
i



ii



iii



iv



Chapter 1

THE DEF A CTO SYSTEM:
COORDINA TING HUMAN-A GENT TEAMS
FOR THE FUTURE OF DISASTER RESPONSE �

N. Schurr 1, J.Marecki1, J.P. Lewis1, M. Tambe 1 and P. Scerri2

1University of Southern California
Powell Hall of Engineering,
3737 Watt Way, Los Angeles,CA 90089-0781

{ schurr,marecki, tambe} @usc.edu,zilla@computer.org

2Carnegie Mellon University,
5000 Forbes Avenue
Pittsburgh, PA 15213

pscerri@cs.cmu.edu

Abstract Enablingeffective interactionsbetweenagentteamsandhumansfor disasterre-
sponseis a critical areaof research,with encouragingprogressin the pastfew
years. However, previous work suffers from two key limitations: (i) limited
humansituationalawareness,reducinghumaneffectivenessin directingagent
teamsand(ii) theagentteam'srigid 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
a varietyof “team-level” interactionstrategies,evenexcludinghumansfrom the
loop in extremecircumstances.

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

Weenvision futuredisasterresponseto beperformedwith a mixtureof hu-
mansperforminghigh level decision-making,intelligent agentscoordinating
theresponseandhumansandrobotsperformingkey physicaltasks.Thesehet-
erogeneousteamsof robots,agents,andpeople[15] 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
beallowed to make, but alsocoordinationdecisionsthathumansarebetterat
makingdueto accessto importantglobal knowledge,generalinformationor
supporttools.

Already, humaninteractionwith agentteamsis critical in a large number
of currentandfuture applications[2, 3, 5, 15]. 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[10],adjustableautonomy[4,14] 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)[15] but not
the �e xibility critical in suchAA. Indeed,the appropriateAA methodvaries
from situationto situation. In somecasesthehumanusershouldmake most
of the decisions. However, in other caseshumaninvolvementmay needto
be restricted. Such�e xible AA techniqueshave beendevelopedin domains
wherehumansinteractwith individual agents[14], but whetherthey apply to
situationswherehumansinteractwith agentteamsis unknown.
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Figure 1.1. DEFACTO systemappliedto adisasterrescue.

Thestructureof this chapteris follows: we �rst intruduceDAFACTO and
its key componentsfollowedby theextendedcharacteristicsof its agents.Next
weexplain thenatureof theDEFACTO multi agentcoordinationplatformand
provideadescriptionof thesystemexecutionplatform.Finallywedemonstrate
theimpactof DEFACTO adjustableautonomystrategiesthroughexperiments
in thedisasterrescuedomain.

1.2 Application Domain

We reporton a softwareprototypesystem,DEFACTO (DemonstratingEf-
fective Flexible Agent Coordinationof TeamsthroughOmnipresence),that
enablesagent-humancollaborationandaddressesthe issuesof enhanceduser
interfaceand �e xible adjustableautonomyoutlined in the previous section.
Theuserinterface(whichwereferto asOmni-Viewer)andproxy-basedteam-
work (calledMachinetta) areincorporatedin DEFACTO in a way depictedin
Figure1.1.

The Omni-Viewer is an advancedhumaninterfacefor interactingwith an
agent-assistedresponseeffort. TheOmni-Viewerprovidesfor bothglobaland
localviewsof anunfoldingsituation,allowing ahumandecision-maker to pre-
cisely assessthe information requiredfor a particulardecision. A teamof
completelydistributedproxies,whereeachproxyencapsulatesadvancedcoor-
dinationreasoningbasedon thetheoryof teamwork, controlsandcoordinates
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agentsin a simulatedenvironment. The useof the proxy-basedteambrings
realistic coordinationcomplexity to the prototypeand allows more realistic
assessmentof the interactionsbetweenhumansandagent-assistedresponse.
Currently, we have appliedDEFACTO to a disasterrescuedomain. The in-
cidentcommanderof thedisasteractsasthehumanuserof DEFACTO. This
disastercaneitherbe “man made”(terrorism)or “natural” (earthquake). We
focuson two urbanareas:a squareblock that is denselycoveredwith build-
ings(weuseonefrom Kobe,Japan)andtheUniversityof SouthernCalifornia
(USC)campus,whichis moresparselycoveredwith buildings.In ourscenario,
severalbuildingsareinitially on �re, andthese�res spreadto adjacentbuild-
ings if they arenot quickly contained.The goal is to have a humaninteract
with the teamof �re enginesin orderto save the mostbuildings. While de-
signedfor realworld situations,DEFACTO canalsobeusedasa trainingtool
for incidentcommanderswhenhookedup to asimulateddisasterscenario.

