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Abstract

Whenaddressingterroristthreatswe mustgive specialattentionto bothpreventionanddisasterre-

sponse.Enablingeffectiveinteractionsbetweenagentteamsandhumansfor disasterresponseisacritical

areaof research,with encouragingprogressin thepastfew years.However, previouswork suffersfrom

two key limitations: (i) limited humansituationalawareness,reducinghumaneffectivenessin direct-

ing agentteamsand(ii) theagentteam's rigid interactionstrategiesthat limit teamperformance.This

paperfocusesonanovel disasterresponsesoftwareprototype,calledDEFACTO (DemonstratingEffec-

tive Flexible AgentCoordinationof TeamsthroughOmnipresence).DEFACTO is basedon a software

proxy architectureand3D visualizationsystem,which addressesthe two limitations describedabove.

First, the3D visualizationinterfaceenableshumanvirtual omnipresencein theenvironment,improving

humansituationalawarenessandability to assistagents.Second,generalizingpastwork on adjustable

autonomy, theagentteamchoosesamongavarietyof “team-level” interactionstrategies,evenexcluding

humansfrom theloop in extremecircumstances.

� Thisresearchwassupportedby theUnitedStatesDepartmentof HomelandSecuritythroughtheCenterfor RiskandEconomic

Analysisof TerrorismEvents(CREATE). However, any opinions,�ndings, andconclusionsor recommendationsin this document

arethoseof theauthoranddo notnecessarilyre�ect views of theU.S.Departmentof HomelandSecurity.

2



1 Intr oduction

In theshadow of large-scalenationalandinternationalterroristincidents,it is critical to provide �rst respon-

dersandrescuepersonnelwith toolsthatenablemoreeffective andef�cient disasterresponse.Weenvision

futuredisasterresponseto beperformedwith a mixtureof humansperforminghigh level decision-making,

intelligentagentscoordinatingtheresponseandhumansandrobotsperformingkey physicaltasks.These

heterogeneousteamsof robots,agents,andpeople[16] will provide the safestandmosteffective means

for quickly respondingto a disaster, suchasa terroristattack. A key aspectof sucha responsewill be

agent-assistedvehiclesworking together. Speci�cally, agentswill assistthe vehiclesin planningroutes,

determiningresourcesto useandeven determiningwhich �re to �ght. Eachagentonly obtainslocal in-

formationaboutits surrounding,andmustcommunicatewith othersto obtainadditionalinformation,and

coordinateto ensurethatmaximumnumbersof civiliansaresavedandpropertydamageis minimized.

However, despiteadvancesin agenttechnologies,humaninvolvementwill becrucial.Allowing humans

to make critical decisionswithin a teamof intelligent agentsor robotsis prerequisitefor allowing such

teamsto beusedin domainswherethey cancausephysical,�nancial or psychologicalharm.Thesecritical

decisionsincludenot only the decisionsthat, for moral or political reasons,humansmustbe allowed to

make, but alsocoordinationdecisionsthat humansarebetterat makingdueto accessto importantglobal

knowledge,generalinformationor supporttools.

Already, humaninteractionwith agentteamsis critical in a largenumberof currentandfutureapplica-

tions[2, 5, 16, 3]. For example,currentefforts emphasizehumanscollaborationwith robot teamsin space

explorations,humansteamingwith robotsandagentsfor disasterrescue,aswell ashumanscollaborating

with multiplesoftwareagentsfor training[4, 6].

This paperfocuseson thechallengeof improving theeffectivenessof applicationsof humancollabora-

tion with agentteams.Previouswork hasreportedencouragingprogressin thisarena,e.g.,via proxy-based

integrationarchitectures[11], adjustableautonomy[15, 4] andagent-humandialogue[1]. Despitethis en-

couragingprogress,previousworksuffersfrom two key limitations.First,wheninteractingwith agentteams

actingremotely, humaneffectivenessis hamperedby interfacesthat limit their ability to apply decision-

makingskills in a fastandaccuratemanner. Techniquesthatprovide telepresencevia videoarehelpful [5],

but cannotprovide theglobalsituationawareness.Second,agentteamshave beenequippedwith adjustable

autonomy(AA)[16] but not the �e xibility critical in suchAA. Indeed,the appropriateAA methodvaries

from situationto situation.In somecasesthehumanusershouldmake mostof thedecisions.However, in

othercaseshumaninvolvementmayneedto berestricted.Such�e xible AA techniqueshavebeendeveloped
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in domainswherehumansinteractwith individual agents[15], but whetherthey apply to situationswhere

humansinteractwith agentteamsis unknown.

