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Abstract

Enabling interactions of agent-teamsand humansfor
safe and effective Multiagent rescueis a critical area of
reseach, with encourging progressin the pastfew years.
However, previouswork sufers from threekey limitations:
(i) limited humansituational awarenessyeducinghuman
effectivenesi directingagentteams(ii) the agentteams
rigid interaction strategiesthat jeopaidizethe rescueoper
ation, and (iii) lack of formal tools to analyzethe impact
of sud interaction strategies. This paper presentsa soft-
ware prototypecalled DEFACTO (Demonstating Effective
Flexible Agent Coomination of Teamsthrough Omnipies-
ence).DEFACTO is basedon a softwae proxy architec-
ture and3D visualizationsystemwhich addresseshethree
limitationsmentionedabove First, the 3D visualizationin-
terface enableshumanvirtual omnipesencen the envi-
ronmentjmproving humansituationalawarenessand abil-
ity to assistagents.Secondgenerlizing pastwork on ad-
justableautonomythe agentteamchoosesamonga variety
of "team-level” interaction strategies, even excluding hu-
mansfromthe loop in extremecircumstancesThird, anal-
ysistools help predictthe dangers of using xed stratggies
for variousagentteamsin a future disasterresponseimu-
lation scenario.

1. Intr oduction

Oneof the majorissuesn multi agentsystemss safety
understoodas the impact of a team of agentson a spe-
ci ¢ domaintask.Analyzingthesafetyof usingmulti agent
teamsnteractiongwith humansgs critical in alargenumber
of currentandfutureapplications[25, 14, 3]. For example,
currentefforts emphasizénumanscollaborationwith robot
teamsin spaceexplorations,humansteamingwith robots
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andagentsfor disasterescue aswell ashumanscollabo-
ratingwith multiple softwareagentgor training[4, 6].

This paperfocusesonthechallengeof improving the ef-
fectivenessand analysingthe dangersof human collab-
oration with agent teams. Previous work has reported
encouragingprogressn thisarenag.g.,via proxy-basedn-
tegration architectures[1]) adjustable autonomy[13 4]
and agent-humandialogue [1]. Despite this encourag-
ing progressprevious work suffers from threekey limita-
tions. First, when interactingwith agentteamsacting re-
motely, humaneffectivenesss hamperedby low-quality in-
terfaces. Techniquesthat provide telepresencevia video
are helpful [5], but cannot provide the global situa-
tion awarenessSecond,agentteamshave beenequipped
with adjustableautonomy(AA)[14] but not the e xibil-
ity critical in suchAA. Indeed theappropriateAA method
varies from situationto situation.In somecasesthe hu-
man user should make most of the decisions.However,
in other caseshuman involvementmay needto be re-
stricted. Such e xible AA techniqueshave been devel-
opedin domainswhere humansinteract with individual
agentq13], but whetherthey applyto situationswherehu-
mansinteractwith agentteamsis unknown. Third, current
systemslack tools to analyzethe impact of humanin-
volvementin agentteamsyetthesearekey to e xible AA
reasoning.

We reporton a software prototypesystem,DEFACTO
(Demonstratingeffective Flexible Agent Coordinationof
Teamsthrough Omnipresence)that enablesagent-human
collaboratiorandaddressethethreeshortcoming®utlined
above. First, DEFACTO incorporatesa visualizerthat al-
lows for thehumanto have anomnipresentinteractionwith
remoteagentteams.We refer to this asthe Omni-Viewer,
andit combinestwo modesof operation.The Navigation
Mode allows for a navigable,high quality 3D visualization
of the world, whereaghe Allocation Mode providesa tra-
ditional 2D view anda list of possibletaskallocationsthat
the humanmay perform. Humanexperts can quickly ab-
sorb on-going agentand world actwity, taking advantage
of both the brain's favored visual object processingskills
(relative to textual search[9]), andthe factthat 3D repre-
sentationscan be innately recognizablewithout the layer
of interpretatiorrequiredof map-like displaysor raw com-



puterlogs. The Navigationmodeenablegshe humanto un-
derstandhelocal perspectiesof eachagentin conjunction
with theglobal,system-wideperspeciie thatis obtainedn

the Allocation mode.

