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Abstract Enablingeffective interactionsdetweeragenteamsandhumandor disastere-
sponsds a critical areaof researchwith encouragingprogressn the pastfew
years. However, previous work suffers from two key limitations: (i) limited
humansituationalawarenessreducinghumaneffectivenessn directingagent
teamsand(ii) theagentteamsrigid interactionstratgiesthatlimit teamperfor
mance.This paperpresentasoftwareprototypecalledDEFACTO (Demonstrat-
ing Effective Flexible Agent Coordinationof TeamsthroughOmnipresence).
DEFACTO is basedon a softwareproxy architectureand 3D visualizationsys-
tem, which addresseshe two limitations describedabove. First, the 3D vi-
sualizationinterface enableshumanvirtual omnipresencén the environment,
improving humansituationalawarenessand ability to assistagents. Second,
generalizingpastwork on adjustableautonomythe agentteamchoosesamong
avarietyof “team-level” interactionstrateyies,evenexcludinghumandrom the
loopin extremecircumstances.

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

We ervision future disasteresponseo be performedwith a mixture of hu-
mansperforminghigh level decision-makingintelligent agentscoordinating
theresponseandhumansandrobotsperformingkey physicaltasks.Thesehet-
erogeneouteamof robots,agentsandpeople][18] will provide thesafestand
mosteffective meandor quickly respondingo adisastersuchasaterroristat-
tack. A key aspecbf sucharesponsevill be agent-assistedehiclesworking
together Speci cally, agentswill assistthe vehiclesin planningroutes,de-
terminingresources$o useandevendeterminingwhich re to ght. However,
despiteadvancesn agentechnologieshumaninvolvementwill becrucial. Al-
lowing humango make critical decisionswvithin ateamof intelligentagentsor
robotsis prerequisitdor allowing suchteamgo beusedn domainsvherethey
cancausephysical, nancial or psychologicaharm. Thesecritical decisions
includenotonly thedecisionghat,for moralor political reasonshumansnust
be allowed to make, but alsocoordinationdecisionghathumansarebetterat
makingdueto accesgo importantglobal knowvledge,generalinformationor
supporttools.

Already, humaninteractionwith agentteamsis critical in a large number
of currentandfuture applicationg2, 5, 18, 3]. For example,currentefforts
emphasizénhumanscollaborationwith robotteamsin spaceexplorations,hu-
mansteamingwith robotsandagentsfor disasterescue aswell ashumans
collaboratingwith multiple softwareagentdor training[4, 6].

This paperfocusesonthe challengeof improving the effectivenesf appli-
cationsof humancollaborationwith agentteams.Previouswork hasreported
encouragingprogressn this arenage.g.,via proxy-basedntegrationarchitec-
tures[13],adjustableautonomy[17 4] andagent-humamwlialogue[1]. Despite
this encouragingprogress,previous work suffers from two key limitations.
First, wheninteractingwith agentteamsactingremotely humaneffectiveness
is hamperedby interfaceghatlimit theirability to applydecision-makingkills
in afastandaccuratamanner Techniqueghatprovide telepresenceia 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 somecaseshe humanusershouldmake most
of the decisions. However, in other caseshumaninvolvementmay needto
be restricted. Such e xible AA techniqueshave beendevelopedin domains
wherehumansnteractwith individual agentq17], but whetherthey applyto
situationswherehumansnteractwith agenteamss unknawn.
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We reporton a software prototypesystem  DEFACTO (Demonstrating=f-
fective Flexible Agent Coordinationof Teamsthrough Omnipresence)that
enablesagent-humarcollaborationand addressethe two shortcomingsout-
lined abore. The systemincorporatesstateof the art arti cial intelligence,
3D visualizationand human-interactiomeasoningnto a uniquehigh delity
systemfor researchinto humanagentcoordinationin complex ernvironments.
DEFACTO incorporates visualizerthatallows for the humanto have anom-
nipresentinteractionwith remoteagentteams,overcomingthe rst limitation
describedabore. We refer to this asthe Omni-Viewer, andit combinestwo
modesof operation.The NavigationModeallows for a navigable,high quality
3D visualizationof the world, whereashe Allocation Mode provides a tra-
ditional 2D view anda list of possibletask allocationsthat the humanmay
perform. Humanexpertscanquickly absorbon-goingagentandworld activ-
ity, takingadwantageof boththebrain's favoredvisualobjectprocessingkills
(relative to textual search[11]), andthe fact that 3D representationsanbe
innatelyrecognizablewithout the layer of interpretatiorrequiredof map-like
displaysor raw computerlogs. The Navigation modeenableghe humanto
understandhelocal perspectiesof eachagentin conjunctionwith theglobal,
system-wideperspectie thatis obtainedn the Allocation mode.

