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Abstract

When addressingterrorist threatswe must give specialat-
tention to both prevention and disasterresponse.Enabling
effective interactionsbetweenagentteamsand humansfor
disasterresponseis a critical areaof research,with encour-
aging progressin the past few years. However, previous
work suffersfrom two key limitations: (i) limited humansit-
uationalawareness,reducinghumaneffectivenessin direct-
ing agentteamsand (ii) the agentteam's rigid interaction
strategies that limit teamperformance.This paperfocuses
on a novel disasterresponsesoftwareprototype,calledDE-
FACTO (DemonstratingEffective Flexible Agent Coordina-
tion of TeamsthroughOmnipresence).DEFACTO is based
on a software proxy architectureand 3D visualizationsys-
tem, which addressesthe two limitations describedabove.
First, the 3D visualizationinterfaceenableshumanvirtual
omnipresencein the environment, improving humansitua-
tional awarenessandability to assistagents. Second,gen-
eralizingpastwork on adjustableautonomy, the agentteam
choosesamonga variety of “team-level” interactionstrate-
gies, even excluding humansfrom the loop in extremecir-
cumstances.

Intr oduction
In the shadow of large-scalenationalandinternationalter-
rorist incidents,it is critical to provide �rst respondersand
rescuepersonnelwith tools that enablemoreeffective and
ef�cient disasterresponse.We envision future disasterre-
sponseto beperformedwith a mixtureof humansperform-
ing high level decision-making,intelligent agentscoordi-
natingtheresponseandhumansandrobotsperformingkey
physicaltasks.Theseheterogeneousteamsof robots,agents,
andpeople(Scerriet al. 2003)will provide the safestand
most effective meansfor quickly respondingto a disaster,
suchasa terroristattack. A key aspectof sucha response
will be agent-assistedvehiclesworking together. Speci�-
cally, agentswill assistthevehiclesin planningroutes,de-
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terminingresourcesto useandevendeterminingwhich �re
to �ght. Eachagentonly obtainslocal informationaboutits
surrounding,andmust communicatewith othersto obtain
additionalinformation,andcoordinateto ensurethatmaxi-
mumnumbersof civiliansaresavedandpropertydamageis
minimized.

However, despiteadvancesin agenttechnologies,human
involvementwill becrucial.Allowing humansto makecrit-
ical decisionswithin a teamof intelligentagentsor robotsis
prerequisitefor allowing suchteamsto beusedin domains
wherethey can causephysical, �nancial or psychological
harm.Thesecritical decisionsincludenotonly thedecisions
that,for moralor political reasons,humansmustbeallowed
tomake,but alsocoordinationdecisionsthathumansarebet-
ter at makingdueto accessto importantglobalknowledge,
generalinformationor supporttools.

Already, humaninteractionwith agentteamsis critical in
a largenumberof currentandfutureapplications(Burstein,
Mulvehill, & Deutsch1999; Fong, Thorpe,& Baur 2002;
Scerri et al. 2003; Crandall,Nielsen,& Goodrich2003).
For example,currentefforts emphasizehumanscollabora-
tion with robotteamsin spaceexplorations,humansteaming
with robotsandagentsfor disasterrescue,aswell ashumans
collaboratingwith multiplesoftwareagentsfor training(Do-
raiset al. 1998;Hill etal. 2003).

This paper focuseson the challengeof improving the
effectivenessof applicationsof humancollaborationwith
agent teams. Previous work has reported encouraging
progressin this arena, e.g., via proxy-basedintegration
architectures(Pynadath& Tambe2003), adjustableauton-
omy(Scerri,Pynadath,& Tambe2002;Doraiset al. 1998)
andagent-humandialogue(Allen 1995). Despitethis en-
couragingprogress,previous work suffers from two key
limitations. First, when interactingwith agentteamsact-
ing remotely, humaneffectivenessis hamperedby interfaces
that limit their ability to apply decision-makingskills in a
fastandaccuratemanner. Techniquesthatprovide telepres-
encevia video are helpful (Fong, Thorpe,& Baur 2002),
but cannotprovide theglobalsituationawareness.Second,
agentteamshave beenequippedwith adjustableautonomy
(AA)(Scerri et al. 2003) but not the �e xibility critical in
suchAA. Indeed,the appropriateAA methodvariesfrom
situationto situation. In somecasesthehumanusershould
makemostof thedecisions.However, in othercaseshuman



involvementmay needto be restricted. Such�e xible AA
techniqueshave beendevelopedin domainswherehumans
interactwith individual agents(Scerri,Pynadath,& Tambe
2002),but whetherthey apply to situationswherehumans
interactwith agentteamsis unknown.