To provide �e xible AA, we generalizethenotionof strategiesfrom single-
agentsingle-humancontext [14]. In our work, agentsmay �e xibly choose
amongteamstrategiesfor adjustableautonomyinsteadof only individualstrate-
gies;thus,dependingonthesituation,theagentteamhasthe�e xibility to limit
humaninteraction,andmayin extremecasesexcludehumansfrom theloop.

Finally, we presentresultsfrom detailedexperimentswith DEFACTO in
RobocupRescuedomain,which reveal two majorsurprises.First, contraryto
previousresults[15], humaninvolvementis not alwaysbene�cial to anagent
team—despitetheir bestefforts, humansmay sometimesendup hurting an
agentteam's performance. Second,increasingthe numberof agentsin an
agent-humanteammay alsodegradethe teamperformance,even thoughin-
creasingthe numberof agentsin a pureagentteamunderidentical circum-
stancesimproves teamperformance.Fortunately, in both the surprisingin-
stancesabove, DEFACTO's �e xible AA strategiesalleviatesuchproblematic
situations.

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

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
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(a) (b)

(c) (d)

(e) (f)

Figure 1.2. Omni-Viewerduringascenario:(a)Multiple ®resstartacrossthecampus(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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from a 3D viewer, sincethe3D view incorporatestheperspective andocclu-
sioneffectsgeneratedby a particularviewpoint. Theliteratureon 2D- versus
3D-viewersis ambiguous.For example,spatiallearningof environmentsfrom
virtual navigation hasbeenfound to be impairedrelative to studyingsimple
mapsof the sameenvironments[11]. On the other hand,the problemmay
be that many virtual environmentsarerelatively blandandfeatureless.Rud-
dle pointsout that navigating virtual environmentscanbe successfulif rich,
distinguishablelandmarksarepresent[12].

To addressour discrepantgoals,theOmni-Viewer incorporatesbotha con-
ventionalmap-like 2D view, Allocation Mode (Figure1.2-d) 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 aroundthescene,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 You et. al. [16] in rapid,minimally assistedconstructionof
polygonalmodelsfrom LiDAR (Light DetectionandRanging)data.Giventhe
raw LiDAR point data,we canautomaticallysegmentbuildings from ground
andcreatethe high resolutionmodel that the Navigation modeutilizes. The
constructionof theUSCcampusandsurroundingarearequiredonly two days
usingthis approach.LiDAR is aneffective way for any new geographicarea
to 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 environment easily provides real-time renderingof the textured
campusenvironment on mid-rangecommodity PCs. JME utilizes a scene
graphto order the renderingof geometricentities. It providessomeimpor-
tantfeaturessuchasOBJformatmodelloading(whichallows usto authorthe
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modelandtexturesin a tool like Maya andload it in JME) andalsovarious
assortedeffectssuchasparticlesystemsfor �res.

1.2.2 Pro xy-based team work

Takinginto accounttheuncertaintyandcommunicationproblemsthatoften
arisein disasterrescuedomainsrobust multi agentteamsaremore likely to
performbetterthat centralizedapproaches.To this end,DEFACTO is build
on thestate-of-the-artmulti agentinfrastructurecalledMachinetta. Themod-
ular structureof Machinettamain componentsand the fact that it provides
coordiantionalgorithmsratherthan�x edmulti-agentinfrastructureensuresits
versatilitywhich contributesto thereusabilityof DEFACTO for differentdo-
mains. The robustnessof Machinettais achieved throughdecentralizedrole
allocation,communicationandcoordinationalgorithmswhichusetheconcept
of moving agentsinsteadof �x ed messages.Detailson Machinettaareex-
plainedin section1.4.