Secondio provide e xible AA, we generalizehenotionof strategiesfrom
single-agentsingle-humancontext [17]. In our work, agentsmay e xibly
chooseamongteamstratgiesfor adjustableautonomyinsteadof only indi-
vidual stratgyies;thus,dependingn the situation theagenteamhasthe e x-
ibility to limit humaninteraction,andmayin extremecasesxclude humans
from theloop.

We presentesultsfrom detailedexperimentsvith DEFACTO, whichreveal
two major surprises.First, contraryto previous results[18], humaninvolve-
mentis not always bene cial to an agentteam—despitetheir bestefforts,
humansmay sometimendup hurtinganagentteams performanceSecond,
increasinghenumberof agentdn anagent-humateammayalsodegradethe
teamperformancegventhoughincreasinghenumberof agentsn apureagent
teamunderidentical circumstancesmprovesteamperformance Fortunately
in boththe surprisinginstancesabore, DEFACTO's e xible AA stratgiesal-
leviate suchproblematicsituations.

DEFACTO is currentlyinstantiatedas a prototypeof a future disasteme-
sponsesystem. DEFACTO hasbeenrepeatedlydemonstratedo key police
and re departmenpersonnein Los Angelesarea,with very positive feed-
back.
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1.2 DEFACTO System Details

In this chapterwe will describetwo major component®f DEFACTO: the
Omni-Viewer and the proxy-basedeamwork (seeFigure 1.1). The Omni-
Viewer is an advancedhumaninterfacefor interactingwith an agent-assisted
responseeffort. The Omni-Viewer providesfor both global andlocal views
of an unfolding situation,allowing a humandecision-magr to preciselythe
informationrequiredfor a particulardecision. A teamof completelydistrib-
utedproxies,whereeachproxy encapsulateadvancedcoordinatiorreasoning
basedon the theory of teamwork, controlsand coordinatesagentsin a simu-
latedervironment. The useof the proxy-basedeambringsrealisticcoordina-
tion complity to the prototypeandallows morerealisticassessmerntf the
interactionsbetweerhumansandagent-assistegesponseCurrently we have
appliedDEFACTO to a disasterescuedomain. The incidentcommandeof
the disasteractsasthe humanuserof DEFACTO. This disastercaneitherbe
“man made”(terrorism)or “natural” (earthquak). We focuson two urbanar
eas: a squareblock thatis denselycoveredwith buildings (we useonefrom
Kobe, Japan)and our university campus(withheld for blind review), which
is more sparselycoveredwith buildings. In our scenario,several buildings
areinitially on re, andtheseres spreado adjacenbuildingsif they arenot
quickly contained.The goalis to have a humaninteractwith the teamof re
enginesin orderto save the mostbuildings. Our overall systemarchitecture
appliedto disasteresponseanbe seenn Figurel.1. While designedor real
world situations,DEFACTO canalso be usedas a training tool for incident
commandersvhenhooked up to a simulateddisasteiscenario.