We report on a software prototypesystem,DEFACTO
(DemonstratingEffective Flexible Agent Coordinationof
TeamsthroughOmnipresence),that enablesagent-human
collaborationandaddressesthe two shortcomingsoutlined
above. The systemincorporatesstateof the art arti�cial
intelligence, 3D visualizationand human-interactionrea-
soninginto a uniquehigh �delity systemfor researchinto
humanagentcoordinationin complex environments. DE-
FACTO incorporatesa visualizerthatallows for thehuman
to haveanomnipresentinteractionwith remoteagentteams,
overcomingthe�rst limitation describedabove. We referto
this astheOmni-Viewer, andit combinestwo modesof op-
eration.TheNavigationModeallows for a navigable,high
quality 3D visualizationof the world, whereasthe Alloca-
tion Modeprovidesa traditional2D view anda list of pos-
sible taskallocationsthat thehumanmayperform. Human
expertscanquickly absorbon-goingagentandworld activ-
ity, takingadvantageof boththebrain'sfavoredvisualobject
processingskills (relative to textual search,(Paivio 1974)),
andthe fact that 3D representationscanbe innatelyrecog-
nizable,without thelayerof interpretationrequiredof map-
like displaysor raw computerlogs. The Navigation mode
enablesthe humanto understandthe local perspectivesof
eachagentin conjunctionwith theglobal,system-wideper-
spective thatis obtainedin theAllocationmode.

Second,to provide �e xible AA, we generalizethe no-
tion of strategies from single-agentsingle-humancontext
(Scerri,Pynadath,& Tambe2002).In ourwork, agentsmay
�e xibly chooseamongteamstrategiesfor adjustableauton-
omyinsteadof only individualstrategies;thus,dependingon
the situation,the agentteamhasthe �e xibility to limit hu-
maninteraction,andmayin extremecasesexcludehumans
from theloop.

We presentresultsfrom detailedexperimentswith DE-
FACTO, which reveal two major surprises.First, contrary
to previous results(Scerri et al. 2003), humaninvolve-
ment is not always bene�cial to an agentteam—despite
their bestefforts,humansmaysometimesenduphurtingan
agentteam'sperformance.Second,increasingthenumberof
agentsin an agent-humanteammay alsodegradethe team
performance,even thoughincreasingthe numberof agents
in apureagentteamunderidenticalcircumstancesimproves
teamperformance.Fortunately, in both the surprisingin-
stancesabove,DEFACTO's �e xible AA strategiesalleviate
suchproblematicsituations.DEFACTO is currentlyinstan-
tiated as a prototypeof a future disasterresponsesystem.
DEFACTO hasbeenrepeatedlydemonstratedto key police
and�re departmentpersonnelin LosAngelesarea,with very
positive feedback.

DEFACTO SystemDetails
The DEFACTO systemis currently focusedon illustrating
thepotentialof futuredisaster-responseto disastersthatmay
ariseasa resultof large-scaleterroristattacks.Constructed

aspartof theeffort at the�rst centerfor researchexcellence
on homelandsecurity(the CREATE center),DEFACTO is
motivatedby a scenarioof greatconcernto �rst responders
within Los Angelesand other metropolitanareas. In our
consultationswith theLosAngeles�re departmentandper-
sonnelfrom the CREATE center, this scenariois of great
concern.In particular, a shoulder-�red missilecouldpoten-
tially be usedto attacka low-�ying civilian jet-liner that is
preparingto landat LosAngelesInternationalAirport. This
would causethejet-liner to crashinto anurbanareaandre-
sult in a large-scaledisasteron the ground. This scenario
could lead to multiple �res in multiple locationswith po-
tentially many critically injured civilians. While thereare
many longer-termimplicationsof suchan attack,we focus
onassisting�rst responders,namely�re �ghters.

In this chapterwe will describetwo major components
of DEFACTO: theOmni-Viewerandtheproxy-basedteam-
work (seeFigure1). TheOmni-Viewer is anadvancedhu-
maninterfacefor interactingwith anagent-assistedresponse
effort. TheOmni-Viewerprovidesfor bothglobalandlocal
viewsof anunfoldingsituation,allowing ahumandecision-
maker to precisethe information requiredfor a particular
decision. A teamof completelydistributedproxies,where
eachproxy encapsulatesadvancedcoordinationreasoning
basedon the theoryof teamwork, controlsandcoordinates
agentsin a simulatedenvironment. The useof the proxy-
basedteambrings realistic coordinationcomplexity to the
prototypeandallows morerealisticassessmentof the inter-
actionsbetweenhumansandagent-assistedresponse.Cur-
rently, we have appliedDEFACTO to a disasterrescuedo-
main. The incidentcommanderof the disasteractsas the
humanuser of DEFACTO. We focuson two urbanareas:
a squareblock that is denselycoveredwith buildings (we
useone from Kobe, Japan)and the USC campus, which
is more sparselycoveredwith buildings. In our scenario,
severalbuildingsareinitially on �re, andthese�res spread
to adjacentbuildingsif they arenot quickly contained.The
goalis to haveahumaninteractwith theteamof �re engines
in orderto save themostbuildings. Our overall systemar-
chitectureappliedto disasterresponsecanbeseenin Figure
1. While designedfor realworld situations,DEFACTO can
alsobeusedasatrainingtool for incidentcommanderswhen
hookedup to a simulateddisasterscenario.

