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Abstract Enablingeffective interactionsbetweenagentteamsandhumansfor disasterre-
sponseis a critical areaof research,with encouragingprogressin thepastfew
years. However, previous work suffers from two key limitations: (i) limited
humansituationalawareness,reducinghumaneffectivenessin directingagent
teamsand(ii) theagentteam's rigid interactionstrategiesthatlimit teamperfor-
mance.ThispaperpresentsasoftwareprototypecalledDEFACTO(Demonstrat-
ing Effective Flexible Agent Coordinationof TeamsthroughOmnipresence).
DEFACTO is basedon a softwareproxy architectureand3D visualizationsys-
tem, which addressesthe two limitations describedabove. First, the 3D vi-
sualizationinterfaceenableshumanvirtual omnipresencein the environment,
improving humansituationalawarenessand ability to assistagents. Second,
generalizingpastwork on adjustableautonomy, theagentteamchoosesamong
avarietyof “team-level” interactionstrategies,evenexcludinghumansfrom the
loop in extremecircumstances.

� This researchwassupportedby theUnitedStatesDepartmentof HomelandSecuritythroughtheCenter
for Risk andEconomicAnalysisof TerrorismEvents(CREATE). However, any opinions,�ndings, and
conclusionsor recommendationsin this documentare thoseof the authoranddo not necessarilyre�ect
viewsof theU.S.Departmentof HomelandSecurity.
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1.1 In tro duction

We envision futuredisasterresponseto beperformedwith a mixtureof hu-
mansperforminghigh level decision-making,intelligent agentscoordinating
theresponseandhumansandrobotsperformingkey physicaltasks.Thesehet-
erogeneousteamsof robots,agents,andpeople[18] will providethesafestand
mosteffectivemeansfor quickly respondingto adisaster, suchasaterroristat-
tack. A key aspectof sucha responsewill beagent-assistedvehiclesworking
together. Speci�cally, agentswill assistthe vehiclesin planningroutes,de-
terminingresourcesto useandevendeterminingwhich �re to �ght. However,
despiteadvancesin agenttechnologies,humaninvolvementwill becrucial.Al-
lowing humansto makecritical decisionswithin ateamof intelligentagentsor
robotsis prerequisitefor allowing suchteamsto beusedin domainswherethey
cancausephysical, �nancial or psychologicalharm. Thesecritical decisions
includenotonly thedecisionsthat,for moralor political reasons,humansmust
beallowedto make, but alsocoordinationdecisionsthathumansarebetterat
makingdueto accessto importantglobal knowledge,generalinformationor
supporttools.

Already, humaninteractionwith agentteamsis critical in a large number
of currentandfuture applications[2, 5, 18, 3]. For example,currentefforts
emphasizehumanscollaborationwith robot teamsin spaceexplorations,hu-
mansteamingwith robotsandagentsfor disasterrescue,aswell ashumans
collaboratingwith multiplesoftwareagentsfor training[4, 6].

Thispaperfocusesonthechallengeof improving theeffectivenessof appli-
cationsof humancollaborationwith agentteams.Previouswork hasreported
encouragingprogressin this arena,e.g.,via proxy-basedintegrationarchitec-
tures[13],adjustableautonomy[17,4] andagent-humandialogue[1]. Despite
this encouragingprogress,previous work suffers from two key limitations.
First,wheninteractingwith agentteamsactingremotely, humaneffectiveness
is hamperedby interfacesthatlimit theirability to applydecision-makingskills
in a fastandaccuratemanner. Techniquesthatprovide telepresencevia video
are helpful [5], but cannotprovide the global situationawareness.Second,
agentteamshave beenequippedwith adjustableautonomy(AA)[18] but not
the �e xibility critical in suchAA. Indeed,the appropriateAA methodvaries
from situationto situation. In somecasesthe humanusershouldmake most
of the decisions. However, in other caseshumaninvolvementmay needto
be restricted. Such�e xible AA techniqueshave beendevelopedin domains
wherehumansinteractwith individual agents[17], but whetherthey apply to
situationswherehumansinteractwith agentteamsis unknown.
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We reporton a softwareprototypesystem,DEFACTO (DemonstratingEf-
fective Flexible Agent Coordinationof TeamsthroughOmnipresence),that
enablesagent-humancollaborationandaddressesthe two shortcomingsout-
lined above. The systemincorporatesstateof the art arti�cial intelligence,
3D visualizationandhuman-interactionreasoninginto a uniquehigh �delity
systemfor researchinto humanagentcoordinationin complex environments.
DEFACTO incorporatesa visualizerthatallows for thehumanto have anom-
nipresentinteractionwith remoteagentteams,overcomingthe�rst limitation
describedabove. We refer to this asthe Omni-Viewer, andit combinestwo
modesof operation.TheNavigationModeallowsfor anavigable,highquality
3D visualizationof the world, whereasthe Allocation Mode providesa tra-
ditional 2D view anda list of possibletaskallocationsthat the humanmay
perform. Humanexpertscanquickly absorbon-goingagentandworld activ-
ity, takingadvantageof boththebrain's favoredvisualobjectprocessingskills
(relative to textual search,[11]), andthe fact that 3D representationscanbe
innatelyrecognizable,without thelayerof interpretationrequiredof map-like
displaysor raw computerlogs. The Navigation modeenablesthe humanto
understandthelocalperspectivesof eachagentin conjunctionwith theglobal,
system-wideperspective thatis obtainedin theAllocationmode.

