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Abstract

Recentresearchin human-robotinteractionhasinvestigatedthe conceptof Sliding, or Adjustable,Autonomy
a modeof operationbridging the gap betweenexplicit teleoperatiorand completerobot autonomy This work has
largely beenin single-agentlomains— involving only one humanand onerobot— and hasnot examinedthe issues
that arise in multi-agentdomains.Here, we discussthe issuesinvolved in adaptingSliding Autonomy concepts
to coordinatedmulti-agentteams.In our approachremotehumanoperatorshave the ability to join, or leave, the
teamat will to assistthe autonomousagentswith their tasks(or aspectsof their tasks),while not disruptingthe
teams coordination. Agentsmodeltheir own andthe humanoperators performanceon sub-tasksto enablethemto
determinavhento requestelpfrom the operatorTo validateour approachwe presentheresultsof two experiments.
The rst evaluatesthe human/multi-roboteams performancaunderfour differentcollaborationstratgiesincluding
completeteleoperation pure autonomy and two distinct versionsof Sliding Autonomy The secondexperiment
compares variety of userinterfacecon gurationsto investicgatehow quickly a humanoperatorcanattainsituational
awarenessvhenasled to help. The resultsof thesestudiessupportour belief that by incorporatinga remotehuman
operatorinto multi-agentteams the teamas a whole becomeamore robust and ef cient.

. INTRODUCTION

S expectationdor robotic systemsncreasejt becomesharderand harderto meetthemwith the capabilities

of a single robot. One approachis to use multiple simple robots that work togetherto perform tasksthat
would requirea very comples single mechanismTheseteamsnot only bring a muchbroaderspectrumof potential
capabilitiesto a task, but also may be morerobustin the faceof errorsand uncertainty

While it is ervisionedthat robot teamseventuallywill be ableto autonomouslhperformcomple tasks,suchas
large-scaleassemblyin remoteervironments the currentstateof the art falls shortof the necessargapabilities.In
particular the numberof contingencieghat mustbe consideredand provided for to make robotsfully autonomous
in openanddynamicervironmentsis prohibitively large. On the otherhand,pureteleoperatedontrol of suchrobots
is unlikely to be very ef®cient due to communicationdelays,the large numberof humanoperatorsrequired,and
the sensingand visualizationproblemsinherentin ary teleoperatiordomain.Our goal is to develop a framewvork
within which a single humanoperatorcan overseeand e xibly intervenein the operationof a team of largely
autonomousobots.

One scenarioexemplifying this approachis the assemblyof large structuresin hazardouservironments,such
as orbital solar power arraysor Mars habitats.In suchernvironments,in-place humanlabor is eitherinfeasibleor
scarceand expensve, making less-fragilerobots an attractive option. We have beenexamining how robots and
ground-basedhumanscan work togetherwhile assemblingarge scaleorbital structuressuchas kilometers-wide
solar power arrays.We ultimately ervision mary teamsof robotsworking independentlyon different portions of
the structure,overseerby a small numberof humanoperatorson Earth.

In orderto develop the architecturessoftware capabilities,and modelsneededfor suchan endeaor, we have
assemble heterogeneouteamof Earth-boundobots.Our currentscenariais the constructionof a squareframe
using four beamsand four connectorqcalled ‘'nodes', seeFigure 1). To (weakly) simulatespaceconditions,the
nodesare free to roll around. Thus, eachnode must be bracedagainst insertion forces before a beamcan be
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Fig. 1. Our three-agenteamconsistsof the Roving Eye (left), Mobile Manipulator (right), and
Crane(above structure;only the black Cranereceptaclesre visible). Here, they have completed
the assemblyof the square The Craneis still bracingthe ®nal node,while the Mobile Manipulator
just disenggedfrom the ®nal beam.

insertedinto it. After eachside of the squareis completed,the next beammust be procuredand broughtto the
worksite. Heterogeneouseamsare well-suited to such constructionscenarioswhere mary different skills, and
correspondinglydifferenthardware, are required.Our teamconsistsof animpreciseheavy-lift robot, a wealer but
more precisemobile manipulatoy and a dedicatedsensingrobot (Figure 1).

