amountof interaction
possibleexponentially Somerecentgamesare comingaroundto this idea, notably The Sims
(seeSection2.5). However, it is indicative of theimmaturity of thegamesentertainmentedium
thatthe charactergplay secondddle to the ervironmentwhereasn Im thecharactersarethe
key to success.

Computergamescommonlyhave a largeractionspacethanrobotfootball. A football player
(particularlya robotfootball player)canonly performso mary actions,suchaspassshoot,etc.
A computergamecharactecouldtheoreticallyperformany numberof actions.Note thatlarger
actionspacesisuallymalke areinforcementearningproblemmoredif cult.

3



It is very dif cult to ratea computergamefor the purposeof de ning a reward function.
Considerthis: abore we have statedthat thereare mary indicatorsof performanceor robot
football. It follows thatwe canusetheseto rateanagents, or ateamof agents, performance.
In a computergamewe mustrate all the agentsand/ or teamsthat make up the game. It is
eguvalentto having to ratebothteamsin therobotfootball taskat the sametime. The problem
now becomeamore dif cult. Whatis goodfor oneteamis bad for the other so how is the
global systems performanceffected?® This problemis mademoredif cult asthe numberof
groupswith disparategoalsincreasesWhatis neededs a moreabstracinotion of goodnes®r
entertainmentFindingit is notatrivial problem.

Direct academiaesearcton moderncomputergameshasbeenscarceuntil recently How-
ever, suchresearchs now becomingnorealbundant.Computemgameshave beenstronglyadwo-
catedasaresearchool for human-leel arti cial intelligence[Lv00]. Academicresearcls most
prevalently usedcontribution to computergamesis the A* algorithm (and later variants)for
path nding. Muchresearcthasbeenputinto controlling(morebelievable)individual characters
of thetypeusedin computergameqdYBSO01, Lea02,Haw00, Sha99].Muchwork hasbeendone
on controlling multi-agentsystemsbut noneof it is realisedfor computergamesanareathatso
obviously lendsitself to beingmodelledasa multi-agentsystem.A full brie ng onthestate-of-
the-artfor arti cial intelligencein computergamescanbe foundelsavhere[PL0OO, Woo00].

Thereis a differencebetweenacademicand commercialgametechnologyresearch. See
Section2.5for adiscussiorof non-academicomputergameresearclandwhy it is differentto
academigesearch.

A gamepopulationis usually organisedinto groupings,or teams. For examplein football
we have possiblymary teamsg(in aleague)andin fantasygameswe have goodandevil. Within
thesegroupsaresub-groupsin the previous examplesve could have defenceandattackor orcs
anddwarfs. Thesegroupsusuallydenotecharacter®f the sameor similar behaiour. As stated
previously we believe thatto obtainmorecomplex agentbehaiour the agentsshouldbelongto
mary groupswith differing goalssimultaneouslylf you look at the numberof differentgroups
a humanbelongsto (for examplegroupsthink: gendeyjob, political allegiance,philosophical
school,religion, community educationgtc)thenit is easyto seethatif a humanonly belonged
to onegroupthenits behaiour would be very odd, if it hadarny behaiour atall.

Massvely multi-playeron-linegamegMMOGSs) arecomputergamegshatpeopleplay via a
client computer(usuallytheir homecomputer).Throughtheir client machinethey connectover
the Internetto a gamesener machine. The gamesener acceptsplayers' actionsand applies
themto the gameworld. The datafor the gameworld is thensentbackto eachclient machine.
Thesegamesare setup to acceptmary playersat once. The large numberof playersis the
main attractionof thesegames. Modern MMOGs suchas Ultima Online [Ori97], Asherons
Call Il [Tur99 andPhantasystarOnline (Figure2) [Seg00] usevery sophisticate@D graphical
worlds. Thegamesener maintainsa persistentorld. Thatis, actionsperformedn theworld by
aclient cancausdong lastingeffectsin theworld. MMOGs usually t into oneof the standard
gamegenredistedin Figurel. However, they usuallysigni cantly alterthe gamefar from its

3SRemembethat herewe usethe termteamto referto a groupingof agentswith a commongoalandglobal to
referto all theagentsteamswithin thesystem.



Genre Interaction Action | Character | fjneqcaie Number of

complexity characters

Shoot 'em up Immediate shallow| High Low Short | 10's 100's
Simulation (god game) Deep complex Slow Low High Long 1000's
Sports (racing) Immediate shallow| High Low Short 10's
Role playing game Medium Medium High Long 1000's

Figurel: Typical attributesof commongamegenres.

originsin thegenredueto themhaving suchalarge numberof players.Somuchmoregameplay
is openedup with sucha large numberof players.A football gameis transformedsigni cantly
from modellingtwo opposingeamsto modellinganentireleagueor country

Allowing mary humanplayersinto a gameervironmentdoesnot make a goodgame. The
humanplayersneeda backdropof non-playercharacterso play with or againstHumanplayers
donotwantto play certainrolesin agameworld. They donotwantto play, “third manin shopon
left” Humanplayersalwayswantto play the heroor heroinerole. They do not wantto wander
pastin the backgroundlespitethefactthatsomeof thesdessemrolescouldbevital to the game.
Althoughthe soldierwho diesheroicallybut tragically at the startof the story is centralto the
plot, nobodyactuallywantsto bethatperson!Sowe needarealisticpopulationof characterso
thatthe mary humanplayerscanplayin a bettergameworld.

2.2 Interactive Drama and Game Conductors

Interactve dramais a moreestablishedesearchareathancomputergamesandthey have much
in common.Interactve dramais like agamewith muchlessinteraction. The humaninteraction
is usuallylimited to choicesabouttheplot direction,for example,askingwhatacertaincharacter
shoulddo whenfacedwith a big choice. Interactve dramatypically hasmuchfewer characters
aswell. Theemphasiss on creatinga corvincingly tight plot line ratherthanactionabove all
else.

Two schoolsof thoughton achiezing desirableplot lines exist. Oneschoolof thoughtuses
comple characterghat have knowledge of what the plot line shouldbe. The plot line then
emepgesfrom the intelligent choice of actionsby thesesyntheticactors. Emegentplot lines
are typically usedfor improvisationaldrama. The other schoolof thoughthasproffered the
mostvaluablecontribution of interactve dramato this proposedesearchthe real-timedirec-
tor [Mag02]. A real-timedirectormakesdecisionsat run-timethata real directorwould make
during Iming. This methodallows us to uselesscomplex characterghat respondto direc-
tion [AsOZ]. By usingareal-timedirector we canhave dramathatrespondsmmediatelyto the
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Figure2: PhantasystarOnline- A recentMMOG.

interactionof humans.