Second,to provide �e xible AA, wegeneralizethenotionof strategiesfrom
single-agentsingle-humancontext [17]. In our work, agentsmay �e xibly
chooseamongteamstrategies for adjustableautonomyinsteadof only indi-
vidual strategies;thus,dependingon thesituation,theagentteamhasthe�e x-
ibility to limit humaninteraction,andmay in extremecasesexcludehumans
from theloop.

Wepresentresultsfrom detailedexperimentswith DEFACTO,whichreveal
two major surprises.First, contraryto previous results[18], humaninvolve-
ment is not always bene�cial to an agentteam—despitetheir bestefforts,
humansmaysometimesenduphurtinganagentteam's performance.Second,
increasingthenumberof agentsin anagent-humanteammayalsodegradethe
teamperformance,eventhoughincreasingthenumberof agentsin apureagent
teamunderidenticalcircumstancesimprovesteamperformance.Fortunately,
in boththesurprisinginstancesabove, DEFACTO's �e xible AA strategiesal-
leviatesuchproblematicsituations.

DEFACTO is currently instantiatedasa prototypeof a future disasterre-
sponsesystem. DEFACTO hasbeenrepeatedlydemonstratedto key police
and �re departmentpersonnelin Los Angelesarea,with very positive feed-
back.
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1.2 DEF A CTO System Details

In this chapterwe will describetwo major componentsof DEFACTO: the
Omni-Viewer and the proxy-basedteamwork (seeFigure 1.1). The Omni-
Viewer is anadvancedhumaninterfacefor interactingwith anagent-assisted
responseeffort. The Omni-Viewer provides for both global and local views
of an unfolding situation,allowing a humandecision-maker to preciselythe
informationrequiredfor a particulardecision.A teamof completelydistrib-
utedproxies,whereeachproxyencapsulatesadvancedcoordinationreasoning
basedon the theoryof teamwork, controlsandcoordinatesagentsin a simu-
latedenvironment.Theuseof theproxy-basedteambringsrealisticcoordina-
tion complexity to the prototypeandallows morerealisticassessmentof the
interactionsbetweenhumansandagent-assistedresponse.Currently, we have
appliedDEFACTO to a disasterrescuedomain. The incidentcommanderof
thedisasteractsasthehumanuserof DEFACTO. This disastercaneitherbe
“man made”(terrorism)or “natural” (earthquake). We focuson two urbanar-
eas:a squareblock that is denselycoveredwith buildings (we useonefrom
Kobe,Japan)andour university campus(withheld for blind review), which
is more sparselycoveredwith buildings. In our scenario,several buildings
areinitially on �re, andthese�res spreadto adjacentbuildingsif they arenot
quickly contained.Thegoal is to have a humaninteractwith the teamof �re
enginesin orderto save the mostbuildings. Our overall systemarchitecture
appliedto disasterresponsecanbeseenin Figure1.1.While designedfor real
world situations,DEFACTO canalsobe usedasa training tool for incident
commanderswhenhookedup to asimulateddisasterscenario.

