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Abstract

Whenaddressingerroristthreatswe mustgive specialattentionto both preventionanddisasterre-
sponseEnablingeffectiveinteractiondbetweeragenteamsandhumandor disasteresponsés acritical
areaof researchwith encouragingrogressn the pastfew years.However, previouswork suffersfrom
two key limitations: (i) limited humansituationalawarenessreducinghumaneffectivenesdn direct-
ing agentteamsand (ii) the agentteamsrigid interactionstratgiesthatlimit teamperformance.This
paperfocuseson anovel disasteresponseoftwareprototype calledDEFACTO (Demonstratindeffec-
tive Flexible Agent Coordinationof TeamsthroughOmnipresence)DEFACTO is basedon a software
proxy architectureand 3D visualizationsystem,which addressethe two limitations describecabove.
First, the 3D visualizationinterfaceenableshumanvirtual omnipresence the ervironment,improving
humansituationalawarenessandability to assistagents.Secondgeneralizingpastwork on adjustable
autonomytheagenteamchooseamongavarietyof “team-lesel” interactionstratgies,evenexcluding

humansrom theloopin extremecircumstances.

Thisresearchvassupportedy the United State<Departmenbdf HomelandSecuritythroughthe Centerfor RiskandEconomic
Analysisof TerrorismEvents(CREATE). However, ary opinions, ndings, andconclusionr recommendationi this document

arethoseof theauthoranddo notnecessarilye ect views of the U.S. Departmenbf HomelandSecurity



1 Intr oduction

In theshadav of large-scalenationalandinternationaterroristincidents,t is critical to provide rst respon-
dersandrescuepersonneWwith toolsthatenablemoreeffective andef cient disasteresponseWe ervision
futuredisasteresponseo be performedwith a mixture of humangperforminghigh level decision-making,
intelligentagentscoordinatingthe responseandhumansandrobotsperformingkey physicaltasks. These
heterogeneouseamsof robots,agents,and people[16] will provide the safestand most effective means
for quickly respondingo a disaster suchasa terroristattack. A key aspectof sucha responsewill be
agent-assistedehiclesworking together Speci cally, agentswill assistthe vehiclesin planningroutes,
determiningresourcego useandeven determiningwhich re to ght. Eachagentonly obtainslocal in-
formationaboutits surroundingand mustcommunicatewith othersto obtainadditionalinformation,and
coordinateto ensureghatmaximumnumbersof civilians aresaved andpropertydamageas minimized.

However, despiteadwvancedn agenttechnologieshumaninvolvementwill becrucial. Allowing humans
to make critical decisionswithin a teamof intelligent agentsor robotsis prerequisitefor allowing such
teamsto beusedin domainswherethey cancausephysical, nancial or psychologicaharm. Thesecritical
decisionsinclude not only the decisionsthat, for moral or political reasonshumansmustbe allowed to
make, but alsocoordinationdecisionsthat humansare betterat makingdueto accesgo importantglobal
knowledge,generainformationor supporttools.

Already humaninteractionwith agentteamsis critical in alarge numberof currentandfuture applica-
tions[2, 5, 16, 3]. For example,currentefforts emphasizéhumanscollaborationwith robotteamsin space
explorations,humansteamingwith robotsandagentsfor disasterescueaswell ashumanscollaborating
with multiple softwareagentdor training[4, 6].

This paperfocuseson the challengeof improving the effectivenessof applicationsof humancollabora-
tion with agentteams.Previouswork hasreportedencouragingrogressn this arenag.g.,via proxy-based
integration architectures[1]l adjustableautonomy[154] andagent-humarlialogue[1]. Despitethis en-
couragingprogresspreviouswork suffersfrom two key limitations. First,wheninteractingwith agenteams
actingremotely humaneffectivenesss hamperedy interfacesthat limit their ability to apply decision-
makingskills in afastandaccuratananner Techniqueghatprovide telepresenceia videoarehelpful [5],
but cannotprovide theglobalsituationawarenessSecondagentteamshave beenequippedvith adjustable
autonomy(AA)[16] but not the e xibility critical in suchAA. Indeed,the appropriateAA methodvaries
from situationto situation.In somecaseghe humanusershouldmake mostof the decisions.However, in

othercasedhiumaninvolvementmayneedto berestricted.Such e xible AA techniquefiave beendeveloped



in domainswherehumansnteractwith individual agentq15], but whetherthey applyto situationswhere
humangnteractwith agentteamss unknavn.