Independentlyf interactve dramaresearchgamedesignerandresearcherbave proposed
the useof a gameconductor[Fun99, PLOO, Lea02,Sha99]. A gameconductoris an agent,
separatérom the characteagentsthatattemptgo altera gamewhilst it is runningto producea
goodgamingexperienceor the humanplayers.

The differencein the domainsof interactve dramaand computergamesis only slight but
important. The statechangedor the agentsandthe multi-agentsystemasa whole occurmuch
morefrequentlyin computergamesandthe statespacesarelarger. It is generallyassumedhat
greaterinteractionby humanplayersdistinguishescomputergamesfrom interactve drama. A
gameconductorhasto keepabreaswith far moreactionthana real-timedirector Interactve
dramas goalis to achiere afar greaterdepthof plot thana computergame.

As games'castsof charactersare becominglarger, sois the time scaleover which they
are played. No longeris handscripting the plot a possibility. Approachego createthe plot
emepgently and automaticallyare now needed. The gamecharactershouldbe sophisticated
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enoughto drive forward the gameon a local level throughtheir actions. Ultimately though,
comple, intricateor epic plots mustbe engineeredn someway. We cannotrely solely on the
interactionsof non-humamor humancontrolledcharacters.

Becauseof the increasedactiongeneratedy a computergameit would seema goodidea
to usea numberof gameconductorseachcovering an aspectof the game. This could make
for easierunderstandingf a large gamesystem. It hasbeensuggestedhat gameconductors
could beimplementedusingthreaddWoo0(J. Gameconductorsneednot be alertall thetime.
They canbe sentto sleep. The period of sleepbetweeneachwakeningof a gameconductor
shouldbe setaccordingto the temporalnatureof the work beingdone.Someconductorsvould
needto be awakenedregularly, but othersmay only needto checkon the gamestateevery
few minutes,or at speci ¢ events. This cansave lots of processingime. Using threadsfor
agentsandbackgroundorocessess becominganincreasinglypopularideafor computergame
implementation$Daw01, Car01].

Gameconductorscould be usedfor controlling suchthingsas: the lighting, introductionof
new characterandremoval of old charactersproviding asmoothintroductionto thegameworld
for a novice humanplayer commandinghe justice powersandpolitics of the gameworld, ob-
servingandcontrollingthedif culty of thegame maintainingthe paceof actionandintroducing
andmaintainingplot lines. As saidbeforethe gameconductorausedin this proposedesearch
will beusedfor simplertasks.

2.3 ReinforcementLearning

Gameenvironmentscanbe viewed simply asevolving partially obsenable Markovian decision
processePOMDP).Agents(gamecharacteraindconductorsperceve theworld state(includ-
ing theirinternalstate)andmapit to a probabilitydistribution functionof availableactions.That
is, thelik elihoodof anagentperforminga speci ¢ actionis dependenon its partialobseration
of theworld stateandits previousinteractionwith theenvironment.

Reinforcementearning[SB98 KLM96] canbeusedto trainindividual agentdo reachtheir
goalsin large dynamicernvironmentsthat canbe modelledasPOMDPs. Eachagentbuilds an
action-selectiorpolicy basedon its previous experiencein the ervironment. An agentgains
rewardsfrom the ervironmentfor performingcertainactionsin certainstates. It is the job of
a designetrto presetthe ervironments dynamics(whatnew statewill resultfrom eachpossible
actionin the currentstate)and the ervironments reward function (in which statesand upon
which actionwill an agentreceve reward). Eachagentbuilds up an action-selectiorpolicy
throughlearning. This policy canthenbe followed to chooseactionsthat will maximisethe
agentsreward. Thelearningmechanisnstoregherewardsrecevedasutility valuesandspreads
thesevaluesacrossprevious statesvisited to createa utility function that an agents policy is
basedon. An action-selectiorpolicy canthendirect an agentto the highestutility valuesso
it achiezesthe highestrewardsfrom the ervironment. Normally eachagentfollows onepolicy
althoughit is possibleto allow anagentto switch betweerpolicies(socalledroles)or to follow
morethanonepolicy atatime [Bra03 BDCO3].

Therearetwo reasonablgtandarcffective reinforcementearningalgorithmscurrentlywidely
used,Sarsaand Q-learning,which are both describedn easyto implementform [SB98]. A
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standardalgorithmallows experimentsto be comparedo pastresearchmorereadily Usinga
standardalgorithmbasemalkesit simplerto shav any advancegnadein this proposedesearch.
SarsaandQ-learningarebothwell establishedyersatileandeasyto implement.Theonly differ-
encebetweerthetwo is thatSarsds anon-policy learningalgorithmasopposedo theoff-policy
Q-learningalgorithm.

Often the action spaceof a reinforcementearningproblemcanbe reduced,andtherefore
thetaskmadeeasier by usinghigherlevel actionsincorporatingseverallow level actionseach.
For examplein robotfootball a typical taskmight be to passthe football to anotherplayer It
is assumedhatthe footballingagentcancarry out this taskwell. Thatis, it is assumedhatthe
robotknows how to manipulatats actuatordo performa pass.Learningwithin suchastructure
of higherand lower level actionsis called hierarchicalreinforcementearning[BM03]. The
hierarchycanalsobe imposedon the statespaceasin fuedallearning[DH93]. It is important
to notethatthe proposedesearchdoesnot overlapwith the eld of hierarchicalreinforcement
learningalthoughit canbe confusingattimesasthe COIN framework (Section2.4)is extended
to have a hierarchicaktructure.

It is possiblefor large numbersof agentdo learntasksrequiringcoordinationandcoopera-
tion. A singleutility functionis keptfor all theagentswvith thecommongoal. Thisis commonly
termedateamgameutility. Theutility function'sindex statesarethejoint statesof all theagents.
Hence whenfollowing the policy eachagentwill attemptto maximisethe reward for theteam
of agents.Teamuitility suffersfrom alow signal-to-noiseatio [WL02, WSTO1]. As a practical
example:in agameof football eachplayeris giventhe samereward basedon the recentperfor
manceof theteamduringagame.Thusif thegoalkeepeifalls asleepvhilst his own teamscores
agoalhewill berewarded,alongwith therestof histeammatesilt is dif cult for anindividual
agentto determinghe effect of its recentactionson therewardit receves.