We reporton a softwareprototypesystem,DEFACTO (DemonstratingEffective Flexible AgentCoor-

dinationof TeamsthroughOmnipresence),that enablesagent-humancollaborationandaddressesthe two

shortcomingsoutlinedabove. Thesystemincorporatesstateof theartarti�cial intelligence,3D visualization

andhuman-interactionreasoninginto a uniquehigh �delity systemfor researchinto humanagentcoordi-

nation in complex environments. DEFACTO incorporatesa visualizerthat allows for the humanto have

an omnipresentinteractionwith remoteagentteams,overcomingthe �rst limitation describedabove. We

refer to this asthe Omni-Viewer, andit combinestwo modesof operation.The Navigation Mode allows

for a navigable,high quality 3D visualizationof the world, whereasthe Allocation Mode providesa tra-

ditional 2D view anda list of possibletaskallocationsthat the humanmay perform. Humanexpertscan

quickly absorbon-goingagentandworld activity, taking advantageof both the brain's favoredvisual ob-

ject processingskills (relative to textual search,[10]), andthe fact that3D representationscanbe innately

recognizable,without the layerof interpretationrequiredof map-like displaysor raw computerlogs. The

Navigationmodeenablesthehumanto understandthelocal perspectivesof eachagentin conjunctionwith

theglobal,system-wideperspective thatis obtainedin theAllocationmode.

Second,to provide �e xible AA, we generalizethenotionof strategiesfrom single-agentsingle-human

context [15]. In our work, agentsmay �e xibly chooseamongteamstrategies for adjustableautonomy

insteadof only individual strategies; thus,dependingon thesituation,theagentteamhasthe �e xibility to

limit humaninteraction,andmayin extremecasesexcludehumansfrom theloop.

We presentresultsfrom detailedexperimentswith DEFACTO, which revealtwo majorsurprises.First,

contraryto previous results[16], humaninvolvementis not alwaysbene�cial to an agentteam—despite

their bestefforts,humansmaysometimesendup hurtinganagentteam's performance.Second,increasing

thenumberof agentsin anagent-humanteammayalsodegradetheteamperformance,eventhoughincreas-

ing thenumberof agentsin a pureagentteamunderidenticalcircumstancesimprovesteamperformance.

Fortunately, in boththesurprisinginstancesabove,DEFACTO's �e xible AA strategiesalleviatesuchprob-

lematicsituations.DEFACTO is currentlyinstantiatedasa prototypeof a futuredisasterresponsesystem.

DEFACTO hasbeenrepeatedlydemonstratedto key policeand�re departmentpersonnelin Los Angeles

area,with verypositive feedback.
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2 DEFACTO SystemDetails

The DeFACTO systemis currentlyfocusedon illustrating the potentialof future disaster-responseto dis-

astersthatmayariseasa resultof large-scaleterroristattacks.Constructedaspartof theeffort at the �rst

centerfor researchexcellenceon homelandsecurity(the CREATE center),DeFACTO is motivatedby a

scenarioof greatconcernto �rst responderswithin Los Angelesandothermetropolitanareas— indeed,in

ourconsulationswith theLosAngeles�re departmentandpersonnelfrom theCREATE center, thisscenario

appearsto beof thegreatestconcern.In particular, in thisscenario,ashoulder-�red missileis usedto attack

averylow-�ying civilian jet-liner, causingthejet-linerto crashinto anurbanareaandcauseadisasteronthe

ground.For instance,of greatconcernis thatsucha nightmarescenariomayunfold whenaircraft takeoff

or landat theLosAngelesinternationalairport(LAX). Thescenariocouldleadto multiple �res in multiple

locations,creatingharmto civilians on theground,with potentiallymany critically injuredcivilians. While

therearemany longer-termimplicationsof suchanattack,suchastheeconomicalimpact,thepsychological

impact,andtheresponseof theFAA etc.we focuson assistingin theshorter-term�rst response

In thischapterwe will describetwo majorcomponentsof DEFACTO: theOmni-Viewerandtheproxy-

basedteamwork (seeFigure1). TheOmni-Viewer is anadvancedhumaninterfacefor interactingwith an

agent-assistedresponseeffort. TheOmni-Viewer providesfor bothglobalandlocal views of anunfolding

situation,allowing a humandecision-maker to precisethe informationrequiredfor a particulardecision.