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
[17].

Thegeneralcoordinationalgorithmsareencapsulatedin proxieswith each
proxy representingoneteammemberin theteam.MachinettaProxies,which
extendthesuccessfulTeamcoreproxies[10] areimplementedin Java andare
freelyavailableon theweb.

Noticethattheconceptof a reusableproxydiffersfrom many other“multi-
agenttoolkits” in thatit providesthecoordinationalgorithms, e.g.,algorithms
for allocatingtasks,as opposedto the infrastructure, e.g.,APIs for reliable
communication.

1.3 Agen ts

Currently, DEFACTO is appliedto a RobocupRescuedomainwhich in-
corporatesdetaileddisastersimulatoraswell as templatesfor threetypesof
agents:FireEngines,AmbulancesandPoliceCars.At thisstageof thesystem
developmentwe focuson Fire Enginesandsimulateonly the �re spreadand
building damage.Thus,agentsin our simulationareFire Enginestaking on
new FightFire requestsandreportingthestatusof buildings.

Main aspectsof theseagentsare:

Pro-activeness:eachagentstoresa list of plansit is ableto performand
whenever plan preconditionsare met, roles associatedwith plansare
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immediatedytriggered.On theotherhand,agentspro-activnesscanbe
variedthroughadjustableautonomystrategiesresultingin theincreased
performanceof thewholeteam.

Reactivness: eachagentmoves aroundthe environment, scansit for
emerging �res and reportsthe statusof the buildings on �re. In case
of an environmentchangeagent's �rst task is to comunicatethe news
to otherteammembersandconsequentlyestablishthe basisfor a new
Fight Fireplan.

Mobility: agentmovementaffects its sensingof the environmentand
choiceof which �re to �ght �rst; Priority is givento theclosestburning
building. In addition,agentsaresucseptibleto roadcongestiongener-
atedin realtimeby thetraf�c simulator.

Con�gurability: agentscanhave �e xible level of intelligencedepending
on thecontentsof their declarative con�guration �les which storeagent
beliefs,plans,adjustableautonomystrategiesetc.

Flexible architecture:The modularstructureof MachinettaProxiesal-
lows themto bereusedfor differentdomainswith interchangablecoor-
dinationalgorithms.

1.3.1 Adjustable Autonom y

In thispaper, wefocusonakey aspectof theproxy-basedcoordination:Ad-
justableAutonomy. Adjustableautonomyrefersto anagent'sability to dynam-
ically changeits own autonomy, possiblyto transfercontrolover adecisionto
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[14]. A transfer-of-control strategy is apreplanned
sequenceof actionsto transfercontroloveradecisionamongmultipleentities,
for example,anAH 1H2 strategy impliesthatanagent(A) attemptsadecision
andif theagentfails in thedecisionthenthecontrolover thedecisionis passed
to a humanH 1, and then if H 1 cannotreacha decision,then the control is
passedto H 2. Sincepreviouswork focusedon single-agentsingle-humanin-
teraction,strategieswereindividual agentstrategieswhereonly a singleagent
actedat a time.

An optimal transfer-of-control strategy optimally balancesthe risks of not
gettingahigh qualitydecisionagainsttherisk of costsincurreddueto adelay
in getting that decision. Flexibility in suchstrategies implies that an agent
dynamicallychoosesthe one that is optimal, basedon the situation,among
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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-
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 selectthe right strategy given thesituation.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.A T H strategy
is the conjunctionof teamlevel AT strategy with H strategy. This strategy
aimsto signi�cantly reducetheburdenon theuserby allowing thedecisionto
�rst passthroughall agentsbefore�nally going to theuser, if theagentteam
fails to reachadecision.