Reinforcementearninghasnot beenusedmuchin computergames. SeeSection?2.5 for
moreinformation.

2.4 Collective Intelligence- COIN

COllective INtelligence (COIN) [WTO00, WL02, LROZ2] is a methodfor using reinforcement
learningwith large multi-agentsystemswvhere:

Thereis aprovidedworld utility functionthatratesthe possiblehistoriesof thefull system.

Thereis little to no centralisedpersonalisedommunicatiorand/or control.

Thecentralquestiomof COINis, “What rewardfunctionsfor theindividualagentswill, when
pursuedby thoseagents,resultin high world utility?” [WTO00]. Thatis, COIN considershe
inverseproblemto how multi-agentsystemreinforcementearningis usuallyaddressedWhat
shouldthe individual utility functionsbe sothata high world utility is attained?Its agentsare
microlearnerandit hasone(system-wide)nacrolearner

COIN focusesontwo ideas:



Learnability(alsocalledopacity)- Agentscanreadilyseehow theirbehaiour affectstheir
reward. Thatis, the signal-to-noisegatio. The signal-to-noiseatio indicatesthe amount
of reward attainedby the teamthat is actually relatedto the amountof reward an agent
deseres.

Factorednesgalignment)- An increaseof anagents rewardwill resultin anincreaseof
theworld reward.

Teamgameutility functionssuffer from alow signal-noiseatio. Individual rewardsleadto
competitionnotcooperatiof TAWO0Z]. An alternatve,thewonderfullife utility (WLU) function,
aimsto achieve both pointsabove - high learnability and factorednesslt doesthis by giving
eachagenttheteamreward minuswhatthe teamrewardwould have beenif theagenthadnever
existed.It doesthisby keepingatableof all theagents’previousactions.Thenby hypothetically
clampingthe agents actionsto the null actionthe rewardsthatwould have beengatheredy the
otheragentsalonecan be calculated. The wonderfullife utility functionis partof a group of
utility functionscalled differenceutility functions. Theseare so called becausghey work by
calculatingsomeutility andthentaking away the sameutility but without the presencef some
agentdan the system.Calculatingdiffernceutilities is computationallyexpensve. Experiments
with large-scalesoft real-timesystemdhave not beendonein the existing researclsothis issue
hasnot beenadressegroperly Most experimentsdonesofar with temporallysensitve agents
have usedshortepisodictasks.This meanghattheworld historyis notsolong. With continuous
tasksanothemmethodwill be needed.The simplestmechanisnwould be a sliding window that
coversasmuchrecenthistoryascomputationatesourcesillow.

COIN hasbeenusedsuccessfullyto control datarouting networks [WT02, WKMTO0O0] and
to solve the El Farol Bar problem(alsoknown asthe minority game)]WWTOQO]. In theseexper
imentsCOIN overcamehetragedyof the commongroblem[WTO02], Braess'Paradox{WT02,
WT99] andtheliquidity trap[Kru94, WTOQ]. It is worth notingthatthe agentsn thesetestsare
not complex agents.Eachagentnormally hasa very simple action-selectiorpolicy. However,
oneexperimenthasusedCOIN to control severalagentsamoving arounda grid world collecting
rewards[TAWO0Z)].

COIN couldbeaplausibleway of modellingcomputergames:

"We areprimarily interestedn very large, very complex systemswhich arenoisy;
faulty, andoftenoperatan anon-stationargnvironment.Moreover, our “very com-
plex system”consistsof mary RL algorithms,all potentiallyquite complicatedall
runningsimultaneously [WTOQ]

Onfurtherinspectiont becomespparenthattherearesomeproblemshatstandin theway
of COINsbeingusedto modelgames.

"We usethe term“COllective INtelligence” (COIN) to referto ary pair of the fol-
lowing: i) A large, distributed collection of interactingcomputationalprocesses
amongwhich thereis little to no centralisedpersonalisedcommunicatioror con-
trol; i) a ‘world utility' function that ratesthe possibledynamic historiesof the
collection” [WTO00]



Whilst gamesmatchthe rst criterion well, only very simple gameshave a world utility
functionthatis well de ned. In agametherelationshipbetweera charactes behaiour andthe
quality of the gameis very complicatedandthis meanst may be dif cult to modela complec
gameasa COIN. All theexampletaskscoveredin existing researcton COIN featureagentghat
have a commongoal. It is easierto nd teamperformancendiceswith suchteamsof agents.
However, thereare mary differentgroupsof agentsthat have apparentlydifferentgoalsin a
game. For examplethe goodsidetriesto ght for goodandthe evil sidetriesto ght for evil.
In agameonewould assumeéhatall teamsof agentsbelongto the samegroupthatis trying to
maximisea commonentertainmengoal (setasthereward functionby a humandesigner).

Several examplesare givenin the COIN literature[WTO00] aspossibleCOIN implementa-
tions;gamesarenotincluded.However,

. the COIN designproblemcould almostbe de ned as decentralisechdaptve
controltheoryfor massvely distributedstochastienvironments’ [WTO0O]

... describeghis proposedesearctwell. The following list is an elaborationof the COIN
framavork [WTOO]:

“1) Therearemary processorsunningconcurrently performingactionsthat
affect oneanothers behaiour.

2) Thereis little to no centralisegpersonalisedommunicationi.e., little to no
behaiour in which a small subsetof the processorsiot only communicates
with all the other processorsbut communicateslifferently with eachone of
thoseotherprocessorsAny singleprocessos “broadcasting'the sameinfor-
mationto all otherprocessorss not precluded.

3) Thereis little to no centralisedpersonalisedontrol, i.e., little to no be-
haviour in whicha smallsubsebf theprocessorsotonly controlsall theother
processordyut controlseachoneof thoseotherprocessorslifferently “Broad-
casting”"the samecontrolsignalto all otherprocessorss not precluded.

4) Thereis awell-speci ed task,typically in the form of extremizinga utility

functionthatconcernghebehaiour of theentiredistributedsystem.Sowe are
confrontedwith theinverseproblemof how to con gure the systento achiere
thetask”

Furthermorethey provide someextra points describingthe approachto implementingthe
above framework:

“5) The approacHhor tackling(4)is scalableto very large numbersof proces-
sors.