Humanoperatordring their own uniquesetof skills to the team.To make the mostef®cient useof the e xible
problem-solvingskills of humans,a robot team should operatemostly autonomouslygetting help from a human
operatoronly when a problemarisesthat it cannotresole by itself, or when humancontrol provides signi®cant
bene®ts.Sliding, or Adjustable,Autonomyis an approachthat hasbeendevelopedto addresghis, yielding more
robust and ef®cient systemsMost work in Sliding Autonomy hasbeenlimited to the control of single robots.In
this work, we extend the conceptto heterogeneoumulti-robot teamsand supportthe sliding of autonomyat a
much ®ner granularitythan hasbeenpreviously reported.

Onefundamentatlifferencein applying Sliding Autonomyto multi-agentteamsis thatthe humanwill not always
be aware of everythingthatis happeningto all of the agentswhereasa humanwho is monitoring only a single
agentis ableto keepabreasif all relevant developmentsThis lack of awarenesgyivesrise to threemajor issues
that needto be addressedor multi-agentSliding Autonomy:

1) Requestinghelp: Sincethe humancannotkeeptrack of all the robotsin a multi-agentteamat all times, the
ability of anagentto askfor helpis critical. By usingempirical performancenodelsof both the autonomous
systemand the human operatoy knowledge of typical humanlearning curves, and information about the
teams state,the systemcan make reasonablyaccuratepredictionsof how long a given task will take under
either humanor robotic control. This in turn allows it to make principled decisionsaboutwhento ask the
humanfor help.

2) Gaining situational awareness:Sincethe humanis not ableto monitor all robotsat once,or may be called
away to attendto anotherteam,it is importantthatthe operatorquickly gain situationalawarenes®f a robot's
workspacewvhenhelpis requestedit is alsoimportantthat the autonomousystemmodelhow long this will
take (asdiscussedbove), in orderto make principled decisionsaboutwhento askfor help.

3) Maintaining coordination: During andafter humanintervention,the component®f the systemthat remain
under autonomouscontrol must continue to operateand maintain the interagent coordinationnecessary
for task completion.We addressthis issueby enablingagentsto monitor themseles and other agentsas
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appropriatdor the currenttask,allowing themto remaincoordinatedeven whenthe operatoris in control of
oneof the agents.This allows the portion of the teamstill underautonomousontrol to continuemeaningful
operationwhile otheragent(s)are underhumancontrol.

We conductedwo human-subjecexperimentsto validateour approacho Sliding Autonomyin the multi-agent
domain.The®rst examinedthe performancef four differentmodesof autonomyto determingheef®cacgy of Sliding
Autonomy The secondexperimentinvestigatedhow situationalawarenesss regainedand how the compositionof
the userinterfaceaffects this acquisition.

The ®rst experiment,which varied the degree of humaninvolvementin the task, consistedof performingour
constructiontaskunderfour differenthuman/robotooperatiorstratgies: pure autonomy System-Initiatve Sliding
Autonomy (SISA), Mixed-Initiative Sliding Autonomy (MISA), andteleoperationPureautonomydoesnot involve
the human,consistingsolely of autonomoudehaiors and recovery actions.In contrast,during teleoperatiorthe
humanis in completecontrol of all aspectf all the robots.Bridging the gap betweenthesetwo extremes,SISA
allows the operatorto interveneonly whenasked to do so by the autonomousystem,while in MISA the human
canalsointerveneat ary time of his own volition. SISA is designedo approximatesituationswherethe operator
is a scarceresourceand must attendto multiple robot teamsor othertasks.MISA, on the other hand, captures
situationswherehumanscan be more dedicatedto observingthe teams actwities.

The resultsof this experimentindicatethat the autonomousystemis consistentlyfaster but lessreliable,thana
purely teleoperatedpproachlin both SISA and MISA, the speedof assemblyapproacheshat of the autonomous
system.While operatorworkload resultsshaved that the preferencefor either SISA or MISA is very task- and
userdependentthe workload for the humanis clearly lessthan during pure teleoperationWe concludethat our
adaptationof Sliding Autonomy improvesthe multi-agentteams reliability without compromisingef®ciengy, and
thatit canbe easilyreformulatedio meetthe differing constraintsof a variety of domains.

