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Abstract

When addressingerrorist threatswe must give specialat-

tentionto both prevention and disasterresponse.Enabling
effective interactionsbetweenagentteamsand humansfor

disasterresponses a critical areaof researchwith encour

aging progressin the pastfew years. However, previous
work suffersfrom two key limitations: (i) limited humansit-

uationalawarenessreducinghumaneffectivenessn direct-
ing agentteamsand (ii) the agentteams rigid interaction
stratgies that limit teamperformance. This paperfocuses
on a novel disasterresponsesoftware prototype,called DE-

FACTO (Demonstratingffective Flexible Agent Coordina-
tion of TeamsthroughOmnipresence)DEFACTO is based
on a software proxy architectureand 3D visualizationsys-
tem, which addresseshe two limitations describedabove.

First, the 3D visualizationinterface enableshumanvirtual

omnipresencen the ernvironment, improving humansitua-
tional awarenessand ability to assistagents. Second,gen-
eralizing pastwork on adjustableautonomy the agentteam
choosesamonga variety of “team-level” interactionstrate-
gies, even excluding humansfrom the loop in extremecir-

cumstances.

Intr oduction

In the shadav of large-scalenationalandinternationalter
roristincidentsi,it is critical to provide rst respondersand
rescuepersonnelwith tools that enablemore effective and
efcient disasteresponse.We ervision future disasteme-
sponseo be performedwith a mixture of humansperform-
ing high level decision-makingintelligent agentscoordi-
natingthe responseandhumansandrobotsperformingkey
physicaltasks.Theseheterogeneousamf robots,agents,
andpeople(Scerriet al. 2003)will provide the safestand
most effective meansfor quickly respondingto a disaster
suchasa terroristattack. A key aspeciof sucharesponse
will be agent-assistedehiclesworking together Speci -
cally, agentswill assistthe vehiclesin planningroutes,de-
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terminingresourceso useandevendeterminingwhich re

to ght. Eachagentonly obtainslocal informationaboutits
surrounding,and must communicatewith othersto obtain
additionalinformation,andcoordinateto ensurethat maxi-
mumnumbersof civilians aresaszedandpropertydamagés
minimized.

However, despiteadvancesn agenttechnologieshuman
involvementwill be crucial. Allowing humango make crit-
ical decisionswithin ateamof intelligentagentsor robotsis
prerequisiteor allowing suchteamsto be usedin domains
wherethey can causephysical, nancial or psychological
harm.Thesecritical decisionsncludenotonly thedecisions
that,for moralor political reasonshumananustbeallowed
tomake, but alsocoordinatiordecisionghathumansarebet-
ter at makingdueto accesgo importantglobal knowledge,
generalinformationor supporttools.

Already, humaninteractionwith agentteamsis critical in
alarge numberof currentandfuture applicationgBurstein,
Mulvehill, & Deutsch1999; Fong, Thorpe,& Baur 2002;
Scerriet al. 2003; Crandall, Nielsen,& Goodrich2003).
For example, currentefforts emphasizénhumanscollabora-
tion with robotteamsn spaceexplorationshumandeaming
with robotsandagentdor disasterescueaswell ashumans
collaboratingwith multiple softwareagentdor training(Do-
raisetal. 1998;Hill etal. 2003).

This paperfocuseson the challengeof improving the
effectivenessof applicationsof humancollaborationwith
agentteams. Previous work has reported encouraging
progressin this arena, e.g., via proxy-basedintegration
architectures(Pynadatk Tambe2003), adjustableauton-
omy(Scerri,Pynadath& Tambe2002;Doraisetal. 1998)
and agent-humardialogue (Allen 1995). Despitethis en-
couragingprogress,previous work suffers from two key
limitations. First, wheninteractingwith agentteamsact-
ing remotely humaneffectivenesss hamperedy interfaces
thatlimit their ability to apply decision-makingskills in a
fastandaccuratemanner Techniqueshat provide telepres-
encevia video are helpful (Fong, Thorpe,& Baur 2002),
but cannotprovide the global situationawareness Second,
agentteamshave beenequippedwith adjustableautonomy
(AA)(Scerri et al. 2003) but not the e xibility critical in
suchAA. Indeed,the appropriateAA methodvariesfrom
situationto situation. In somecaseghe humanusershould
make mostof thedecisions However, in othercasedruman