6) TheapproacHor tackling(4) is very broadlyapplicable In particularit can
work whenlittle (if any) “broadcasting’asin (2) and(3) is possible.

7) TheapproacHor tackling (4) involveslittle to no hand-tailoring.
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8) The approackfor tackling (4) is robustandadaptve, with minimal needto
“get the detailsexactly right or else; asfar asthe stochastiadynamicsof the
systemis concerned.

9) Theindividual processesrerunningRL algorithms. Unlike the otherele-
mentsof thislist, thisoneis notanapriori engineeringhecessityRatherit is a
re ection of thefactthat RL algorithmsare currentlythe best-understoodnd
mostmaturetechnologyfor addressinghe points(7) and(8)”

All exceptpoint four arein line with the proposedresearch.However, point four is very

importantfor COIN implementations.Although alreadysaidit is worth reiteratingthat, with
ary complex gametheremay be no single reward function that describeghe performanceof
the system.This is amajorobstaclefor the proposedesearctandis the subjectof the rst and
secondproposedesearctyuestiongSection3).

2.5 Commercial Systemsand Implementation Considerations

In a recentgameprogramminginstructionbook [DeL01] the Al sectiontalked aboutthe gap
betweeracademiarti cial intelligenceand“real-world Al.” Whatis real-world Al?

"For mary years therewasgreatexcitementin the gamecommunityto experiment
with advancedAl that grev from academiaesearchsuchas geneticalgorithms,
neuralnetworks, andotherexotic techniques Sincethen,the pendulumhasswung
in theotherdirection,andmostAl gameprogrammersrenow stickingwith simpler,

proventechniqueshatconsistentlywork well. [Rab01a]

Onearticle[Rab0lb]suggesteleven“Strategiesfor OptimisingAl:”

Useevent-drivenbehaiour ratherthanpolling.
Reduceredundantalculations.

Centralisecooperationwith managers This runsagainsthe currenttrendin multi-agent
systemgo distribute processingacrossthe agents. The main reasonfor this stratgy is
simpli cation.

RuntheAl lessoften.

Distribute the processingver several frames- The frameis to gameprogrammersvhat
thetime stepis to academi®\l researchers.

Employ level-of-detailAl - Therearethreestratgies:varythefrequeng of thecharacters'
Al algorithmdependingn their distancerom the gameworld camerayary the complex-
ity of the charactersAl basedon relevanceof the task(for examplesimplify path nding
whenoff screen)simulatethe effectsof severalcharactersvith simplercalculations.

11



Solve only partof the problem- Producea small portion of the solutionto someproblem
thatneedg€o bedoneimmediately Therestof the problemcanbe solvedlater.

Do the hardwork of ine - Suggesusingpre-trainedneuralnetworks andpre- lled look
up tables.We mightaddthatarny form of Al with atrainingphasets into this strategy.

Useemegentbehaiour to avoid scripting- Very simplelocal behaioural rulesakin to
Boids.[Rey99]

Amortisequerycostswith continuousookkeeping Updatedatastructuresasthey change,
notjustwhenthey areneededor deliberation.

Rethinkthe problem.

Sonotreally Al then?

Thereis much criticism of characterslack of individuality and intelligencein the game
pressandon gamelnternetforums[Edg03. In arecentgameAl programmingoook [Rab02],
ten of the seventy-onearticlesmentionedearning. None of theseactuallyusedreinforcement
learning. Insteadwhat is describedas“practical Al learning”is discussedNone of the article
abstractsnentionedmulti-agentsystems.In the lastthreeGamesDeveloperConferencesione
of thepaperdiscussedeinforcementearning[gdc]. Thereis anopeningfor multi-agentsystem
reinforcementearningalgorithmsin the computergamesndustry

The computergamesndustryis notablysuspecbf of academidAl researchMore speci -
cally non-determinisnis seenasquite a scarything. Onceyou let go of thecontrolthereis little
way of reiningit backin. Evenallowing onecharacteto learnfrom onehumanplayeris seemas
abig gamble[Mol01] aswasthecasen Black & White [StuO1]discussedn Section2.5.3.

2.5.1 Articial Intelligence Software DevelopmentKits

Attemptsat producingsoftwaredevelopmentibrariesfor agentcontrolarebecomingmorecom-
mon [Woo00Q. In particular the DirectlA [dir02] softwaredevelopmentkit providesa “do all”
systemfor agentcontrol. The developmenkit doesprovide supportfor someform of reinforce-
mentlearning. Thereare no further details available aboutthe systemasit is a commercial
venture.Thesucces®f thesystemis notyetknown. It is currentlylicensableandhasbeenused
in the creationof onecommercialgamesofar.

2.5.2 The Sims

TheSims[GamOQ]is probablythemostfamoususeof Al in acomputeigame.TheSimsallowsa
humanplayerto controlafew charactere avirtual world by giving themcommandso perform
daily tasks. Certainentertainingsituationscanarise. Thesesituationsthough,are small scale
asthereis no control structurethat archesover a numberof characters.Only very localised
interactiongake place.No plot candevelopinvolving morethana handfulof charactersThisis
true of mostgamesshaving emegentproperties.Thosegameshatdo involve plots of a more
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epicnaturearescripted.It seemghatto have anemegentgameyou mustlosethe controlover
thescript.

2.5.3 Black & White

Black & White [StuO1]hasbeenthe mostpromisinggameto shav non-deterministibehaiours.
Black & White hadsocialactivitieswhich arenon-physicakntitiesthatrequestheparticipation
of gamecharactersEachcharactecanchoosenvhetheror notto take partin asocialactuity. Us-
ing socialactuities suchunionsastownsanddancesvereportrayed.A charactecanbelongto
morethanonesocialactiity atatime. Deliberationfor agentdn a socialactwity is centralised.
Alsoin Black & White,onecentralcharactetearnsto dowhatthe humanplayerfrequentlydoes
throughimitation. Playerscangive the learningcharactefeedbackby slappingandstrokingit
with avirtual hand.Having a charactethatlearnsfrom humanplayersmakesa gamemoreper
sonalto thatpersonwhichis seerasagoodthing[MF02]. Beingamorepersonaliseéxperience
is amajordistinguishingfeatureof gamesover othermedia.Personalisinghe gameexperience
couldbeachiezedwith post-releaseeinforcementearning.