The secondexperimentstudiedhow humanoperatorscan bestattain situationalawarenessn our scenario.The
experimentexaminedthe typesand amountof information that should be maintainedin orderto minimize time
to achieve situationalawarenessgiven that the operatorwas attendinga different task prior to the requestfor
help. This disattentiomassumptioris particularlyvalid for multi-agentsystemsasthe humanoftenwill be assisting
multiple agentsandwill needto reachi@e situationalavarenes®achtime he moveshis attentionfrom oneagentto
another Theresultsshawv thatthe interfacedesigneicanmale cleartradeofs betweenthetime to achieve situational
awarenessindthe quality of theresultingunderstandingn generalaccurag (i.e. quality of understandingncreases
asmoredatais availableto the subject.However, thetime neededo attainsituationalawarenesss not a monotonic
function of the amount,nor type, of information available. Instead,our experimentshaved that thereis a clear
point at which the time taken to absorbadditionalinformation outweighsthe correspondinglecreasen response
time. The resultsfrom thesetwo experimentsbolster our contentionthat Sliding Autonomy can be an effective
approachto robust control of multi-robot teams.

Il. RELATED WORK
A. Multi-Agent RoboticAssembly

The mostcommondeplo/ed multi-agentassemblysystemsare in factories,wheremultiple industrialrobotsare
involved in the assemblyof a product. A systemof four industrial robots arrangedarounda corveyor network
for materialhandlingis describedn [1]. The setupis typical of industrialapplicationswith stationaryrobotsand
inter-robotinteractiondimited to schedulingof sharedresourcegsuchasthe corveyor systemor temporarystorage
areas).Sincetime is of signi®cantconcernin factory settings,suchindustrial applicationstypically are managed
by a static centralcontroller In contrast,our systemis comprisedof multiple mobile and stationaryrobots with
only high-level centralcontrol of the teams overall tasks.They must e xibly coordinatetheir motionsin orderto
completetheassemblytask,andadaptto a dynamic,uncertainervironment;this requiresclosecoordinatiorbetween
various combinationsof heterogeneousobots, often involving more than one robot simultaneouslymanipulating
the structure.

Coordinatecassemblyperformedby teamsof mobile robotsis of primeinterestto the spacecommunity Stroupe
et al. [2] usethe CAMPOUT architectureto coordinaterobotswith purely behaior-basedstratgies to perform
very tightly coupledtasks,similar to ours. Two homogeneousobots collaboratvely carry a beamand position
it with respectto an existing structurewith sub-centimeteaccurag. Their agentsjointly manipulatethe beam,
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coordinatingtheir motionsthroughforce/torquesensordn the manipulators Throughoutthe task, the two agents
perform symmetricversionsof the sametask. In contract,our (very) heterogeneougeam manipulatesmultiple
objectsto completea larger, more complex structure,involving multiple interacting taskswith slightly greater
docking tolerances Although no two of our agentssimultaneouslymanipulatethe samerigid body, we useonly
a single sensor(a stereocamerapair on our dedicatedsensingagent),which rendersthis sort of rigid interagent
physical coupling infeasible.

B. Human-Robointeraction

Recently therehasbeensigni®cantinterestin allowing humancollaborationwith robotsin assemblyscenarios.
The COBOT project[3] [4] seeksto make manuallyoperatednachineanoreintelligent by providing guidanceso
that the operatordoesnot have to provide ®ne guidancecontrol. Typically, the human provides the force input,
while the systemsteersthe mechanisminto the right place. The roles of the humanoperatorand the systemare
clearand urvarying and both humanand the systemmust operatesimultaneoushyin orderto accomplishthe task.