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
Teamsthrough Omnipresence)that enablesagent-human
collaborationand addressethe two shortcomingutlined
above. The systemincorporatesstate of the art arti cial
intelligence, 3D visualizationand human-interactiorrea-
soninginto a uniquehigh delity systemfor researchnto
humanagentcoordinationin complex ervironments. DE-
FACTO incorporates visualizerthatallows for the human
to have anomnipeseninteractionwith remoteagenteams,
overcomingthe rst limitation describedabove. We referto
this asthe Omni-Viewer, andit combineswo modesof op-
eration. The Navigation Mode allows for a navigable, high
quality 3D visualizationof the world, whereashe Alloca-
tion Mode providesa traditional2D view anda list of pos-
sible taskallocationsthatthe humanmay perform. Human
expertscanquickly absorbon-goingagentandworld activ-
ity, takingadvantageof boththebrain'sfavoredvisualobject
processingskills (relative to textual search(Paivio 1974)),
andthe factthat 3D representationsanbe innatelyrecog-
nizable,without the layerof interpretatiorrequiredof map-
like displaysor raw computerlogs. The Navigation mode
enableshe humanto understandhe local perspecties of
eachagentin conjunctionwith the global, system-wideper
spectve thatis obtainedn the Allocation mode.

Second,to provide e xible AA, we generalizethe no-
tion of strategies from single-agentsingle-humancontext
(Scerri,Pynadath& Tambe2002).In ourwork, agentsmay
e xibly chooseamongteamstrateiesfor adjustableauton-
omyinsteadf onlyindividualstratgies;thus,dependingn
the situation,the agentteamhasthe e xibility to limit hu-
maninteraction,andmayin extremecasesxcludehumans
from theloop.

We presentresultsfrom detailedexperimentswith DE-
FACTO, which reveal two major surprises.First, contrary
to previous results(Scerriet al. 2003), humaninvolve-
mentis not always bene cial to an agentteam—despite
their bestefforts, humansnay sometimesndup hurtingan
agenteamsperformanceSecondincreasinghenumberof
agentsn an agent-humareammay alsodegradethe team
performancegven thoughincreasingthe numberof agents
in apureagenteamunderidenticalcircumstancesnproves
teamperformance. Fortunately in both the surprisingin-
stancesabore, DEFACTO's e xible AA stratgiesalleviate
suchproblematicsituations.DEFACTO is currentlyinstan-
tiated as a prototypeof a future disasterresponsesystem.
DEFACTO hasbeenrepeatedlydemonstratedb key police
and re departmenpersonnein Los Angelesareawith very
positive feedback.

DEFACTO SystemDetails

The DEFACTO systemis currentlyfocusedon illustrating
thepotentialof futuredisasterresponséo disastershatmay
ariseasaresultof large-scalderroristattacks.Constructed

aspartof theeffort atthe rst centerfor researctexcellence
on homelandsecurity(the CREATE center),DEFACTO is
motivatedby a scenaricof greatconcernto rst responders
within Los Angelesand other metropolitanareas. In our
consultationsvith theLos Angelesre departmenandper
sonnelfrom the CREATE centey this scenariois of great
concern.In particular a shoulder red missilecouldpoten-
tially be usedto attacka low- ying civilian jet-liner thatis
preparingo landat Los AngelesinternationalAirport. This
would causethe jet-liner to crashinto anurbanareaandre-
sult in a large-scaledisasteron the ground. This scenario
could leadto multiple res in multiple locationswith po-
tentially mary critically injured civilians. While thereare
mary longertermimplicationsof suchan attack,we focus
onassistingrst respondersjamely re ghters.

In this chapterwe will describetwo major components
of DEFACTO: the Omni-Viewer andthe proxy-basedeam-
work (seeFigurel). The Omni-Viewer is anadwancedhu-
maninterfacefor interactingwith anagent-assistegtsponse
effort. The Omni-Viewer providesfor bothglobalandlocal
views of anunfoldingsituation,allowing a humandecision-
malker to precisethe information requiredfor a particular
decision. A teamof completelydistributed proxies,where
eachproxy encapsulateadvancedcoordinationreasoning
basedon the theoryof teamwork, controlsand coordinates
agentsin a simulatedervironment. The useof the proxy-
basedteambringsrealistic coordinationcomplexity to the
prototypeandallows morerealisticassessmentf the inter-
actionsbetweerhumansand agent-assisteresponse Cur-
rently, we have appliedDEFACTO to a disasterescuedo-
main. The incidentcommandef the disasteractsasthe
humanuser of DEFACTO. We focuson two urbanareas:
a squareblock thatis denselycoveredwith buildings (we
useone from Kobe, Japan)and the USC campus, which
is more sparselycoveredwith buildings. In our scenario,
severalbuildings areinitially on re, andtheseres spread
to adjacenbuildingsif they arenot quickly contained.The
goalis to have ahumaninteractwith theteamof re engines
in orderto save the mostbuildings. Our overall systemar-
chitectureappliedto disasteresponse&anbe seenn Figure
1. While designedor realworld situations DEFACTO can
alsobeusedasatrainingtool for incidentcommanders/hen
hoolkedupto a simulateddisasterscenario.