1.2.1 Omni-View er

Our goalof allowing �uid humaninteractionwith agentsrequiresa visual-
izationsystemthatprovidesthehumanwith a globalview of agentactivity as
well asshowing thelocal view of a particularagentwhenneeded.Hence,we
have developedanomnipresentviewer, or Omni-Viewer, which will allow the
humanuserdiverseinteractionwith remoteagentteams.While a globalview
is obtainablefrom a two-dimensionalmap,a localperspective is bestobtained
from a 3D viewer, sincethe3D view incorporatestheperspective andocclu-
sioneffectsgeneratedby a particularviewpoint. The literatureon 2D- versus
3D-viewersis ambiguous.For example,spatiallearningof environmentsfrom
virtual navigation hasbeenfound to be impairedrelative to studyingsimple
mapsof the sameenvironments[14]. On the other hand,the problemmay
be that many virtual environmentsarerelatively blandandfeatureless.Rud-
dle pointsout that navigating virtual environmentscanbe successfulif rich,
distinguishablelandmarksarepresent[15].
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Figure 1.1. DEFACTO systemappliedto adisasterrescue.

To addressour discrepantgoals,theOmni-Viewer incorporatesbotha con-
ventionalmap-like 2D view, Allocation Mode (Figure 1.2-c) and a detailed
3D viewer, NavigationMode(Figure1.2-a). TheAllocation modeshows the
globaloverview aseventsareprogressingandprovidesa list of tasksthat the
agentshave transferedto the human. The Navigation modeshows the same
dynamicworld view, but allowsfor morefreedomto moveto desiredlocations
andviews. In particular, theusercandropto thevirtual groundlevel, thereby
obtainingtheworld view (localperspective)of aparticularagent.At this level,
the usercan“walk” freely aroundthe scene,observingthe local logisticsin-
volved asvariousentitiesareperformingtheir duties. This canbe helpful in
evaluatingthephysicalgroundcircumstancesandalteringtheteam's behavior
accordingly. It alsoallowstheuserto feel immersedin thescenewherevarious
factors(psychological,etc.)maycomeinto effect.

In orderto preventcommunicationbandwidthissues,weassumethatahigh
resolution3D modelhasalreadybeencreatedandtheonly datathat is trans-
feredduring thedisasterareimportantchangesto theworld. Generatingthis
suitable3D modelenvironmentfor theNavigationmodecanrequiremonthsor
evenyearsof manualmodelingeffort, asis commonlyseenin thedevelopment
of commercialvideo-games.However, to avoid this level of effort we make
useof thework of Youet. al. [19] in rapid,minimally assistedconstructionof
polygonalmodelsfrom LiDAR (Light DetectionandRanging)data.Giventhe
raw LiDAR point data,we canautomaticallysegmentbuildings from ground
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(a) (b)

(c) (d)

(e) (f)

Figure 1.2. Omni-Viewerduringascenario:(a)Multiple �res startacrossthecampus(b) The
IncidentCommanderusesthe Navigation modeto quickly graspthe situation(c) Navigation
modeshows a closerlook at oneof 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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andcreatethe high resolutionmodel that the Navigation modeutilizes. The
constructionof the campus(withheld for blind review) andsurroundingarea
requiredonly two daysusingthisapproach.LiDAR is aneffectivewayfor any
new geographicareato beeasilyinsertedinto theOmni-Viewer.

We usethe JME gameengineto perform the actualrenderingdue to its
cross-platformcapabilities. JME is an extensiblelibrary built on LWJGL
(Light Weight Java GameLibrary), which interfaceswith OpenGLandOpe-
nAL. This environmenteasily provided real-timerenderingof the textured
campusenvironmenton mid-rangecommodityPCs. JME utilizes a scene
graphto order the renderingof geometricentities. It providessomeimpor-
tantfeaturessuchasOBJformatmodelloading(whichallowsusto authorthe
modelandtexturesin a tool like Maya andload it in JME) andalsovarious
assortedeffectssuchasparticlesystemsfor �res.