2.5.4 ProcessingConsiderations

Gamesmnustrun on homeentertainmensystemswvhich aremassvely underpeveredcompared
to researchmachines.

"SophisticatedAl requiressigni cant computationapower. The problemworsens
whendozensor hundredsof autonomousgentsmustintelligently roamthe world
simultaneously [Rab01b]

However, thereis muchevidencethathomecomputersarenow becomingacceptablyowver
ful enougho have extraprocessingower availableafterthegraphicshave beenprocessefiVoo03.
Graphicshasbeenthe biggestdrav onresourcesn therecentyears.

"On average developerssaythey now getawhopping25 percentof the CPU's cy-
cles,which is a 250 percentincreaseover the averageamountof CPU resources
developerssaid they were getting at the 1999 roundtables. When you factor in
theincreasan CPU power year after year this trendbecomeseven moreremark-
able’ [Woo0(q

Onesolutionto the processingproblemis to have anAl senerthatbehalesmuchlik e graph-
ics senerscurrentlydo. All the Al processingould be performedon a centralsener andonly
the necessarglatasentout to the client machines.Othervariationson the Al sener theoryin-
cludehaving distributedAl processingThatis, the charactersn thevicinity of a humanplayer
couldhave their processingloneon thathumanplayer's clientmachine . Thenecessargatawill
still have to be sentbackto the centralAl senerfor distributionto all the otherclients.
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2.5.5 Articial Intelligenceasa Mark eting Tool

Goodarti cial intelligencecanbeandis usedasa marketingtool capableof sellingmoregames.
With the saturationin quality graphicsAl is seenasthe next attentiongrabber Any feature
capableof sellingmoregamess very desirablan suchalargeandlucrative market.

“Last yearBritain spentmorethan£1.6 billion on computergamesaccordingo the
EuropearLeisurePublishers'associationmorethanwe spentrentingvideosor on
visiting the cinemd. [Row02]

"One of themajor challengesssociateavith makingcompellingvirtual worlds for
computeilgamess populatinghemwith intelligentcharactersMostof today'schar
actersaremindlessautomatonshatfollow anin e xible setof simplerules’[Fun99]

MMOGs are becomingmore popular Many sub-standardjamesof this genreare being
producedOls03, eachonebeinga cloneof the others.

"If your games Al is not up to the currentlevel that gameplayer's expectations
demandhenyourgamewill feel datedandsuffer for it in their opinions. [How99|

2.6 Other Areasof Consideration

Thefollowing arenotdirectly relevantbut will in uence theproposedesearch.

2.6.1 Evolutionary Methods

Evolutionarymethodareoftenusedto learnagentbehaioursfor similar problemso thatwhich
we usereinforcementiearningfor. Someattemptsto modelthe full-scale robot football task
usinggeneticprogramminghave not metwith muchsucces§LHH 98, AT99]. As notedear
lier, robotfootball problemssharesomesimilaritieswith computergamesbut aregenerallyless
comple, andif so,aresimplerto solve.

Evolutionary methodssuffer from an inexact causeand effect mechanism. That is, it is
very dif cult to make predictablechangego theinitial populationsettingsthatwill shaw in the
solution. This is no goodfor a gamedesignemwho wantsto alter someaspecbf the behaiour
of the gamepopulationwith a ne degreeof control. For thesereasonsvolutionary methods
arenot considerederealthoughthey remainopento beingusedfor controllingcomputergame
charactersn otherresearch.

2.6.2 StateGeneralisation

Computergamecontrol problemssuffer from having a large statespace. Gamesfeaturerich
environmentswith mary objectsandothercharactershatmaybein anagents state.Thegame
world itself is usuallythree-dimensionandusesa very ne graincoordinatesystem.A large
statespacemakesreinforcementearningmoredif cult. Firstly, thereareobviousmemoryissues
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(particularlywith homecomputersjaseachstatemustbe storedfor eachpossibleactionwith a
utility value. Secondlyevenif we have the memoryavailable,a large statespacetakeslonger
to learn. If the statespaceis large enoughit canbe impracticalto visit eachstatea sufcient
numberof timesto producea utility functionthatrepresentshe ervironments rewardfunction
accurately

Fortunately therearewell establisheanethodsof reducingthe statespace.Thesemethods
areusuallyreferredto asstategeneralisationechniquesRatherthanbuilding a utility function
thatmapssinglestatego utility valueswe mapgeneraktategtakinginto accountmorethanone
state)to utility values.Therearetwo prominenttechniquesusingneuralnetworksto approxi-
matethe stateandtile-linear coding. Both techniquesarewell describecelsavhere[SB9g. It
sufces to saythatthesetechniquesiave beenusedelsavhereto goodeffectandwe proposeo
usethemin thisresearchf needed.

2.7 Summary of Background
Theimportantinformationto take from the backgroundesearchs that:

multi-agentsystenreinforcementearningdoesnottake into accounthefactthatalthough
all the agentsn alearningsystemsharea similar goal (hencethe reasonthey arein the
samesystem)}hey may have disparategoalsat anotherevel.

the teamgameapproachwhereeachagentfollows the world utility hasa signal-to-noise
ratio problemandcanfail to correctlyrateagents‘actions.

usingdifferenceutility functionsasdescribedn COIN researcltanhelpto alleviate the
teamgameapproachshortills. Differenceutility functionstake as much global infor-
mationasis available and calculatea world utility from it. An agents individual utility
functionis thencalculatedoy subtractinghe clampedworld utility. Clampingsetsall of
anagents actionsto null, thuseffectively removing it from the history of the system.

computergamedevelopersneednewn technologiegor controllinglarge numbersof intelli-
gentcharacters.

The inspirationfor the proposedesearctcomesfrom the gap betweenthe visualisationof
what massvely multi-playergamesshouldbe andthe gameshatare currentlybeingproduced,
whetherit be that currentgameshave an insufcient numberof intelligent charactergfor ex-
ampleBlack & White in Section2.5.3)or becausehereare enoughcharactersut they do not
possessherequiredbehaiour compleity (seeSection2.5.2for The Sims).