Secondo provide e xible AA, we generalizethe no-
tion of strategies from single-agensingle-humarcontext
[13]. In our work, agentamay e xibly chooseamongteam
stratgjiesfor adjustableautonomyinsteadof only individ-
ual stratgjies; thus, dependingon the situation,the agent
teamhasthe e xibility to limit humaninteractionandmay
in extremecasesxcludehumangrom the loop. Third, we
provide a formal mathematicabasisof suchteamstrate-
gies. Theseanalysistools help agentsin e xibly selecting
theappropriatestrateyy for a givensituation.

We presentresultsfrom detailedexperimentswith DE-
FACTO, which reveal two major surprisesFirst, contrary
to previous results[14, humaninvolvementis not always
bene cial to anagentteam—despitetheir bestefforts, hu-
mansmay sometimesend up hurting an agentteams per
formance.Second,ncreasingthe numberof agentsin an
agent-humateammayalsodegradetheteamperformance,
eventhoughincreasinghe numberof agentsn apureagent
teamunderidentical circumstancegmprovesteamperfor
mance Fortunately in boththe surprisinginstancesabove,
DEFACTO's e xible AA stratgyiesalleviate suchproblem-
atic situations.

2. DEFACTO SystemDetails

DEFACTO consists of two major components:the
Omni-Viewer and a team of proxies (seeFigure 1). The
Omni-Viewer allows for globalandlocal views. The prox-
ies allow for team coordinationand communication,but
moreimportantlyalsoimplement e xible human-agenin-
teraction via Adjustable Autonomy Currently we have
applied DEFACTO to a disasterrescuedomain. The in-
cident commanderof the disasteracts as the user of
DEFACTO. This disastercan either be “man made” (ter-
rorism) or “natural” (earthquak). We focus on two urban
areas:a squareblock that is denselycoveredwith build-
ings (we useonefrom Kobe, Japan)andthe University of
SouthernCalifornia campus,which is more sparselycov-
eredwith buildings. In our scenario,several buildings are
initially on re, andthese res spreadto adjacentbuild-
ings if they are not quickly contained.The goal is to
have a humaninteractwith the teamof re enginesin or-
der to save the most buildings. Our overall systemar
chitecture applied to disasterresponsecan be seenin
Figure 1. While designedfor real world situations,DE-
FACTO can also be usedas a training tool for incident
commandersvhen hooked up to a simulateddisastersce-
nario.
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Figure 1. DEFACTO system applied to a dis-
aster rescue .

2.1. Omni-Viewer

Ourgoalof allowing uid humaninteractionwith agents
requiresa visualization systemthat provides the human
with a global view of agentactivity aswell asshaving the
local view of a particularagentwhen neededHence,we
have developedan omnipresentiewer, or Omni-Viewer,
which will allow the humanuserdiverseinteractionwith
remote agentteams. While a global view is obtainable
from atwo-dimensionaimap,alocal perspectieis bestob-
tainedfrom a 3D viewer, sincethe 3D view incorporates
the perspectie andocclusioneffectsgeneratedby a partic-
ular viewpoint. Theliteratureon 2D- versus3D-viewersis
ambiguousFor example,spatiallearningof environments
from virtual navigationhasbeenfoundto beimpairedrela-
tiveto studyingsimplemapsof thesameernvironmentq11].
On the other hand,the problemmay be that mary virtual
ervironmentsare relatively bland and featurelessRuddle
pointsout that navigating virtual ervironmentscanbe suc-
cessfulif rich, distinguishabldandmarksarepresen{12].