1.2.1 Omni-View er

Our goalof allowing uid humaninteractionwith agentsequiresa visual-
ization systenthat providesthe humanwith a globalview of agentactiity as
well asshawing thelocal view of a particularagentwhenneeded Hence we
have developedan omnipresentiewer, or Omni-Viewer, whichwill allow the
humanuserdiverseinteractionwith remoteagentteams.While a globalview
is obtainabldrom atwo-dimensionaimap,alocal perspectie is bestobtained
from a 3D viewer, sincethe 3D view incorporateshe perspectie andocclu-
sion effectsgeneratedby a particularviewpoint. Theliteratureon 2D- versus
3D-viewersis ambiguousFor example,spatiallearningof ervironmentsrom
virtual navigation hasbeenfound to be impairedrelative to studyingsimple
mapsof the sameervironments[14]. On the other hand,the problemmay
be that mary virtual ervironmentsare relatively bland andfeatureless.Rud-
dle points out that navigating virtual ervironmentscan be successfulf rich,
distinguishabléandmarksarepresen{15].
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Figure 1.1. DEFACTO systemappliedto adisasterescue.

To addres®ur discrepangoals,the Omni-Viewer incorporatesotha con-
ventionalmap-like 2D view, Allocation Mode (Figure 1.2-c) and a detailed
3D viewer, Navigation Mode (Figure 1.2-a). The Allocation modeshaws the
global overview aseventsareprogressingandprovidesallist of tasksthatthe
agentshave transferedo the human. The Navigation mode shows the same
dynamicworld view, but allows for morefreedomto move to desiredocations
andviews. In particular the usercandropto the virtual groundlevel, thereby
obtainingtheworld view (local perspectie) of a particularagent.At thislevel,
theusercan“walk” freely aroundthe scene pbservingthe local logisticsin-
volved asvariousentitiesare performingtheir duties. This canbe helpful in
evaluatingthe physicalgroundcircumstanceandalteringtheteams behaior
accordingly It alsoallowstheuserto feelimmersedn thescenevherevarious
factors(psychologicalgetc.) may comeinto effect.

In orderto preventcommunicatiorbandwidthissuesye assumehata high
resolution3D modelhasalreadybeencreatedandthe only datathatis trans-
feredduring the disasterareimportantchangedo the world. Generatinghis
suitable3D modelervironmentfor the Navigationmodecanrequiremonthsor
evenyearsof manualmodelingeffort, asis commonlyseerin thedevelopment
of commercialvideo-games. However, to avoid this level of effort we make
useof thework of Youet. al. [19] in rapid, minimally assisted:onstructiorof
polygonalmodelsfrom LIDAR (Light DetectionandRanging)data.Giventhe
raw LIDAR point data,we canautomaticallysegmentbuildings from ground
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Figure 1.2. Omni-Viewerduringascenario(a)Multiple res startacrosgshecampugb) The
Incident Commandewusesthe Navigation modeto quickly graspthe situation(c) Navigation
modeshaows a closerlook atoneof the res (d) Allocation modeis usedto assigna re engine
tothe re (e) The re enginehasarrivedatthe re (f) The re hasbeenextinguished.
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and createthe high resolutionmodelthat the Navigation modeutilizes. The
constructionof the campus(withheld for blind review) and surroundingarea
requiredonly two daysusingthisapproachLiDAR is aneffective way for ary

new geographi@reato be easilyinsertednto the Omni-Viewer.

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

1.2.2 Pro xy: Teamwork

A key hypothesisin this work is thatintelligent distributed agentswill be
a key elementof a future disasterresponse.Taking adwantageof emeging
robust, high bandwidthcommunicatiorinfrastructurewe believe that a criti-
calrole of theseintelligentagentswill beto managecoordinationbetweenrall
membersof the responsdeam. Speci cally, we are usingcoordinationalgo-
rithms inspiredby theoriesof teamwork to managethe distributed response
[20]. The generalcoordinationalgorithmsare encapsulateth proxies with
eachteammemberhaving its own proxy andrepresentingt in theteam. The
currentversionof the proxiesis called Machinettg16] and extendsthe suc-
cessful Teamcoreproxies[13]. Machinettais implementedin Java and is
freely availableontheweh Noticethatthe concepiof areusablegroxy differs
from mary other“multiagenttoolkits” in thatit providesthe coordinational-
gorithms e.qg.,algorithmsfor allocatingtasks asopposedo theinfrastructue,
e.g.,APIsfor reliablecommunication.