NASA's ASRO project[5] developeda mobile robot to assista space-suitedhumanby carrying tools, helping
to manipulateobjects,and providing sensorinformation. While the robot was physically working alongsidethe
astronautit wasteleoperatedby a remoteoperatorin verbalcommunicatiorwith the astronautlUnlike the complete
teleoperatiorusedin ASRO, our systemallows the remoteuserto take control of partsof the assemblytask, while
leaving the remaindermactive underrobotic control. In addition,the humanandrobotsin our scenariccannotdirectly
interactphysically since,unlike [3], [4], and[5], they arenot collocated.

A systemclosely relatedto our approachto human-robotinteractionis presentediy Fong et al. [6], in which
the robot and the user participatein a dialogue.The robot can ask the operatorto help with localizationor to
clarify sensorreadings.The operatoralso can make queriesof the robot. However, that framevork assumeghat
the robot will always performthe task: the operators role is only to provide the robot with ary stateinformation
it is lacking. In contrast,our approachmalkesthe operatoran equalpartnerin the team,able to assumecontrol of
tasksor sub-tasksas appropriate.

C. Sliding or Adjustable Autonomy

Our useof the term Sliding Autonomy correspondsvith the term AdjustableAutonomy as presentedy Dorais
etal. [7] . This work providesseveral future examplesin which Sliding Autonomyis essentiafor spaceoperations
wheredemandson the operatormust be carefully selectedand minimized, suchas making the most ef®cient use
of astronautime during a mannedmissionto Mars.

Using aroving eye anda ®xed manipulatoy Kortenkampet al. [8] developedandtesteda softwareinfrastructure
that allows for sliding control of a robot manipulator The taskinvolved a pick-and-placeoperationduring which
Sliding Autonomy allowed the operatorto recover from visual serwing errors, participatein high-level planning,
andteleoperatghe manipulatorto completetasksbeyond its autonomousapabilities.Our work extendsthis with
a more complex assemblytask that involves a teamof robotsand a ®ner granularityof Sliding Autonomy

Nielsenet al. [9] presenta systemof threeidenticalrobotsperformingtopologicalmap-tuilding with the help of
a human.The operators involvementrangesfrom teleoperatiorand landmarkselectionto higherlevel directional
commandsto the selectionof regions of interest.With increasingrobot autonomy operatorworkload tendedto
decreasebut performancewvas bestwith maximumhumaninvolvement(i.e. pureteleoperation)In contrastto our
system,the operatoris constantlyengagedand in control of the level of autonomy:the autonomousomponent
never explicitly requestsassistance.

Scerri has proposedan architecturefor Sliding Autonomy appliedto a daily schedulef10]. This autonomous
systemattemptsto resole timing con icts (missedmeetings,group discussionspersonalcon icts, etc.) among
somesetof teammembersMembersare ableto affect the systems$ autonomyadjustmentstrateies by indicating
their intentto attendgatheringsor willingnessto performtasks.

Mahesvaranet al. [11] describea systemof personalassistantagentsthat can operateunder either userbased
or agent-basedutonomy The entity in control (eitheran agentor a human)explicitly reasonsaboutwhetherand

Although Dorais et al. use“AdjustableAutonomy” in the samesenseas we use“Sliding Autonomy”, we feel that the term Adjustable
Autonomy carriesthe connotationthat the level of autonomyhasbeensetat a ®xed value prior to execution,as opposedto dynamically
sliding back andforth during the courseof execution.
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whento transferdecisionmaking control to anotherentity (anotheragentor human).While our systemcurrently
doesnot allow controlto be transferredrom onerobotto anothey our approacho Sliding Autonomyallows much
®ner transferof control betweenrobot andhuman,as component®f eachtask (suchas monitoringand execution)
may be transferredndependently

D. Situational Awareness

Overtheyearstherehasbeenalarge body of researcton helpinghumanoperatorgnaintainsituationalawareness.
A signi®cantamountof the initial researchin this areafocusedon helping pilots maintain situationalawareness
while ying [12] [13]. Thefocushasshiftedin morerecentresearcho studyinghow humanoperatorcanmaintain
situationalawareneswhile teleoperatingobots,suchasthosein the searchandrescuedomain[12]. This work is
mostrelevant to systemswherethe operatoris in constantcontactwith the system.In our domain, however, the
operatormay have periodswherehe is not in contactwith the system;thus, we are alsointerestedn helpingthe
operatorrepeatedlyattain situationalawarenessafter being out of contactwith the system.