1.4 Multi-Agen t System

The Machinettasoftwareconsistsof � ve main modules,threearedomain
independentandtwo aretailoredfor speci�c domains(Figure1.3. The three
domainindependentmodulesarefor coordinationreasoning,maintaininglo-
cal beliefs(state)andadjustableautonomy. Thedomainspeci�c modulesare
for communicationbetweenproxiesandcommunicationbetweena proxy and
a teammember. Themodulesinteractwith eachotheronly via thelocal state
with a blackboarddesignandaredesignedto be “plug andplay”, thus,e.g.,
new adjustableautonomyalgorithmscanbe usedwith existing coordination
algorithms.Thecoordinationreasoningis responsiblefor reasoningaboutin-
teractionswith otherproxies,thusimplementingthecoordinationalgorithms.
Theadjustableautonomyalgorithmsreasonabouttheinteractionwith theteam
member, providing the possibility for the teammemberto make any coordi-
nationdecisioninsteadof the proxy. For example,the adjustableautonomy
modulecanreasonthata decisionto accepta role to rescuea civilian from a
burningbuilding shouldbemadeby thehumanwho will go into thebuilding
ratherthan the proxy. In practice,the overwhelmingmajority of coordina-
tion decisionsaremadeby theproxy, with only key decisionsreferredto team
members.
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Figure 1.3. ProxyArchitecture

Communication: communicationwith otherproxies

Coordination: reasoningaboutteamplansandcommunication

State: theworkingmemoryof theproxy

Adjustable Autonomy: reasoningaboutwhetherto actautonomouslyor pass
controlto theteammember

RAP Interface: communicationwith theteammember

Descriptionof MachinettaProxycomponents

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.

1.4.1 Organisation

The proxy basedapproachto coordinationis completelydistributed,with
eachproxy working closelywith the teammemberit representsin the envi-
ronment.Sincetheunderlyingalgorithmsarebasedon an operationalization
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of thetheoryof teamwork[17], coordinationrequiresthat joint intentionsand
mutualbeliefsareformedin a distributedmannerbeforethe teambeginsex-
ecutinga task. Recentchangesto Machinettahave relaxed the requirements
on mutualbeliefsand joint intentionsto allow bigger teamsto function ef-
fectively without infeasiblecommunicationoverhead[15]Speci�cally, agents
areonly requiredto form joint intentionsandmutualbeliefswith otherteam
memberswith whomthey aredirectly collaboratingon a sub-goal,ratherthan
with thewholeteam.This leadsto thepossibilityof theteamperformingdu-
plicateor con�icting tasks,henceadditionalcon�ict resolutionalgorithmsare
requiredto remove thesecon�icts.

Underlyingthecon�ict resolutionmechanism,andin factseveralkey algo-
rithmsin Machinetta,is a static,logical network involving all themembersof
theteam[15]This network is referredto astheassociatesnetwork. As well as
maintainingmutualbeliefsandjoint intentionsbetweendirect collaborators,
teammemberssharecritical informationwith theirneighborsin theassociates
network. By ensuringthattheassociatesnetwork hasa smallworldsproperty
[18], thereis very high probability thatat leastoneagentwill get to know of
any con�ict andcaninitiatearesolutionprocess[9].Teammemberscollaborat-
ing onasub-planform asortof sub-teamwith theirneighborsin theassociates
network by virtue of their joint intentionandmutualbeliefs. While the as-
sociatesnetwork remainsstatic the membersof a sub-team,and indeedthe
sub-plans,canchangeover time,resultingin anemergentorganizationalstruc-
tureconsistingof dynamicallychanging,overlappingsub-teams.(If needsbe,
I have a �gure for this.) Noticethatno hierarchyor centralizedcontrolof any
typeis presentin Machinetta.

The algorithmsin Machinettaare designedto be very scalable,allowing
largeteamsto bedeployedto achieve complex tasks.Fully distributedsimula-
tionsinvolving up to 500teammembershave beensuccessfullydemonstrated
and key algorithmshave beenshown to work ef�ciently with up to 10,000
teammembers.While no Machinettaalgorithmsrequirethe associatesnet-
work to be�x edwhentheteamis initiatedor for thewholeteamto beknown,
to dateall usesof Machinettahave involved domainswherethe entire team
is known in advance. However, by leveragingthe underlyingassociatesnet-
work andsomecarefulalgorithmdesignthereis noneedfor yellow pagestype
services,becauseteammembersneedonly interactwith neighborsin thenet-
work. Providednew teammemberscanintegratethemselvessuccessfullyinto
thenetwork, maintainingthenetwork's smallworldsproperty, Machinettacan
supportdynamicadditionof new teammembers.
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1.4.2 In teraction