1.2.2 Pro xy: Teamwork

A key hypothesisin this work is that intelligent distributedagentswill be
a key elementof a future disasterresponse.Taking advantageof emerging
robust, high bandwidthcommunicationinfrastructurewe believe that a criti-
cal role of theseintelligentagentswill beto managecoordinationbetweenall
membersof the responseteam. Speci�cally, we areusingcoordinationalgo-
rithms inspiredby theoriesof teamwork to managethe distributed response
[20]. The generalcoordinationalgorithmsareencapsulatedin proxies, with
eachteammemberhaving its own proxy andrepresentingit in theteam.The
currentversionof the proxiesis calledMachinetta[16] andextendsthe suc-
cessfulTeamcoreproxies [13]. Machinettais implementedin Java and is
freelyavailableon theweb. Noticethattheconceptof a reusableproxydiffers
from many other“multiagenttoolkits” in that it providesthecoordinational-
gorithms, e.g.,algorithmsfor allocatingtasks,asopposedto theinfrastructure,
e.g.,APIs for reliablecommunication.

Communication: communicationwith otherproxies

Coordination: reasoningaboutteamplansandcommunication

State: theworkingmemoryof theproxy

Adjustable Autonomy: reasoningaboutwhetherto actautonomouslyor pass
controlto theteammember

RAP Interface: communicationwith theteammember

TheMachinettasoftwareconsistsof � ve mainmodules,threeof which are
domainindependentandtwo of which aretailoredfor speci�c domains.The
threedomainindependentmodulesarefor coordinationreasoning,maintain-
ing localbeliefs(state)andadjustableautonomy. Thedomainspeci�c modules
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Figure 1.3. ProxyArchitecture

arefor communicationbetweenproxiesandcommunicationbetweena proxy
anda teammember. Themodulesinteractwith eachotheronly via the local
statewith a blackboarddesignandaredesignedto be “plug andplay”, thus,
e.g.,new adjustableautonomyalgorithmscanbe usedwith existing coordi-
nation algorithms. The coordinationreasoningis responsiblefor reasoning
aboutinteractionswith otherproxies,thusimplementingthecoordinational-
gorithms. The adjustableautonomyalgorithmsreasonaboutthe interaction
with theteammember, providing thepossibilityfor theteammemberto make
any coordinationdecisioninsteadof the proxy. For example,the adjustable
autonomymodulecanreasonthata decisionto accepta role to rescuea civil-
ian from a burning building shouldbe madeby the humanwho will go into
thebuilding ratherthantheproxy. In practice,theoverwhelmingmajority of
coordinationdecisionsaremadeby theproxy, with only key decisionsreferred
to teammembers.

Teamsof proxiesimplementteamorientedplans (TOPs)which describe
joint activities to beperformedin termsof theindividual rolesto beperformed
andany constraintsbetweenthoseroles[]. Typically, TOPsareinstantiateddy-
namicallyfrom TOPtemplatesat runtimewhenpreconditionsassociatedwith
the templatesare �lled. Typically, a large teamwill be simultaneouslyexe-
cutingmany TOPs.For example,a disasterresponseteammight beexecuting
multiple �ght �re TOPs. Such�ght �re TOPsmight specifya breakdown of
�ghting a �re into activitiessuchascheckingfor civilians,ensuringpowerand
gasis turnedoff andsprayingwater. Constraintsbetweentheseroleswill spec-
ify interactionssuchasrequiredexecutionorderingandwhetheronerole can
beperformedif anotheris notcurrentlybeingperformed.NoticethatTOPsdo
not specifythecoordinationor communicationrequiredto executea plan,the
proxydeterminesthecoordinationthatshouldbeperformed.

Currentversionsof Machinettaincludestate-of-the-artalgorithmsfor plan
instantiation[9],role allocation[10],informationsharing[22],taskdecon�ic-
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tion[9] andadjustableautonomy[17].Many of thesealgorithmsutilize a log-
ical associatesnetwork[21] staticallyconnectingall the teammembers.The
associatesnetwork is ascalefreenetworkwhichallowstheteamto balancethe
complexity of needingto know aboutall the teamandmaintainingcohesion
[12]. Using theassociatesnetwork key algorithms,including role allocation,
resourceallocation,informationsharingandplaninstantiationarebasedonthe
useof tokenswhichare“pushed”ontothenetworkandroutedtowherethey are
requiredby theproxies.For example,theroleallocationalgorithm,LA-DCOP
[10], representseachrole to be allocatedwith a token andpushesthe tokens
aroundthenetwork until a suf�ciently capableandavailableteammemberis
foundto executetherole. Theimplementationof thecoordinationalgorithms
usestheabstractionof asimplemobileagentto implementthetokens,leading
to robustandef�cient software.