We reporton a software prototypesystem DEFACTO (Demonstratind=ffective Flexible Agent Coor
dinationof TeamsthroughOmnipresence}hat enablesagent-humarollaborationand addressethe two
shortcoming®utlinedabore. Thesystemncorporatestateof theartarti cial intelligence 3D visualization
andhuman-interactiomeasoningnto a uniquehigh delity systemfor researchinto humanagentcoordi-
nationin comple ervironments. DEFACTO incorporatesa visualizerthat allows for the humanto have
anomnipesentinteractionwith remoteagentteams,overcomingthe rst limitation describedabore. We
referto this asthe Omni-Viewer, andit combinestwo modesof operation. The Navigation Mode allows
for a navigable, high quality 3D visualizationof the world, whereashe Allocation Mode providesa tra-
ditional 2D view anda list of possibletaskallocationsthat the humanmay perform. Humanexpertscan
quickly absorbon-goingagentandworld actvity, taking advantageof both the brain's favoredvisual ob-
ject processingskills (relative to textual search[10]), andthe factthat 3D representationsanbe innately
recognizablewithout the layer of interpretatiorrequiredof map-like displaysor raw computerogs. The
Navigationmodeenableghe humanto understandhe local perspectiesof eachagentin conjunctionwith
theglobal,system-wideerspectie thatis obtainedn the Allocation mode.

Secondjo provide e xible AA, we generalizehe notion of strategiesfrom single-agensingle-human
contet [15]. In our work, agentsmay e xibly chooseamongteam stratgjies for adjustableautonomy
insteadof only individual stratgies; thus,dependingon the situation,the agentteamhasthe e xibility to
limit humaninteractionandmayin extremecasesxcludehumandrom theloop.

We presentesultsfrom detailedexperimentsvith DEFACTO, which revealtwo major surprisesFirst,
contraryto previous results[16], humaninvolvementis not always bene cial to an agentteam—despite
their bestefforts, humangnay sometime®ndup hurtingan agentteams performance Secondjncreasing
thenumberof agentdn anagent-humateammayalsodegradetheteamperformancegventhoughincreas-
ing the numberof agentsin a pureagentteamunderidenticalcircumstancegmprovesteamperformance.
Fortunatelyin boththe surprisinginstancesabose, DEFACTO's e xible AA stratgiesalleviate suchprob-
lematicsituations.DEFACTO is currentlyinstantiatedasa prototypeof a future disasteresponsesystem.
DEFACTO hasbeenrepeatedlydemonstratedo key police and re departmenpersonneln Los Angeles

areawith very positive feedback.



2 DEFACTO SystemDetails

The DeFACTO systemis currentlyfocusedon illustrating the potentialof future disasterresponseo dis-
asterghatmay ariseasa resultof large-scalderroristattacks.Constructedaspart of the effort at the rst
centerfor researchexcellenceon homelandsecurity (the CREATE center),DeFACTO is motivatedby a
scenarioof greatconcernto rst respondersvithin Los Angelesandothermetropolitanareas— indeed,in
ourconsulationsvith theLos Angelesre departmenandpersonnefrom the CREATE centerthisscenario
appearso beof thegreatestoncern.n particularin thisscenariogshoulderred missileis usedto attack
averylow- ying civilian jet-liner, causinghejet-linerto crashinto anurbanareaandcauseadisasteonthe
ground. For instance of greatconcernis thatsucha nightmarescenariomay unfold whenaircraft takeof
or landatthe Los Angelesinternationahirport(LAX). Thescenariccouldleadto multiple res in multiple
locations creatingharmto civilians on the ground,with potentiallymary critically injuredcivilians. While
therearemary longertermimplicationsof suchanattack,suchastheeconomicalmpact,thepsychological
impact,andtherespons@f the FAA etc.we focuson assistingn theshorterterm rst response