Omni-Viewer

Ourgoalof allowing uid humaninteractionwith agentge-
quiresa visualizationsystemthat providesthe humanwith
aglobalview of agentactiity aswell asshaving the local
view of a particularagentwhen needed. Hence,we have
developedan omnipresenviewer, or Omni-Viewer, which
will allow the humanuserdiverseinteractionwith remote
agentteams.While a globalview is obtainablefrom a two-
dimensionamap, a local perspectie is bestobtainedfrom
a 3D viewer, sincethe 3D view incorporateshe perspectie
and occlusioneffects generatedy a particularviewpoint.
Theliteratureon 2D- versus3D-viewersis ambiguous.For
example,spatiallearningof ervironmentsfrom virtual nav-
igation hasbeenfound to be impairedrelative to studying
simple mapsof the sameenvironments(RichardsonMon-
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Figure2: Omni-Viewer duringascenario(a) Multiple res
startacrossthe campus(b) The Incident Commandeuses
the Navigationmodeto quickly graspthe situation(c) Nav-
igation modeshaws a closerlook at oneof the res (d) Al-
locationmodeis usedto assigna re engineto the re (e)
The re enginehasarrivedatthe re (f) The re hasbeen
extinguished.

tello, & Hegarty1999).0Ontheotherhand theproblemmay
be that mary virtual ernvironmentsarerelatively blandand
featureless. Ruddle points out that navigating virtual en-
vironmentscan be successfulf rich, distinguishabldand-
marksarepresen{Ruddle,Payne,& Jonesl997).

To addresour discrepangoals,the Omni-Viewer incor-
poratesboth a corventionalmap-like 2D view, Allocation
Mode (Figure 2-d) and a detailed3D viewer, Navigation
Mode (Figure 2-c). The Allocation modeshaws the global
overview as eventsare progressingand provides a list of
tasksthat the agentshave transferredto the human. The
Navigation modeshaws the samedynamicworld view, but
allows for more freedomto move to desiredlocationsand
views. In particulay theusercandropto thevirtual ground
level, therebyobtainingtheworld view (local perspectre) of
a particularagent. At this level, the usercan“walk” freely
aroundthe scene observingthe local logisticsinvolved as
various entities are performing their duties. This can be
helpfulin evaluatingthe physicalgroundcircumstanceand
alteringthe teams behaior accordingly It alsoallows the
userto feel immersedin the scenewhere variousfactors
(psychologicaletc.) maycomeinto effect.

In orderto preventcommunicatiorbandwidthissueswe
assumehat a high resolution3D model hasalreadybeen
createdandthe only datathatis transferredduring the dis-
asterare importantchangedo the world. Generatingthis
suitable3D modelervironmentfor theNavigationmodecan
requiremonthsor evenyearsof manualmodelingeffort, as
is commonlyseenin the developmeniof commercialideo-
games.However, to avoid this level of effort we make use
of thework of Youet. al. (SuyaYou & Fox 2003)in rapid,
minimally assistedconstructionof polygonalmodelsfrom
LiDAR (Light Detectionand Ranging)data. Giventhe raw
LiDAR point data,we canautomaticallysggmentbuildings
from groundand createthe high resolutionmodelthat the
Navigation modeutilizes. The constructionof the campus
andsurroundingarearequiredonly two daysusingthis ap-
proach.LiDAR is aneffective way for ary new geographic
areato beeasilyinsertednto the Omni-Viewer.

We usethe JME gameengineto performthe actualren-
deringdueto its cross-platforncapabilities.JME is an ex-
tensiblelibrary built on LWJGL (Light Weight Javra Game
Library), which interfaceswith OpenGLandOpenAL.This
ernvironmenteasilyprovidedreal-timerenderingof the tex-
tured campuservironmenton mid-rangecommaodity PCs.
JME utilizes a scenegraphto orderthe renderingof geo-
metric entities. It providessomeimportantfeaturessuchas
OBJ format modelloading (which allows us to authorthe
modelandtexturesin atool like Mayaandloadit in JME)
andalsovariousassorteeffectssuchasparticlesystemsor

res.

Proxy: Teamwork

A key hypothesidn this work is thatintelligent distributed
agentswill be a key elementof a future disasteresponse.
Takingadwantageof emeging robust, high bandwidthcom-
municationinfrastructurewe believe that a critical role of
theseintelligentagentswill be to managecoordinationbe-
tweenall memberof theresponséeam.Speci cally, weare



Figure3: ProxyArchitecture

usingcoordinationalgorithmsinspiredby theoriesof team-
work to managehedistributedrespons€¢ Tambel997).The
generakoordinationalgorithmsareencapsulateth proxies
with eachteammemberhaving its own proxy andrepresent-
ing it in theteam.Thecurrentversionof theproxiesis called
Machinetta(Scerriet al. 2004)and extendsthe successful
Teamcoreproxies(Pynadath& Tambe2003).Machinettais
implementedn Java andis freely availableontheweh No-
tice thatthe conceptof a reusablegoroxy differsfrom mary
other“multiagenttoolkits” in thatit providesthe coordina-
tion algorithms e.g.,algorithmsfor allocatingtasks,asop-
posedo theinfrastructue, e.g.,APIsfor reliablecommuni-
cation.