1.2.3 Pro xy: Adjustable Autonom y

In thispaper, wefocusonakey aspectof theproxy-basedcoordination:Ad-
justableAutonomy. Adjustableautonomyrefersto anagent'sability to dynam-
ically changeits own autonomy, possiblyto transfercontrolover a decisionto
ahuman.Previouswork onadjustableautonomycouldbecategorizedaseither
involving a singlepersoninteractingwith a singleagent(theagentitself may
interactwith others)or a singlepersondirectly interactingwith a team.In the
single-agentsingle-humancategory, theconceptof �e xible transfer-of-control
strategy hasshown promise[17]. A transfer-of-controlstrategy is apreplanned
sequenceof actionsto transfercontroloveradecisionamongmultipleentities,
for example,anAH 1H2 strategy implies thatanagent(AT ) attemptsa deci-
sionandif theagentfails in thedecisionthenthecontrolover thedecisionis
passedto ahumanH 1, andthenif H1 cannotreachadecision,thenthecontrol
is passedto H2. Sincepreviouswork focusedonsingle-agentsingle-humanin-
teraction,strategieswereindividual agentstrategieswhereonly a singleagent
actedata time.

An optimal transfer-of-control strategy optimally balancesthe risks of not
gettinga high quality decisionagainsttherisk of costsincurreddueto a delay
in getting that decision. Flexibility in suchstrategies implies that an agent
dynamicallychoosesthe one that is optimal, basedon the situation,among
multiple suchstrategies(H 1A, AH 1, AH 1A, etc.) ratherthanalwaysrigidly
choosingonestrategy. Thenotionof �e xible strategies,however, hasnotbeen
appliedin the context of humansinteractingwith agent-teams.Thus,a key
questionis whethersuch�e xible transferof control strategiesarerelevant in
agent-teams,particularlyin a large-scaleapplicationsuchasours.

DEFACTOaimstoanswerthisquestionby implementingtransfer-of-control
strategiesin thecontext of agentteams.Onekey advancein DEFACTO, how-
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ever, is that the strategies are not limited to individual agentstrategies, but
alsoenablesteam-level strategies. For example,ratherthantransferringcon-
trol from ahumanto asingleagent,ateam-level strategy couldtransfercontrol
from a humanto an agent-team.Concretely, eachproxy is provided with all
strategy options;thekey is to selecttheright strategy giventhesituation.An
exampleof a teamlevel strategy would combineAT Strategy andH Strategy
in orderto make AT H Strategy. Thedefault teamstrategy, AT , keepscontrol
overadecisionwith theagentteamfor theentiredurationof thedecision.The
H strategy alwaysimmediatelytransferscontrol to thehuman.AT H strategy
is the conjunctionof teamlevel AT strategy with H strategy. This strategy
aimsto signi�cantly reducedtheburdenon theuserby allowing thedecision
to �rst passthroughall agentsbefore�nally goingto theuser, if theagentteam
fails to reachadecision.

1.3 Exp erimen ts and Evaluation

Our DEFACTO systemwasevaluatedin threekey ways,with the �rst two
focusingon key individual componentsof theDEFACTO systemandthe last
attemptingto evaluatetheentiresystem.First, we performeddetailedexper-
imentscomparingthe effectivenessof AdjustableAutonomy(AA) strategies
over multiple users. In order to provide DEFACTO with a dynamicrescue
domainwe choseto connectit to a simulator. We chosethe previously de-
velopedRoboCupRescuesimulationenvironment[8]. In this simulator, �re
engineagentscansearchthecity andattemptto extinguishany �res thathave
startedin thecity. To interfacewith DEFACTO, each�re engineis controlled
by aproxy in orderto handlethecoordinationandexecutionof AA strategies.
Consequently, theproxiescantry to allocate�re enginesto �res in a distrib-
utedmanner, but canalsotransfercontrol to the moreexpert user. The user
canthenusethe Omni-Viewer in Allocation modeto allocateenginesto the
�res thathehascontrolover. In orderto focuson theAA strategies(transfer-
ring the control of taskallocation)andnot have the usersability to navigate
interferewith results,theNavigationmodewasnotusedduringthis �rst setof
experiments.

