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Abstract Enablingeffective interactionsetweeragenteamsandhumandor disastere-
sponsds a critical areaof researchwith encouragingprogressn the pastfew
years. However, previous work suffers from two key limitations: (i) limited
humansituationalawarenessreducinghumaneffectivenessin directingagent
teamsand(ii) theagentteamsrigid interactionstratgiesthatlimit teamperfor
mance.ThispaperpresentaisoftwareprototypecalledDEFACTO (Demonstrat-
ing Effective Flexible Agent Coordinationof Teamsthrough Omnipresence).
DEFACTO is basedon a softwareproxy architectureand 3D visualizationsys-
tem, which addresseshe two limitations describedabore. First, the 3D vi-
sualizationinterface enableshumanvirtual omnipresencén the ervironment,
improving humansituationalavarenessand ability to assistagents. Second,
generalizingpastwork on adjustableautonomythe agentteamchoosesamong
avarietyof “team-level” interactionstratgies,even excludinghumansrom the
loop in extremecircumstances.

This researctwas supportedy the United StatesDepartmenbf HomelandSecuritythroughthe Center
for Risk and EconomicAnalysis of TerrorismEvents(CREATE). However, ary opinions, ndings, and
conclusionsor recommendations this documentare thoseof the authorand do not necessarilye ect
views of theU.S. Departmenbf HomelandSecurity
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1.1 In tro duction

We ervision future disasteresponseo be performedwith a mixture of hu-
mansperforminghigh level decision-makingintelligent agentscoordinating
theresponsendhumansandrobotsperformingkey physicaltasks.Thesehet-
erogeneouteamsof robots,agentsandpeople[15] will providethesafestand
mosteffective meandor quickly respondingo adisastersuchasaterroristat-
tack. A key aspecbf sucha responsavill be agent-assistedehiclesworking
together Speci cally, agentswill assistthe vehiclesin planningroutes,de-
terminingresources$o useandevendeterminingwhich re to ght. However,
despiteadvancesn agentechnologieshumaninvolvementwill becrucial. Al-
lowing humando male critical decisionswithin ateamof intelligentagentsor
robotsis prerequisitdor allowing suchteamso beusedn domainsvherethey
cancausephysical, nancial or psychologicaharm. Thesecritical decisions
includenotonly thedecisionghat,for moralor political reasonshumansnust
be allowed to make, but alsocoordinationdecisionghathumansare betterat
makingdueto accesgo importantglobal knowledge,generalinformationor
supporttools.

Already humaninteractionwith agentteamsis critical in a large number
of currentand future applicationg2, 3, 5, 15]. For example,currentefforts
emphasizénumanscollaborationwith robotteamsin spaceexplorations,hu-
mansteamingwith robotsand agentsfor disasterrescue aswell ashumans
collaboratingwith multiple softwareagentdor training[4, 6].

This paperfocuseson thechallengeof improving the effectivenesof appli-
cationsof humancollaborationwith agentteams.Previouswork hasreported
encouragingrogressn this arenage.g.,via proxy-basedntegrationarchitec-
tures[10],adjustableautonomy[4,14] andagent-humauwlialogue[1]. Despite
this encouragingorogress,previous work sufiers from two key limitations.
First, wheninteractingwith agentteamsactingremotely humaneffectiveness
is hamperedby interfaceghatlimit theirability to applydecision-makingkills
in afastandaccuratemanner Techniqueghatprovide telepresenceia video
are helpful [5], but cannotprovide the global situationawareness.Second,
agentteamshave beenequippedwith adjustableautonomy(AA)[15] but not
the e xibility critical in suchAA. Indeed,the appropriateAA methodvaries
from situationto situation. In somecaseghe humanusershouldmake most
of the decisions. However, in other caseshumaninvolvementmay needto
be restricted. Such e xible AA techniqueshave beendevelopedin domains
wherehumandnteractwith individual agentq14], but whetherthey applyto
situationswvherehumangnteractwith agentteamss unknavn.
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Figure 1.1. DEFACTO systemappliedto adisasterescue.

The structureof this chapteris follows: we rst intruduceDAFACTO and
its key component$ollowedby theextendedcharacteristicsf its agents Next
we explain the natureof the DEFACTO multi agentcoordinatiorplatformand
provide adescriptiorof thesystemexecutionplatform. Finally we demonstrate
theimpactof DEFACTO adjustableautonomystratgiesthroughexperiments
in thedisasterescuedomain.

1.2 Application Domain

We reporton a software prototypesystem DEFACTO (Demonstratingef-
fective Flexible Agent Coordinationof Teamsthrough Omnipresence)that
enablesagent-humarmollaborationandaddressethe issuesof enhancediser
interfaceand e xible adjustableautonomyoutlinedin the previous section.
Theuserinterface(which we referto asOmni-Viewer) andproxy-basedeam-
work (calledMadhinettg areincorporatedn DEFACTO in away depictedin
Figurel.1.