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

Adjustable Autonomy: reasoningboutwhetherto actautonomouslyr pass
controlto theteammember

RAP Interface: communicatiorwith theteammember

The Machinettasoftwareconsistf ve mainmodulesthreeof which are
domainindependenandtwo of which aretailoredfor speci ¢ domains.The
threedomainindependenimodulesarefor coordinationreasoningmaintain-
ing local beliefs(state)andadjustableautonomy Thedomainspeci ¢ modules
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Figure 1.3. ProxyArchitecture

arefor communicatiorbetweerproxiesandcommunicatiorbetweena proxy
anda teammember The modulesinteractwith eachotheronly via the local
statewith a blackboarddesignandaredesignedo be “plug andplay”, thus,
e.g., new adjustableautonomyalgorithmscan be usedwith existing coordi-
nation algorithms. The coordinationreasoningis responsiblefor reasoning
aboutinteractionswith otherproxies,thusimplementingthe coordinational-
gorithms. The adjustableautonomyalgorithmsreasonaboutthe interaction
with theteammembey providing the possibility for theteammemberto make
ary coordinationdecisioninsteadof the proxy. For example,the adjustable
autonomymodulecanreasorthata decisionto acceptarole to rescuea civil-
ian from a burning building shouldbe madeby the humanwho will go into
the building ratherthanthe proxy. In practice,the overwhelmingmajority of
coordinatiordecisionsaremadeby the proxy, with only key decisiongeferred
to teammembers.

Teamsof proxiesimplementteamoriented plans (TOPs)which describe

joint actiities to beperformedn termsof theindividual rolesto beperformed
andary constraintbetweerthoseroles|]. Typically, TOPsareinstantiatedly-
namicallyfrom TOP templatesat runtimewhenpreconditionsassociateavith
the templatesare lled. Typically, a large teamwill be simultaneouslyexe-
cutingmary TOPs.For example,a disastetresponséeammight be executing
multiple ght re TOPs. Such ght re TOPsmight specifya breakdevn of
ghting a re into actwvities suchascheckingfor civilians, ensuringpowerand
gasis turnedoff andsprayingwater Constraintbetweertheseroleswill spec-
ify interactionssuchasrequiredexecutionorderingandwhetheronerole can
beperformedf anothelis notcurrentlybeingperformed Noticethat TOPsdo
not specifythe coordinationor communicatiorrequiredto executea plan, the
proxy determineghe coordinatiorthatshouldbe performed.

Currentversionsof Machinettainclude state-of-the-aralgorithmsfor plan
instantiation[9],role allocation[10],information sharing[22],task decon ic-
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tion[9] andadjustableautonomy[17].Many of thesealgorithmsutilize a log-

ical associatesietwor21] statically connectingall the teammembers.The

associateretwork is ascalefreenetworkwhich allowstheteamto balancehe

compl«ity of needingto know aboutall the teamand maintainingcohesion
[12]. Usingthe associatesetwork key algorithms,includingrole allocation,
resourcallocationinformationsharingandplaninstantiatiorarebasecnthe

useof tokenswhichare“pushed’ontothenetwork androutedto wherethey are
requiredby theproxies.For example therole allocationalgorithm,LA-DCOP

[10], representgachrole to be allocatedwith a token and pusheghe tokens
aroundthe network until a sufciently capableandavailableteammemberis

foundto executetherole. Theimplementatiorof the coordinationalgorithms
usestheabstractiorof a simplemobileagentto implementthetokens,leading
to robustandef cient software.

1.2.3 Pro xy: Adjustable Autonom vy

In this paperwe focusonakey aspecbf theproxy-baseaoordination:Ad-
justableAutonomy Adjustableautonomyrefersto anagentsability to dynam-
ically changdts own autonomypossiblyto transfercontrolover a decisionto
ahuman.Previouswork onadjustableautonomycouldbecatajorizedaseither
involving a single personinteractingwith a singleagent(the agentitself may
interactwith others)or a singlepersondirectly interactingwith ateam.In the
single-agensingle-humarcategory, the conceptof e xible transferof-control
stratgy hasshavn promise[17]. A transferof-controlstratey is apreplanned
sequencef actionsto transfercontrolover adecisionamongmultiple entities,
for example,an AH 1H» stratgy impliesthatanagent(A+) attemptsa deci-
sionandif theagentfails in the decisionthenthe control over the decisionis
passedo ahumanH 1, andthenif H1 cannotreacha decisionthenthe control
is passedo H . Sincepreviouswork focusedon single-agensingle-humarin-
teraction stratgieswereindividual agentstratgieswhereonly a singleagent
actedatatime.