The resultsof our experimentsareshown in Figure1.4, which shows the
resultsof subjects1, 2, and3. Eachsubjectwasconfrontedwith the taskof
aiding �re enginesin saving a city hit by a disaster. For eachsubject,we
testedthreestrategies,speci�cally, H , AH andAT H ; their performancewas
comparedwith thecompletelyautonomousAT strategy. AH is an individual
agentstrategy, testedfor comparisonwith AT H , whereagentsactindividually,
andpassthosetasksto a humanuserthat they cannotimmediatelyperform.
Eachexperimentwas conductedwith the sameinitial locationsof �res and
buildingdamage.For eachstrategy wetested,variedthenumberof �re engines
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Figure 1.4. Performanceof subjects1, 2, and3.
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between4, 6 and10. Eachchart in Figure1.4 shows the varying numberof
�re engineson the x-axis,andthe teamperformancein termsof numbersof
buildingsavedonthey-axis.For instance,strategyAT saves50buildingwith 4
agents.Eachdatapointonthegraphis anaverageof threeruns.Eachrunitself
took 15 minutes,andeachuserwasrequiredto participatein 27 experiments,
which togetherwith 2 hoursof gettingorientedwith the system,equatesto
about9 hoursof experimentspervolunteer.

Figure1.4enablesusto concludethefollowing:

Humaninvolvementwith agent teamsdoesnot necessarilylead to im-
provementin team performance. Contrary to expectationsand prior
results,humaninvolvementdoesnot uniformly improve teamperfor-
mance,as seenby human-involving strategies performingworsethan
the AT strategy in someinstances.For instance,for subject3, human
involving strategiessuchasAH provideasomewhathigherquality than
AT for 4 agents,yet at highernumbersof agents,the strategy perfor-
manceis lower thanAT .

Providing more agentsat a human's commanddoesnot necessarilyim-
prove theagent teamperformanceAs seenfor subject2 andsubject3,
increasingagentsfrom 4 to 6 givenAH andAT H strategiesis seento
degradeperformance.In contrast,for theAT strategy, theperformance
of thefully autonomousagentteamcontinuesto improvewith additions
of agents,thus indicating that the reductionin AH andAT H perfor-
manceis dueto humaninvolvement.As thenumberof agentsincrease
to 10, theagentteamdoesrecover.

No strategy dominatesthroughall the experimentsgivenvaryingnum-
bers of agents. For instance,at 4 agents,human-involving strategies
dominatetheAT strategy. However, at 10 agents,theAT strategy out-
performsall possiblestrategiesfor subjects1 and3.

Complex team-level strategies are helpful in practice: AT H leadsto
improvementover H with 4 agentsfor all subjects,althoughsurprising
dominationof AH overAT H in somecasesindicatesthatAH mayalso
ausefulstrategy to haveavailablein a teamsetting.

Notethatthephenomenadescribedrangeovermultipleusers,multipleruns,
andmultiple strategies. The mostimportantconclusionfrom these�gures is
that �exibility is necessaryto allow for theoptimalAA strategy to beapplied.
Thekey questionis thenhow to selecttheappropriatestrategy for a teamin-
volving a humanwhoseexpecteddecisionquality is EQH . In fact, by esti-
matingtheEQH of a subjectby checkingthe“H” strategy for smallnumber
of agents(say4), andcomparingto A strategy, we may begin to selectthe
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Strategy H AH AT 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

Table 1.1. Total amountof allocationsgiven.
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Figure 1.5. (a)AG H and(b) H performance

appropriatestrategy for teamsinvolving moreagents.In general,higherEQH
letsusstill choosestrategiesinvolving humansfor amorenumerousteam.For
largeteamshowever, thenumberof agentsAGH effectively controlledby the
humandoesnotgrow linearly thusAT strategy becomesdominant.

Unfortunately, the strategies including the humansand agents(AH and
AT H ) for 6 agentsshow a noticeabledecreasein performancefor subjects
2 and3 (seeFigure1.4). It would beusefulto understandwhich factorscon-
tributedto thisphenomena.