In this chaptemwve will describewo majorcomponente®f DEFACTO: the Omni-Viewer andthe proxy-
basedeamvork (seeFigurel). The Omni-Viewer is an adwancedhumaninterfacefor interactingwith an
agent-assisteresponseffort. The Omni-Viewer providesfor both globalandlocal views of anunfolding
situation, allowing a humandecision-maé&r to precisethe informationrequiredfor a particulardecision.
A teamof completelydistributed proxies,whereeachproxy encapsulateadvancedcoordinationreasoning
basedon the theoryof teamvork, controlsandcoordinatesgentsn a simulatedervironment. The useof
the proxy-basedeambringsrealistic coordinationcompleity to the prototypeandallows more realistic
assessmertf the interactionsbetweenhumansand agent-assistetesponse.Currently we have applied
DEFACTO to a disasterrescuedomain. The incidentcommandenof the disasteractsasthe humanuser
of DEFACTO. We focuson two urbanareas:a squareblock thatis denselycoveredwith buildings (we
useonefrom Kobe,Japan)andthe USC campus, which is more sparselycoveredwith buildings. In our
scenarioseveral buildings areinitially on re, andtheseres spreado adjacentouildingsif they arenot
quickly contained.The goalis to have a humaninteractwith theteamof re enginesn orderto save the
mostbuildings. Our overall systemarchitectureappliedto disasteresponseanbe seenin Figurel. While
designedor realworld situations DEFACTO canalsobe usedasa training tool for incidentcommanders

whenhooked up to a simulateddisasterscenario.
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Figurel: DEFACTO systemappliedto adisasterescue.

2.1 Omni-Viewer

Our goalof allowing uid humaninteractionwith agentsrequiresa visualizationsystemthat providesthe
humanwith a global view of agentactvity aswell asshawving the local view of a particularagentwhen
needed.Hence,we have developedan omnipresentiewer, or Omni-Viewer, which will allow the human
userdiverseinteractionwith remoteagenteams.While aglobalview is obtainabldrom atwo-dimensional
map, a local perspectie is bestobtainedfrom a 3D viewer, sincethe 3D view incorporateghe perspec-
tive andocclusioneffectsgeneratedby a particularviewpoint. The literatureon 2D- versus3D-viewersis
ambiguousFor example spatiallearningof ernvironmentsfrom virtual navigationhasbeenfoundto beim-
pairedrelative to studyingsimplemapsof thesameervironmentq12]. Ontheotherhand,theproblemmay
be that mary virtual environmentsarerelatively blandandfeatureless.Ruddlepointsout that navigating
virtual ervironmentscanbe successfuif rich, distinguishabléandmarksarepresen{13].

To addresur discrepangoals,the Omni-Viewer incorporatedoth a corventionalmap-like 2D view,
Allocation Mode (Figure 2-c) and a detailed3D viewer, Navigation Mode (Figure 2-a). The Allocation
modeshaws the global overvien aseventsareprogressingandprovidesa list of tasksthatthe agentshave
transferredo the human. The Navigation modeshavs the samedynamicworld view, but allows for more
freedomto move to desiredlocationsand views. In particular the usercandrop to the virtual ground

level, therebyobtainingthe world view (local perspectie) of a particularagent.At this level, the usercan
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Figure2: Omni-Viewer duringa scenario:(a) Multiple res startacrosghe campugb) The IncidentCom-
manderseshe Navigationmodeto quickly graspthe situation(c) Navigationmodeshavs a closerlook at
oneof the res (d) Allocation modeis usedto assigna re engineto the re (e) The re enginehasarrived

atthe re (f) The re hasbeenextinguished.



“walk” freelyaroundthescenepbservinghelocallogisticsinvolvedasvariousentitiesareperformingtheir
duties.Thiscanbehelpfulin evaluatingthe physicalgroundcircumstanceandalteringtheteams behaior
accordingly It alsoallows theuserto feelimmersedn the scenavherevariousfactors(psychologicaletc.)
may comeinto effect.