An optimal transferof-control strateyy optimally balanceghe risks of not
gettinga high quality decisionagainsttherisk of costsincurreddueto a delay
in getting that decision. Flexibility in suchstratgiesimplies that an agent
dynamicallychooseghe one that is optimal, basedon the situation,among
multiple suchstratgies(H1A, AH 1, AH 1A, etc.) ratherthanalwaysrigidly
choosingonestratgy. Thenotionof e xible strategyies,however, hasnotbeen
appliedin the contt of humansinteractingwith agent-teams.Thus, a key
questionis whethersuch e xible transferof control stratgjiesarerelevantin
agent-teamgarticularlyin alarge-scaleapplicationsuchasours.

DEFACTO aimsto answethisquestiorby implementingransferof-control
stratgjiesin the context of agentteams.Onekey advancein DEFACTO, how-
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ever, is that the stratgies are not limited to individual agentstratagies, but
alsoenablegeam-level stratgies. For example,ratherthantransferringcon-
trol from ahumanto asingleagentateam-level stratgy couldtransfercontrol
from a humanto an agent-team.Concretely eachproxy is provided with all

stratagyy options;the key is to selecttheright strategyy giventhe situation. An

exampleof ateamlevel stratgyy would combineA+ Stratgyy andH Stratey
in orderto make At H Stratgly. The defaultteamstrateyy, A+, keepscontrol
overadecisionwith theagentteamfor the entiredurationof thedecision.The
H stratgy alwaysimmediatelytransferscontrolto thehuman.AtH stratgy
is the conjunctionof teamlevel At stratgy with H stratgy. This stratgy
aimsto signi cantly reducedthe burdenon the userby allowing the decision
to rst pasghroughall agentdefore nally goingtotheuserif theagenteam
fails to reacha decision.

1.3 Exp erimen ts and Evaluation

Our DEFACTO systemwasevaluatedin threekey ways,with the rst two
focusingon key individual component®f the DEFACTO systemandthelast
attemptingto evaluatethe entire system. First, we performeddetailedexper
imentscomparingthe effectivenessof AdjustableAutonomy (AA) stratejies
over multiple users. In orderto provide DEFACTO with a dynamicrescue
domainwe choseto connectit to a simulator We chosethe previously de-
velopedRoboCupRescuesimulationervironment[8]. In this simulator re
engineagentsansearchthe city andattemptto extinguishary res thathave
startedin thecity. To interfacewith DEFACTO, eachre engineis controlled
by aproxyin orderto handlethe coordinationandexecutionof AA stratejies.
Consequentlythe proxiescantry to allocate re enginesto res in adistrib-
uted manney but canalsotransfercontrol to the more expertuser The user
canthenusethe Omni-Viewer in Allocation modeto allocateenginesto the

res thathe hascontrolover. In orderto focusonthe AA stratgies(transfer
ring the control of taskallocation)andnot have the usersability to navigate
interferewith results the Navigationmodewasnot usedduringthis rst setof
experiments.

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

= Humaninvolvementith agentteamsdoesnot necessarilylead to im-
provementin team performance Contraryto expectationsand prior
results,humaninvolvementdoesnot uniformly improve team perfor
mance,as seenby human-iwvolving strateies performingworsethan
the At stratgy in someinstances.For instance for subject3, human
involving stratgiessuchasAH provide asomavhathigherquality than
At for 4 agentsyet at highernumbersof agentsthe stratgy perfor
mances lowerthanA+.

= Providing more agentsat a humans commandloesnot necessarilym-
prove the agentteamperformanceAs seenfor subject2 andsubject3,
increasingagentsfrom 4 to 6 givenAH andA+tH stratgiesis seento
degradeperformanceln contrastfor the At stratgy, the performance
of thefully autonomouggentteamcontinuedo improve with additions
of agents thusindicatingthat the reductionin AH andAtH perfor
manceis dueto humaninvolvement. As the numberof agentsncrease
to 10,theagentteamdoesrecover.