Omni-Viewer
Ourgoalof allowing �uid humaninteractionwith agentsre-
quiresa visualizationsystemthat providesthehumanwith
a globalview of agentactivity aswell asshowing the local
view of a particularagentwhen needed.Hence,we have
developedan omnipresentviewer, or Omni-Viewer, which
will allow the humanuserdiverseinteractionwith remote
agentteams.While a globalview is obtainablefrom a two-
dimensionalmap,a local perspective is bestobtainedfrom
a3D viewer, sincethe3D view incorporatestheperspective
and occlusioneffects generatedby a particularviewpoint.
Theliteratureon 2D- versus3D-viewersis ambiguous.For
example,spatiallearningof environmentsfrom virtual nav-
igation hasbeenfound to be impairedrelative to studying
simplemapsof the sameenvironments(Richardson,Mon-
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Figure2: Omni-Viewerduringa scenario:(a)Multiple �res
startacrossthe campus(b) The IncidentCommanderuses
theNavigationmodeto quickly graspthesituation(c) Nav-
igationmodeshows a closerlook at oneof the �res (d) Al-
locationmodeis usedto assigna �re engineto the �re (e)
The �re enginehasarrived at the �re (f) The �re hasbeen
extinguished.

tello,& Hegarty1999).Ontheotherhand,theproblemmay
be that many virtual environmentsarerelatively blandand
featureless.Ruddlepoints out that navigating virtual en-
vironmentscanbe successfulif rich, distinguishableland-
marksarepresent(Ruddle,Payne,& Jones1997).

To addressour discrepantgoals,theOmni-Viewer incor-
poratesboth a conventionalmap-like 2D view, Allocation
Mode (Figure 2-d) and a detailed3D viewer, Navigation
Mode(Figure2-c). TheAllocation modeshows theglobal
overview as eventsare progressingand provides a list of
tasksthat the agentshave transferredto the human. The
Navigationmodeshows thesamedynamicworld view, but
allows for more freedomto move to desiredlocationsand
views. In particular, theusercandropto thevirtual ground
level, therebyobtainingtheworldview (localperspective)of
a particularagent.At this level, theusercan“walk” freely
aroundthe scene,observingthe local logistics involved as
variousentities are performing their duties. This can be
helpful in evaluatingthephysicalgroundcircumstancesand
alteringthe team's behavior accordingly. It alsoallows the
user to feel immersedin the scenewhere various factors
(psychological,etc.)maycomeinto effect.

In orderto preventcommunicationbandwidthissues,we
assumethat a high resolution3D model hasalreadybeen
createdandtheonly datathat is transferredduring thedis-
asterare importantchangesto the world. Generatingthis
suitable3D modelenvironmentfor theNavigationmodecan
requiremonthsor evenyearsof manualmodelingeffort, as
is commonlyseenin thedevelopmentof commercialvideo-
games.However, to avoid this level of effort we make use
of thework of You et. al. (SuyaYou & Fox 2003)in rapid,
minimally assistedconstructionof polygonalmodelsfrom
LiDAR (Light DetectionandRanging)data.Giventheraw
LiDAR point data,we canautomaticallysegmentbuildings
from groundandcreatethe high resolutionmodel that the
Navigation modeutilizes. The constructionof the campus
andsurroundingarearequiredonly two daysusingthis ap-
proach.LiDAR is aneffective way for any new geographic
areato beeasilyinsertedinto theOmni-Viewer.

We usetheJME gameengineto performthe actualren-
deringdueto its cross-platformcapabilities.JME is anex-
tensiblelibrary built on LWJGL (Light Weight Java Game
Library), which interfaceswith OpenGLandOpenAL.This
environmenteasilyprovidedreal-timerenderingof thetex-
tured campusenvironmenton mid-rangecommodityPCs.
JME utilizes a scenegraphto order the renderingof geo-
metricentities.It providessomeimportantfeaturessuchas
OBJ format model loading (which allows us to authorthe
modelandtexturesin a tool like Mayaandload it in JME)
andalsovariousassortedeffectssuchasparticlesystemsfor
�res.

Proxy: Teamwork
A key hypothesisin this work is that intelligentdistributed
agentswill be a key elementof a future disasterresponse.
Takingadvantageof emergingrobust,high bandwidthcom-
municationinfrastructurewe believe that a critical role of
theseintelligent agentswill be to managecoordinationbe-
tweenall membersof theresponseteam.Speci�cally, weare



Figure3: ProxyArchitecture

usingcoordinationalgorithmsinspiredby theoriesof team-
work to managethedistributedresponse(Tambe1997).The
generalcoordinationalgorithmsareencapsulatedin proxies,
with eachteammemberhaving its own proxyandrepresent-
ing it in theteam.Thecurrentversionof theproxiesis called
Machinetta(Scerriet al. 2004)andextendsthe successful
Teamcoreproxies(Pynadath& Tambe2003).Machinettais
implementedin Java andis freely availableon theweb. No-
tice that theconceptof a reusableproxy differs from many
other“multiagenttoolkits” in that it providesthecoordina-
tion algorithms, e.g.,algorithmsfor allocatingtasks,asop-
posedto theinfrastructure, e.g.,APIs for reliablecommuni-
cation.