In orderto preventcommunicatiorbandwidthissueswe assumehata high resolution3D modelhas
alreadybeencreatedandthe only datathatis transferredduring the disasterare importantchangego the
world. Generatingthis suitable3D model ervironmentfor the Navigation mode can require monthsor
evenyearsof manualmodelingeffort, asis commonlyseenin thedevelopmenibf commercialvideo-games.
However, to avoid thislevel of effort we make useof thework of Youet. al. [17] in rapid,minimally assisted
constructiorof polygonalmodelsfrom LIDAR (Light DetectionandRanging)data.Giventheraw LIDAR
point data,we canautomaticallysegmentbuildings from groundandcreatethe high resolutionmodelthat
the Navigationmodeutilizes. The constructiorof the campusandsurroundingarearequiredonly two days
usingthis approach LIDAR is aneffective way for ary newv geographiareato be easilyinsertedinto the
Omni-Viewer.

We usethe JME gameengineto performtheactualrenderingdueto its cross-platforncapabilities IME
is anextensiblelibrary built on LWJGL (Light WeightJava GameL.ibrary), which interfaceswith OpenGL
and OpenAL. This ervironmenteasily provided real-timerenderingof the textured campuservironment
on mid-rangecommodityPCs. JME utilizes a scenegraphto orderthe renderingof geometricentities. It
providessomeimportantfeaturessuchasOBJformat modelloading (which allows usto authorthe model
andtexturesin atool like Mayaandloadit in JME) andalsovariousassorteaffectssuchasparticlesystems

for res.

2.2 Proxy: Teamwork

A key hypothesisn thiswork is thatintelligentdistributedagentswill beakey elementf a futuredisaster
response Taking adwantageof emeging robust, high bandwidthcommunicatiorinfrastructurewe believe
that a critical role of theseintelligent agentswill be to managecoordinationbetweenall membersof the
responsdeam. Speci cally, we are using coordinationalgorithmsinspired by theoriesof teamwvork to
managehedistributedrespons¢l8]. Thegenerakoordinatioralgorithmsareencapsulatenh proxies with
eachteammemberhaving its own proxy andrepresentingt in theteam.The currentversionof the proxies
is calledMachinetta[14] andextendsthe successfuleamcoregroxies[11]. Machinettais implementedn
Javaandis freely availableon theweh Noticethattheconcepiof areusablgroxy differsfrom mary other

“multiagenttoolkits” in thatit providesthecoordinatiomalgorithms e.g.,algorithmsfor allocatingtasks,as



Figure3: ProxyArchitecture

opposedo theinfrastructue, e.g.,APIsfor reliablecommunication.

Communication: communicatiorwith otherproxies

Coordination: reasoningaboutteamplansandcommunication

State: theworking memoryof the proxy

Adjustable Autonomy: reasoningaboutwhetherto actautonomouslyr passcontrolto theteammember

RAP Interface: communicatiorwith theteammember

The Machinettasoftware consistsof ve main modules,three of which are domainindependenand
two of which aretailoredfor speci ¢ domains.Thethreedomainindependentodulesarefor coordination
reasoningmaintaininglocal beliefs(state)andadjustableautonomy The domainspeci ¢ modulesarefor
communicatiorbetweenproxiesand communicatiorbetweena proxy anda teammember The modules
interactwith eachotheronly via the local statewith a blackboarddesignandaredesignedo be “plug and
play”, thus,e.g.,new adjustableautonomyalgorithmscanbe usedwith existing coordinationalgorithms.
The coordinationreasonings responsibldor reasoningaboutinteractionswith otherproxies,thusimple-
mentingthe coordinatioralgorithms.The adjustableautonomyalgorithmsreasorabouttheinteractionwith
theteammembey providing the possibilityfor theteammemberto make ary coordinationdecisioninstead
of the proxy. For example,the adjustableautonomymodulecanreasorthata decisionto accepta role to
rescuea civilian from a burning building shouldbe madeby the humanwhowill gointo thebuilding rather
thanthe proxy. In practice,the overwhelmingmajority of coordinationdecisionsare madeby the proxy,
with only key decisiongeferredto teammembers.