Thereis anopeningfor the proposedesearchNo work hasbeendoneon including groups
of agentswith disparategoalsunderthe samehigh level teamgoal in the samereinforcement
learningsystem.lt is assumedhatif theagentsarein the sameearningsystemthentheir goals
areshared.COIN researclsofar hasbeenhighly encouragingn improving learningspeedand
alsolearningto perform sometasksthat were not possiblewith teamutility functions2.4. A
hierarchicalform of COIN that could take advantageof the systems structurehasnot yet been
produced.
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Thetechnologyavailableto usatthemomentcansupporthis proposedesearchReinforce-
mentlearningis now a long establishecand mature eld of research.Thatis, reinforcement
learningtechniquesaretried andtestedand cangive us somecon dencethat the new experi-
mentationwith it is built on solid research.

The COIN framewnork showvs us that individual utility functionsthat truly re ect agents'
contributionsto the world utility arepossible. Thusmorecomplex cooperatre tasksinvolving
a large numberof agentscan be tackled. COIN allows us to keepthe agentsas simple non-
deliberatve agentdespitetheirincreasedevels of cooperatiorandcoordination.

3 Reseach Questionsand How They Will Be Addressed

Thefollowing arethreeresearclhguestionswvhich are opento investigationandwill be investi-
gated. Researchnto thesequestionswill contritute to the understandingnd advancemenbf
computergamesreinforcementearningandCOIN.

3.1 What combining functions canwe usefor groupsof agentswith differ -
ing local goalsunder the samehigher level goals?

As talked aboutin Section2.4, it is expectedthat computergameswill requirecomple< world
utility functions.We believe thatthe complexity of theworld utility canbeconqueredy theuse
of layersof entitiesthat act both asmacrolearnersand microlearners.Sucha structureis used
in feudallearning[DH93]. Thetopmostmacrolearnewould not bea microlearner The bottom
level microlearnersvould not be macrolearnersThe useof hierarchicalayersshouldmake the
problemof composingthe world reward function easierto work with throughmodularisation
andabstractionFigure3). The microlearnerarethe agentsf the multi-agentsystemandergo
the characterandgameconductorf thegame.

In Figure3 thearcsindicate o w of utility values.Themicrolearnerseceverewardandpass
it upwardsto a macrolearneuntil the reward reacheshe world macrolearnewhereit becomes
theworld utility. Figure4 shavsalessabstracexampleof a COIN modelledgamethanFigure3.
Figure 4 shows the combiningfunction. Normally in multi-agentreinforcementearningthis
function sumsall the incoming utility values. This summationfunction assumeshat all the
microlearnerdeneattihecombiningfunctionsharethe samegoalsandthereforeall therewards
are summedinto onevaluerepresentate of their collective progressoward their goals. The
problemis thatgamescontaingroupsof agentghathave differing goalsat onelevel but always
sharethe sameworld goals. In detail, the character®f a computergamesharea commongoal
- to maximisethe reward functionthatde nestheir game.However, they alsohave con icting
goalswithin thatgame. For examplein a football gameall the non-playercharactersharethe
samegoal of providing a goodgamefor the human-playerso play in (asde ned by the game
designer) At thesametime they differ in goalsbecausehey aretrying to win thegamefor their
respectre teams.Balancingtheteamsin sucha gameis the focusof this andthe third research
guestions.
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Figure3: A exampleformationfor the macrolearnerandmicrolearners.

As an example,if teamsA,B and C (in Figure 4) are competinggathererdor a limited
resource,all the reward an agentreceves will be addedto the teamreward (passedo the
macrolearneabove it). If we thenaddedall the teams'rewardswe will in effect have a super
team.Thisassumeghatall theteamsshareghesamegoals.If all theteamsdonotsharethesame
goalsthenwe do notwantto addtheir rewardstogether

So arethereothercombiningfunctions,thansummationthat betterre ect the relationship
betweerteamsandtheir goals?Someexamplecombiningfunctionsto experimentwith arethe
(negative) standarddeviation of all theinput reward valuesandthe (negative) rangeof theinput
values.We take the negative sothatwe arestill striving for the highestworld reward. In other
words,alow standarddeviation of all theteams'rewardsindicatesthateachteamis performing
equallywell (or equallypoor). This questionseekso nd appropriatecombiningfunctionsfor
opposingteamsof agentsthat shouldlearntogetherin the samesystem. We shall shav that
certaintasksthatcannotbe learntwith the summationcombiningfunctioncanbe achiezedwith
anothercombiningfunction.
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3.2 Will creatingindividual utility functionsin ahierarchical COIN struc-
tureasshown in Figure 3 improvethe learning ability of the systemin
the sameway that the COIN approachworks for at structured sys-
tems?

Using the hierarchyof groups,from researchlguestionl, will affect how we cancalculateindi-
vidual differenceutility functions(suchasthe WLU) from theglobalutility function. Thisis the
focusof thisresearclguestion.

In previous COIN experimentgseeSection2.4) therehasalwaysbeena at organisatiorof
microlearnerselon the macrolearnerHerewe will usethe hierarchyof groupsof agentsrom
the rst researclyuestionandcreatedifferenceutility functionswithin this structure.

We will investigatetasksusedfor the rst question. We shall comparethe teamgameap-
proachusedthereagainstsereraldifferenceutility functions.Essentiallywe shallbe comparing
the hierarchicalteamgamemethodusedin questiononeto a hierarchicalCOIN approachas
shavn in Figure 3. Thecritical point of this questiorwill be whetheror not we cantake adwan-
tageof thehierarchicaktructureto createdifferenceutility functionsthataremoreeffective than
theteamgameapproach{above) andthe at COIN approacHrom existing experiments.

3.3 Can a macroleamer compensatefor imbalancesbetweenmicroleam-
ers by adjusting its combining function?

Normally with reinforcementearninghumanscontrol the agentsvia settingthe ervironments
dynamicsandrewards. Theideais thatthe agentswill be autonomousndthereforerequireno
more control from humans. However, in computergames(aswith interactve drama,in Sec-
tion 2.2) we wishto beableto controltheagentdeyondsettingtheervironments dynamicsand
rewards.We (asgamedesignersinaywish to imposesomesortof plot onthe gamecharacters.
In this questiorwe seekto affectthe behaiour of agentaot by alteringthe ervironmentbut by
alteringelementsf the learningsystem.Speci cally we will look at alteringthelinks between
microlearnerandmacrolearnerénotethatbecausehe combiningfunctionsitsin this spacewve
canthink of it asalteringthatfunction).