To addressour discrepantgoals, the Omni-Viewer in-
corporatedoth a corventionalmap-like 2D view, Alloca-
tion Mode (Figure 2-c) and a detailed3D viewer, Naviga-
tion Mode (Figure 2-a). The Allocation mode shows the
global overview as eventsare progressingand provides a
list of tasksthat the agentshave transferedio the human.
TheNavigationmodeshavs the samedynamicworld view,
but allows for more freedomto move to desiredlocations
and views. In particular the usercandrop to the virtual
groundlevel, therebyobtainingthe world view (local per
spectve) of a particularagent.At this level, the usercan
“walk” freely aroundthe scenepbservingthe local logis-
tics involvedasvariousentitiesareperformingtheir duties.
This canbe helpful in evaluatingthe physicalgroundcir-
cumstanceandalteringtheteams behavior accordingly It
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Figure 2. Omni-Vie wer during a scenario: (a) An Incident Commander using the Navigation mode
spots multiple res (b) The Commander navigates to quic kly grasp the situation (c) The Commander
is transf erred contr ol of the task to ght the re and uses the Allocation mode to send a re engine

there (d) The re has been extinguished.

alsoallowstheuserto feelimmersedn thescenenherevar-
iousfactors(psychologicalgetc.)maycomeinto effect.

In orderto preventcommunicatiorbandwidthissueswe
assumehat a high resolution3D model hasalreadybeen
createcandthe only datathatis transferediuringthe disas-
terareimportantchangeso theworld. Generatinghis suit-
able 3D model ervironmentfor the Navigation mode can
requiremonthsor evenyearsof manualmodelingeffort, as
iscommonlyseerin thedevelopmenbf commercialideo-
gamesHowever, to avoid this level of effort we malke use
of thework of You et. al. [15] in rapid, minimally assisted
constructionof polygonalmodelsfrom LIDAR (Light De-
tectionandRanging)data.Giventheraw LiD AR pointdata,
we can automaticallysegmentbuildings from groundand
createthe high resolutionmodelthat the Navigation mode
utilizes.Theconstructiorof theUSCcampusandsurround-
ing arearequiredonly two daysusingthisapproachLiDAR
is an effective way for ary new geographiareato be eas-
ily insertedinto the Omni-Viewer.

2.2. Proxy: Teamwork and Adjustable Autonomy

We have built teamsbasedon previous proxy software
[13], thatis in the public domain. The proxies were ex-
tendedto our domainin orderto take advantageof exist-
ing methodsf communicationgoordinationandtaskallo-
cationfor the team.However, theseaspectsarenot the fo-
cusof this paper

Instead,we focus on anotherkey aspectof the prox-
ies: AdjustableAutonomy Adjustableautonomyrefersto
an agents ability to dynamically changeits own auton-
omy, possiblyto transfercontrol over a decisionto a hu-
man.Previouswork on adjustableautonomycould be cate-
gorizedaseitherinvolving a single personinteractingwith
a single agent(the agentitself may interactwith others)
or a single persondirectly interactingwith a team.In the
single-agentingle-humancategory, the conceptof e xi-
ble transferof-control stratgyy hasshovn promise[13]. A

transferof-control strat@y is a preplannedgsequencef ac-
tionsto transfercontrolover a decisionamongmultiple en-
tities,for example,anAH 1 H ;, stratgyy impliesthatanagent
(At) attemptsa decisionandif the agentfails in the deci-
sion thenthe control over the decisionis passedo a hu-

manH,, andthenif H; cannotreacha decision,thenthe
control is passedo H,. Since previous work focusedon

single-agensingle-humarinteraction stratgieswereindi-

vidual agentstratgjieswhereonly a singleagentactedat a

time.

An optimal transferof-control stratgly optimally bal-
ancegherisksof notgettinga high quality decisionagainst
therisk of costsincurreddueto a delayin gettingthatdeci-
sion.Flexibility in suchstratgiesimpliesthatanagentdy-
namicallychoosesheonethatis optimal,basednthesitu-
ation,amongmultiple suchstratgjies(H;A, AH 1, AH 1A,
etc.)ratherthanalwaysrigidly choosingonestrateyy. The
notion of e xible stratgies, however, has not been ap-
pliedin thecontext of humansnteractingwith agent-teams.
Thus, a key questionis whethersuch e xible transferof
control stratgjies are relevant in agent-teamsparticularly
in alarge-scaleapplicationsuchasours.