Teamsof proxiesimplementeamorientedplans(TOPs)which describgoint actwities to be performed
in termsof theindividual rolesto be performedandary constraintdetweerthoseroles. Typically, TOPsare
instantiateddynamicallyfrom TOP templatesat runtimewhenpreconditionsassociateavith the templates
are lled. Typically, a large teamwill be simultaneouslyexecutingmary TOPs. For example,a disaster

responseéeammight beexecutingmultiple ght re TOPs.Such ght re TOPsmightspecifyabreakdavn



of ghting a re into actvities suchas checkingfor civilians, ensuringpowver and gasis turnedoff and
sprayingwater Constraintetweertheseroleswill specifyinteractionsuchasrequiredexecutionordering
andwhetheronerole canbe performedf anotheiis not currentlybeingperformed Noticethat TOPsdo not
specifythecoordinatioror communicatiorequiredo executeaplan,the proxy determineshecoordination

thatshouldbe performed.

2.3 Proxy: Adjustable Autonomy

In this paperwe focuson a key aspecbf the proxy-basedaoordination:AdjustableAutonomy Adjustable
autonomyrefersto anagents ability to dynamicallychangets own autonomy possiblyto transfercontrol
overadecisionto a human.Presiouswork on adjustableautonomycouldbe catgjorizedaseitherinvolving
asinglepersoninteractingwith a singleagent(the agentitself may interactwith others)or a single person
directly interactingwith ateam.In the single-agensingle-humarcateory, theconcepf e xible transfer
of-control stratgy hasshavn promise[15]. A transferof-control stratgy is a preplannedsequenceof
actionsto transfercontrolover a decisionamongmultiple entities,for example,anAH 1H stratgy implies
thatanagent(A ) attemptsadecisionandif theagentfailsin thedecisionthenthecontroloverthedecision
is passedo a humanH 1, andthenif H; cannotreacha decision,thenthe controlis passedo H,. Since
previouswork focusedon single-agensingle-humannteraction stratgieswereindividual agentstratgies
whereonly asingleagentactedatatime.

An optimaltransferof-contrd stratgy optimallybalancesherisksof notgettingahighquality decision
againstherisk of costsincurreddueto adelayin gettingthatdecision.Flexibility in suchstratgiesimplies
that an agentdynamicallychooseghe onethatis optimal, basedon the situation,amongmultiple such
stratgies(H 1A, AH 1, AH 1A, etc.) ratherthanalwaysrigidly choosingonestratgy. Thenotionof e xible
stratgjies,however, hasnotbeenappliedin thecontext of humansgnteractingwith agent-teamsThus,akey
questionis whethersuch e xible transferof control stratgiesarerelevantin agent-teamsparticularlyin a
large-scaleapplicationsuchasours.

DEFACTO aimsto answetthis questiorby implementingransferof-control stratgiesin the context of
agentteams. Onekey adwancein DEFACTO, however, is thatthe stratgies are not limited to individual
agentstratgies, but alsoenablegseam-level stratgjies. For example,ratherthantransferringcontrol from
a humanto a single agent,a team-level stratgy could transfercontrol from a humanto an agent-team.
Concretelyeachproxy is providedwith all stratgly options;thekey is to selecttheright stratgy giventhe
situation.An exampleof ateamlevel stratgy would combineA 1 Stratgy andH Stratey in orderto make

ATH Stratgy. The default teamstratgy, A+, keepscontrol over a decisionwith the agentteamfor the
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entiredurationof thedecision. TheH stratgy alwaysimmediatelytransferscontrolto the human.A+H
stratgyy is the conjunctionof teamlevel At stratgy with H stratgy. This stratgy aimsto signi cantly
reducetheburdenon theuserby allowing thedecisionto rst passhroughall agentdefore nally goingto

theuser if theagentteamfails to reacha decision.