Communication: communicatiorwith otherproxies
Coordination: reasoningaboutteamplansand communi-

cation
State: theworking memoryof the proxy
Adjustable Autonomy: reasoningaboutwhetherto actau-

tonomouslyor passcontrolto theteammember
RAP Interface: communicatiorwith theteammember

The Machinettasoftware consistsof ve main modules,
three of which are domainindependentind two of which
aretailoredfor speci c domains. The threedomaininde-
pendentmodulesarefor coordinationreasoningmaintain-
ing local beliefs (state)and adjustableautonomy The do-
mainspeci ¢ modulesarefor communicatiorbetweerprox-
iesandcommunicatiorbetweeraproxy andateammember
Themodulesnteractwith eachotheronly via thelocal state
with a blackboarddesignandare designedo be “plug and
play”, thus, e.g., new adjustableautonomyalgorithmscan
be usedwith existing coordinationalgorithms. The coor
dinationreasonings responsiblgor reasoningaboutinter-
actionswith otherproxies,thusimplementingthe coordina-
tion algorithms.Theadjustableutonomyalgorithmsreason
aboutthe interactionwith the teammembey providing the
possibility for the teammemberto make ary coordination
decisioninsteadof the proxy. For example,the adjustable
autonomymodulecanreasorthatadecisionto acceptarole
to rescuea civilian from a burning building shouldbe made
by the humanwho will go into the building ratherthanthe
proxy. In practice the overwhelmingmajority of coordina-
tion decisionsare madeby the proxy, with only key deci-
sionsreferredto teammembers.

Teamsof proxiesimplementteamorientedplans(TOPS)
which describgjoint actiities to be performedin termsof
theindividual rolesto be performedandary constraintde-
tweenthoseroles. Typically, TOPsareinstantiateddynam-
ically from TOP templatesat runtime when preconditions
associatedvith the templatesare lled. Typically, a large

teamwill be simultaneouslyexecutingmary TOPs. For ex-
ample,adisasterespons¢éeammightbeexecutingmultiple
ght re TOPs.Such ght re TOPsmightspecifyabreak-
down of ghting a re into actvities suchas checkingfor
civilians, ensuringpower andgasis turnedoff andspraying
water Constraintdbetweentheseroleswill specifyinterac-
tions suchasrequiredexecutionorderingand whetherone
role canbe performedif anotheris not currentlybeingper
formed.NoticethatTOPsdo not specifythe coordinatioror
communicatiorrequiredto executea plan, the proxy deter
minesthe coordinatiornthatshouldbe performed.

Proxy: Adjustable Autonomy

In this paper we focuson a key aspectof the proxy-based
coordination:AdjustableAutonomy Adjustableautonomy
refersto an agents ability to dynamically changeits own
autonomy possiblyto transfercontrol over a decisionto a
human. Previous work on adjustableautonomycould be
categyorized as either involving a single personinteracting
with a single agent(the agentitself may interactwith oth-
ers)or a single persondirectly interactingwith ateam. In
thesingle-agensingle-humarcategyory, theconcepof e x-
ible transferof-control strateyy hasshavn promise(Scerri,
Pynadath& Tambe2002). A transferof-controlstratey is
a preplannedsequencef actionsto transfercontrol over a
decisionamongmultiple entities,for example,an AH 1H,
stratgyy impliesthatanagent(At) attemptsa decisionand
if theagentfailsin thedecisionthenthe controloverthede-
cisionis passedo ahumanH 1, andthenif H; cannotreach
a decision,thenthe control is passedo H,. Sinceprevi-
ouswork focusedon single-agensingle-humarinteraction,
stratggieswereindividual agentstratgyieswhereonly a sin-
gleagentactedatatime.

An optimal transferof-control stratgyy optimally bal-
ancegherisksof not gettinga high quality decisionagainst
therisk of costsincurreddueto adelayin gettingthatdeci-
sion. Flexibility in suchstratgiesimpliesthatanagentdy-
namicallychoosesheonethatis optimal,basedn the situ-
ation,amongmultiple suchstratgyies(H 1A, AH 1, AH 1A,
etc.) ratherthanalwaysrigidly choosingonestrateyy. The
notionof e xible stratgyies,however, hasnotbeenappliedin
the context of humansinteractingwith agent-teamsThus,
a key questionis whethersuch e xible transferof control
strat@iesarerelevantin agent-teamgarticularlyin alarge-
scaleapplicationsuchasours.