A teamof completelydistributedproxies,whereeachproxy encapsulatesadvancedcoordinationreasoning

basedon the theoryof teamwork, controlsandcoordinatesagentsin a simulatedenvironment.Theuseof

the proxy-basedteambringsrealisticcoordinationcomplexity to the prototypeandallows morerealistic

assessmentof the interactionsbetweenhumansandagent-assistedresponse.Currently, we have applied

DEFACTO to a disasterrescuedomain. The incidentcommanderof the disasteractsas the humanuser

of DEFACTO. We focuson two urbanareas:a squareblock that is denselycoveredwith buildings (we

useonefrom Kobe,Japan)andtheUSC campus, which is moresparselycoveredwith buildings. In our

scenario,several buildings areinitially on �re, andthese�res spreadto adjacentbuildings if they arenot

quickly contained.Thegoal is to have a humaninteractwith the teamof �re enginesin orderto save the

mostbuildings.Our overall systemarchitectureappliedto disasterresponsecanbeseenin Figure1. While

designedfor realworld situations,DEFACTO canalsobeusedasa trainingtool for incidentcommanders

whenhookedup to asimulateddisasterscenario.
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Figure1: DEFACTO systemappliedto adisasterrescue.

2.1 Omni-Viewer

Our goalof allowing �uid humaninteractionwith agentsrequiresa visualizationsystemthatprovidesthe

humanwith a global view of agentactivity aswell asshowing the local view of a particularagentwhen

needed.Hence,we have developedanomnipresentviewer, or Omni-Viewer, which will allow thehuman

userdiverseinteractionwith remoteagentteams.While aglobalview is obtainablefrom atwo-dimensional

map,a local perspective is bestobtainedfrom a 3D viewer, sincethe 3D view incorporatesthe perspec-

tive andocclusioneffectsgeneratedby a particularviewpoint. The literatureon 2D- versus3D-viewersis

ambiguous.For example,spatiallearningof environmentsfrom virtual navigationhasbeenfoundto beim-

pairedrelative to studyingsimplemapsof thesameenvironments[12]. On theotherhand,theproblemmay

be that many virtual environmentsarerelatively blandandfeatureless.Ruddlepointsout that navigating

virtual environmentscanbesuccessfulif rich, distinguishablelandmarksarepresent[13].

To addressour discrepantgoals,theOmni-Viewer incorporatesbotha conventionalmap-like 2D view,

Allocation Mode (Figure2-c) anda detailed3D viewer, Navigation Mode (Figure2-a). The Allocation

modeshows theglobaloverview aseventsareprogressingandprovidesa list of tasksthat theagentshave

transferredto thehuman.TheNavigationmodeshows thesamedynamicworld view, but allows for more

freedomto move to desiredlocationsand views. In particular, the usercan drop to the virtual ground

level, therebyobtainingtheworld view (local perspective) of a particularagent.At this level, theusercan
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(a) (b)

(c) (d)

(e) (f)

Figure2: Omni-Viewer duringa scenario:(a)Multiple �res startacrossthecampus(b) TheIncidentCom-

manderusestheNavigationmodeto quickly graspthesituation(c) Navigationmodeshows acloserlook at

oneof the�res (d) Allocationmodeis usedto assigna �re engineto the�re (e)The�re enginehasarrived

at the�re (f) The�re hasbeenextinguished.
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“walk” freelyaroundthescene,observingthelocal logisticsinvolvedasvariousentitiesareperformingtheir

duties.Thiscanbehelpful in evaluatingthephysicalgroundcircumstancesandalteringtheteam'sbehavior

accordingly. It alsoallows theuserto feel immersedin thescenewherevariousfactors(psychological,etc.)

maycomeinto effect.