The Omni-Viewer is an advancedhumaninterfacefor interactingwith an
agent-assistegesponseffort. The Omni-Viewer providesfor bothglobaland
local views of anunfoldingsituation allowing ahumandecision-maér to pre-
cisely assesghe information requiredfor a particulardecision. A team of
completelydistributedproxies,whereeachproxy encapsulatesdvancedcoor
dinationreasoninghasedn thetheoryof teamwvork, controlsandcoordinates
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agentsin a simulatedervironment. The useof the proxy-basedeambrings
realistic coordinationcompleity to the prototypeand allows more realistic
assessmertf the interactionsbetweenhumansand agent-assistetesponse.
Currently we have applied DEFACTO to a disasterrescuedomain. Thein-
cidentcommandenpf the disasteractsasthe humanuserof DEFACTO. This
disastercaneitherbe “man made” (terrorism)or “natural” (earthquak). We
focuson two urbanareas:a squareblock thatis denselycoveredwith build-
ings (we useonefrom Kobe,Japanjndthe University of SoutherrCalifornia
(USC)campuswhichis moresparselycoveredwith buildings. In ourscenario,
several buildings areinitially on re, andtheseres spreado adjacentuild-
ingsif they arenot quickly contained.The goal is to have a humaninteract
with theteamof re enginesin orderto save the mostbuildings. While de-
signedfor realworld situations DEFACTO canalsobe usedasa trainingtool
for incidentcommandersvhenhooked up to a simulateddisasteiscenario.

To provide e xible AA, we generalizehe notion of strategiesfrom single-
agentsingle-humarcontet [14]. In our work, agentsmay e xibly choose
amongeamstratgiesfor adjustableautonomyinsteacf only individual strate-
gies;thus,dependingnthesituation theagenteamhasthe e xibility to limit
humaninteractionandmayin extremecasesxcludehumangrom theloop.

Finally, we presentresultsfrom detailedexperimentswith DEFACTO in
RobocupRescualomain,which revealtwo major surprisesFirst, contraryto
previous results[15], humaninvolvementis not alwaysbene cial to anagent
team—despitetheir bestefforts, humansmay sometimesend up hurting an
agentteams performance. Second,increasingthe numberof agentsin an
agent-humaneammay also degradethe teamperformancegven thoughin-
creasingthe numberof agentsin a pure agentteamunderidentical circum-
stancesmproves team performance. Fortunately in both the surprisingin-
stancesbore, DEFACTO's e xible AA stratgiesalleviate suchproblematic
situations.

DEFACTO is currently instantiatedas a prototypeof a future disasterre-
sponsesystem. DEFACTO hasbeenrepeatedlydemonstratedo key police
and re departmenpersonnein Los Angelesarea,with very positve feed-
back.

1.2.1 Omni-View er

Our goalof allowing uid humaninteractionwith agentsequiresa visual-
izationsystenthatprovidesthe humanwith a globalview of agentactvity as
well asshaving thelocal view of a particularagentwhenneededHence we
have developedan omnipresentiewer, or Omni-Viewer, which will allow the
humanuserdiverseinteractionwith remoteagentteams.While a global view
is obtainablédrom atwo-dimensionaimap,alocal perspectie is bestobtained
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Figure 1.2. Omni-Viewerduringascenario(a)Multiple ®resstartacrosgshecampugb) The
Incident Commandeusesthe Navigation modeto quickly graspthe situation(c) Navigation
modeshaws a closerlook atoneof the ®res(d) Allocation modeis usedto assigna ®re engine
to the®re (e) The®re enginehasarrivedat the ®re (f) The®re hasbeenextinguished.
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from a 3D viewer, sincethe 3D view incorporateghe perspectie andocclu-
sion effectsgeneratedy a particularviewpoint. The literatureon 2D- versus
3D-viewersis ambiguousFor example spatiallearningof ervironmentsfrom

virtual navigation hasbeenfound to be impairedrelative to studyingsimple
mapsof the sameervironments[11]. On the other hand,the problemmay
be that mary virtual ervironmentsarerelatvely blandandfeaturelessRud-

dle points out that navigating virtual ervironmentscan be successfulf rich,

distinguishabléandmarksarepresen{12].

To addres®ur discrepangoals,the Omni-Viewer incorporatedotha con-
ventionalmap-like 2D view, Allocation Mode (Figure 1.2-d) and a detailed
3D viewer, Navigation Mode (Figure1.2-a). The Allocation modeshaws the
globalovervien aseventsareprogressingandprovidesa list of tasksthatthe
agentshave transferedo the human. The Navigation modeshaws the same
dynamicworld view, but allows for morefreedomto move to desiredocations
andviews. In particular the usercandropto the virtual groundlevel, thereby
obtainingtheworld view (local perspectie) of aparticularagent.At thislevel,
the usercan“walk” freely aroundthe scenepbservingthe local logisticsin-
volved asvariousentitiesare performingtheir duties. This canbe helpful in
evaluatingthe physicalgroundcircumstanceandalteringtheteams behaior
accordingly It alsoallowstheuserto feelimmersedn thescenavherevarious
factors(psychologicalgetc.) maycomeinto effect.