Goodrichet. al. [14] also study situationalawarenessn situationswhere the operatormay not be in constant
contactwith the system.Their work examinesthe effectivenesof an operatorwhencontrolling a robot at different
levels of autonomy given increasinginattentionto the robot. Their levels of autonomyinclude full autonomy
provision of goalsby the human,provision of waypointsby the human,and safeyuardedteleoperationlt attempts
to facilitate suchawarenesdy designinga usableinterfacefor the operator This is similar to our system,where
the operatorsometimesmulti-tasksbetweeninteractionepisodesgffectively ignoring the robotsfor that period of
time. They postulatea seriesof effectiveness neglect curves characterizinghe differentlevels of autonomy but
did not presentary experimentalresultsin the cited work.

I11. CONTEXT: SCENARIO, HARDWARE, AND ARCHITECTURE
A. Scenario

Oneareaof roboticsresearchs large-scalaobotic assemblyRobotsare especiallyusefulin areasvherehumans
are not well adapted particularly hazardouservironments,suchas space the Moon, or Mars. Building one robot
complex enoughto handlethe entire constructiontask on its own is often either very dif®cult or impossible,
especiallyfor largerscaleassembliesOur approachis to use multiple, heterogeneousbotsthat coordinatewith
one anotherto completethe task. While this increasescompleity due to the necessaryoordination[15], it also
allows for more e xibility during task execution,aswell assimplerand more manageabld&ardware.

The constructiontask usedin our experimentsinvolves four beamsand four planarly compliantnodesthat are
assembledogetherinto a squarestructure(Figure 2, left). In a roughattemptat simulatingconditionsin spacethe
nodesare supportedby castersthat roll easily alongthe oor. A node mustbe bracedbeforethe end of a beam
canbe insertedinto it; otherwise the insertionforcescan causethe nodeto roll away.

Fig. 2. The fully assembledour-beamstructure(left), a view of a beambeinginsertedinto a
node (center),and a close-upof a nodeaboutto be bracedby the Crane(right).

This taskdecomposenaturallyinto subtaskghatcanbe completedby heterogeneousgents®lling threedifferent
roles: an agentthat provides information aboutthe stateof the world (the Roving Eye; Figure 3, left), an agent
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that bracesthe nodesduring docking (the Crane;Figure 3, center),and an agentthat doesthe manipulationand
insertionof the beamsinto the nodes(the Mobile Manipulator;Figure 3, right).

To assembleone side of the square,the Crane®rst bracesa node so that the Mobile Manipulator can insert
one end of a beaminto it. The Craneand Roving Eye then repositionto the other end of the beam,wherethe
Cranebracesanothernode while the Mobile Manipulatorcompletesthe node-beam-nodsubassemblyOncethe
beamis securelydocked, the Mobile Manipulatorreleasest and moves to the next side of the squarein order
to receve the next beamand continue. This processrepeatsfour times until the completesquareis assembled.
Runningautonomouslythe threerobots can completeeachside of the structurein 7.3 minutes,on average.The
successate persidefor completelyautonomousssemblyis 75%. Thesestatisticsarefrom a setof 24 datapoints.

Fig. 3. The threerobotsusedto build our squarestructure:the Roving Eye (left), the Crane
(center)and the Mobile Manipulator(right).

B. Hardware

Our Roving Eye (Figure 3, left) is Xavier [16], a synchro-dnve robot built on a RWI B24 baseand equipped
with a stereocamerapair mountedon a pan-tilt unit. The Roving Eye's camerasare the teams only extrinsic
sensors the Craneandthe Mobile Manipulatorrely on the cameradatain orderto completetheir tasks.By using
an independensensingagentsuch as this, we avoid con icts that arise when an agenthas multiple duties. For
instance camerasnountedon the Mobile Manipulatormight becomeobscuredvhenit is carryinga beam,forcing
the robot to compromisebetweenmanipulationand sensing.and inevitably resultingin suboptimalperformance.