Our crucial predictionswerethat while numbersof agentsincrease,AG H
steadilyincreasesand EQH remainsconstant. Thus, the dip at 6 agentsis
essentiallyaffectedby eitherAGH or EQH . We �rst testedAGH in our do-
main. The amountof effective agents,AGH , is calculatedby dividing how
many total allocationseachsubjectmadeby how many theAT strategy made
per agent,assumingAT strategy effectively usesall agents. Figure 1.5-(a)
shows thenumberof agentson thex-axisandthenumberof agentseffective
used,AGH , on they-axis;theAT strategy, which is usingall availableagents,
is alsoshown asa reference.However, theamountof effective agentsis actu-
ally aboutthe samein 4 and6 agents.This would not accountfor the sharp
drop we seein the performance.We thenshiftedour attentionto the EQH
of eachsubject.Onereductionin EQH couldbebecausesubjectssimply did
not sendasmany allocationstotally over thecourseof theexperiments.This,
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Figure 1.6. Amountof agentsper�re assignedby subjects1, 2, and3

however is not thecaseascanbeseenin Table1.1wherefor 6 agents,thetotal
amountof allocationsgiven is comparableto thatof 4 agents.To investigate
further, we checked if thequality of humanallocationhaddegraded.For our
domain,themore�re enginesthat �ght thesame�re, themorelikely it is to
be extinguishedandin lesstime. For this reason,the amountof agentsthat
weretaskedto each�re is agoodindicatorof thequalityof allocationsthatthe
subjectmakes1.5-(b). Figure1.6 shows thenumberagentson thex-axisand
theaverageamountof �re enginesallocatedto each�re onthey-axis.AH and
AT H for 6 agentsresultin signi�cantly lessaverage�re enginespertask(�re)
andthereforelessaverageEQH .

The next questionis then to understandwhy for 6 agentsAH andAT H
result in lower average�re enginesper �re. Onehypothesisis the possible
interferenceamongthe agents'self allocationsvs humantaskallocationsat
6 agents.Table2 shows the numberof taskchangesfor 4, 6 and10 agents
for AH andAT H strategies,showing that maximumoccursat 6 agents.A
taskchangeoccursbecauseanagentpursuingits own taskis providedanother
task by a humanor a human-given task is preemptedby the agent. Thus,
whenrunningmixedagent-humanstrategies,thepossibleclashof taskscauses
a signi�cant increasetask changes.While the reasonfor suchinterference
peakingat6 maybedomainspeci�c, thekey lessonis thatinterferencehasthe
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Strategy 4 agents 6 agents 10agents

AH 34 75 14
AT H 54 231 47

Table 1.2. Taskcon�icts for subject2.

potentialto occur in complex team-level strategies. Consequently, modeling
strategy predictionswouldrequiretakinginto accountsuchinterferenceeffects
by notassumingaconstantEQH .

Thesecondaspectof our evaluationwasto explorethebene�tsof theNav-
igationmode(3D) in theOmni-Viewer over solelyanAllocation mode(2D).
We performed2 testson 20 subjects.All subjectswerefamiliar with theUSC
universitycampus.Test1 showedNavigationandAllocationmodescreenshots
of theuniversitycampusto subjects.Subjectswereaskedto identify a unique
building on campus,while timing eachresponse.Theaveragetime for a sub-
ject to �nd thebuilding in 2D was29.3seconds,whereasthe3D allowedthem
to �nd thesamebuilding in anaverageof 17.1seconds.Test2 againdisplayed
NavigationandAllocation modescreenshotsof two buildingson campusthat
hadjust caught�re. In Test2, subjectswereasked �rst asked to allocate�re
enginesto thebuildingsusingonly theAllocation mode.Thensubjectswere
shown theNavigationmodeof thesamescene.90 percentof thesubjectsac-
tually choseto changetheir initial allocation,giventheextra informationthat
theNavigationmodeprovided.

Third, thecompleteDEFACTO systemhasbeenperiodicallydemonstrated
to key governmentagencies,publicsafetyof�cials anddisasterresearchersfor
assessingits utility by theultimateconsumersof thetechnology, with exciting
feedback.Indeedthey wereeagerto deploy DEFACTO andbegin usingit as
a researchtool to explore the unfolding of differentdisasters.For example,
duringoneof thedemonstrationson Nov 18, 2004GaryAckerman,a Senior
ResearchAssociateat theCenterfor NonproliferationStudiesat theMonterey
Instituteof InternationalStudiespointedout in referenceto DEFACTO, “This
is exactlythetypeof systemweare lookingfor” to studythepotentialeffectof
terroristattacks.Also, we have metwith severalpublic safetyof�cials about
usingDEFACTO asa training tool for their staff. Accordingto Los Angeles
CountyFire DepartmentFire CaptainMichael Lewis: “Ef fectivesimulation
programsfor �r e�ghters mustbe realistic, relevant in scope, and imitate the
communicationchallenges on the �r e ground. DEFACTO focuseson these
veryissues.”