Communication: communicationwith otherproxies
Coordination: reasoningaboutteamplansandcommuni-

cation
State: theworking memoryof theproxy
Adjustable Autonomy: reasoningaboutwhetherto actau-

tonomouslyor passcontrolto theteammember
RAP Interface: communicationwith theteammember

The Machinettasoftwareconsistsof � ve main modules,
threeof which are domainindependentand two of which
are tailored for speci�c domains. The threedomaininde-
pendentmodulesarefor coordinationreasoning,maintain-
ing local beliefs (state)andadjustableautonomy. The do-
mainspeci�c modulesarefor communicationbetweenprox-
iesandcommunicationbetweenaproxyandateammember.
Themodulesinteractwith eachotheronly via thelocalstate
with a blackboarddesignandaredesignedto be “plug and
play”, thus,e.g.,new adjustableautonomyalgorithmscan
be usedwith existing coordinationalgorithms. The coor-
dinationreasoningis responsiblefor reasoningaboutinter-
actionswith otherproxies,thusimplementingthecoordina-
tion algorithms.Theadjustableautonomyalgorithmsreason
aboutthe interactionwith the teammember, providing the
possibility for the teammemberto make any coordination
decisioninsteadof the proxy. For example,the adjustable
autonomymodulecanreasonthatadecisionto acceptarole
to rescuea civilian from a burningbuilding shouldbemade
by thehumanwho will go into thebuilding ratherthanthe
proxy. In practice,theoverwhelmingmajority of coordina-
tion decisionsaremadeby the proxy, with only key deci-
sionsreferredto teammembers.

Teamsof proxiesimplementteamorientedplans(TOPs)
which describejoint activities to be performedin termsof
theindividual rolesto beperformedandany constraintsbe-
tweenthoseroles. Typically, TOPsareinstantiateddynam-
ically from TOP templatesat runtime when preconditions
associatedwith the templatesare �lled. Typically, a large

teamwill besimultaneouslyexecutingmany TOPs.For ex-
ample,adisasterresponseteammightbeexecutingmultiple
�ght �re TOPs.Such�ght �re TOPsmight specifya break-
down of �ghting a �re into activities suchascheckingfor
civilians,ensuringpowerandgasis turnedoff andspraying
water. Constraintsbetweentheseroleswill specifyinterac-
tions suchasrequiredexecutionorderingandwhetherone
role canbeperformedif anotheris not currentlybeingper-
formed.NoticethatTOPsdonotspecifythecoordinationor
communicationrequiredto executea plan,theproxy deter-
minesthecoordinationthatshouldbeperformed.

Proxy: Adjustable Autonomy
In this paper, we focuson a key aspectof the proxy-based
coordination:AdjustableAutonomy. Adjustableautonomy
refersto an agent's ability to dynamicallychangeits own
autonomy, possiblyto transfercontrol over a decisionto a
human. Previous work on adjustableautonomycould be
categorizedas either involving a single personinteracting
with a singleagent(the agentitself may interactwith oth-
ers)or a singlepersondirectly interactingwith a team. In
thesingle-agentsingle-humancategory, theconceptof �e x-
ible transfer-of-controlstrategy hasshown promise(Scerri,
Pynadath,& Tambe2002).A transfer-of-controlstrategy is
a preplannedsequenceof actionsto transfercontrol over a
decisionamongmultiple entities,for example,an AH 1H2
strategy implies thatanagent(AT ) attemptsa decisionand
if theagentfails in thedecisionthenthecontrolover thede-
cisionis passedto ahumanH 1, andthenif H1 cannotreach
a decision,then the control is passedto H 2. Sinceprevi-
ouswork focusedonsingle-agentsingle-humaninteraction,
strategieswereindividual agentstrategieswhereonly a sin-
gleagentactedat a time.

An optimal transfer-of-control strategy optimally bal-
ancestherisksof not gettinga highquality decisionagainst
therisk of costsincurreddueto a delayin gettingthatdeci-
sion. Flexibility in suchstrategiesimplies thatanagentdy-
namicallychoosestheonethatis optimal,basedon thesitu-
ation,amongmultiple suchstrategies(H 1A, AH 1, AH 1A,
etc.) ratherthanalwaysrigidly choosingonestrategy. The
notionof �e xiblestrategies,however, hasnotbeenappliedin
the context of humansinteractingwith agent-teams.Thus,
a key questionis whethersuch�e xible transferof control
strategiesarerelevantin agent-teams,particularlyin alarge-
scaleapplicationsuchasours.