Becausdt is not our focusof researchyve simpli®ed the vision problemby attaching®ducials(bar codes)to all
importantobjects.The Roving Eye usesthe ®ducialsto identify and locatethe objectsin the workspacerelevant
to the taskat hand.Sample®ducialscanbe seenon the sideandwrist of the Mobile Manipulator(Figure 3, right).

The Crane(Figure 3, center)is a NIST-built RoboCrand17], andconsistsof a 6-DOF invertedStevart platform
carrying a simple mechanismthat we designedto allow the bracing of our nodes.The bracing mechanismis a
hollow squarethat can be loweredonto the top of a node, effectively preventing the node from moving (Figure
2, right). We chosethe RoboCranebecausét is strongenoughto immobilize the nodesagainst sizableinsertion
forceswithoutimpinging uponthe workspaceof eitherthe Mobile Manipulatoror Roving Eye. This vertical bracing
lessenghe interferenceproblemsthat often occur when multiple robotsare moving in a tight, sharedworkspace.

The Mobile Manipulator (Figure 3, right) consistsof a Metrica/TRACLabs 5-DOF anthropomorphicarm [18]
mountedon the front of an RWI ATRV-2 skid-steeredase.The arm hasan electromagnebn its end effector that
attachego a metal plate fastenedo the undersideof eachbeam,allowing the Mobile Manipulatorto graspand
releasethe beams.

C. Architectue

We developedthe Syndicatearchitectureto supportthe closely coupledcoordinationbetweenthe robotic agents
requiredto completethe assemblyscenario,. One of Syndicates core featuresthat easeshis coordinationis its
supportof athree-layere@pproachEachlayeris associatedvith a differenttaskgranularityandlevel of abstraction
aboutthe world, and may communicatewith the layersimmediatelyabore and below it. In general,higher and
more abstractiayerscommandiower, morereactve, layers,while the lower layersprovide the dataneededby the
higherlevel decisionprocesqFigure 4).
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Fig. 4. The SyndicatearchitectureNote that eachlayer may communicatealirectly with all other
layers at the samelevel of abstraction;all of theselinks are not depictedfor reasonsof clarity
(for instance Agent 1's behaioral layer may communicatedirectly with Agent 3's). Our current
implementatiorincludesthe executve and behaioral layers.

Althoughthe Syndicatearchitecturesupportshreelayersof abstractionpur currentimplementatioronly encom-
passeswo. The bottom-mosts the behaioral layer, which dealswith ®ne-grainedstatelessontrol of the robots.
This layer, which is basedon the Skill Manager[19], actsas the interface betweenthe controllers/hardware and
the executive layer. Thus, it views the world at a small temporalgranularity concerningitself with the hardware
and ervironmentaldetailsthat higher layersabstractaway. By doing so, it is ableto reactvery quickly to changes
in the world.

The executive layeris responsibldor building and maintainingthe agents'hierarchicalttasktrees thusmanaging
all of the statefultask-level aspectof the system[20]. A taskis loosely de®nedas an abstractionof one element
of the scenariahatrequiresstateand/ormay be decomposeéhto atomicbehaiors in orderto satisfya goal. Many
of the tasksrely on datapassedup from the behaioral layer to decidewhento changestate+ thesechangesare
then propa@ted back down to the behaioral layer in order to manipulatethe physical world. This relationship
illustratesa secondaryobjective of the executive layer: con®guringthe behaioral layer basedon the currentstate
of the task tree. The top-level planninglayer is not yet implementedin our system.Instead,the executve layer
containsa ®xed task orderingfor a given scenarioWe are currently investigating differentapproacheso building
a planninglayer for Syndicatewhich will likely include both planningand schedulingaspectssuchasthoseused
in [21].