In orderto preventcommunicatiorbandwidthissuesye assumehata high
resolution3D modelhasalreadybeencreatedandthe only datathatis trans-
feredduring the disasterareimportantchangego the world. Generatinghis
suitable3D modelervironmentfor the Navigationmodecanrequiremonthsor
evenyearsof manuaimodelingeffort, asis commonlyseenin thedevelopment
of commercialvideo-games.However, to avoid this level of effort we make
useof thework of You et. al. [16] in rapid, minimally assisteadtonstructiorof
polygonalmodelsfrom LIDAR (Light DetectionandRanging)data.Giventhe
raw LIDAR point data,we canautomaticallysegmentbuildings from ground
and createthe high resolutionmodelthat the Navigation modeutilizes. The
constructiorof the USC campusandsurroundingarearequiredonly two days
usingthis approach.LiDAR is an effective way for ary new geographiarea
to beeasilyinsertednto the Omni-Viewer.

We usethe JME gameengineto performthe actualrenderingdueto its
cross-platformcapabilities. JME is an extensiblelibrary built on LWJGL
(Light Weight Java GameLibrary), which interfaceswith OpenGLand Ope-
nNAL. This ervironment easily provides real-time renderingof the textured
campuservironmenton mid-rangecommodity PCs. JME utilizes a scene
graphto orderthe renderingof geometricentities. It provides someimpor-
tantfeaturessuchasOBJformatmodelloading(which allows usto authorthe
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modelandtexturesin atool like Mayaandloadit in JME) andalsovarious
assorteckffectssuchasparticlesystemdor res.

1.2.2 Pro xy-based team work

Takinginto accounthe uncertaintyandcommunicatiorproblemghatoften
arisein disasterrescuedomainsrobust multi agentteamsare morelikely to
perform betterthat centralizedapproaches.To this end, DEFACTO is build
on the state-of-the-arnulti agentinfrastructurecalledMachinetta The mod-
ular structureof Machinettamain componentsand the fact that it provides
coordiantioralgorithmsratherthan x edmulti-agentinfrastructureensurests
versatility which contritutesto the reusabilityof DEFACTO for differentdo-
mains. The robustnessof Machinettais achieved throughdecentralizedole
allocation,communicatiorandcoordinatiomalgorithmswhich usethe concept
of moving agentsinsteadof x ed messagesDetails on Machinettaare ex-
plainedin sectionl.4.

A key hypothesidn this work is thatintelligent distributed agentswill be
a key elementof a future disasteresponse.Taking adwvantageof emeging
robust, high bandwidthcommunicatiorninfrastructurewe believe that a criti-
calrole of theseintelligentagentswill beto managecoordinationbetweerall
membersf the responsdeam. Speci cally, we are usingcoordinationalgo-
rithms inspiredby theoriesof teamwork to managethe distributed response
[17].

The generalcoordinationalgorithmsare encapsulateth proxieswith each
proxy representinggpneteammemberin theteam. MachinettaProxies,which
extendthe successfullfeamcoregproxies[10] areimplementedn Java andare
freely availableon theweh

Noticethatthe concepbf areusablgroxy differsfrom mary other‘multi-
agenttoolkits” in thatit providesthe coordinatioralgorithms e.g.,algorithms
for allocatingtasks,as opposedo the infrastructue, e.g., APIs for reliable
communication.

1.3 Agen ts

Currently DEFACTO is appliedto a RobocupRescuedomainwhich in-
corporatesietaileddisastersimulatoras well astemplatedor threetypesof
agentsFire Engines AmbulancesandPoliceCars.At this stageof thesystem
developmentwe focuson Fire Enginesandsimulateonly the re spreadand
building damage.Thus, agentsin our simulationare Fire Enginestaking on
new Fight Fire request@andreportingthe statusof buildings.

Main aspect®f theseagentsare:

m Pro-actvenesseachagentstoresalist of plansit is ableto performand
wheneer plan preconditionsare met, roles associatedvith plansare
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immediatedytriggered. On the otherhand,agentspro-actvnesscanbe
variedthroughadjustableautonomystratgiesresultingin theincreased
performancef thewholeteam.

m Reactvness: eachagentmoves aroundthe ervironment, scansit for
emeging res and reportsthe statusof the buildingson re. In case
of an ervironmentchangeagents rst taskis to comunicatethe nevs
to otherteammembersand consequentlyestablishthe basisfor a new
Fight Fire plan.

= Mobility: agentmovementaffectsits sensingof the ervironmentand
choiceof which re to ght rst; Priority is givento the closestourning
building. In addition,agentsare sucseptibleo road congestiorgener
atedin realtime by thetrafc simulator

= Con gurability: agentanhave e xible level of intelligencedepending
onthe contentsof their declaratie con guration les which storeagent
beliefs,plans,adjustableautonomystratgiesetc.