1.4 Related W ork and Summary

We have discussedrelatedwork throughoutthis paper, however, we now
providecomparisonswith key previousagentsoftwareprototypesandresearch.
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Among the current tools aimedat simulatingrescueenvironmentsit is im-
portantto mentionproductslike TerraSim,JCATS andEPICS.TerraTools is
a completesimulationdatabaseconstructionsystemfor automatedandrapid
generationof high-�delity 3D simulationdatabasesfrom cartographicsource
materials. Developedby TerraSim,Inc. TerraTools providesthe setof inte-
gratedtoolsaimedat generatingvariousterrains,however, it cannotsimulate
rescueoperationsnot it hasany notion of intelligence. JCATS representsa
self-contained,high-resolutionjoint simulationin usefor entity-level training
in open,urbanandsubterraneanenvironments.Developedby LawrenceLiv-
ermoreNational Laboratory, JCATS gives usersthe capability to detail the
replicationof small groupandindividual activities duringa simulatedopera-
tion. Although it providesa greathumantraining environment,JCATS does
not allow to simulateintelligentagents.Finally, EPICSis a computer-based,
scenario-driven,high-resolutionsimulation.It is usedby emergency response
agenciesto train for emergency situationsthat requiremulti-echelonand/or
inter-agency communicationandcoordination.Developedby the U.S. Army
TrainingandDoctrineCommandAnalysisCenter, EPICSis alsousedfor exer-
cisingcommunicationsandcommandandcontrolproceduresat multiple lev-
els.Similar to JCATShowever, intelligentagentsandagent-humaninteraction
cannotbesimulated.

Given our applicationdomains,Scerriet al's work on robot-agent-person
(RAP)teamsfor disasterrescueis likely themostcloselyrelatedto DEFACTO
[18]. Ourwork takesasigni�cant stepforwardin comparison.First, theomni-
viewer enablesnavigationalcapabilitiesimproving humansituationalaware-
nessnot presentin previouswork. Second,we provide team-level strategies,
which we experimentallyverify, absentin that work. Third, we provide ex-
tensiveexperimentation,andillustratethatsomeof theconclusionsreachedin
[18] wereindeedpreliminary, e.g.,they concludethat humaninvolvementis
alwaysbene�cial to agentteamperformance,while ourmoreextensive results
indicatethatsometimesagentteamsarebetteroff excludinghumansfrom the
loop. Humaninteractionsin agentteamsis also investigatedin [2, 19], and
there is signi�cant researchon humaninteractionswith robot-teams[5, 3].
However they do not use�e xible AA strategiesand/orteam-level AA strate-
gies. Furthermore,our experimentalresultsmay assisttheseresearchersin
recognizingthe potential for harm that humansmay causeto agentor ro-
bot teamperformance.Signi�cant attentionhasbeenpaid in the context of
adjustableautonomyandmixed-initiative in single-agentsingle-humaninter-
actions[7, 1]. However, this paperfocuseson new phenomenathat arisein
humaninteractionswith agentteams.

This paperpresentsa large-scaleprototype,DEFACTO, that is basedon a
softwareproxyarchitectureand3D visualizationsystemandprovidestwo key
advancesover previous work. First, DEFACTO's Omni-Viewer enablesthe



Related Work and Summary 17

humanto bothimprovesituationalawarenessandassistagents,by providing a
navigable3D view alongwith a2D globalallocationview. Second,DEFACTO
incorporates�e xible AA strategies,even excluding humansfrom the loop in
extremecircumstances.WeperformeddetailedexperimentsusingDEFACTO,
leadingto somesurprisingresults.Theseresultsillustratethatanagentteam
mustbeequippedwith �e xible strategiesfor adjustableautonomyso that the
appropriatestrategy canbeselected.Excitingfeedbackfrom DEFACTO'sulti-
mateconsumersillustratesits promiseandpotentialfor real-world application.
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