In orderto prevent communicationbandwidthissues,we assumethat a high resolution3D modelhas

alreadybeencreatedandthe only datathat is transferredduring the disasterareimportantchangesto the

world. Generatingthis suitable3D model environmentfor the Navigation modecan requiremonthsor

evenyearsof manualmodelingeffort, asis commonlyseenin thedevelopmentof commercialvideo-games.

However, to avoid this level of effort wemakeuseof thework of Youet. al. [17] in rapid,minimally assisted

constructionof polygonalmodelsfrom LiDAR (Light DetectionandRanging)data.Giventheraw LiDAR

point data,we canautomaticallysegmentbuildingsfrom groundandcreatethehigh resolutionmodelthat

theNavigationmodeutilizes.Theconstructionof thecampusandsurroundingarearequiredonly two days

usingthis approach.LiDAR is aneffective way for any new geographicareato beeasilyinsertedinto the

Omni-Viewer.

WeusetheJMEgameengineto performtheactualrenderingdueto its cross-platformcapabilities.JME

is anextensiblelibrary built on LWJGL (Light WeightJava GameLibrary), which interfaceswith OpenGL

andOpenAL. This environmenteasilyprovided real-timerenderingof the texturedcampusenvironment

on mid-rangecommodityPCs. JME utilizesa scenegraphto orderthe renderingof geometricentities. It

providessomeimportantfeaturessuchasOBJformatmodelloading(which allows usto authorthemodel

andtexturesin atool likeMayaandloadit in JME)andalsovariousassortedeffectssuchasparticlesystems

for �res.

2.2 Proxy: Teamwork

A key hypothesisin this work is thatintelligentdistributedagentswill bea key elementof a futuredisaster

response.Takingadvantageof emerging robust,high bandwidthcommunicationinfrastructurewe believe

that a critical role of theseintelligent agentswill be to managecoordinationbetweenall membersof the

responseteam. Speci�cally, we are using coordinationalgorithmsinspiredby theoriesof teamwork to

managethedistributedresponse[18]. Thegeneralcoordinationalgorithmsareencapsulatedin proxies, with

eachteammemberhaving its own proxyandrepresentingit in theteam.Thecurrentversionof theproxies

is calledMachinetta[14] andextendsthesuccessfulTeamcoreproxies[11]. Machinettais implementedin

Java andis freelyavailableon theweb. Noticethattheconceptof a reusableproxydiffersfrom many other

“multiagenttoolkits” in thatit providesthecoordinationalgorithms, e.g.,algorithmsfor allocatingtasks,as
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Figure3: ProxyArchitecture

opposedto theinfrastructure, e.g.,APIs for reliablecommunication.

Communication: communicationwith otherproxies

Coordination: reasoningaboutteamplansandcommunication

State: theworkingmemoryof theproxy

Adjustable Autonomy: reasoningaboutwhetherto actautonomouslyor passcontrolto theteammember

RAP Interface: communicationwith theteammember

The Machinettasoftwareconsistsof � ve main modules,threeof which aredomainindependentand

two of whicharetailoredfor speci�c domains.Thethreedomainindependentmodulesarefor coordination

reasoning,maintaininglocal beliefs(state)andadjustableautonomy. Thedomainspeci�c modulesarefor

communicationbetweenproxiesandcommunicationbetweena proxy anda teammember. The modules

interactwith eachotheronly via the local statewith a blackboarddesignandaredesignedto be“plug and

play”, thus,e.g.,new adjustableautonomyalgorithmscanbe usedwith existing coordinationalgorithms.

Thecoordinationreasoningis responsiblefor reasoningaboutinteractionswith otherproxies,thusimple-

mentingthecoordinationalgorithms.Theadjustableautonomyalgorithmsreasonabouttheinteractionwith

theteammember, providing thepossibilityfor theteammemberto make any coordinationdecisioninstead

of theproxy. For example,theadjustableautonomymodulecanreasonthata decisionto accepta role to

rescueacivilian from aburningbuilding shouldbemadeby thehumanwhowill go into thebuilding rather

thanthe proxy. In practice,the overwhelmingmajority of coordinationdecisionsaremadeby the proxy,

with only key decisionsreferredto teammembers.