» Flexible architecture:The modularstructureof MachinettaProxiesal-
lows themto bereusedor differentdomainswith interchangableoor
dinationalgorithms.

1.3.1 Adjustable Autonom vy

In thispaperwe focusonakey aspecbf theproxy-basedoordination:Ad-
justableAutonomy Adjustableautonomyrefersto anagents ability to dynam-
ically changdts own autonomypossiblyto transfercontrolover a decisionto
ahuman.Previouswork onadjustableautonomycouldbecateorizedaseither
involving a singlepersoninteractingwith a singleagent(the agentitself may
interactwith others)or a singlepersondirectly interactingwith ateam.In the
single-agensingle-humarcateyory, theconcepiof e xible transferof-control
stratgly hasshavn promise[14]. A transferof-contrd stratgy is apreplanned
sequencef actionsto transfercontrolover a decisionamongmultiple entities,
for example,anAH 1H stratgy impliesthatanagent(A) attemptsadecision
andif theagentfailsin thedecisionthenthecontroloverthedecisionis passed
to a humanH 1, andthenif H; cannotreacha decision,thenthe control is
passedo H,. Sincepreviouswork focusedon single-agensingle-humarnn-
teraction stratgieswereindividual agentstratgieswhereonly a singleagent
actedatatime.

An optimal transferof-control stratgy optimally balanceghe risks of not
gettinga high quality decisionagainstherisk of costsincurreddueto adelay
in getting that decision. Flexibility in suchstratgiesimplies that an agent
dynamicallychooseghe one that is optimal, basedon the situation,among
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multiple suchstratgies(H 1A, AH 1, AH ; A, etc.) ratherthanalwaysrigidly

choosingonestratgy. Thenotionof e xible stratgjies,however, hasnotbeen
appliedin the context of humansinteractingwith agent-teams.Thus, a key

questionis whethersuch e xible transferof control stratgiesarerelevantin

agent-teamgarticularlyin alarge-scaleapplicationsuchasours.

DEFACTO aimsto answethisquestiorby implementingransferof-control
strat@iesin the context of agentteams.Onekey advancein DEFACTO, how-
ever, is that the stratgies are not limited to individual agentstratgies, but
alsoenablegeam-level stratgies. For example,ratherthantransferringcon-
trol from ahumanto asingleagentateam-level stratgy couldtransfercontrol
from a humanto an agent-team.Concretely eachproxy is provided with all
stratgy options;the key is to selecttheright stratgy giventhe situation. An
exampleof ateamlevel stratgy would combineA Stratgy andH Stratgy
in orderto make AtH Stratgy. Thedefaultteamstratgy, AT, keepscontrol
overadecisionwith theagentteamfor the entiredurationof the decision.The
H stratgy alwaysimmediatelytransferscontrolto thehuman.AtH stratgy
is the conjunctionof teamlevel At stratgy with H stratgy. This stratgy
aimsto signi cantly reducethe burdenon the userby allowing the decisionto

rst passthroughall agentsbefore nally goingto the user if the agentteam
failsto reachadecision.

1.4 Multi-Agen t System

The Machinettasoftware consistsof ve main modulesthreearedomain
independenandtwo aretailoredfor speci c domains(Figurel.3. Thethree
domainindependenimodulesarefor coordinationreasoningmaintaininglo-
cal beliefs(state)andadjustableautonomy The domainspeci ¢ modulesare
for communicatiorbetweernproxiesandcommunicatiorbetweera proxy and
ateammember The modulesinteractwith eachotheronly via thelocal state
with a blackboarddesignand are designedo be “plug and play”, thus,e.g.,
new adjustableautonomyalgorithmscan be usedwith existing coordination
algorithms.The coordinationreasonings responsibldor reasoningaboutin-
teractionswith otherproxies,thusimplementingthe coordinationalgorithms.
Theadjustableutonomyalgorithmsreasorabouttheinteractiorwith theteam
membey providing the possibility for the teammemberto make arny coordi-
nationdecisioninsteadof the proxy. For example,the adjustableautonomy
modulecanreasonthata decisionto accepta role to rescuea civilian from a
burning building shouldbe madeby the humanwho will go into the building
ratherthan the proxy. In practice,the overwhelmingmajority of coordina-
tion decisionsaremadeby the proxy, with only key decisiongeferredto team
members.
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Figure 1.3. ProxyArchitecture

Communication: communicatiorwith otherproxies
Coordination: reasoningaboutteamplansandcommunication
State: theworking memoryof the proxy

Adjustable Autonomy: reasoningboutwhetherto actautonomouslyr pass
controlto theteammember