DEFACTO aimsto answerthis questionby implement-
ing transferof-control stratgies in the contet of agent
teams.One key advancein DEFACTO, however, is that
the stratgjiesarenot limited to individual agentstrateies,
but alsoenableseam-level stratayies. For example,rather
than transferringcontrol from a humanto a single agent,
a team-level stratgy could transfercontrol from a human
to an agent-teamConcretely eachproxy is provided with
all stratgy options;the key is to selectthe right stratgy
given the situation. An example of a teamlevel stratgy
would combineAt Strategy and H Strateyy in orderto
malke At H Stratgy. The defaultteamstratgy, A, keeps
controloveradecisionwith theagenteamfor theentiredu-
ration of thedecision.TheH stratgy alwaysimmediately
transferscontrol to the human.At H stratay is the con-
junction of teamlevel At stratgy with H strategyy. This



stratgy aimsto signi cantly reducedheburdenontheuser
by allowing thedecisionto rst passthroughall agentsoe-
fore nally goingtotheuserif theagenteamfailsto reach
adecision.

3. Mathematical Model of Strategy Selection

We develop a novel mathematicalmodel for these
teamlevel adjustableautonomystrateiesin orderto en-
ableteam-level stratgyy selection.We rst quickly review
backgroundon individual stratgies from Scerri[13] be-
fore presentingour teamstrategjies. Whereasstratgies in
Scerri's work are basedon a single decisionthat is se-
guentially passedfrom agentto agent,we assumethat
therearemultiple homogeneouagentsconcurrentlywork-
ing on multiple tasksinteractingwith a singlehumanuser
We exploit theseassumptiongwhich t our domain)to ob-
tain areducedversionof our modelandsimplify the com-
putationin selectingstrateies.

3.1. Background on individual strategies

A decision,d, needgo be made.Therearen entities,e;
...en, Who canpotentially make the decision.Theseenti-
tiescanbe humanusersor agentsThe expectedquality of
decisiongmadeby eachof theentities,EQ = fE Qg .4 (t) :
R ! Rgl,, is known, thoughperhapshot exactly. P =
fPs (t) : R! Rg representsontinuougprobabilitydistri-
butionsover thetime thatthe entity in controlwill respond
(with a decisionof quality E Qe.¢(t)). The costof delaying
adecisionuntil timet, denotecasfW :t! Rg. Thesetof
possiblewait-costfunctionsis W . W (t) is non-decreasing
andatsomepointin time, , whenthecostsof waiting stop
accumulatingi.e., 8t ;8W 2 W W(t) = W() ).

To calculatethe EU of an arbitrary strateyy, the model
multipliestheprobabilityof responsateachinstantof time
with the expectedutility of receving a responsat thatin-
stant,and then sumthe products.Hence,for an arbitrary
continuousprobability distribution if e, representshe en-
tity currentlyin decision-makingontrol:

z 1

EU = P (t)E Ue,.q(t) :dt 1)

Sincewe are primarily interestedin the effects of delay
causedoby transferof control, we can decomposéhe ex-
pectedutility of a decisionat a certaininstant,E Ue_.q4(t),
into two terms.The rst term capturesthe quality of the
decision,independentf delay costs,and the secondcap-
turesthe costsof delay:EUe, .t = EQeq(t) W(t). TO
calculatethe EU of a strateyy, the probability of response
functionandthe wait-costcalculationmustre ect the con-
trol situationat that point in the strateyy. If a human,H,

hascontrolattimet, P (t) re ects H;'s probability of re-
spondingatt.

3.2. Intr oduction of team level strategies

At Strategy: Startingfrom theindividualmodel,wein-
troduceteamlevel At stratgy, denotedasAr+ in the fol-
lowing way: We startwith Equation2 for singleagentAr
and single task d. We obtain Equation3 by discretizing
time,t = 1;::; T andintroducingset of tasks.Prob-
ability of agentAt performinga taskd at time t is de-
noted as P,4 (t). Equation4 is a result of the introduc-
tion of the setof agentsAG = ay; ap;:::; ak. We assume
the samequality of decisionfor eachtask performedby
an agentandthat eachagentA+ hasthe samequality so
thatwe canreduceE Q.4 (t) to EQ(t). Giventhe assump-
tion that[gachagentAT at time stept performsonetask,
wehave , Pa;q;{t) = Lwhichis depictedin Equation
5.Thenweexpress 5, g Pad(t) Waql(t) asthe
totalteampenaltyfor timeslicet, i.e, attime slicet we sub-
tractonepenaltyunit for eachnotcompletedaskasseenn
Equation6. AssumingpenaltyunitPU = 1 we nally ob-
tain Equation?.