DEFACTO aims to answerthis questionby implement-
ing transfer-of-control strategies in the context of agent
teams. One key advancein DEFACTO, however, is that
the strategiesarenot limited to individual agentstrategies,
but alsoenablesteam-level strategies. For example,rather
thantransferringcontrol from a humanto a singleagent,a
team-level strategy could transfercontrol from a humanto
anagent-team.Concretely, eachproxy is providedwith all
strategy options;thekey is to selecttheright strategy given
the situation. An exampleof a teamlevel strategy would
combineAT StrategyandH Strategy in orderto makeAT H
Strategy. Thedefault teamstrategy, AT , keepscontrolover
a decisionwith theagentteamfor theentiredurationof the
decision.TheH strategy alwaysimmediatelytransferscon-



trol to thehuman.AT H strategy is theconjunctionof team
level AT strategy with H strategy. This strategy aims to
signi�cantly reducetheburdenon theuserby allowing the
decisionto �rst passthroughall agentsbefore�nally going
to theuser, if theagentteamfails to reacha decision.

Mathematical Model of StrategySelection
Wedevelopanovelmathematicalmodelfor theseteamlevel
adjustableautonomystrategiesin orderto enableteam-level
strategy selection. We �rst quickly review backgroundon
individualstrategiesfromScerri(Scerri,Pynadath,& Tambe
2002)beforepresentingourteamstrategies.Whereasstrate-
giesin Scerri'swork arebasedonasingledecisionthatis se-
quentiallypassedfrom agentto agent,we assumethatthere
aremultiple homogeneousagentsconcurrentlyworking on
multiple tasksinteractingwith a singlehumanuser. We ex-
ploit theseassumptions(which �t our domain)to obtaina
reducedversionof our modelandsimplify thecomputation
in selectingstrategies.

Background on individual strategies
A decision,d, needsto be made. Therearen entities,e1
. . .en , who canpotentiallymake the decision. Theseenti-
tiescanbehumanusersor agents.Theexpectedquality of
decisionsmadeby eachof theentities,EQ = f EQei ;d (t) :
R ! Rgn

i =1 , is known, thoughperhapsnot exactly. P =
f P> (t) : R ! Rg representscontinuousprobabilitydistri-
butionsover thetime that theentity in controlwill respond
(with a decisionof quality EQe;d (t)). Thecostof delaying
a decisionuntil time t, denotedasfW : t ! Rg. Thesetof
possiblewait-costfunctionsis W . W(t) is non-decreasing
andat somepoint in time, � , whenthecostsof waitingstop
accumulating(i.e.,8t � � ; 8W 2 W ; W(t) = W(�) ).

To calculatethe EU of an arbitrary strategy, the model
multipliestheprobabilityof responseateachinstantof time
with the expectedutility of receiving a responseat that in-
stant,and then sum the products. Hence,for an arbitrary
continuousprobability distribution if ec representsthe en-
tity currentlyin decision-makingcontrol:

EU =
Z 1

0
P> (t)EUec ;d (t) :dt (1)

Sincewe areprimarily interestedin the effectsof delay
causedby transferof control, we can decomposethe ex-
pectedutility of a decisionat a certaininstant,EUec ;d (t),
into two terms.The�rst termcapturesthequalityof thede-
cision, independentof delaycosts,andthesecondcaptures
thecostsof delay:EUec ;d t = EQe;d (t) � W(t). To calcu-
latetheEU of astrategy, theprobabilityof responsefunction
andthewait-costcalculationmustre�ect the control situa-
tion at thatpoint in thestrategy. If a human,H 1 hascontrol
at time t, P> (t) re�ects H1's probabilityof respondingat t.

Intr oduction of teamlevel strategies
AT Strategy: Startingfrom the individual model, we in-
troduceteamlevel AT strategy, denotedasAT in the fol-
lowing way: We startwith Equation2 for singleagentAT
and single task d. We obtain Equation3 by discretizing

time, t = 1; :::; T and introducingset � of tasks. Prob-
ability of agentAT performing a task d at time t is de-
notedas Pa;d (t). Equation4 is a result of the introduc-
tion of the setof agentsAG = a1; a2; :::; ak . We assume
thesamequality of decisionfor eachtaskperformedby an
agentandthat eachagentAT hasthe samequality so that
we canreduceEQa;d (t) to EQ(t). Given the assumption
that eachagentAT at time step t performsone task, we
have

P
d2 � Pa;d (t) = 1 which is depictedin Equation5.

Thenweexpress
P ak

a= a1

P
d2 � Pa;d (t) � Wa;d (t) astheto-

tal teampenaltyfor time slice t, i.e, at time slice t we sub-
tract onepenaltyunit for eachnot completedtaskasseen
in Equation6. Assumingpenaltyunit PU = 1 we �nally
obtainEquation7.