RAP Interface: communicatiorwith theteammember

Descriptionof MachinettaProxy components

Teamsof proxiesimplementteamorientedplans (TOPs)which describe
joint actiities to beperformedn termsof theindividual rolesto be performed
andary constraintdetweerthoseroles. Typically, TOPsareinstantiatedy-
namicallyfrom TOPtemplatesat runtimewhenpreconditionsassociateavith
the templatesare lled. Typically, a large teamwill be simultaneouslyexe-
cutingmary TOPs.For example,a disasteresponséeammight be executing
multiple ght re TOPs. Such ght re TOPsmight specifya breakdan of
ghting a re into actiities suchascheckingfor civilians, ensuringpover and
gasis turnedoff andsprayingwater Constraintdetweertheseroleswill spec-
ify interactionssuchasrequiredexecutionorderingandwhetheronerole can
beperformedf anotheiis notcurrentlybeingperformed.Noticethat TOPsdo
not specifythe coordinationor communicatiorrequiredto executea plan,the
proxy determineshe coordinatiorthatshouldbe performed.

1.4.1 Organisation

The proxy basedapproacho coordinationis completelydistributed, with
eachproxy working closelywith the teammemberit representsn the ervi-
ronment. Sincethe underlyingalgorithmsare basedon an operationalization



Multi-A gent System 11

of thetheoryof teamwork[17], coordinationrequiresthatjoint intentionsand
mutualbeliefsareformedin a distributed mannereforethe teambegins ex-
ecutinga task. Recentchangedo Machinettahave relaxed the requirements
on mutual beliefs and joint intentionsto allow biggerteamsto function ef-
fectively without infeasiblecommunicatioroverhead[15]Speci cally, agents
areonly requiredto form joint intentionsand mutualbeliefswith otherteam
membersvith whomthey aredirectly collaboratingon a sub-goalratherthan
with thewholeteam. This leadsto the possibility of the teamperformingdu-
plicateor con icting taskshenceadditionalcon ict resolutionalgorithmsare
requiredto remove thesecon icts.

Underlyingthecon ict resolutionmechanismandin factseveralkey algo-
rithmsin Machinettajs a static,logical network involving all the membersof
theteam[15]This network is referredto asthe associatemetwork As well as
maintainingmutual beliefsandjoint intentionsbetweendirect collaborators,
teammemberssharecritical informationwith their neighborsn theassociates
network. By ensuringthatthe associatesetwork hasa smallworlds property
[18], thereis very high probability that at leastoneagentwill getto know of
ary con ict andcaninitiate aresolutionprocess[9].Teammembergollaborat-
ing onasub-plarform asortof sub-teanwith theirneighborsn theassociates
network by virtue of their joint intention and mutual beliefs. While the as-
sociatesnetwork remainsstatic the membersof a sub-teamandindeedthe
sub-plansgcanchangeovertime, resultingin anemepgentorganizationabtruc-
ture consistingof dynamicallychanging pverlappingsub-teams(If needsbe,
| have a gure for this.) Noticethatno hierarchyor centralizedcontrol of ary
typeis presenin Machinetta.

The algorithmsin Machinettaare designedo be very scalable,allowing
largeteamdo bedeplog/edto achieve complex tasks.Fully distributedsimula-
tionsinvolving up to 500teammembersave beensuccessfullydemonstrated
and key algorithmshave beenshavn to work efciently with up to 10,000
teammembers. While no Machinettaalgorithmsrequirethe associatesiet-
work to be x edwhentheteamis initiated or for thewholeteamto beknown,
to dateall usesof Machinettahave involved domainswherethe entireteam
is known in adwvance. However, by leveragingthe underlyingassociateset-
work andsomecarefulalgorithmdesignthereis no needfor yellow pagegype
serviceshecauseeammembersieedonly interactwith neighborsn the net-
work. Provided new teammembersanintegratethemselessuccessfullynto
thenetwork, maintainingthe network's smallworlds property Machinettacan
supportdynamicadditionof new teammembers.
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1.4.2 In teraction

Whendevelopinglargeteams protocolandsoftwarerobustnesss critically
important. Whenhundredsor thousandf distributed teammembersasyn-
chronouslycoordinateto simultaneoushachieze hundredsof sub-plansover
aperiodof time, ary “bugs” in theinteractioncodewill be inevitable found
Sincedevelopingcompletelybug free codeis extremelydif cult evenfor pro-
fessionakoftwaredeveloperswe developeda novel way of implementingin-
teractionthatis particularlyrobust andrelatively easyto detug. Ratherthan
sendingmessagebetweenproxiesand, thus, having distributed statethatis
proneto dif cult to locatebugs,we usemobile agentghattransferbothcoor
dinationstateanda messagasthey move betweerproxies.

The useof mobileagentsfor coordinationleadsto high degreesof robust-
nessin at leasttwo key ways. First, it is easierto develop reliable meansto
knonv whethermessageare “lost”, sincethe agentitself canensureits own
movementaroundthe team. Second coordinationalgorithmsare simpler to
implementbecauseéhey areentirely encapsulatewithin the codeof a single
mobile agent(ratherthanbeingspreadacrossproxies.) Thus,managemenbf
interactionstateand handlingof coordinationfailures,etc.,is greatly simpli-

ed.