Z,
EUaq = P> a(t) (EQaqg (t) W(t)):dt )
X X
EUa = Pag (1) (EQaqa (1)  W(1)) ©))
t=1 d2
X Rk X
EUa;; = Pad (1) (EQad (1)  Wag (1)) 4
t=1 a=ajp d2
X Rk Rk
EUa;: e = ( EQ(t) Pag (1) Wag (1)) (5
t=1 a=aj a=ajp d2
X
EUag: e = (AG] EQ(t) ( § iAGj] t) PU) (5
t=1
X i
EUa;: e = JAG] t:1(EQ(t) e O o

H Strategy: The differencebetweenEUy. .o and
EUa,. .ac resultsfrom threekey obsenations:First, the
humanis able to choosestratgic decisionswith higher
probability, thereforehis EQy (t) is greaterthan EQ(t)
for both individual andteamlevel At stratgies. Second,
we hypothesizghat a humancannotcontrol all the agents
AG atdisposalbut dueto cognitive limits will focusona
smallersubsetAGy of agentgevidenceof limits on AGy
appeardaterin Figure5-a).jAGy j shouldslowly corverge
to B, which denotests upperlimit, but never exceedAG.
Eachfunctionf (AG) thatmodelsAG shouldbe consis-
tentwith threepropertiesi) if B! 1 thenf (AG)! AG;



i) f (AG) < B;iii)) f (AG) < AG. Third, thereis a de-

lay in humandecisionmakingcomparedo agentdecisions.

We model this phenomenay shifting H to startat time
1 time slicesthe teamincurs a cost

slice ty . For ty
JJ (te

1) for all incompletgasks By insertinge Qy (t)

andAGy intothetime shiftedutility equatiorfor At strat-

egy we obtaintheH stratgyy (Equation8).

At H Strategy: The At H stratgy is a compositionof
H andA+ stratgies(seeEquation9).

xT
EUn, e = JAGH] (EQH (1)
t=ty
(ﬁ C W) Ji (e D ®
R i
EUarh e = JAG] . (EQ(Y) (ﬁ t))
X P AG |
+AGH | EQuy @ wy @
t=ty J H

Strategy utility prediction: Given our stratgy equa-
tionsandtheassumptionhatE Q. .ac isconstanandin-
dependenbf the numberof agentswe plot the graphsrep-
resentingstratgy utilities (Figure 3). Figure 3 shavs the
numberof agentn the x-axisandthe expectedutility of a
stratgy on the y-axis. We focuson humanswith different
skills: (@) low EQy , low B (b) highEQy , low B (c) low
EQu, highB (d) high EQu, high B. Thelastgraphrep-
resentinga humanwith high EQy andhigh B follows re-
sults presentedn [13] (and hencethe expectedscenario),
we seethecurve of AH andA+H attening outto eventu-
ally crosstheline of At . Moreover, we obsenethatthein-
creasan EQy increasegshe slopefor AH andAtH for
smallnumberof agentswhereaghe increaseof B causes
the curve to maintaina slopefor larger numberof agents,
beforeeventually attening outandcrossingheA+ line.