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

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

Notethatthe phenomenadescribedangeover multiple usersmultipleruns,
andmultiple stratgyies. The mostimportantconclusionfrom these gures is
that exibility is necessaryo allow for the optimal AA strategy to be applied
The key questionis thenhow to selectthe appropriatestrateyy for a teamin-
volving a humanwhoseexpecteddecisionquality is EQy . In fact, by esti-
matingthe EQy of a subjectby checkingthe“H” stratgyy for smallnumber
of agents(say 4), and comparingto A stratgy, we may begin to selectthe
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Figure 1.5. (a)AGH and(b)H performance

appropriatestratgy for teamsnvolving moreagentsln generalhigherE Qy
letsusstill choosestratgiesinvolving humandor amorenumerougeam.For
large teamshowever, the numberof agentsAG effectively controlledby the
humandoesnotgrow linearly thusA+ stratgy becomeslominant.

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

Our crucial predictionswere that while numbersof agentsncrease AG
steadilyincreasesand E Qy remainsconstant. Thus, the dip at 6 agentsis
essentiallyaffectedby eitherAGy or EQp . We rst testedAGy in ourdo-
main. The amountof effective agents AGy, is calculatedby dividing how
mary total allocationseachsubjectmadeby how mary the At stratgyy made
per agent,assumingA+ stratgy effectively usesall agents. Figure 1.5-(a)
shaws the numberof agentson the x-axis andthe numberof agentseffective
used AGy, onthey-axis;the At stratgy, whichis usingall availableagents,
is alsoshavn asa reference However, the amountof effective agentds actu-
ally aboutthe samein 4 and6 agents. This would not accountfor the sharp
drop we seein the performance.We then shifted our attentionto the E Qg
of eachsubject.Onereductionin EQy couldbebecausesubjectssimply did
not sendasmary allocationstotally over the courseof the experiments.This,
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Figure 1.6. Amountof agentger re assignedy subjectsl, 2, and3

howeveris notthecaseascanbeseenn Tablel.1wherefor 6 agentsthetotal
amountof allocationsgivenis comparabldo that of 4 agents.To investicate
further, we checledif the quality of humanallocationhaddegraded.For our
domain,the more re enginegshat ght the samere, the morelikely it is to
be extinguishedandin lesstime. For this reasonthe amountof agentsthat
weretasledto eachre is agoodindicatorof thequality of allocationghatthe
subjectmalkes1.5-(b). Figure 1.6 shavs the numberagentson the x-axisand
theaverageamountof re enginesllocatedo eachre onthey-axis.AH and
At H for 6 agentgesultin signi cantly lessaveragere enginegpertask( re)
andtherefordessaverageE Qy .

The next questionis thento understandvhy for 6 agentsAH andA+H
resultin lower average re enginesper re. One hypothesisis the possible
interferenceamongthe agents'self allocationsvs humantask allocationsat
6 agents. Table 2 shawvs the numberof task changedor 4, 6 and 10 agents
for AH andAtH strat@ies, shaving that maximumoccursat 6 agents. A
taskchangeoccurshecaus@anagentpursuingits own taskis providedanother
task by a humanor a human-gven taskis preemptedoy the agent. Thus,
whenrunningmixedagent-humastrateyies,the possibleclashof taskscauses
a signi cant increasetask changes. While the reasonfor suchinterference
peakingat 6 maybedomainspeci c, thekey lessoris thatinterferenceéhasthe
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| Stratey [ 4agents| 6agents[ 10agents|
AH 34 75 14
ArH 54 231 47

Table1.2. Taskcon icts for subject2.

potentialto occurin complex team-lerel stratgies. Consequentlymodeling
stratgyy predictionsvould requiretakinginto accounsuchinterferenceeffects
by notassumingaconstanE Qy .