3 Experiments and Evaluation

Our DEFACTO systemwasevaluatedn threekey ways,with the rst two focusingon key individual com-
ponentof the DEFACTO systemandthe lastattemptingio evaluatethe entiresystem First, we performed
detailedexperimentscomparingthe effectivenessof AdjustableAutonomy (AA) strategies over multiple
users.In orderto provide DEFACTO with a dynamicrescuedomainwe choseto connecit to a simulator
We chosethe previously developedRoboCupRescuesimulationervironment[8]. In this simulator re
engineagentcansearchhecity andattemptto extinguishary res thathave startedn thecity. To interface
with DEFACTO, eachre engineis controlledby a proxyin orderto handlethe coordinatiorandexecution
of AA stratgies. Consequentlythe proxiescantry to allocate re engineso res in adistributedmanner
but canalsotransfercontrolto the moreexpertuser The usercanthenusethe Omni-Viewerin Allocation
modeto allocateenginedo the res thathe hascontrolover. In orderto focusonthe AA stratgies(trans-
ferring the control of taskallocation)and not have the usersability to navigate interferewith results,the
Navigationmodewasnot usedduringthis rst setof experiments.

The resultsof our experimentsareshavn in Figure4, which shavs the resultsof subjectsl, 2, and 3.
Eachsubjectwasconfrontedwith thetaskof aiding re enginesn saving a city hit by a disaster For each
subject,we testedthreestratgies, speci cally, H, AH andA+H ; their performancavas comparedwith
the completelyautonomousAt stratgy. AH is anindividual agentstratgy, testedfor comparisorwith
AtH, whereagentsactindividually, and passthosetasksto a humanuserthatthey cannotimmediately
perform. Eachexperimentwasconductedvith the sameinitial locationsof res andbuilding damage For
eachstratg@y wetestedyariedthenumberof re enginedbetweert, 6 and10. Eachchartin Figure4 shavs
thevaryingnumberof re enginesonthex-axis,andtheteamperformanceén termsof numbersof building
savedonthey-axis. Forinstancestratgy At saves50 building with 4 agents Eachdatapointonthegraph
is anaverageof threeruns. Eachrunitself took 15 minutes,andeachuserwasrequiredto participatein 27
experimentswhich togetherwith 2 hoursof gettingorientedwith the system equateso about9 hoursof
experimentpervolunteer

Figure4 enablesusto concludethefollowing:
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Figure4: Performancef subjectsl, 2, and3.
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Humaninvolvementvith agentteamsdoesnot necessarilyfeadto improvemenin teamperformance
Contraryto expectationsand prior results,humaninvolvementdoesnot uniformly improve team
performanceasseenby human-involving stratgiesperformingworsethanthe At stratgy in some
instances.For instance for subject3, humaninvolving stratgiessuchasAH provide a someavhat
higherqualitythanA+ for 4 agentsyetathighernumbersof agentsthestratgy performances lower

thanA+.

Providing more agentsat a humans commandioesnot necessarilyimprove the agent teamperfor
mance As seenfor subject2 and subject3, increasingagentsfrom 4 to 6 given AH andAtH
stratgiesis seento degradeperformance.In contrast,for the At stratgy, the performanceof the
fully autonomousgentteamcontinuego improve with additionsof agentsthusindicatingthatthe
reductionin AH andAtH performancds dueto humaninvolvement. As the numberof agents

increaseo 10, theagentteamdoesrecover.

No strategy dominateshroughall theexperimentgivenvaryingnumbes of agents.For instanceat4
agentshuman-iwvolving stratgiesdominatethe At stratgy. However, at 10 agentsthe At stratgy

outperformsall possiblestratgiesfor subjectsl and3.

Comple team-level stratggies are helpful in practice AtH leadsto improvementover H with 4
agentdor all subjectsalthoughsurprisingdominationof AH overAtH in somecasesndicateshat

AH mayalsobeausefulstratgy in ateamsetting.

Note that the phenomenalescribedangeover multiple users,multiple runs, and multiple stratgies.
Themostimportantconclusionfrom these gures is that exibility is necessaryo allow for theoptimal AA
strategy to beapplied Thekey questionis thenhow to selecttheappropriatestratgy for ateaminvolving a
humanwhoseexpecteddecisionquality is EQy . In fact, by estimatingthe EQy of a subjectby checking
the“H” stratgy for smallnumberof agentqsay4), andcomparingio At stratgy, we maybegin to select
the appropriatestratgy for teamsinvolving more agents. In general,higher EQy lets us still choose
stratgjies involving humansfor a more numerougeam. For large teamshowever, the numberof agents
AGy effectively controlledby thehumandoesnotgrow linearlythusA stratgy becomesiominant.