4. Experimentsand Evaluation

Our DEFACTO systenwasevaluatedn threekey ways,
with the rst two focusingon key individual components
of the DEFACTO systemand the last attemptingto eval-
uatethe entiresystem First, we performeddetailedexperi-
mentscomparingheeffectivenes®f AdjustableAutonomy
(AA) stratggiesovermultiple usersin orderto provide DE-
FACTO with a dynamicrescuedomainwe choseto con-
nectit to a simulator We chosethe previously developed
RoboCupRescuesimulationervironment[8]. In this sim-
ulator, re engineagentscan searchthe city and attempt
to extinguishary res thathave startedin the city. To in-
terfacewith DEFACTO, each re engineis controlledby
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Figure 3. Model predictions for various users.

a proxy in orderto handlethe coordinationand execution
of AA stratgjies. Consequentlythe proxiescantry to al-
locate re enginesto res in a distributedmanney but can
alsotransfercontrol to the more expertuser The usercan
thenusethe Omni-Viewer in Allocation modeto allocate
enginego the res thathe hascontrolover. In orderto fo-
cuson the AA stratgies (transferringthe control of task
allocation)andnot have the usersability to navigateinter-
ferewith resultsthe Navigationmodewasnot usedduring
this rst setof experiments.

The resultsof our experimentsare shovn in Figure 4,
which shows the resultsof subjectsl, 2, and 3. Eachsub-
ject was confrontedwith the taskof aiding re enginesin
saving a city hit by a disasterFor eachsubject,we tested
threestratgyies,speci cally,H, AH andA+ H ; theirperfor
mancewascomparedvith the completelyautonomous\
stratgy. AH is anindividualagentstratayy, testedfor com-
parisonwith At H , whereagentsactindividually, andpass
thosetasksto a humanuserthat they cannotimmediately
perform.Eachexperimentwasconductedvith thesameni-
tial locationsof res andbuilding damageFor eachstrat-
egy wetestedyariedthenumberof re enginesetweer,
6 and10. Eachchartin Figure 4 shovs the varying num-
berof re enginesonthex-axis,andtheteamperformance
in termsof numbersf building savedonthey-axis.For in-
stancestratgly At saves50 building with 4 agentsEach
datapointonthegraphis anaverageof threeruns.Eachrun
itself took 15 minutes,andeachuserwasrequiredto partic-
ipatein 27 experimentswhich togethemwith 2 hoursof get-
ting orientedwith the system equatedo about9 hoursof
experimentgervolunteer

Figure4 enablesisto concludethefollowing:

Human involvementwith agent teamsdoesnot nec-
essarily lead to improvementin team performance
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Figure 4. Performance of subjects 1, 2, and 3.

Contraryto expectationsand prior results,humanin-
volvementdoesnot uniformly improve team perfor
mance, as seenby human-iwvolving stratgjies per
formingworsethanthe A+ stratgy in someinstances.
For instance,for subject3, humaninvolving strate-
giessuchas AH provide a somavhat higher quality
thanA+ for 4 agentsyetathighernumbersf agents,
the strategy performances lower thanA+ . While our
stratgyy modelpredictedsuchan outcomein casesof
HighB, LowE Qy , theexpectedscenariovasHigh B,
HighEQy .

Providing more agentsat a humans commanddoes
not necessarilyimprove the agent teamperformance
As seenfor subject2 andsubject3, increasingagents
from 4 to 6 givenAH andA+tH stratgjiesis seento
degradeperformanceln contrastfor the At stratey,
the performanceof the fully autonomousgentteam
continuego improve with additionsof agentsthusin-
dicating that the reductionin AH andA+H perfor
mances dueto humaninvolvementAs the numberof
agentsncreaseo 10, theagentteamdoesrecover.

No strategy dominatesthrough all the experiments
given varying numbes of agents. For instance,at 4
agents,human-ivolving stratgjies dominatethe A+
stratgly. However, at 10 agentsthe At stratey out-
performsall possiblestratgiesfor subjectsl and3.

Comple team-level strategiesare helpfulin practice
At H leadsto improvementover H with 4 agentsor
all subjects,althoughsurprisingdominationof AH
over At H in somecasedndicatesthatAH mayalso
ausefulstratgy to have availablein ateamsetting.