In additionto communicatiorbetweenthe layersof a single agent,Syndicatesupportscommunicatiorbetween
agentsat eachabstractionlayer. This gives agentsthe ability to directly coordinatemulti-agenttaskswith other
agentsat all levels of the hierarcly. For example,in the executive layer, we wantto ensurethatthe Roving Eye does
not move to the next corneruntil the Mobile Manipulatoris ®nishedwith the currentbeam-nodelockingoperation,
sincethe Mobile Manipulatordepend®n theraw positiondataprovided by the Roving Eyeto completethe docking.
To accomplishthis, Syndicateenableshe executive layer on oneagentto constrainits task executionwith respect
to a taskon the otheragent- in this case,sequencingwo tasksthat run on differentagents.Coordinationat the
behaioral level is alsorequiredby mary tasks.For instanceto dock a beaminto a node,the Mobile Manipulators
behaioral layer mustcommunicatewith the Roving Eye's in orderto recevve raw positioninformation,forming a
distributedvisualsenoingloop[22]. Althoughour planninglayeris notyetimplementedanexampleof coordination
at that level canbe seenin the FIRE project[21], wherecommunicatiorbetweenpeerplanninglayersis usedfor
auction-basedask assignment.

The Syndicatearchitectureprovides a framevork uponwhich we canbuild to supportconceptssuchas sliding
autonomyin comple, multi-agentscenarios.



PROCEEDINGSOF THE IEEE - SPECIAL ISSUEON MULTI-ROBOT SYSTEMS 8

IV. SLIDING AUTONOMY FOR MULTI-AGENT TEAMS

Even with closely coupledcoordination,it is nearly impossibleto prevent errorsfrom occurringin comple,
multi-agenttaskssuchas our constructionscenario.Becauseof the compleity and uncertaintyinvolved in such
domains,even a highly-speci®c,well-programmedobotic teamcan sometimedail whenoperatingautonomously
One commonway to compensatdor this possibility is to usepure teleoperationin this mode,a humanoperator
controlseachof the robotsduring all of its tasks.Both teleoperatiorand pure autonomyhave beenshown to have
distinct strengthsand weaknessedn general,teleoperations slower, but more reliable, while full autonomyis
faster but lessrobust [23]. Additionally, communicationateng, prevalentin space-basedpplicationsmake pure
teleoperatiordif®cult andtedious.The goal of Sliding Autonomyis to allow human-roboteamsto move smoothly
along the spectrumfrom teleoperationto autonomy making appropriateuse of the differing capabilitiesof team
membersn orderto outperformboth pure teleoperatiorand pure autonomy

Sliding Autonomy for multi-robot teams, however, has complicationsnot found in single-robotsystems.In
generalwe have found that thereare threewaysin which multi-agentSliding Autonomyis more demandinghan
the single-agentersion: (1) decidingwhento askfor help, asthe humanis not guaranteedo be monitoring any
one robot at ary given time; (2) providing situationalawarenessof the requestingrobot's workspacewhen the
operatoris asked to help; and (3) maintainingcoordinationof the teamas a whole whenthe humanis controlling
one of the robotic agents.

A. Our Approad to Sliding Autonomy

Our approacho Sliding Autonomyusesmixed-initiative interactionso orchestratehe collaborationbetweerthe
humanoperatorand the robotic agents.Theseinteractionsconsistof eitherthe humanor the autonomoussystem
decidingwho is in control of differentaspectsof the task. The goal of theseinteractionsis to optimize metrics
suchas ef®cieng/ androbustnessmeasuredy time elapsedand likelihood of successrespectiely.

We introducethe notion of 2taskswitching®to implementthesetypesof interactions.Nearly every taskin the
executive layerdecomposemto separat@monitor’and®action®componentseachof whichis itself ataskthatmay
be controlledby eitherthe humanor the autonomoussystem.The monitoring componenbf a taskis responsible
for detectingfailuresand determiningwhenthe taskhasbeencompleted.The action componeninteractswith the
robot controllersvia the behaioral layer to perform the desiredactions.While the majority of tasksare split in
this fashion,somenon-leafnodesof the tasktree that are merelyresponsibldor creatingothertasks,and so have
no obvious action/monitorsplit, are not divided.