Theuseof mobileagentsasameandor implementingcoordiationprotocols
meanghatthe proxiescanbe thoughtof asa type of mobile agentplatform.
However, unlike traditionalmobile agentplatforms,the proxiesare active in
providing informationto the mobile agentsandeven, whenthe adjustableau-
tonomydecidesahumanshouldmalke adecisionmakingdecisionsonthemo-
bile agentdehalf.Sincetheproxiesareconnectedn asmallworldsnetwork, it
is possibleto think of thecoordinationasbeingimplementedy mobileagents
moving arounda smallworlds network of active mobileagentplatforms.

1.4.3 MAS Environmen t

Machinettais designedo be both domainindependanandto work with
highly heterogeneougams.As such,it hasbeenpossibleto demonstratdla-
chinettain several simulationervironments. In additionto DEFACTO, Ma-
chinettahasalso beenusedfor coordinationof high delity simulationsof
searchandrescuaobots. Themoststringentestsof Machinettas coordination
capabilitieswill comein late 2005whenit is usedfor an Air Force ight test
involving threesimulatedunmannedherialvehicles(UAVs) andonereal UAV.
Initial testinghasshavn Machinettacaneffectively coordinatdarge numbers
of UAVs to efciently executea wide areasearchanddestrg missionwith

IMurphy's Law meetsthe Law of Large Numbers.
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sufciently low communicatiorbandwidthto befeasiblein a military domain
[13].

The domainsin which Machinettahave beenused,thoughvaried, share
somecommorntraits. Speci cally, thedomainshave typically allowedcomple
tasksto be broken down into smallersubtasksvith mostof the requiredcoor
dinationbeingfor speci ¢ subtaskgatherthan acrosssubtasks.Machinetta
hasbeenrequiredto dealwith dynamicsin all the domainsin which it have
beenused but, althoughsomedomainshave containechostileforces,explicit
adwersarialreasoninghasnot beenperformed.

15 Exp erimen ts

We have conductedexperimentswith the DEFACTO systemconnectedo
the RobocupRescuesimulationervironment. All the simulationcomponents
wererunningon onedesktopwith two AMD 1.8 GHz processorand4GB of
ram. Thefollowing processeweresimulatedon the desktop:

= All theMachinettgproxiesandtheir communicatiorsener

= Robocuprescuekernelincludingtrafc, blocade,re andbuilding col-
lapsesimulators

= Allocationviewer.

15.1 Ev aluation

DEFACTO wasevaluatedn two key ways,focusingonkey individual com-
ponentf thesystem First,we performedietailedexperimentsomparinghe
effectivenessof AdjustableAutonomy(AA) stratgiesover multiple users.In
orderto provide DEFACTO with a dynamicrescuedomainwe choseto con-
nectit to a simulator We chosethe previously developedRoboCupRescue
simulationervironment[8]. In this simulator re engineagentscansearch
the city and attemptto extinguishary res that have startedin the city. To
interfacewith DEFACTO, each re engineis controlledby a proxy in order
to handlethe coordinationandexecutionof AA stratgies. Consequent|ythe
proxiescantry to allocate re enginedo res in adistributedmannerbut can
alsotransfercontrolto the moreexpertuser The usercanthenusethe Omni-
Viewer in Allocation modeto allocateenginego the res thathe hascontrol
over. In orderto focuson the AA stratgies (transferringthe control of task
allocation)andnot have the usersability to navigateinterferewith results the
Navigationmodewasnot usedduringthis rst setof experiments.

The resultsof our experimentsare shavn in Figure 1.4, which shavs the
resultsof subjectsl, 2, and3. Eachsubjectwasconfrontedwith the taskof
aiding re enginesin saving a city hit by a disaster For eachsubject,we
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testedthreestratgies,speci cally, H, AH andA+1H ; their performancevas
comparedvith the completelyautonomoug\ 1 stratgy. AH is anindividual
agentstratgy, testedor comparisorwith At H , whereagentsactindividually,
and passthosetasksto a humanuserthatthey cannotimmediatelyperform.
Eachexperimentwas conductedwith the sameinitial locationsof res and
building damageFor eachstratg@y wetestedyariedthenumberof re engines
betweer4, 6 and10. Eachchartin Figure 1.4 shavs the varying numberof
re engineson the x-axis, andthe teamperformancen termsof numbersof
building savredonthey-axis. Forinstancestratgy At saves50building with 4
agentsEachdatapointonthegraphis anaverageof threeruns.Eachrunitself
took 15 minutes,andeachuserwasrequiredto participatein 27 experiments,
which togetherwith 2 hoursof getting orientedwith the system,equateso
about9 hoursof experimentgervolunteer
Figurel.4enablesisto concludethefollowing:

= Humaninvolvemenwith agent teamsdoesnot necessarilylead to im-
provementin team performance Contraryto expectationsand prior
results,humaninvolvementdoesnot uniformly improve team perfor
mance,as seenby human-iwolving stratgies performingworsethan
the At stratgy in someinstances.For instancefor subject3, human
involving stratgiessuchasAH provide asomeavhathigherquality than
A+t for 4 agentsyet at higher numbersof agentsthe stratgy perfor
mances lowerthanA+.