E Ua;d =
Z 1

0
P> a ( t ) � (E Qa;d ( t ) � W ( t )) :dt (2)

E Ua; � =
TX

t =1

X

d 2 �

Pa;d ( t ) � (E Qa;d ( t ) � W ( t )) (3)

E UA T ; � =
TX

t =1

a kX

a = a 1

X

d 2 �

Pa;d ( t ) � (E Qa;d ( t ) � W a;d ( t )) (4)

E UA T ; � ;AG =
TX

t =1

(
a kX

a = a 1

E Q(t ) �
a kX

a = a 1

X

d 2 �

Pa;d ( t ) � W a;d ( t )) (5)

E UA T ; � ;AG =
TX

t =1

( jAG j � E Q(t ) � ( j � j � jAG j � t ) � P U ) (6)

E UA T ; � ;AG = jAG j �
TX

t =1

(E Q(t ) � (
j � j

AG
� t )) (7)

H Strategy: The differencebetweenEUH ;� ;AG and
EUA T ;� ;AG resultsfrom threekey observations:First, the
humanis ableto choosestrategicdecisionswith higherprob-
ability, thereforehisEQH (t) is greaterthanEQ(t) for both
individual and teamlevel AT strategies. Second,we hy-
pothesizethata humancannotcontrolall theagentsAG at
disposal,but dueto cognitive limits will focuson a smaller
subset,AGH , of agents. jAGH j shouldslowly converge
to B , which denotesits upperlimit, but never exceedAG.
Eachfunction f (AG) that modelsAGH shouldbe consis-
tentwith threeproperties:i) if B ! 1 thenf (AG) ! AG;
ii) f (AG) < B ; iii) f (AG) < AG. Third, thereis a delay
in humandecisionmakingcomparedto agentdecisions.We
modelthisphenomenaby shiftingH to startattimeslicetH .
For tH � 1 timeslicestheteamincursacostj� j � (tH � 1)
for all incompletetasks. By insertingEQH (t) andAGH
into thetime shiftedutility equationfor AT strategy we ob-
tain theH strategy (Equation8).

AT H Strategy: The AT H strategy is a compositionof
H andAT strategies(seeEquation9).
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Figure4: Model predictionsfor varioususers.

E UH; � ;AG = jAG H j �
TX

t = t H

(E QH ( t )

� (
j � j

AG H
� ( t � t H ))) � j � j � ( t H � 1) (8)

E UA T H; � ;AG = jAG j �
t H � 1X

t =1

(E Q(t ) � (
j � j

jAG j
� t ))

+ jAG H j �
TX

t = t H

(E QH ( t ) � (
j � j � jAG j

jAG H j
� ( t � t H )))) (9)

Strategyutility prediction: Givenourstrategy equations
andtheassumptionthatEQH ;� ;AG is constantandindepen-
dentof thenumberof agentsweplot thegraphsrepresenting
strategy utilities (Figure4). Figure4 shows the numberof
agentson thex-axisandtheexpectedutility of a strategy on
they-axis.Wefocusonhumanswith differentskills: (a) low
EQH , low B (b) high EQH , low B (c) low EQH , high B
(d) high EQH , high B . The last graphrepresentinga hu-
manwith high EQH andhigh B follows resultspresented
in [13] (andhencetheexpectedscenario),we seethecurve
of AH andAT H �attening out to eventuallycrossthe line
of AT . Moreover, we observe that the increasein EQH
increasesthe slopefor AH andAT H for small numberof
agents,whereastheincreaseof B causesthecurve to main-
tain a slopefor larger numberof agents,beforeeventually
�attening outandcrossingtheAT line.

Experiments and Evaluation
Our DEFACTO systemwas evaluatedin threekey ways,
with the �rst two focusingon key individual components
of the DEFACTO systemandthe last attemptingto evalu-
ate the entiresystem. First, we performeddetailedexper-
iments comparingthe effectivenessof AdjustableAuton-
omy (AA) strategiesover multiple users. In order to pro-
videDEFACTO with a dynamicrescuedomainwe choseto
connectit to a simulator. We chosethe previously devel-
opedRoboCupRescuesimulationenvironment(Kitano et
al. 1999). In this simulator, �re engineagentscansearch
thecity andattemptto extinguishany �res thathave started

in the city. To interfacewith DEFACTO, each�re engine
is controlledby a proxy in orderto handlethecoordination
andexecutionof AA strategies. Consequently, the proxies
cantry to allocate�re enginesto �res in a distributedman-
ner, but canalsotransfercontrolto themoreexpertuser. The
usercanthenusetheOmni-Viewerin Allocationmodeto al-
locateenginesto the�res thathehascontrolover. In orderto
focuson the AA strategies(transferringthecontrol of task
allocation)andnot have the usersability to navigateinter-
ferewith results,theNavigationmodewasnot usedduring
this �rst setof experiments.