DEFACTO aimsto answerthis questionby implement-
ing transferof-control stratgies in the context of agent
teams. One key advancein DEFACTO, however, is that
the stratgjiesare not limited to individual agentstratayies,
but alsoenablegeam-level stratgies. For example,rather
thantransferringcontrolfrom a humanto a singleagent,a
team-level strateyy could transfercontrol from a humanto
an agent-team Concretely eachproxy is provided with all
strat@yy options;thekey is to selecttheright stratayy given
the situation. An exampleof a teamlevel strateyy would
combineAr StratgyandH Strategyyin ordertomake A+ H
Stratgly. Thedefaultteamstratayy, A+, keepscontrolover
adecisionwith the agentteamfor the entiredurationof the
decision.TheH stratgy alwaysimmediatelytransferson-



trol to thehuman.A+ H strateyy is the conjunctionof team
level At stratgy with H stratgy. This stratgly aimsto
signi cantly reducethe burdenon the userby allowing the
decisionto rst passthroughall agentsbefore nally going
to theuser if theagentteamfailsto reacha decision.

Mathematical Model of Strategy Selection

We developanovel mathematicainodelfor theseteamlevel

adjustableautonomystrateyiesin orderto enableteam-level

stratgyy selection. We rst quickly review backgroundon

individualstrategiesfrom Scerri(Scerri,Pynadath& Tambe
2002)beforepresentingurteamstratgies. Whereastrate-
giesin Scerriswork arebasednasingledecisionthatis se-
guentiallypassedrom agentto agent,we assumehatthere
are multiple homogeneouagentsconcurrentlyworking on

multiple tasksinteractingwith a singlehumanuser We ex-

ploit theseassumptiongwhich t our domain)to obtaina
reducedversionof our modelandsimplify the computation
in selectingstrateyies.

Background on individual strategies

A decision,d, needsto be made. Therearen entities,e;
...€n, who canpotentially make the decision. Theseenti-
ties canbe humanusersor agents.The expectedquality of
decisionsnadeby eachof the entities,EQ = fEQg,.q(t) :
R ! Rgi,, is known, thoughperhapsot exactly. P =
fP-(t) : R! Rg representsontinuousprobability distri-
butionsover thetime thatthe entity in controlwill respond
(with a decisionof quality E Qe.q(t)). The costof delaying
adecisionuntil timet, denotedasfW :t! Rg. Thesetof
possiblewait-costfunctionsis W . W (t) is non-decreasing
andatsomepointin time, , whenthecostsof waiting stop
accumulatindi.e., 8t ;8W 2 W W(t) = W() ).

To calculatethe EU of an arbitrary strateyy, the model
multipliesthe probability of responseat eachinstantof time
with the expectedutility of receving a responseat thatin-
stant,and then sumthe products. Hence,for an arbitrary
continuousprobability distribution if e, representshe en-
tity currentlyin decia’on-makin@ontrol:

1
EU = P> (t)EUe, .a(t) :dt Q)
0

Sincewe are primarily interestedn the effects of delay
causedby transferof control, we can decomposehe ex-
pectedutility of a decisionat a certaininstant,E Ug_.q(t),
into two terms.The rst termcaptureghe quality of thede-
cision, independenof delaycosts,andthe secondcaptures
the costsof delay:EUe_ .qt = EQeq(t) W(t). To calcu-
latethe EU of astratayy, the probabilityof responséunction
andthe wait-costcalculationmustre ect the control situa-
tion atthatpointin the stratey. If ahumanH; hascontrol
attimet, P> (t) re ects H;'s probability of respondingatt.

Intr oduction of teamlevel strategies

At Strategy: Startingfrom the individual model, we in-
troduceteamlevel At stratgy, denotedasA+ in the fol-
lowing way: We startwith Equation2 for singleagentA+
and singletaskd. We obtain Equation3 by discretizing

time,t = 1;::; T andintroducingset of tasks. Prob-
ability of agentAr performinga taskd at time t is de-
notedas P,q(t). Equation4 is a result of the introduc-
tion of the setof agentsAG = aj;ap;:::;ak. We assume
the samequality of decisionfor eachtaskperformedby an
agentandthat eachagentAt hasthe samequality so that
we canreduceE Qa4 (t) to EQ(t). Giventhe assumption
that gachagentAr at time stept performsone task, we
have 4, Pagd g) = lpwhich is depictedin Equation5.
Thenwe express zk: a, d2 Pad(t) Wagq(t) astheto-
tal teampenaltyfor time slicet, i.e, attime slicet we sub-
tract one penaltyunit for eachnot completedtask as seen
in Equation6. Assumingpenaltyunit PU = 1 we nally
obtainEquation?.