The secondaspecf our evaluationwasto explorethe bene ts of the Nav-
igationmode(3D) in the Omni-Viewer over solely an Allocation mode(2D).
We performed? testson 20 subjects All subjectsverefamiliar with theUSC
universitycampusTestl shavedNavigationandAllocationmodescreenshots
of the university campugo subjects.Subjectavereaskedto identify a unique
building on campuswhile timing eachresponseThe averagetime for a sub-
jectto nd thebuilding in 2D was29.3secondswhereaghe 3D allowedthem
to nd thesamebuilding in anaverageof 17.1secondsTest2 again displayed
NavigationandAllocation modescreenshotsf two buildings on campusghat
hadjust caughtre. In Test2, subjectswereasled rst asledto allocate re
enginego the buildings usingonly the Allocation mode. Thensubjectsvere
shawvn the Navigation modeof the samescene.90 percentof the subjectsac-
tually choseto changeheir initial allocation,giventhe extra informationthat
the Navigationmodeprovided.

Third, the completeDEFACTO systemhasbeenperiodicallydemonstrated
to key governmentagenciespublic safetyof cials anddisasteresearcherfor
assessings utility by the ultimateconsumersf thetechnologywith exciting
feedback.Indeedthey wereeagerto deploy DEFACTO andbegin usingit as
a researchool to explore the unfolding of differentdisasters.For example,
during oneof the demonstrationsn Nov 18, 2004 Gary Ackerman,a Senior
Researci\ssociateatthe Centerfor NonproliferationStudiesatthe Monterey
Instituteof InternationalStudiespointedout in referencéo DEFACTO, “This
is exactlythetypeof systenweare lookingfor” to studythe potentialeffect of
terroristattacks.Also, we have metwith several public safetyof cials about
usingDEFACTO asa trainingtool for their staf. Accordingto Los Angeles
County Fire Department=ire CaptainMichael Lewis: “Effectivesimulation
programsfor r e ghters mustbe realistic, relevantin scope and imitate the
communicatiorchallenges on the r e ground. DEFACTO focuseson these
veryissues.

1.4 Related Work and Summary

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

Given our applicationdomains,Scerriet al's work on robot-agent-person
(RAP)teamdor disasterescuss lik ely themostcloselyrelatedto DEFACTO
[18]. Ourwork takesasigni cant stepforwardin comparisonFirst,theomni-
viewer enableshavigational capabilitiesimproving humansituationalaware-
nessnot presentin previouswork. Secondwe provide team-level stratayies,
which we experimentallyverify, absentin thatwork. Third, we provide ex-
tensve experimentationandillustratethatsomeof the conclusiongeachedn
[18] wereindeedpreliminary e.g.,they concludethat humaninvolvementis
alwaysbene cialto agentteamperformancewhile our moreextensie results
indicatethatsometimesagentteamsarebetteroff excludinghumangrom the
loop. Humaninteractionsin agentteamsis alsoinvesticatedin [2, 19], and
thereis signi cant researchon humaninteractionswith robot-teamg5, 3].
However they do not use e xible AA stratgiesand/orteam-lerel AA strate-
gies. Furthermoreour experimentalresultsmay assisttheseresearcherin
recognizingthe potentialfor harm that humansmay causeto agentor ro-
bot teamperformance.Signi cant attentionhasbeenpaid in the contet of
adjustableautonomyandmixed-initiative in single-agensingle-humarinter-
actions[7, 1]. However, this paperfocuseson nev phenomendhat arisein
humaninteractionswith agentteams.

This paperpresents large-scaleprototype, DEFACTO, thatis basedon a
softwareproxy architectureand3D visualizationsystemandprovidestwo key
adwancesover previous work. First, DEFACTO's Omni-Viewer enableshe
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humanto bothimprove situationalawarenessndassisiagentspy providing a
navigable3D view alongwith a2D globalallocationview. SecondDEFACTO
incorporatese xible AA stratgies, even excluding humansfrom the loop in
extremecircumstances\We performeddetailedexperimentausingDEFACTO,
leadingto somesurprisingresults. Theseresultsillustratethat an agentteam
mustbe equippedwith e xible strat@iesfor adjustableautonomyso thatthe
appropriatestrateyy canbeselectedExciting feedbackrom DEFACTO's ulti-
mateconsumerdlustratesits promiseandpotentialfor real-world application.
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