The resultsof our experimentsare shown in Figure 5,
which shows the resultsof subjects1, 2, and3. Eachsub-
ject wasconfrontedwith the taskof aiding �re enginesin
saving a city hit by a disaster. For eachsubject,we tested
threestrategies,speci�cally, H , AH andAT H ; theirperfor-
mancewascomparedwith thecompletelyautonomousAT
strategy. AH is anindividualagentstrategy, testedfor com-
parisonwith AT H , whereagentsact individually, andpass
thosetasksto a humanuserthat they cannotimmediately
perform.Eachexperimentwasconductedwith thesameini-
tial locationsof �res andbuilding damage.For eachstrategy
wetested,variedthenumberof �re enginesbetween4,6 and
10. Eachchartin Figure5 showsthevaryingnumberof �re
engineson thex-axis,andtheteamperformancein termsof
numbersof building savedon they-axis.For instance,strat-
egy AT saves50building with 4 agents.Eachdatapoint on
the graphis an averageof threeruns. Eachrun itself took
15 minutes,andeachuserwasrequiredto participatein 27
experiments,whichtogetherwith 2 hoursof gettingoriented
with thesystem,equatesto about9 hoursof experimentsper
volunteer.

Figure5 enablesusto concludethefollowing:

� Human involvementwith agent teamsdoesnot neces-
sarily lead to improvementin teamperformance. Con-
traryto expectationsandprior results,humaninvolvement
doesnotuniformly improveteamperformance,asseenby
human-involvingstrategiesperformingworsethantheAT
strategy in someinstances.For instance,for subject3,hu-
maninvolving strategiessuchasAH provideasomewhat
higherqualitythanAT for 4 agents,yetathighernumbers
of agents,thestrategy performanceis lower thanAT .

� Providing more agentsat a human's commanddoesnot
necessarilyimprovetheagentteamperformance. As seen
for subject2 andsubject3, increasingagentsfrom 4 to 6
givenAH andAT H strategiesis seento degradeperfor-
mance.In contrast,for theAT strategy, theperformance
of thefully autonomousagentteamcontinuesto improve
with additionsof agents,thusindicatingthatthereduction
in AH andAT H performanceis dueto humaninvolve-
ment. As thenumberof agentsincreaseto 10, theagent
teamdoesrecover.

� No strategy dominatesthroughall theexperimentsgiven
varying numbers of agents. For instance,at 4 agents,
human-involving strategies dominate the AT strategy.
However, at 10 agents,the AT strategy outperformsall
possiblestrategiesfor subjects1 and3.

� Complex team-level strategies are helpful in practice:
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Figure5: Performanceof subjects1, 2, and3

AT H leadsto improvementover H with 4 agentsfor
all subjects,althoughsurprisingdominationof AH over
AT H in somecasesindicatesthatAH mayalsobeause-
ful strategy in a teamsetting.

Note that the phenomenadescribedrangeover multiple
users,multiple runs,andmultiple strategies. Themostim-
portantconclusionfrom these�gures is that�exibility is nec-
essaryto allow for the optimal AA strategy to be applied.
Thekey questionis thenhow to selecttheappropriatestrat-
egy for a teaminvolving a humanwhoseexpecteddecision
quality is EQH . In fact,by estimatingtheEQH of asubject
bycheckingthe“H” strategy for smallnumberof agents(say
4), andcomparingto AT strategy, we may begin to select
theappropriatestrategy for teamsinvolving moreagents.In
general,higherEQH letsusstill choosestrategiesinvolving
humansfor a morenumerousteam. For large teamshow-
ever, the numberof agentsAGH effectively controlledby
thehumandoesnotgrow linearly thusAT strategy becomes
dominant.

Unfortunately, the strategies including the humansand
agents(AH andAT H ) for 6 agentsshow a noticeablede-
creasein performancefor subjects2 and3 (seeFigure5). In
thefuturewewouldliketoexplorewhichfactorscontributed
to this interestingphenomena.

The secondaspectof our evaluationwas to explore the
bene�ts of the Navigation mode(3D) in the Omni-Viewer
over solelyanAllocation mode(2D). We performed2 tests
on 20 subjects. All subjectswere familiar with the USC
campus. Test 1 showed Navigation and Allocation mode
screenshotsof the university campusto subjects.Subjects
wereasked to identify a uniquebuilding on campus,while
timing eachresponse.Theaveragetime for a subjectto �nd
the building in 2D was 29.3 seconds,whereasthe 3D al-
lowedthemto �nd thesamebuilding in anaverageof 17.1
seconds.Test2 againdisplayedNavigationandAllocation
modescreenshotsof two buildingson campusthathadjust
caught�re. In Test2, subjectswereasked�rst askedto al-
locate�re enginesto thebuildingsusingonly theAllocation
mode. Thensubjectswereshown the Navigation modeof
the samescene. 90 percentof the subjectsactuallychose
to changetheir initial allocation,giventheextrainformation
thattheNavigationmodeprovided.