Therearetwo issuesinvolving the links betweenmicrolearners'utility functionsandtheir
macrolearnes utility function. Oneissueis whereshouldthe links be? For examplewhich
agentsarein whichteam?Thiswill notbeinvestigatederebecausef time constraintsThrough-
out experimentationhumandesignerwill placethe links. Insteadwe shall look at the other
possibility for learning. We will allow macrolearnerso alter weightson the links to their mi-
crolearners.

To explain with an example,in Figure 4 we could attacha large positive weightingto the
arc betweenteamA andthe world utility. This would disadwantageeamA to the advantageof
teamsB andC. Thatis, theworld utility will belower becauséhesystemwill be unbalancedif
we areusingappropriatecombiningfunctionsthatthe rst researclgquestionaddresses)n this
examplethemacrolearnewould learnto compensatéor the “extra” rewardthatteamA always
has.A similar thing canbe donewith attachinga negative weightingor a weightingof lessthan
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onesotheinputrewardis scaleddown. Notethataswith researchguestionl, we areassuming
thatbalancds agoodthing. It is justataskto show thatwe cancontrolthe agentsn this way.

How is this questionof interestto computergamesAs asimpleexample,it couldbeusedto
allow anequal ght betweertwo armieswhereoneis inherentlywealer thanthe other Maybe
onearmyhassuperiomilitary unitsbut we still wantthe otherarmyto do well for the purposes
of the plot of the game.Maybeonesideis controlledby a novice humanplayerandwe do not
wish the gameto be spoilt for the humanby quickly demolishingtheir army every game. We
may wish to weight the gamein the novice's favour until they learnto betterplay the game.
Whenthe humanbecomesxpertat playingthe gamethenwe may wish to weightthe gamein
the computercontrolledarmy's favour.

In summarythis questionseekgo allow the macrolearnerto learnto alterweightingsof the
rewardsinputfrom their microlearnerso balanceanunbalancedystem.
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4 Experiments and Validation

4.1 Validation In General

Measuringthe succes®f proposedesearchs dif cult. Creatinggamedalls rmly into thearts
cateory, it is notascience.

"One of the problemswith a researchareathat hasso mary fuzzy and subjectve
goalsis thatit is dif cult to determinghesucces®f asysteni. [As02]

What constitutegyood gameplayis perpetuallyarguedaboutby the gamecommunity No-
bodycande ne goodgameplayasit is asubjectve eld like ary art. Bettergameplayis hardto
describe.

"Therehasbeenadrift in Al researcthiowardproblemsandapproachewhereprecise
empirical evaluationis possible. Needlesgo say gameplayisn't somethingthat
today's Al researcherteel comfortableevaluating” [PLOO]

In this proposedesearchwe arenot intendingto develop a full game. We areonly taking
inspirationfrom thetypesof controlproblemshatarisein MMOGs.

4.2 Implementation Testbed

A simplegamewill be developedfor testingpurposes.This gamewill take theform of acom-
petitive gathereisimulationwherecharactersnustmove abouta simpleworld andcollectitems
of rewardplacedrandomly Thesegamesequiregoodbalancingto make work if therearemore
thanonegroupof contestinggatherers.Thatis, if we make the resourcevital to the life of the
charactersghenif onesidebecomegoo dominantthe othersidewill die off andthe gamewill
becomameaninglessUsuallya humandesignemwould have to determinghe behaiour, number
andtype of theagents.This shouldbe a goodplatformfor testingthe propertiesof COIN. Note
thatwe aretakingbalanceo beimplicitly agoodthing. Thatis, all theagentsandteamsshould
do equallywell in the game(thoughthey will not necessariljusethe samestratayies). If we
canshaow thatthisis achiezable,it is theneasyto make unbalanceaystems.The gamewill be
implementedusingthe Torquegameengine[tor]. Torqueis a licensablegameenginethat has
beenusedin thecreationof commercialgames.This work would be possiblewith othersimula-
torsbut we intendto usea realgameengineto possiblygive us somecredibility with realgame
developers.Thegameengineshouldalsoprovide goodvisualdemonstrations.

4.3 Vanilla Implementation of a COIN modelledgame

Firstwe will recreateanexperimentalreadydonein agrid world with COIN [TAWO02]. Thetask
is to collectitemsin a simulatedworld. Eachitem providesrewardto the collectingagent.The
rewardsareplacedsothatthe agentsnustcooperatdo retrive all of them. Thetaskshows that
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with COIN, agentslearnto cooperateandnot to competefor rewardsto maximisetheir team
reward.

In the original experimentthe rewardswere placedat the beginning of the taskandnot re-
placedoncecollected.Herewe shallplacethe rewardtokensourseles,also.

Of coursewe canalsoallow gameconductorgo placerewardswhereandwhenthey seet
throughoutthe task. Thusthe gameconductorscanlearnat the sametime asthe otheragents.
This givesus more control to affect the game. Gameconductorswill not be addeduntil the
agentshave learnedo performthe collectiontaskswith designeiplacedrewards.

4.4 Characterisation

Throughouthe experimentdor eachresearclguestiorwe mustkeepsomeissuesn mind. The
effects of changingaspectf the model needto be found and the salientcharacteristicsle-
scribed.Notableissuesareconsideredrie y below.

Learnability. A lot of emphasiss putonthelearnability of COIN systemsThatis, how

muchof aneffectdoesthe previousactionof anagenthave onits immediatereward?With

themodellingof complex systemghatwe areinterestedn here,this maybecomeanarea
of concern. The more comple the function; the moredif cult it will beto unravel the
globalrewardinto individual rewards. The layeredapproachwill be usedto build up the
compleity in smallchunks. It shouldalsobe usedto breakdown the global reward into

smallchunks.

Factoredness.Carefulconsideratiomeedsto be givento whatthe global, macrolearner
andmicrolearnerutility functionsshouldbe. For factorisationwe needthe global reward
to increasewheneer the local reward increases.This relationshipis shovn in existing
COIN experiments.In the hierarchicalversionof COIN therelationshipneedgo bekept
betweerany utility functionmorelocalthanthe utility functionsaboveit.

What arethe boundary conditions? How doesthegamestart?How dowe setthesystem
up to provide our (asthe gamedesigner)n uence? It may be interestingto monitor the
gamein someway by looking at the macrolearnes reward valuesto determinethe state
of thesystem Whatthesevaluesmight meanis notknown now. Is it possibleto recognise
generalstatedrom observingthe macrolearnes utility valuesalone?For example,if we
have aworld utility of zero,doesthisindicatea perfectlybalancedyame?