= Providing more agentsat a humans commandioesnot necessarilym-
prove the agent teamperformanceAs seenfor subject2 andsubject3,
increasingagentsrom 4 to 6 givenAH andA+TH stratgiesis seento
deggradeperformanceln contrastfor the At stratgy, the performance
of thefully autonomousgentteamcontinuego improve with additions
of agentsthusindicatingthat the reductionin AH andA+H perfor
manceis dueto humaninvolvement. As the numberof agentsncrease
to 10, theagentteamdoesrecover.

= No strategy dominateghroughall the experimentsggivenvarying num-
bers of agents. For instance,at 4 agents,human-iwvolving stratgies
dominatethe At stratgy. However, at 10 agentsthe At stratgy out-
performsall possiblestratgiesfor subjectsl and3.

s Comple team-level stratggies are helpful in practice AtH leadsto
improvementover H with 4 agentdor all subjectsalthoughsurprising
dominationof AH overAtH in somecasesndicateshatAH mayalso
ausefulstratgy to have availablein ateamsetting.

Notethatthephenomendescribedangeover multiple usersmultipleruns,
andmultiple stratgies. The mostimportantconclusionfrom these gures is
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Stratgy H AH ATH

#ofagents|| 4 | 6 [ 10 4 | 6 [10]] 4 [ 6 |10
Subjectl 91 92 | 154 | 118 | 128 | 132 || 104 | 83 | 64
Subject2 138 | 129 | 180 || 146 | 144 | 72 109 | 120 | 38
Subject3 117 | 132 | 152 || 133 | 136 | 97 116 | 58 | 57

Table1.1. Totalamountof allocationsgiven.
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Figure 1.5. (a)AGy and(b) H performance

that exibility is necessaryo allow for the optimal AA strategy to be applied
Thekey questionis thenhow to selectthe appropriatestrategy for a teamin-
volving a humanwhoseexpecteddecisionquality is EQy . In fact, by esti-
matingthe EQy of a subjectby checkingthe “H” stratgy for smallnumber
of agents(say4), and comparingto A stratgy, we may begin to selectthe
appropriatestratgy for teamsnvolving moreagentslin generalhigherEQy
letsusstill choosestratgiesinvolving humangor amorenumerougeam.For
large teamshowever, the numberof agentsAG  effectively controlledby the
humandoesnotgrow linearly thusAt stratgy becomeslominant.

Unfortunately the stratgies including the humansand agents(AH and
AtH) for 6 agentsshav a noticeabledecreasen performanceor subjects
2 and3 (seeFigurel.4). It would be usefulto understandvhich factorscon-
tributedto this phenomena.

Our crucial predictionswerethatwhile numbersof agentsncrease AG
steadilyincreasesand EQy remainsconstant. Thus, the dip at 6 agentsis
essentiallyaffectedby eitherAGy or EQy. We rst testedAGy in our do-
main. The amountof effective agents AGy, is calculatedby dividing how
mary total allocationseachsubjectmadeby hov mary the A+ stratgy made
per agent,assumingAr stratgy effectively usesall agents. Figure 1.5-(a)
shaws the numberof agentson the x-axis andthe numberof agentseffective
used AGy, onthey-axis;the At stratgy, whichis usingall availableagents,
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Subject 1 Subject 2 Subject 3
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Figure 1.6. Amountof agentper®re assignedy subjectsl, 2, and3

is alsoshavn asareference However, the amountof effective agentds actu-
ally aboutthe samein 4 and 6 agents. This would not accountfor the sharp
drop we seein the performance.We then shifted our attentionto the EQy
of eachsubject.Onereductionin EQy could be becauseubjectssimply did
not sendasmary allocationstotally over the courseof the experiments.This,
howeveris notthecaseascanbeseenn Tablel.1wherefor 6 agentsthetotal
amountof allocationsgivenis comparabldo that of 4 agents.To investigate
further, we checled if the quality of humanallocationhaddegraded.For our
domain,the more re engineghat ght the samere, the morelikely it is to
be extinguishedandin lesstime. For this reasonthe amountof agentsthat
weretasledto eachre is agoodindicatorof thequality of allocationghatthe
subjectmalkes1.5-(b). Figure 1.6 shawvs the numberagentson the x-axisand
theaverageamountof re enginesllocatedo eachre onthey-axis.AH and
At H for 6 agentgesultin signi cantly lessaveragere enginegertask( re)
andtherefordessaverageE Qy .