Third, the completeDEFACTO systemhas beenperi-
odically demonstratedto key governmentagencies,public
safetyof�cials anddisasterresearchersfor assessingits util-
ity by the ultimate consumersof the technology, with ex-

citing feedback. Indeedthey were eagerto deploy DE-
FACTO andbegin usingit asa researchtool to explore the
unfolding of different disasters.For example,during one
of the demonstrationson Nov 18, 2004Gary Ackerman,a
SeniorResearchAssociateat the Centerfor Nonprolifera-
tion Studiesat theMonterey Instituteof InternationalStud-
iespointedout in referenceto DEFACTO, “This is exactly
the typeof systemwe are looking for” to studythe poten-
tial effect of terroristattacks.Also, we have metwith sev-
eralpublicsafetyof�cials aboutusingDEFACTO asatrain-
ing tool for their staff. According to Los AngelesCounty
FireDepartmentCaptainMichaelLewis: “Ef fectivesimula-
tion programsfor �r e�ghters mustbe realistic, relevant in
scope, andimitatethecommunicationchallengeson the�r e
ground.DEFACTO focuseson theseveryissues.”

RelatedWork
Wehavediscussedrelatedwork throughoutthispaper, how-
ever, we now provide comparisonswith key previousagent
softwareprototypesandresearch.Among thecurrenttools
aimedat simulatingrescueenvironmentsit is importantto
mentionproductslike TerraSim(TerraSim2005), JCATS
(Laboratory2005) and EPICS(Technology2005). Terra-
Tools is a completesimulationdatabaseconstructionsys-
tem for automatedand rapid generationof high-�delity
3D simulation databasesfrom cartographicsourcemate-
rials. Developedby TerraSim, Inc. TerraTools provides
the setof integratedtools aimedat generatingvariouster-
rains,however, it is not applicableto simulaterescueoper-
ations. JCATS representsa self-contained,high-resolution
joint simulationin usefor entity-level trainingin open,urban
and subterraneanenvironments. Developedby Lawrence
LivermoreNationalLaboratory, JCATS givesusersthe ca-
pability to detail the replicationof small group and indi-
vidual activities during a simulatedoperation.Although it
providesa greathumantraining environment,at this point
JCATScannotsimulateintelligentagents.Finally, EPICSis
a computer-based,scenario-driven,high-resolutionsimula-
tion. It is usedby emergency responseagenciesto train for
emergency situationsthatrequiremulti-echelonand/orinter-
agency communicationandcoordination.Developedby the
U.S.Army TrainingandDoctrineCommandAnalysisCen-
ter, EPICSis alsousedfor exercisingcommunicationsand
commandandcontrol proceduresat multiple levels. Simi-
lar to JCATS however, intelligent agentsandagent-human
interactioncannotbesimulatedby EPICSat this point.



Given our applicationdomains,Scerri et al's work on
robot-agent-person(RAP) teamsfor disasterrescueis likely
themostcloselyrelatedto DEFACTO (Scerriet al. 2003).
Our work takes a signi�cant step forward in comparison.
First, theomni-viewerenablesnavigationalcapabilitiesim-
provinghumansituationalawarenessnotpresentin previous
work. Second,we provide team-level strategies,which we
experimentallyverify, absentin that work. Third, we pro-
vide extensive experimentation,andillustrate that someof
theconclusionsreachedin (Scerriet al. 2003)wereindeed
preliminary, e.g., they concludethat human involvement
is always bene�cial to agentteamperformance,while our
moreextensive resultsindicatethat sometimesagentteams
arebetteroff excludinghumansfrom theloop. Humaninter-
actionsin agentteamsis alsoinvestigatedin (Burstein,Mul-
vehill, & Deutsch1999;SuyaYou& Fox 2003),andthereis
signi�cant researchonhumaninteractionswith robot-teams
(Fong,Thorpe,& Baur2002;Crandall,Nielsen,& Goodrich
2003). However they do not use �e xible AA strategies
and/orteam-level AA strategies. Furthermore,our exper-
imental resultsmay assisttheseresearchersin recognizing
the potentialfor harm that humansmay causeto agentor
robotteamperformance.Signi�cant attentionhasbeenpaid
in the context of adjustableautonomyandmixed-initiative
in single-agentsingle-humaninteractions(Horvitz 1999;
Allen 1995). However, this paperfocuseson new phenom-
enathatarisein humaninteractionswith agentteams.

Summary
Thispaperpresentsalarge-scaleprototype,DEFACTO, that
is currently focusedon illustrating the potentialof future
disaster-responseto disastersthat may ariseas a result of
large-scaleterroristattacks.Basedon a softwareproxy ar-
chitectureand3D visualizationsystem,DEFACTO provides
two key advancesover previous work. First, DEFACTO's
Omni-Viewerenablesthehumanto bothimprovesituational
awarenessand assistagents,by providing a navigable 3D
view alongwith a 2D globalallocationview. Second,DE-
FACTO incorporates�e xible AA strategies,evenexcluding
humansfrom the loop in extremecircumstances.We per-
formed detailedexperimentsusing DEFACTO, leading to
somesurprisingresults.Theseresultsillustratethatanagent
teammustbeequippedwith �e xible strategiesfor adjustable
autonomyso that the appropriatestrategy canbe selected.
Exciting feedbackfrom DEFACTO'sultimateconsumersil-
lustratesits promiseandpotentialfor real-world application.
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