Whendevelopinglargeteams,protocolandsoftwarerobustnessis critically
important. Whenhundredsor thousandsof distributed teammembersasyn-
chronouslycoordinateto simultaneouslyachieve hundredsof sub-plansover
a periodof time, any “bugs” in the interactioncodewill be inevitable found1

Sincedevelopingcompletelybug freecodeis extremelydif�cult evenfor pro-
fessionalsoftwaredevelopers,we developeda novel way of implementingin-
teractionthat is particularlyrobust andrelatively easyto debug. Ratherthan
sendingmessagesbetweenproxiesand, thus,having distributed statethat is
proneto dif�cult to locatebugs,we usemobileagentsthattransferbothcoor-
dinationstateandamessageasthey movebetweenproxies.

Theuseof mobileagentsfor coordinationleadsto high degreesof robust-
nessin at leasttwo key ways. First, it is easierto develop reliablemeansto
know whethermessagesare“lost”, sincethe agentitself canensureits own
movementaroundthe team. Second,coordinationalgorithmsaresimpler to
implementbecausethey areentirelyencapsulatedwithin thecodeof a single
mobileagent(ratherthanbeingspreadacrossproxies.)Thus,managementof
interactionstateandhandlingof coordinationfailures,etc., is greatlysimpli-
�ed.

Theuseof mobileagentsasameansfor implementingcoordiationprotocols
meansthat theproxiescanbe thoughtof asa typeof mobile agentplatform.
However, unlike traditionalmobile agentplatforms,the proxiesareactive in
providing informationto themobileagentsandeven,whentheadjustableau-
tonomydecidesahumanshouldmakeadecision,makingdecisionsonthemo-
bileagentsbehalf.Sincetheproxiesareconnectedin asmallworldsnetwork, it
is possibleto think of thecoordinationasbeingimplementedby mobileagents
moving aroundasmallworldsnetwork of active mobileagentplatforms.

1.4.3 MAS En vironmen t

Machinettais designedto be both domainindependantand to work with
highly heterogeneousteams.As such,it hasbeenpossibleto demonstrateMa-
chinettain several simulationenvironments. In additionto DEFACTO, Ma-
chinettahasalso beenusedfor coordinationof high �delity simulationsof
searchandrescuerobots.Themoststringenttestsof Machinetta'scoordination
capabilitieswill comein late2005whenit is usedfor anAir Force�ight test
involving threesimulatedunmannedaerialvehicles(UAVs) andonerealUAV.
Initial testinghasshown Machinettacaneffectively coordinatelargenumbers
of UAVs to ef�ciently executea wide areasearchanddestroy missionwith

1Murphy's Law meetstheLaw of LargeNumbers.
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suf�ciently low communicationbandwidthto befeasiblein a military domain
[13].

The domainsin which Machinettahave beenused,thoughvaried, share
somecommontraits.Speci�cally, thedomainshavetypicallyallowedcomplex
tasksto bebrokendown into smallersubtaskswith mostof therequiredcoor-
dinationbeing for speci�c subtasksratherthanacrosssubtasks.Machinetta
hasbeenrequiredto dealwith dynamicsin all the domainsin which it have
beenused,but, althoughsomedomainshave containedhostileforces,explicit
adversarialreasoninghasnotbeenperformed.

1.5 Exp erimen ts

We have conductedexperimentswith the DEFACTO systemconnectedto
theRobocupRescuesimulationenvironment.All thesimulationcomponents
wererunningon onedesktopwith two AMD 1.8GHz processorsand4GB of
ram.Thefollowing processesweresimulatedon thedesktop:

All theMachinettaproxiesandtheir communicationserver

Robocuprescuekernelincluding traf�c, blocade,�re andbuilding col-
lapsesimulators

Allocationviewer.