Teamsof proxiesimplementteamorientedplans(TOPs)whichdescribejoint activities to beperformed

in termsof theindividual rolesto beperformedandany constraintsbetweenthoseroles.Typically, TOPsare

instantiateddynamicallyfrom TOPtemplatesat runtimewhenpreconditionsassociatedwith thetemplates

are�lled. Typically, a large teamwill be simultaneouslyexecutingmany TOPs. For example,a disaster

responseteammightbeexecutingmultiple �ght �re TOPs.Such�ght �re TOPsmightspecifyabreakdown
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of �ghting a �re into activities suchascheckingfor civilians, ensuringpower andgasis turnedoff and

sprayingwater. Constraintsbetweentheseroleswill specifyinteractionssuchasrequiredexecutionordering

andwhetheronerolecanbeperformedif anotheris notcurrentlybeingperformed.NoticethatTOPsdonot

specifythecoordinationor communicationrequiredto executeaplan,theproxydeterminesthecoordination

thatshouldbeperformed.

2.3 Proxy: Adjustable Autonomy

In this paper, we focuson a key aspectof theproxy-basedcoordination:AdjustableAutonomy. Adjustable

autonomyrefersto anagent's ability to dynamicallychangeits own autonomy, possiblyto transfercontrol

overadecisionto ahuman.Previouswork onadjustableautonomycouldbecategorizedaseitherinvolving

a singlepersoninteractingwith a singleagent(theagentitself mayinteractwith others)or a singleperson

directly interactingwith a team.In thesingle-agentsingle-humancategory, theconceptof �e xible transfer-

of-control strategy hasshown promise[15]. A transfer-of-control strategy is a preplannedsequenceof

actionsto transfercontroloveradecisionamongmultipleentities,for example,anAH 1H2 strategy implies

thatanagent(AT ) attemptsadecisionandif theagentfails in thedecisionthenthecontrolover thedecision

is passedto a humanH 1, andthenif H 1 cannotreacha decision,thenthecontrol is passedto H 2. Since

previouswork focusedon single-agentsingle-humaninteraction,strategieswereindividual agentstrategies

whereonly asingleagentactedat a time.

An optimaltransfer-of-control strategy optimallybalancestherisksof notgettingahighqualitydecision

againsttherisk of costsincurreddueto adelayin gettingthatdecision.Flexibility in suchstrategiesimplies

that an agentdynamicallychoosesthe one that is optimal, basedon the situation,amongmultiple such

strategies(H 1A, AH 1, AH 1A, etc.) ratherthanalwaysrigidly choosingonestrategy. Thenotionof �e xible

strategies,however, hasnotbeenappliedin thecontext of humansinteractingwith agent-teams.Thus,akey

questionis whethersuch�e xible transferof controlstrategiesarerelevant in agent-teams,particularlyin a

large-scaleapplicationsuchasours.

DEFACTO aimsto answerthisquestionby implementingtransfer-of-controlstrategiesin thecontext of

agentteams.Onekey advancein DEFACTO, however, is that the strategiesarenot limited to individual

agentstrategies,but alsoenablesteam-level strategies. For example,ratherthantransferringcontrol from

a humanto a single agent,a team-level strategy could transfercontrol from a humanto an agent-team.

Concretely, eachproxy is providedwith all strategy options;thekey is to selecttheright strategy giventhe

situation.An exampleof a teamlevel strategy wouldcombineA T Strategy andH Strategy in orderto make

AT H Strategy. The default teamstrategy, AT , keepscontrol over a decisionwith the agentteamfor the
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entiredurationof thedecision.TheH strategy alwaysimmediatelytransferscontrol to thehuman.A T H

strategy is the conjunctionof teamlevel AT strategy with H strategy. This strategy aimsto signi�cantly

reducetheburdenontheuserby allowing thedecisionto �rst passthroughall agentsbefore�nally goingto

theuser, if theagentteamfails to reachadecision.

3 Experimentsand Evaluation

OurDEFACTO systemwasevaluatedin threekey ways,with the�rst two focusingon key individual com-

ponentsof theDEFACTO systemandthelastattemptingto evaluatetheentiresystem.First,weperformed

detailedexperimentscomparingthe effectivenessof AdjustableAutonomy(AA) strategies over multiple

users.In orderto provide DEFACTO with a dynamicrescuedomainwe choseto connectit to a simulator.