Note thatthe phenomenalescribedangeover multiple
usersmultiple runs,and multiple strategjies. The mostim-
portantconclusionfrom these gures is that e xibility is
necessaryo allow for the optimal AA stratey to be ap-
plied. Thekey questioris thenwhethemwe canleverageour
mathematicamodelto selectamongstrategies. However,
wemust rst checkif we canmodelthephenomenoim our
domainaccuratelyTo thatend,we comparehepredictions
at the end of Section3 with the resultsreportedin Figure

[ Stratgy ] H AH ATH |
[ #ofagents|[ 4 T 6 [ 10 ] 4 ] 6 TI0J 4 ] 6 [ 10|
Subjectl 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
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4. If we temporarilyignorethe “dip” obsenedat 6 agents
in AH andA+tH stratgjies, then subject2 may be mod-
eledasaHigh B, High EQy subjectwhile subjectsl and
3 modeledvia High B, Low EQy . (Figure5-(b) indicates
anidenticalimprovementin H for 3 subjectswith increas-
ing agents,which suggestghat B is constantacrosssub-
jects.)Thus,by estimatinghe EQy of asubjectby check-
ing the“H” strateyy for smallnumberof agentgsay4), and
comparingo A stratgy, we maybegin to selectthe appro-
priatestratayy.

Unfortunately the stratgjiesincluding the humansand
agentdAH andA+ H) for 6 agentsshav a noticeablede-
creasdn performancdor subjects2 and3 (seeFigure 4),
whereasour mathematicamodelwould have predictedan
increasan performancesthe numberof agentsncreased
(asseenin Figure3). It would beusefulto understanavhich
of our key assumptiongn the modelhasled to sucha mis-
matchin prediction.

The crucial assumptionsn our model were that while
numbersof agentsincrease AGy steadilyincreasesand
E Qy remainsconstantThus,thedip at 6 agentds essen-
tially affectedby eitherAGH orEQy . We rst testedAG
in ourdomain.Theamountof effectiveagentsAG  , is cal-
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team of 6 agents

culatedby dividing how mary total allocationseachsubject
madeby how mary the At stratgly madeper agent,as-
sumingA+ stratgy effectively usesall agentsFigure5-(a)
shavs the numberof agentson the x-axis andthe number
of agentseffective used AGy , onthey-axis;the At strat-
egy, which is usingall available agents,is also shavn as
areferenceHowever, the amountof effective agentss ac-
tually aboutthe samein 4 and6 agentsThis would not ac-
countfor thesharpdropwe seein the performanceWe then
shifted our attentionto the EQy of eachsubject.Onere-
ductionin EQy could be becausesubjectssimply did not
sendasmary allocationstotally over the courseof the ex-

perimentsThis, however is not the caseascanbe seenin

Table1 wherefor 6 agentsthe total amountof allocations
givenis comparabldo thatof 4 agents.To investigatefur-

ther, we checledif the quality of humanallocationhadde-
gradedFor ourdomain,themore re engineshat ght the
same re, the morelikely it is to be extinguishedand in

lesstime. For this reasonthe amountof agentsthat were
tasledto each re is a goodindicatorof the quality of al-

locationsthat the subjectmakes. Our model expectedthe
amountof agentsthat eachsubjecttasked out to each re

| Strateyy || 4agents| 6agents| 10agents|

AH 34 75 14
AtH 54 231 47

Table 2. Task conicts for subject 2.

would remainindependenof the numberof agentsFigure
7 shawvs the numberagentson the x-axis andthe average
amountof re enginesallocatedto each re on they-axis.
AH andA+tH for 6 agentsresultin signi cantly lessav-
eragere enginesertask( re) andthereforelessaverage
EQu.

Thenext questions thento understanavhy for 6 agents
AH and AtH resultin lower average re enginesper
re. One hypothesisis the possibleinterferenceamong
the agents'self allocationsvs humantask allocationsat 6
agents.Table 2 shavs the numberof taskchangedor 4, 6
and 10 agentsfor AH andAtH stratgies, shaving that
maximum occursat 6 agents.A task changeoccursbe-
causean agentpursuingits own taskis provided another
task by a humanor a human-gventaskis preemptecby
the agent.Thus, whenrunning mixed agent-humarstrate-
gies,thepossibleclashof taskscauses signi cant increase
task changesresultingin the total amountof task alloca-
tions overreachingthe numberof task allocationsfor the
A stratgy (Figure6 ) . While thereasorfor suchinterfer
encepeakingat 6 maybedomainspeci c, thekey lessonis
thatinterferencéhasthepotentialto occurin comple<team-
level stratgies.Our modelwould needto take into account
suchinterferenceeffectsby notassuminga constanE Qy .