4.5 Validating the Research Questions

What combining functions can we usefor groups of agentswith differing local goals
under the samehigher level goals?

We areaimingto shaow thatby usingdifferentcombiningfunctionswe canincludegroups
of agentswith differentgoalsunderthe samehigherlevel goal. The inspirationfor this
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being that a games charactersnay have differing goalsat somelevel but all sharethe
samehigh level goal of providing agoodgamefor the humanplayer(s).

We will have the vanillaimplementatiord.3 of the gatheringgamemimicking an experi-
mentfrom previous COIN researchlnsteadof onegroupof agentgyatheringrewardswe
shallhave two competinggroups.

Theaim of thegame(thatis the highestievel goalof all theagents)s to createa balanced
playworld for possiblehumanplayers.In otherwordsbothgroupsof agentshouldcollect

an approximatelyequalamountof reward. We shall shaw thatthis is not possibleusing

thenormalsummatiorcombiningfunction. We shallshaw thatit is possiblewith different

typesof combiningfunctions. The performanceof eachnen combiningfunctionwill be

assessed.

Will creating individual utility functions in a hierarchical COIN structure improve
the learning ability of the systemin the sameway that the COIN approachworks for
at structured systems?

Using COIN insteadof a teamgameapproachcanimprove learningperformancegSec-
tion 2.4). We wish to know if we cangainthe sameperformancemprovementsy imple-

mentingCOIN differenceutility functionsin thehierarchicaktructureof groupsof agents
from researclguestionone.

We shalltake theresultsof researchguestiononeandattemptto betterthelearningspeed
by creatingand using variousdifferenceutility functions. We shouldbe ableto create
differenceutility functionsthattake advantageof the hierarchicalgroupstructureusedin
researclguestionone.

Can a macrolearner compensatefor imbalancesbetweenmicroleamers by adjusting
its combining function?

The above experiment(researchguestiontwo) will be repeatedut with oneteamdisad-
vantaged For example,in the gatheringtaskabore oneteamof agentscould have signif-
icantly fewer agentsthusmakingthe taskmoredif cult for the smallerteam. Also, one
groupcouldcontainagentghatarephysicallyadvantagedy beingfaster or similar. The
macrolearningnechanisnshouldlearnto compensatéor the disadantageso make each
teamof agentsdo equallywell. We will allow the macrolearnerso alter the weightson
the arcsbetweertheir microlearnerandthemselesasdescribeckarlier Remembethat
anunbalanceaystemwill resultin low world reward. Here,the macrolearnermustlearn
theweightsof thearcsto improve theworld reward.

We have alreadystatedhattherearetwo methodsof control: throughlearningandthrough
the gameconductorsWe may needto disablethe learningability of the gameconductors
for this experiment. In more detail, the gameconductoris responsibleor placing the
rewardsin theworld. If oneteamis disadwantagedhe systemmay learnto balancethe
gameby usingthe gameconductorto placerewardsin sucha way thatthe taskis made
easierfor thedisadwantagedyroup. Thisis avalid testof this researclguestion. However,
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the othermoredif cult testis to learnto balancethe systemwithout the useof the game
conductor Thatis simply by affectingthe charactersbehaiour.

5 Extensionexperiments

In researchguestiontwo, we seekto balancethe performanceof microlearnergbe they
teamsof agents,teamsof teamsof agents,or single agents). We could considerwhat
powersthe systemhasto "unbalance”microlearners.This would be usefulif we wanta
characteror groupof characterspf normalabilitiesto performabove their usualability.

Canwe usebehaioural rolesin the microlearningagents'actionspace?The actionspace
for agames charactersvill dependon thetype of gamebut could consistof suchactions
as: north,south kick, speakgetc. By having the agentdearnthe optimalway to usethese
actionsthe gamedesignelosessomeof the speci cationfor the character®f the game.
Reinforcementearningproduceptimalstratgies,not human-like stratgjies. Thisis not

alwaysbestfor computergamecharactershata gamedesignemaywantto actin avery

speci c way.

By hand-codingsome(not all, asthis would negatethe bene ts of automatedearning)
of the behaioural rolesin the game,a gamedesignercan get much more control over
charactersvhennecessaryTo achie/e setpieceactionin agame,suchasin cut-scenesa
gamedesignemustbe ableto specifyeachcharactes behaiour exactly. Sothe problem
changedrom agentslearningto choosethe appropriateactionsto learningto perform
the appropriateroles at the right time and for the right period of time. This appliesto
gameconductorsalso. The actionspacecould consistof a mixture of pre-speci edroles
and actions. Note that usingroles changeghe learningtask from Markovian to semi-
Markovian. Thisis becausall of the actions(treatinga role asanaction)do not take the
sametime. Thiswork belongsin the eld of hierarchicakeinforcementearning.

How do we direct the game? Therearetwo channelsof control over the gameand its

charactersusinggameconductorsand using macrolearnersHow muchcana gamebe
controlledthrougheachof thesemethods?Whatis the quality of control throughthese
methods?Quality refersto suchthingsasspeedaccurag andhow clearthe causeand
effect mechanisms for makingchangesFor example,if in afootball gametheredteam
areperformingpoorly againsthe blueteamandwe (asthe gamedesigner)vish thegame
to endin adraw (for somereasonpossiblyto addto thetitle chasesuspensehow dowe

bring aboutthis changes it bestto wealentheteamsomehav throughthe macrolearner
microlearnerstructureor, could we usea gameconductorto alter somethingsuchasthe

weatheyor thereferee to the advantageof theredteam. This is anextensionof the third

researclguestion.
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6 Timetable

Somewild guestimatesre:

Proposalthis documentaccepted November2003
Vanillaimplementatiorof simplegame- Decembef003

Researchguestionl - What combiningfunctionscanwe usefor groupsof agentswith
differing local goalsunderthe samehigherlevel goals?- March2004

Researchguestion2 - Will creatingindividual utility functionsin a hierarchical COIN
structureimprove the learningability of the systemin the sameway that the COIN ap-
proachworksfor at structuredsystems? June2004

Researclyuestior3 - Canamacrolearnecompensatéor imbalancedetweermicrolearn-
ersby adjustingits combiningfunction?- October2004

Main sessiorof thesiswriting starts- November2004

Submission April 2005
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