We chosethe previously developedRoboCupRescuesimulationenvironment[8]. In this simulator, �re

engineagentscansearchthecity andattemptto extinguishany �res thathavestartedin thecity. To interface

with DEFACTO, each�re engineis controlledby aproxy in orderto handlethecoordinationandexecution

of AA strategies. Consequently, theproxiescantry to allocate�re enginesto �res in a distributedmanner,

but canalsotransfercontrol to themoreexpertuser. TheusercanthenusetheOmni-Viewer in Allocation

modeto allocateenginesto the�res thathehascontrolover. In orderto focuson theAA strategies(trans-

ferring the control of taskallocation)andnot have the usersability to navigate interferewith results,the

Navigationmodewasnotusedduringthis �rst setof experiments.

The resultsof our experimentsareshown in Figure4, which shows the resultsof subjects1, 2, and3.

Eachsubjectwasconfrontedwith thetaskof aiding�re enginesin saving a city hit by a disaster. For each

subject,we testedthreestrategies,speci�cally, H , AH andA T H ; their performancewascomparedwith

the completelyautonomousAT strategy. AH is an individual agentstrategy, testedfor comparisonwith

AT H , whereagentsact individually, andpassthosetasksto a humanuserthat they cannotimmediately

perform.Eachexperimentwasconductedwith thesameinitial locationsof �res andbuilding damage.For

eachstrategy wetested,variedthenumberof �re enginesbetween4, 6 and10. Eachchartin Figure4 shows

thevaryingnumberof �re engineson thex-axis,andtheteamperformancein termsof numbersof building

savedonthey-axis.For instance,strategy AT saves50building with 4 agents.Eachdatapointon thegraph

is anaverageof threeruns.Eachrun itself took 15 minutes,andeachuserwasrequiredto participatein 27

experiments,which togetherwith 2 hoursof gettingorientedwith thesystem,equatesto about9 hoursof

experimentspervolunteer.

Figure4 enablesusto concludethefollowing:
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Figure4: Performanceof subjects1, 2, and3.
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� Humaninvolvementwith agentteamsdoesnotnecessarilyleadto improvementin teamperformance.

Contrary to expectationsand prior results,humaninvolvementdoesnot uniformly improve team

performance,asseenby human-involving strategiesperformingworsethantheA T strategy in some

instances.For instance,for subject3, humaninvolving strategiessuchasAH provide a somewhat

higherqualitythanAT for 4 agents,yetathighernumbersof agents,thestrategy performanceis lower

thanAT .

� Providing more agentsat a human's commanddoesnot necessarilyimprove theagent teamperfor-

mance. As seenfor subject2 and subject3, increasingagentsfrom 4 to 6 given AH and A T H

strategies is seento degradeperformance.In contrast,for the A T strategy, the performanceof the

fully autonomousagentteamcontinuesto improve with additionsof agents,thusindicatingthat the

reductionin AH and AT H performanceis due to humaninvolvement. As the numberof agents

increaseto 10, theagentteamdoesrecover.

� Nostrategydominatesthroughall theexperimentsgivenvaryingnumbersof agents.For instance,at4

agents,human-involving strategiesdominatetheA T strategy. However, at 10agents,theAT strategy

outperformsall possiblestrategiesfor subjects1 and3.

� Complex team-level strategies are helpful in practice: A T H leadsto improvementover H with 4

agentsfor all subjects,althoughsurprisingdominationof AH overA T H in somecasesindicatesthat

AH mayalsobeausefulstrategy in a teamsetting.

Note that the phenomenadescribedrangeover multiple users,multiple runs,andmultiple strategies.

Themostimportantconclusionfrom these�gures is that�exibility is necessaryto allow for theoptimalAA

strategy to beapplied. Thekey questionis thenhow to selecttheappropriatestrategy for a teaminvolving a

humanwhoseexpecteddecisionquality is EQH . In fact,by estimatingtheEQH of a subjectby checking

the“H” strategy for smallnumberof agents(say4), andcomparingto A T strategy, we maybegin to select

the appropriatestrategy for teamsinvolving more agents. In general,higher EQH lets us still choose

strategies involving humansfor a morenumerousteam. For large teamshowever, the numberof agents

AGH effectively controlledby thehumandoesnotgrow linearly thusA T strategy becomesdominant.