Thesecondaspecbf our evaluationwasto explorethebene ts of the Nav-
igationmode(3D) in the Omni-Viewer over solely an Allocation mode(2D).
We performed? testson 20 subjects All subjectsverefamiliar with the USC
universitycampusTestl shavedNavigationandAllocationmodescreenshots
of the university campugo subjects.Subjectsvereasledto identify a unique
building on campuswhile timing eachresponseThe averagetime for a sub-
jectto nd thebuilding in 2D was29.3secondswhereaghe 3D allowedthem
to nd thesamebuilding in anaverageof 17.1secondsTest2 againdisplayed
NavigationandAllocation modescreenshotef two buildings on campushat
hadjust caughtre. In Test2, subjectswvereaslked rst asledto allocate re
enginego the buildings usingonly the Allocation mode. Thensubjectswvere
shavn the Navigationmodeof the samescene.90 percentof the subjectsac-
tually choseto changetheir initial allocation,giventhe extra informationthat
the Navigationmodeprovided.
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1.6 Related Work and Summary

We have discussedelatedwork throughoutthis paper howvever, we now
provide comparisonsvith key previousagenisoftwareprototypesandresearch.
Among the currenttools aimedat simulatingrescueervironmentsit is im-
portantto mentionproductslike TerraSim,JCATS andEPICS.TerraTolsis
a completesimulationdatabaseonstructionsystemfor automatedcandrapid
generatiorof high- delity 3D simulationdatabasefom cartographicsource
materials. Developedby TerraSim,Inc. TerraTools providesthe setof inte-
gratedtools aimedat generatingvariousterrains,however, it cannotsimulate
rescueoperationsnot it hasary notion of intelligence. JCATS representa
self-containedhigh-resolutiorjoint simulationin usefor entity-level training
in open,urbanandsubterranearrvironments.Developedby LawrenceLiv-
ermoreNational Laboratory JCATS gives usersthe capability to detail the
replicationof smallgroupandindividual actvities during a simulatedopera-
tion. Althoughit providesa greathumantraining ervironment,JCATS does
not allow to simulateintelligentagents.Finally, EPICSis a computetbased,
scenario-drien, high-resolutiorsimulation. It is usedby emegengy response
agenciedo train for emegengy situationsthat require multi-echelonand/or
interageny communicatiorand coordination. Developedby the U.S. Army
TrainingandDoctrineCommandAnalysisCenter EPICSis alsousedfor exer-
cising communicationgnd commandandcontrol proceduresit multiple lev-
els. Similarto JCATS however, intelligentagentsandagent-humainteraction
cannotbe simulated.

Givenourapplicationdomainswork of Scerriet. al. onrobot-agent-person
(RAP)teamdor disasterescuss likely themostcloselyrelatedto DEFACTO
[15]. Ourwork takesa signi cant stepforwardin comparisonFirst,theomni-
viewer enablesavigational capabilitiesimproving humansituationalaware-
nessnot presentn previouswork. Secondwe provide team-leel stratgies,
which we experimentallyverify, absentin thatwork. Third, we provide ex-
tensve experimentationandillustratethatsomeof the conclusiongeachedn
[15] wereindeedpreliminary e.g.,they concludethat humaninvolvementis
alwaysbene cialto agentteamperformancewhile our moreextensve results
indicatethatsometimesgentteamsarebetteroff excludinghumangrom the
loop. Humaninteractionsin agentteamsis alsoinvestigatedn [2, 16], and
thereis signi cant researchon humaninteractionswith robot-teamg5, 3].
However they do not use e xible AA stratgiesand/orteam-leel AA strate-
gies. Furthermore our experimentalresultsmay assisttheseresearcheri
recognizingthe potentialfor harmthat humansmay causeto agentor robot
teamperformance.Signi cant attentionhasbeenpaid in the context of ad-
justableautonomyand mixed-initiatve in single-agensingle-humarinterac-
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tions[7, 1]. However, this paperfocuseson new phenomendhatarisein hu-
maninteractionswith agentteams.

This paperpresentsa large-scaleprototype, DEFACTO, thatis basedon a
softwareproxy architectureand3D visualizationsystemandprovidestwo key
adwancesover previous work. First, DEFACTO's Omni-Viewer enableghe
humanto bothimprove situationalawarenessndassistagentspy providing a
navigable3D view alongwith a2D globalallocationview. SecondPEFACTO
incorporatese xible AA stratgies, even excluding humansfrom the loop in
extremecircumstances\Ve performeddetailedexperimentusingDEFACTO,
leadingto somesurprisingresults. Theseresultsillustratethatan agentteam
mustbe equippedwith e xible stratgiesfor adjustableautonomysothatthe
appropriatestratgy canbeselected Exciting feedbackrom DEFACTO's ulti-
mateconsumerdlustratesits promiseandpotentialfor real-world application.
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