Unfortunately the stratgjies including the humansand agents(AH andA+yH) for 6 agentsshav a
noticeabledecreasen performancdor subjects2 and3 (seeFigure4). It would be usefulto understand
which factorscontrikutedto this phenomena.

Our crucial predictionswerethatwhile numbersof agentincreaseAG y steadilyincreasesandE Qy

remainsconstant.Thus,thedip at 6 agentss essentiallyaffectedby eitherAGy or EQy . We rst tested
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Strateyy H AH ATH
#otagents| 4 | 6 [ 10| 4] 6 0] a] 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

Tablel: Totalamountof allocationsgiven.
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AGy in ourdomain.Theamountof effective agentsAG y , is calculatedby dividing how mary total allo-
cationseachsubjectmadeby how mary the At stratgy madeperagentassumingAt stratgy effectively
usesall agents.Figure5-(a) shavs the numberof agentson the x-axis andthe numberof agentseffective
used AGy, onthey-axis;the At stratgy, whichis usingall availableagentsis alsoshavn asareference.
However, theamountof effective agentss actuallyaboutthesamen 4 and6 agents Thiswould notaccount
for the sharpdrop we seein the performance We thenshiftedour attentionto the EQy of eachsubject.
Onereductionin EQy couldbe becauseubjectssimply did not sendasmary allocationstotally over the
courseof the experiments.This, however is not the caseascanbe seenin Table1 wherefor 6 agentsthe
totalamountof allocationggivenis comparabléo thatof 4 agents.To investigatefurther we checledif the
quality of humanallocationhaddegraded.For ourdomain themore re engineghat ght thesamere, the
morelikely it is to be extinguishedandin lesstime. For this reasonthe amountof agentshatweretasled
to each re is a goodindicatorof the quality of allocationsthatthe subjectmalkes 5-(b). Figure6 shavs
the numberagentson the x-axisandthe averageamountof re enginesallocatedio eachre onthey-axis.
AH andAtH for 6 agentgesultin signi cantly lessaverage re enginesertask( re) andthereforeless
averageE Qy .

The secondaspectof our evaluationwasto explore the bene ts of the Navigation mode (3D) in the
Omni-Viewer over solely an Allocation mode (2D). We performed?2 testson 20 subjects. All subjects
were familiar with the USC campus. Test1 shaved Navigation and Allocation modescreenshotsf the
university campusgo subjects.Subjectsvereasled to identify a uniquebuilding on campuswhile timing
eachresponseTheaveragetime for asubjectto nd thebuilding in 2D was29.3secondswhereaghe 3D
allowedthemto nd the samebuilding in anaverageof 17.1seconds.Test2 againdisplayedNavigation
andAllocation modescreenshotsf two buildings on campugthat hadjust caughtre. In Test2, subjects
wereasled rst asledto allocatere enginego thebuildingsusingonly theAllocationmode.Thensubjects
were shavn the Navigation modeof the samescene.90 percentof the subjectsactuallychoseto change
theirinitial allocation,giventheextrainformationthatthe Navigationmodeprovided.

Third, thecompleteDEFACTO systemhasbeenperiodicallydemonstratetb key governmentagencies,
public safetyof cials and disasterresearcheror assessingts utility by the ultimate consumerof the
technology with exciting feedback.Indeedthey wereeagerto deploy DEFACTO andbegin usingit asa
researchiool to explorethe unfolding of differentdisastersFor example,duringoneof thedemonstrations
on Nov 18, 2004 Gary Ackerman,a SeniorResearctAssociateat the Centerfor NonproliferationStudies
at the Montergy Institute of InternationalStudiespointedout in referenceo DEFACTO, “This is exactly

thetype of systemwe are looking for” to studythe potentialeffect of terroristattacks.Also, we have met
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with severalpublic safetyof cials aboutusingDEFACTO asatrainingtool for their staf. Accordingto Los
AngelesCounty Fire DepartmentCaptainMichael Lewis: “Effectivesimulationprogramsfor r e ghters
mustberealistic,relevantin scopeandimitatethecommunicatiorthallengesonthe r eground. DEFACTO

focusentheseveryissues.