Unfortunately, the strategies including the humansand agents(AH and A T H ) for 6 agentsshow a

noticeabledecreasein performancefor subjects2 and3 (seeFigure4). It would be useful to understand

which factorscontributedto thisphenomena.

Our crucialpredictionswerethatwhile numbersof agentsincrease,AG H steadilyincreasesandEQH

remainsconstant.Thus,thedip at 6 agentsis essentiallyaffectedby eitherAG H or EQH . We �rst tested
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Strategy H AH A T H

# of agents 4 6 10 4 6 10 4 6 10

Subject1 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: Totalamountof allocationsgiven.
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Figure5: (a)AGH and(b) H performance
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Figure6: Amountof agentsper�re assignedby subjects1, 2, and3
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AGH in our domain.Theamountof effective agents,AG H , is calculatedby dividing how many total allo-

cationseachsubjectmadeby how many theAT strategy madeperagent,assumingAT strategy effectively

usesall agents.Figure5-(a)shows thenumberof agentson thex-axisandthenumberof agentseffective

used,AGH , on they-axis;theAT strategy, which is usingall availableagents,is alsoshown asa reference.

However, theamountof effectiveagentsis actuallyaboutthesamein 4 and6 agents.Thiswouldnotaccount

for the sharpdrop we seein theperformance.We thenshiftedour attentionto theEQH of eachsubject.

Onereductionin EQH couldbebecausesubjectssimply did not sendasmany allocationstotally over the

courseof theexperiments.This, however is not thecaseascanbeseenin Table1 wherefor 6 agents,the

totalamountof allocationsgivenis comparableto thatof 4 agents.To investigatefurther, wecheckedif the

qualityof humanallocationhaddegraded.For ourdomain,themore�re enginesthat�ght thesame�re, the

morelikely it is to beextinguishedandin lesstime. For this reason,theamountof agentsthatweretasked

to each�re is a goodindicatorof the quality of allocationsthat the subjectmakes5-(b). Figure6 shows

thenumberagentson thex-axisandtheaverageamountof �re enginesallocatedto each�re on they-axis.

AH andAT H for 6 agentsresultin signi�cantly lessaverage�re enginespertask(�re) andthereforeless

averageEQH .

The secondaspectof our evaluationwas to explore the bene�ts of the Navigation mode(3D) in the

Omni-Viewer over solely an Allocation mode(2D). We performed2 testson 20 subjects. All subjects

werefamiliar with the USC campus.Test1 showed Navigation andAllocation modescreenshotsof the

universitycampusto subjects.Subjectswereasked to identify a uniquebuilding on campus,while timing

eachresponse.Theaveragetime for a subjectto �nd thebuilding in 2D was29.3seconds,whereasthe3D

allowed themto �nd thesamebuilding in an averageof 17.1seconds.Test2 againdisplayedNavigation

andAllocation modescreenshotsof two buildingson campusthathadjust caught�re. In Test2, subjects

wereasked�rst askedto allocate�re enginesto thebuildingsusingonly theAllocationmode.Thensubjects

wereshown the Navigation modeof the samescene.90 percentof the subjectsactuallychoseto change

their initial allocation,giventheextra informationthattheNavigationmodeprovided.

Third, thecompleteDEFACTO systemhasbeenperiodicallydemonstratedto key governmentagencies,

public safetyof�cials and disasterresearchersfor assessingits utility by the ultimate consumersof the

technology, with exciting feedback.Indeedthey wereeagerto deploy DEFACTO andbegin usingit asa

researchtool to exploretheunfoldingof differentdisasters.For example,duringoneof thedemonstrations

on Nov 18, 2004GaryAckerman,a SeniorResearchAssociateat theCenterfor NonproliferationStudies

at the Monterey Instituteof InternationalStudiespointedout in referenceto DEFACTO, “This is exactly

the typeof systemweare looking for” to studythepotentialeffect of terroristattacks.Also, we have met
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with severalpublicsafetyof�cials aboutusingDEFACTO asatrainingtool for theirstaff. Accordingto Los

AngelesCountyFire DepartmentCaptainMichael Lewis: “Ef fectivesimulationprogramsfor �r e�ghters

mustberealistic,relevantin scope, andimitatethecommunicationchallengesonthe�r eground.DEFACTO

focuseson theseveryissues.”