1
EUaa = P> a(t) (EQaqg (1) W(t)):dt )
EUa = Pag (1)  (EQaqa (1) W(1)) (©)]
t=1 d2
X Rk X
EUa;; = Pad (1) (EQau (1)  Waqa (1)) @
t=1 a=aj; d2
X Rk Rk
EUa;; e = ( EQ(t) Pag (1) Wag (1)) (5)
t=1 a=aj a=ajpd2
EUas; e = (JAGj EQ() (j J JAG] t) PU) (6)
t=1
... X i
EUa;: e = JAG] (EQM) (g W ™

t=1

H Strategy: The differencebetweenEUy. ac and
EUa,. .ac resultsfrom threekey obsenations: First, the
humanis ableto choosestratgic decisionawith higherprob-
ability, thereforenis E Qy (t) is greaterthanE Q(t) for both
individual andteamlevel At stratgyies. Second,we hy-
pothesizehat a humancannotcontrol all the agentsAG at
disposalbut dueto cognitive limits will focuson a smaller
subset, AGy , of agents. jJAGy | shouldslowly corverge
to B, which denotesdts upperlimit, but never exceedAG.
Eachfunctionf (AG) thatmodelsAGy shouldbe consis-
tentwith threepropertiesi) if B! 1 thenf (AG)! AG;
ii) f (AG) < Byjiii) f (AG) < AG. Third, thereis a delay
in humandecisionmakingcomparedo agentdecisionsWe
modelthisphenomendy shiftingH to startattimeslicety .
Forty 1timeslicestheteamincursacostj j (tg 1)
for all incompletetasks. By insertingE Qy (t) andAGH
into thetime shiftedutility equationfor At stratgy we ob-
taintheH stratgy (Equation8).

At H Strategy: The At H stratgy is a compositionof
H andA+ strat@ies(seeEquation9).
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Strategy utility prediction: Givenour stratgy equations
andtheassumptiothatE Q. -ac isconstanandindepen-
dentof thenumberof agentswve plot thegraphsepresenting
stratgy utilities (Figure4). Figure4 shavs the numberof
agenton the x-axisandthe expectedutility of a strateyy on
they-axis. We focuson humanswith differentskills: (a) low
EQy, low B (b) highEQy, low B (c) low EQy, highB
(d) highEQy, highB. Thelast graphrepresenting hu-
manwith high EQy andhigh B follows resultspresented
in [13] (andhencethe expectedscenario)we seethe curve
of AH andAtH attening outto eventuallycrosstheline
of At. Moreover, we obsene that the increasein EQy
increaseghe slopefor AH andAtH for small numberof
agentswhereagheincreaseof B causeshecurve to main-
tain a slopefor larger numberof agentsbeforeeventually
attening outandcrossinghe A+ line.

Experiments and Evaluation

Our DEFACTO systemwas evaluatedin three key ways,
with the rst two focusingon key individual components
of the DEFACTO systemandthe last attemptingto evalu-
ate the entire system. First, we performeddetailedexper
iments comparingthe effectivenessof Adjustable Auton-
omy (AA) stratgjies over multiple users. In orderto pro-
vide DEFACTO with a dynamicrescuedomainwe choseto
connectit to a simulator We chosethe previously devel-
oped RoboCupRescuesimulation ervironment(Kitano et
al. 1999). In this simulator re engineagentscansearch
the city andattemptto extinguishary res thathave started

in the city. To interfacewith DEFACTO, each re engine
is controlledby a proxy in orderto handlethe coordination
andexecutionof AA stratgies. Consequentlythe proxies
cantry to allocate re engineso res in adistributedman-
ner, but canalsotransfercontrolto themoreexpertuser The
usercanthenusethe Omni-Viewerin Allocation modeto al-

locateenginedo the res thathehascontrolover. In orderto

focuson the AA stratgies (transferringthe control of task
allocation)and not have the usersability to navigateinter-

fere with results,the Navigation modewas not usedduring
this rst setof experiments.

The resultsof our experimentsare shovn in Figure 5,
which shows the resultsof subjectsl, 2, and3. Eachsub-
ject was confrontedwith the task of aiding re enginesin
saving a city hit by a disaster For eachsubject,we tested
threestratgjies,speci cally, H, AH andA+ H ; theirperfor
mancewas comparedwvith the completelyautonomous\
strat@y. AH is anindividual agentstrateyy, testedfor com-
parisonwith At H, whereagentsactindividually, andpass
thosetasksto a humanuserthat they cannotimmediately
perform.Eachexperimentwasconductedvith the sameini-
tial locationsof res andbuilding damageFor eachstratayy
wetestedyariedthenumberof re enginedbetweerdt, 6 and
10. Eachchartin Figure5 shavs the varyingnumberof re
engineson thex-axis,andtheteamperformancén termsof
numberf building savedon they-axis. For instancestrat-
egy At sares50 building with 4 agents Eachdatapointon
the graphis an averageof threeruns. Eachrun itself took
15 minutes,andeachuserwasrequiredto participatein 27
experimentswhichtogethemith 2 hoursof gettingoriented
with thesystemgquateso about9 hoursof experimentgper
volunteer