1.5.1 Evaluation

DEFACTO wasevaluatedin two key ways,focusingonkey individualcom-
ponentsof thesystem.First,weperformeddetailedexperimentscomparingthe
effectivenessof AdjustableAutonomy(AA) strategiesover multiple users.In
orderto provide DEFACTO with a dynamicrescuedomainwe choseto con-
nect it to a simulator. We chosethe previously developedRoboCupRescue
simulationenvironment[8]. In this simulator, �re engineagentscansearch
the city andattemptto extinguishany �res that have startedin the city. To
interfacewith DEFACTO, each�re engineis controlledby a proxy in order
to handlethecoordinationandexecutionof AA strategies. Consequently, the
proxiescantry to allocate�re enginesto �res in a distributedmanner, but can
alsotransfercontrol to themoreexpertuser. TheusercanthenusetheOmni-
Viewer in Allocation modeto allocateenginesto the �res thathehascontrol
over. In orderto focuson the AA strategies(transferringthe control of task
allocation)andnot have theusersability to navigateinterferewith results,the
Navigationmodewasnotusedduringthis �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
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Figure 1.4. Performanceof subjects1, 2, and3.
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testedthreestrategies,speci�cally, H , AH andA T 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.Foreachstrategy wetested,variedthenumberof �re engines
between4, 6 and10. Eachchartin Figure1.4 shows the varying numberof
�re engineson the x-axis, andthe teamperformancein termsof numbersof
buildingsavedonthey-axis.For instance,strategy A T 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 andA T H perfor-
manceis dueto humaninvolvement.As thenumberof agentsincrease
to 10, theagentteamdoesrecover.

No strategy dominatesthroughall theexperimentsgivenvaryingnum-
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: A T H leadsto
improvementover H with 4 agentsfor all subjects,althoughsurprising
dominationof AH overAT H in somecasesindicatesthatAH mayalso
ausefulstrategy to have availablein a teamsetting.

Notethatthephenomenadescribedrangeovermultipleusers,multipleruns,
andmultiple strategies. The mostimportantconclusionfrom these�gures is
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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. Totalamountof allocationsgiven.
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Figure 1.5. (a) AG H and(b) H performance

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), and comparingto A strategy, we may begin to selectthe
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 predictionswerethatwhile 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 theA T 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,
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Figure 1.6. Amountof agentsper®re assignedby subjects1, 2, and3

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,
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 .

Thesecondaspectof ourevaluationwasto explorethebene�tsof theNav-
igationmode(3D) in theOmni-Viewer over solelyanAllocation mode(2D).
Weperformed2 testson 20 subjects.All subjectswerefamiliar with theUSC
universitycampus.Test1showedNavigationandAllocationmodescreenshots
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.
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1.6 Related W ork and Summary

We have discussedrelatedwork throughoutthis paper, however, we now
providecomparisonswith key previousagentsoftwareprototypesandresearch.
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 during a 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 theU.S. Army
TrainingandDoctrineCommandAnalysisCenter, EPICSis alsousedfor exer-
cisingcommunicationsandcommandandcontrolproceduresat multiple lev-
els.Similar to JCATShowever, intelligentagentsandagent-humaninteraction
cannotbesimulated.

Givenourapplicationdomains,work of Scerriet. al. on robot-agent-person
(RAP)teamsfor disasterrescueis likely themostcloselyrelatedto DEFACTO
[15]. 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-
tensive experimentation,andillustratethatsomeof theconclusionsreachedin
[15] wereindeedpreliminary, e.g.,they concludethat humaninvolvementis
alwaysbene�cial to agentteamperformance,while ourmoreextensive results
indicatethatsometimesagentteamsarebetteroff excludinghumansfrom the
loop. Humaninteractionsin agentteamsis also investigatedin [2, 16], 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 potentialfor harmthat humansmay causeto agentor robot
teamperformance.Signi�cant attentionhasbeenpaid in the context of ad-
justableautonomyandmixed-initiative in single-agentsingle-humaninterac-
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tions [7, 1]. However, this paperfocuseson new phenomenathatarisein hu-
maninteractionswith agentteams.

This paperpresentsa large-scaleprototype,DEFACTO, that is basedon a
softwareproxyarchitectureand3D visualizationsystemandprovidestwo key
advancesover previous work. First, DEFACTO's Omni-Viewer enablesthe
humanto bothimprovesituationalawarenessandassistagents,by providing a
navigable3D view alongwith a2Dglobalallocationview. 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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