4 RelatedWork

We have discussedrelatedwork throughoutthis paper, however, we now provide comparisonswith key

previousagentsoftwareprototypesandresearch.Amongthecurrenttoolsaimedat simulatingrescueenvi-

ronmentsit is importantto mentionproductslike TerraSim[20], JCATS [9] andEPICS[19]. TerraToolsis

a completesimulationdatabaseconstructionsystemfor automatedandrapidgenerationof high-�delity 3D

simulationdatabasesfrom cartographicsourcematerials.Developedby TerraSim,Inc. TerraToolsprovides

thesetof integratedtoolsaimedatgeneratingvariousterrains,however, it isnotapplicabletosimulaterescue

operations.JCATSrepresentsaself-contained,high-resolutionjoint simulationin usefor entity-level train-

ing in open,urbanandsubterraneanenvironments.Developedby LawrenceLivermoreNationalLaboratory,

JCATS givesusersthecapabilityto detail the replicationof smallgroupandindividual activities duringa

simulatedoperation.Althoughit providesa greathumantrainingenvironment,at this point JCATS cannot

simulateintelligent agents.Finally, EPICSis a computer-based,scenario-driven, high-resolutionsimula-

tion. It is usedby emergency responseagenciesto train for emergency situationsthatrequiremulti-echelon

and/orinter-agency communicationandcoordination.Developedby theU.S.Army TrainingandDoctrine

CommandAnalysisCenter, EPICSis alsousedfor exercisingcommunicationsandcommandandcontrol

proceduresat multiple levels. Similar to JCATS however, intelligent agentsandagent-humaninteraction

cannotbesimulatedby EPICSat thispoint.

Givenour applicationdomains,Scerriet al's work on robot-agent-person (RAP) teamsfor disasterres-

cue is likely the most closely relatedto DEFACTO [16]. Our work takes a signi�cant stepforward in

comparison.First, the omni-viewer enablesnavigationalcapabilitiesimproving humansituationalaware-

nessnot presentin previous work. Second,we provide team-level strategies, which we experimentally

verify, absentin that work. Third, we provide extensive experimentation,and illustratethat someof the

conclusionsreachedin [16] wereindeedpreliminary, e.g.,they concludethathumaninvolvementis always

bene�cial to agentteamperformance,while ourmoreextensive resultsindicatethatsometimesagentteams

arebetteroff excluding humansfrom the loop. Humaninteractionsin agentteamsis alsoinvestigatedin

[2, 17], andthereis signi�cant researchon humaninteractionswith robot-teams[5, 3]. However they do
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not use�e xible AA strategiesand/orteam-level AA strategies. Furthermore,our experimentalresultsmay

assisttheseresearchersin recognizingthepotentialfor harmthathumansmaycauseto agentor robotteam

performance.Signi�cant attentionhasbeenpaidin thecontext of adjustableautonomyandmixed-initiative

in single-agentsingle-humaninteractions[7, 1]. However, this paperfocuseson new phenomenathatarise

in humaninteractionswith agentteams.

5 Summary

Thispaperpresentsa large-scaleprototype,DEFACTO, thatis currentlyfocusedonillustratingthepotential

of futuredisaster-responseto disastersthatmayariseasa resultof large-scaleterroristattacks.Basedon a

softwareproxy architectureand3D visualizationsystem,DEFACTO providestwo key advancesover pre-

viouswork. First,DEFACTO'sOmni-Viewerenablesthehumanto bothimprovesituationalawarenessand

assistagents,by providing anavigable3D view alongwith a2D globalallocationview. Second,DEFACTO

incorporates�e xibleAA strategies,evenexcludinghumansfrom theloopin extremecircumstances.Weper-

formeddetailedexperimentsusingDEFACTO, leadingto somesurprisingresults.Theseresultsillustrate

thatanagentteammustbeequippedwith �e xible strategiesfor adjustableautonomysothattheappropriate

strategy canbe selected.Exciting feedbackfrom DEFACTO's ultimateconsumersillustratesits promise

andpotentialfor real-world application.
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