Figure5 enablesisto concludethefollowing:

Human involvementwith agent teamsdoesnot neces-
sarily lead to improvementin team performance Con-
traryto expectation@ndprior results humaninvolvement
doesnotuniformly improveteamperformanceasseerby
human-ivolving stratgiesperformingworsethanthe At
stratgy in someinstanceskFor instancefor subject3, hu-
maninvolving stratgjiessuchasAH provideasomavhat
higherqualitythanA+ for 4 agentsyetathighernumbers
of agentsthe stratgyy performancés lowerthanAr+.

Providing more agentsat a humans commanddoesnot
necessarilymprovetheagentteamperformanceAs seen
for subject2 andsubject3, increasingagents§rom 4 to 6
givenAH andAtH stratgiesis seento degradeperfor
mance.In contrastfor the At stratey, the performance
of thefully autonomousigentteamcontinuego improve
with additionsof agentsthusindicatingthatthereduction
in AH andAtH performancés dueto humaninvolve-
ment. As the numberof agentsncreaseo 10, the agent
teamdoesrecover.

No strategy dominateghroughall the experimentgiven
varying numbes of agents. For instance,at 4 agents,
human-ivolving stratgies dominatethe At stratay.

However, at 10 agents,the At strategy outperformsall

possiblestratgiesfor subjectsl and3.

Comple team-level strategies are helpful in practice
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Figure5: Performancef subjectsl, 2, and3

At H leadsto improvementover H with 4 agentsfor
all subjectsalthoughsurprisingdominationof AH over
At H in somecasesndicateghatAH mayalsobeause-
ful stratgy in ateamsetting.

Note that the phenomenalescribedrangeover multiple
usersmultiple runs,andmultiple stratgjies. The mostim-
portantconclusiorfrom thesegures is that e xibility is nec-
essaryto allow for the optimal AA strategy to be applied
Thekey questionis thenhow to selectthe appropriatestrat-
egy for ateaminvolving a humanwhoseexpecteddecision
qualityis EQg . In fact,by estimatingheE Qy of asubject
by checkinghe“H” strategyy for smallnumberof agent{say
4), andcomparingto At stratgy, we may begin to select
theappropriatestrateyy for teamsinvolving moreagentslin
generalhigherE Qy letsusstill choosestratgiesinvolving
humansfor a more numerouseam. For large teamshow-
ever, the numberof agentsAGy, effectively controlledby
thehumandoesnotgrow linearlythusA+ stratgy becomes
dominant.

Unfortunately the stratgies including the humansand
agents(AH andA+H) for 6 agentsshov a noticeablede-
creasen performancéor subject® and3 (seeFigure5). In
thefuturewewouldlik eto explorewhichfactorscontributed
to thisinterestingphenomena.

The secondaspectof our evaluationwasto explore the
bene ts of the Navigation mode (3D) in the Omni-Viewer
over solelyan Allocation mode(2D). We performed? tests
on 20 subjects. All subjectswere familiar with the USC
campus. Test 1 shaved Navigation and Allocation mode
screenshotsf the university campusto subjects. Subjects
wereasked to identify a uniquebuilding on campuswhile
timing eachresponseTheaveragetime for asubjectto nd
the building in 2D was 29.3 secondswhereasthe 3D al-
lowedthemto nd the samebuilding in anaverageof 17.1
seconds.Test2 againdisplayedNavigation and Allocation
modescreenshotsf two buildings on campushathadjust
caughtre. In Test2, subjectswereasled rst asledto al-
locate re enginedo thebuildingsusingonly the Allocation
mode. Thensubjectswere shavn the Navigation mode of
the samescene. 90 percentof the subjectsactually chose
to changeheirinitial allocation,giventhe extrainformation
thatthe Navigationmodeprovided.