The secondaspectof our evaluationwasto explore the
bene ts of the Navigation mode(3D) in the Omni-Viewer
oversolelyanAllocation mode(2D). We performed? tests
on 20 subjects.All subjectswere familiar with the uni-
versity campus.Test 1 shoved Navigation and Allocation
modescreenshotsf theuniversitycampugo subjectsSub-
jectswere asled to identify a uniquebuilding on campus,
while timing eachresponseThe averagetime for a subject
to nd thebuilding in 2D was29.3secondswhereashe 3D
allowedthemto nd thesamebuilding in anaverageof 17.1



secondsTest2 againdisplayedNavigation and Allocation

modescreenshotef two buildingson campusghathadjust

caughtre. In Test2, subjectswereasled rst askedto al-

locate re enginesto the buildings using only the Alloca-

tion mode.Thensubjectsvereshonn the Navigationmode
of thesamescene 90 percentbof thesubjectsactuallychose
to changetheir initial allocation,given the extra informa-
tion thatthe Navigationmodeprovided.

5. RelatedWork and Summary

We have discussedrelated work throughoutthis pa-
per, however, we now provide comparisonswith key pre-
vious agentsoftware prototypesand research Given our
applicationdomains,Scerri et al's work on robot-agent-
person(RAP) teamsfor disasterrescueis likely the most
closelyrelated[13]. Our work takesa signi cant stepfor-
wardin comparisonFirst, theomni-vieverenablesaviga-
tional capabilitiesimproving humansituationalawareness
not presenin previouswork. Secondwe provide a mathe-
maticalmodelbasednstratgies,whichwe experimentally
verify, absenin thatwork. Third, we provide extensie ex-
perimentationand illustrate that someof the conclusions
reachedin [13] were indeedpreliminary, e.g., they con-
cludethathumaninvolvementis alwaysbene cial to agent
teamperformanceywhile ourmoreextensieresultsndicate
thatsometimesagenteamsarebetteroff excludinghumans
from theloop. Humaninteractionsn agenteamss alsoin-
vestigatedn [15,2], andthereis signi cant researclon hu-
maninteractionswith robot-teamg5, 3]. However they do
notuse e xible AA stratgyiesand/orteam-level AA strate-
gies.Furthermorepur experimentatesultsmayassisthese
researcherin recognizingthe potentialfor harm that hu-
mansmaycausdo agentor robotteamperformanceSignif-
icantattentionhasbeenpaidin thecontet of adjustableau-
tonomy and mixed-initiative in single-agensingle-human
interactiong7, 1]. However, this paperfocuseson new phe-
nomenahatarisein humaninteractionswith agentteams.

This paperaddresseshe issueof safetyin multi-agent
systemsainderstoodsthe performancehe multi agentsys-
tem shavs when appliedto a real world domain.To this
end,we presenta large-scalerototype, DEFACTO, thatis
basedon a software proxy architectureand 3D visualiza-
tion systemandprovidesthreekey advancesover previous
work. First, DEFACTO's Omni-Viewer enableghe human
to bothimprove situationalawarenessandassistagentspy
providing a navigable 3D view alongwith a 2D global al-
locationview. SecondDEFACTO incorporatese xible AA
stratgjies,evenexcludinghumandrom theloopin extreme
circumstancesThird, analysigoolshelppredictthe baha-
ior of the agentteamandchoosethe safeststratey for the
givendomain.

We performeddetailed experimentsusing DEFACTO,

leadingto somesurprisingresults.Theseresultsillustrate
that an agentteammust be equippedwith e xible strate-
giesfor adjustableautonomy so that they may selectthe
safeststratgy autonomously
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