4 RelatedWork

We have discussedelatedwork throughoutthis papey howvever, we now provide comparisonswith key
previousagentsoftware prototypesandresearchAmongthe currenttoolsaimedat simulatingrescueervi-
ronmentst is importantto mentionproductdike TerraSim[20], JCATS [9] andEPICS[19]. TerraTolsis
a completesimulationdatabaseonstructiorsystemfor automatedgndrapid generatiorof high- delity 3D
simulationdatabasefom cartographicsourcematerials.Developedby TerraSim,Inc. TerraToolsprovides
thesetof integratedtoolsaimedatgeneratingariousterrains however, it is notapplicableo simulaterescue
operationsJCAT S represents self-containedhigh-resolutiorjoint simulationin usefor entity-level train-
ing in open,urbanandsubterraneaarvironments Developedby LawrencelivermoreNationalLaboratory
JCATS givesusersthe capabilityto detail the replicationof smallgroupandindividual actvities duringa
simulatedoperation.Althoughit providesa greathumantraining ervironment,at this point JCATS cannot
simulateintelligentagents.Finally, EPICSis a computetbased,scenario-dkien, high-resolutionsimula-
tion. It is usedby emegeng responseagencieso trainfor emegeng situationghatrequiremulti-echelon
and/orinterageny communicatiorandcoordination.Developedby the U.S. Army TrainingandDoctrine
CommandAnalysis Centey EPICSis alsousedfor exercisingcommunicationandcommandand control
procedurest multiple levels. Similar to JCATS however, intelligent agentsand agent-humarinteraction
cannotbe simulatedby EPICSatthis point.

Givenour applicationdomains Scerriet al's work on robot-agent-perso(RAP) teamsfor disasterres-
cueis likely the most closelyrelatedto DEFACTO [16]. Our work takes a signi cant stepforward in
comparison.First, the omni-viever enablesavigational capabilitiesimproving humansituationalaware-
nessnot presentin previous work. Second,we provide team-level stratgies, which we experimentally
verify, absentin thatwork. Third, we provide extensve experimentationandillustrate that someof the
conclusiongeachedn [16] wereindeedpreliminary e.g.,they concludethathumaninvolvements always
bene cial to agenteamperformancewhile our moreextensve resultsindicatethatsometimesgenteams
arebetteroff excluding humansfrom the loop. Humaninteractionsin agentteamsis alsoinvestigatedn

[2, 17], andthereis signi cant researclon humaninteractionswith robot-teamg5, 3]. However they do
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notuse e xible AA stratgiesand/orteam-leel AA stratgies. Furthermorepur experimentalresultsmay
assistheseresearcheri recognizingthe potentialfor harmthathumansamay causeo agentor robotteam
performanceSigni cant attentionhasbeenpaidin the contet of adjustableautonomyandmixed-initiatve
in single-agensingle-humannteractiond7, 1]. However, this paperfocuseson nev phenomenahatarise

in humaninteractionswith agentteams.

5 Summary

This paperpresents large-scalgrototype DEFACTO, thatis currentlyfocusedonillustratingthe potential
of future disasteresponseo disastergshatmay ariseasa resultof large-scalderroristattacks.Basedon a
software proxy architectureand3D visualizationsystem DEFACTO providestwo key adwancesover pre-
viouswork. First, DEFACTO's Omni-Viewer enableghe humanto bothimprove situationalawarenessand
assistagentshy providing anavigable3D view alongwith a2D globalallocationview. SecondPEFACTO
incorporatese xible AA stratgies,evenexcludinghumandgrom theloopin extremecircumstancesiVe per
formeddetailedexperimentsusingDEFACTO, leadingto somesurprisingresults. Theseresultsillustrate
thatanagentteammustbe equippedvith e xible stratgiesfor adjustableautonomysothattheappropriate
stratgly canbe selected.Exciting feedbackirom DEFACTO's ultimate consumersllustratesits promise

andpotentialfor real-world application.
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