Third, the complete DEFACTO systemhas been peri-
odically demonstratedo key governmentagenciespublic
safetyof cials anddisasteresearcherfor assessings util-
ity by the ultimate consumerof the technology with ex-

citing feedback. Indeedthey were eagerto deploy DE-
FACTO andbegin usingit asa researchool to explore the
unfolding of different disasters. For example, during one
of the demonstrationsn Nov 18, 2004 Gary Ackerman,a
SeniorResearchAssociateat the Centerfor Nonprolifera-
tion Studiesat the Monterey Instituteof InternationalStud-
ies pointedout in referenceto DEFACTO, “This is exactly
the type of systemwe are looking for” to studythe poten-
tial effect of terroristattacks. Also, we have metwith ses-
eralpublic safetyof cials aboutusingDEFACTO asatrain-
ing tool for their staf. Accordingto Los AngelesCounty
Fire DepartmenCaptainMichaelLewis: “Ef fectivesimula-
tion programsfor r e ghters mustbe realistic, relevantin
scope andimitatethe communicatiorchallengesonthe r e
ground.DEFACTO focusentheseveryissues.

RelatedWork

We have discussedelatedwork throughouthis paper how-
ever, we now provide comparisonsvith key previousagent
software prototypesandresearch Amongthe currenttools
aimedat simulatingrescueervironmentsit is importantto
mention productslike TerraSim (TerraSim2005), JCATS
(Laboratory2005) and EPICS (Technology2005). Terra-
Tools is a completesimulation databaseonstructionsys-
tem for automatedand rapid generationof high- delity
3D simulation database$rom cartographicsource mate-
rials. Developedby TerraSim,Inc. TerraTools provides
the setof integratedtools aimedat generatingvariouster-
rains,however, it is not applicableto simulaterescueoper
ations. JCATS representa self-containedhigh-resolution
joint simulationin usefor entity-leveltrainingin open,urban
and subterranearenvironments. Developedby Lawrence
LivermoreNational Laboratory JCATS givesusersthe ca-
pability to detail the replicationof small group and indi-
vidual activities during a simulatedoperation. Although it
providesa greathumantraining ervironment,at this point
JCATS cannotsimulateintelligentagents Finally, EPICSis
a computerbased scenario-dren, high-resolutionsimula-
tion. It is usedby emegeng responsegenciego train for
emegeng situationghatrequiremulti-echelorand/orinter-
ageny communicatiorandcoordination.Developedby the
U.S.Army TrainingandDoctrineCommandAnalysisCen-
ter, EPICSis alsousedfor exercisingcommunicationgand
commandand control proceduresat multiple levels. Simi-
lar to JCATS however, intelligent agentsand agent-human
interactioncannotbe simulatedby EPICSat this point.



Given our applicationdomains, Scerri et al's work on
robot-agent-persofRAP) teamdor disasterescues likely
the mostcloselyrelatedto DEFACTO (Scerrietal. 2003).
Our work takes a signi cant stepforward in comparison.
First, the omni-viewer enablenavigationalcapabilitiesm-
proving humansituationalawarenessot presentn previous
work. Secondwe provide team-level stratgyies, which we
experimentallyverify, absentin thatwork. Third, we pro-
vide extensie experimentationandillustrate that someof
the conclusionseachedn (Scerrietal. 2003)wereindeed
preliminary e.g., they concludethat humaninvolvement
is always bene cial to agentteamperformancewhile our
more extensve resultsindicatethat sometimesagentteams
arebetteroff excludinghumandrom theloop. Humaninter-
actionsin agenteamss alsoinvestigatedn (Burstein,Mul-
vehill, & Deutschl999;SuyaYou & Fox 2003),andthereis
signi cant researcton humaninteractionswith robot-teams
(Fong,Thorpe & Baur2002;CrandallNielsen,& Goodrich
2003). However they do not use e xible AA stratgies
and/orteam-level AA stratgjies. Furthermoreour exper
imental resultsmay assisttheseresearcherg recognizing
the potentialfor harm that humansmay causeto agentor
robotteamperformancesSigni cant attentionhasbeenpaid
in the contet of adjustableautonomyand mixed-initiative
in single-agentsingle-humaninteractions(Horvitz 1999;
Allen 1995). However, this paperfocuseson new phenom-
enathatarisein humaninteractionsvith agentteams.

Summary

This paperpresentslarge-scalgrototype DEFACTO, that
is currently focusedon illustrating the potential of future
disasteresponsdo disasterghat may arise as a result of
large-scalgerroristattacks. Basedon a software proxy ar
chitectureand3D visualizationsystem DEFACTO provides
two key advancesover previouswork. First, DEFACTO's
Omni-Viewerenableghehumanto bothimprove situational
awarenessand assistagents,by providing a navigable 3D
view alongwith a 2D global allocationview. SecondDE-
FACTO incorporatese xible AA stratgjies,evenexcluding
humansfrom the loop in extremecircumstancesWe per
formed detailedexperimentsusing DEFACTO, leadingto
somesurprisingresults.Theseresultsillustratethatanagent
teammustbeequippedvith e xible stratgyiesfor adjustable
autonomyso that the appropriatestrategly can be selected.
Exciting feedbackrom DEFACTO's ultimateconsumerd-
lustratests promiseandpotentialfor real-world application.
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