This methodologyyields signi®cant e xibility. For example,the autonomoussystemoften is ableto performa
task whereits sensingcapabilitiesare not suf®cient to reliably determinewhen the taskis completed.In sucha
case,the humancan be assignedhe monitoring portion of the task,in orderto ensureit is reliably executed.An
exampleis the dockingtaskcarriedout by the Mobile Manipulator While the autonomousystemis quite pro®cient
at completingthe task, the ®nal clearancebetweenbeamandnodeis on the sameorder of magnitudeasthe noise
in the Roving Eye's sensingsystem,on occasionmakingit dif®cult for the autonomousystemto determinewhen
the dockingis complete.The humanoperatorcanlook for additionalcluesin the video feed, and often can make
a more reliable determinationof whenthe docking hassuccessfullycompletedor hasbecomestuck.

On the other hand, the action subtaskmay be given to the humanif the autonomoussystemdetectsthat it is
having problemsor believes the operatorwill be able to performit more ef®ciently. In sucha case,the human
is asked to completeexecution, while the systemmonitors his progress.A prime example of this is the search
task carried out by the Roving Eye whenit losessight of a ®ducial of interest. Humansare better suitedto the
action componentof this task, as they can decidewhere to move the camerabasedon their understandingf
the workspace as opposedo the blind grid-basedsearchpatternthe autonomoussystemuses.However, it is not
obvious to the humanwhenthe systemhasdetecteda ®ducial, sincethe humans vision is so muchdifferentthan
that usedby the Roving Eye. Thus, in this instance the autonomousgnonitoring componentcanwork side-by-side
with the humanto completethe searchtask.

Regardlessof whethera taskis switchedby the operatorintervention or the autonomoussystemi,it interactsas
neededwvith the behaioral layerto switch all necessaryow-level componentgo the appropriateoperationaimode.
This provides ®ne-grainedcontrol over operationsas the humancan assumecontrol of very speci®c portions of
the systemwhile leaving the remainderunderautonomougontrol. For instancejf the userwereto take control of
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the visual searchtask on the Roving Eye, which looks for ®ducialsin the ervironment,the pan-tilt unit would be
placedunderhumancontrol, while control of the Roving Eye's baseand responsibilityfor determiningwhenthe
searchwas successfulvould remainunderautonomousontrol. At the completionof a task, all affectedbehaiors
arereturnedto the operationalmodein which they were prior to the switch.

This approactto Sliding Autonomystill leavesopenthe questionof whento switchandwho decidego do so.In
orderto investicate how bestto structuretheseinteractionswe have experimentedwith two differentapproaches,
which spanthe control spectrum,but vary in how tasks may be switched. System-Initiatre Sliding Autonomy
(SISA) enableghe robotteamto askthe humanfor assistancehut doesnot allow the humanoperatorto interrupt
therobots.SISA modelssituationswherethe humanoperatoris multi-taskingandattendingto otherresponsibilities
while the robotsattemptto operateautonomouslyso the humanhasno ongoingknowledge of whatis occurring
in the robots' workspace.The operators attentionis neededonly whenthe teamdecidesthat the humanis better
suitedfor the executionof sometask (seebelav) or whenan individual robot hasencounteredn error condition
from which it doesnot believe it canrecover on its own. While facilitating multi-taskingmay raisethe productvity
of the overall system,the time it takes usersto regain situationalawarenesf the robots' workspacewhen asked
to help cannotbe disregarded(SectionlV-B). We hypothesizethat SISA is the best® whenhumanresourcesare
scarceand the autonomoussystemis reasonablypro®cientat error detection.

We alsoinvestigatedMix ed-Initiative Sliding Autonomy(MISA). Here,while the robotic teammembersstill can
askfor help,the humanoperatoralsohasthe option of interruptingthe systemto take control of a taskor subtasks
actionand/ormonitoring componentWhile this hasthe potentialto increaserobustnesssincethe humanoperator
can intervene before a robot makes a fatal error, suchgains are realizedonly if the humanactively monitorsthe
progressof the robotic team.

The next threesubsectionslescribeour approaches$o dealingwith the threeaspectghat are endemicto multi-
agentSliding Autonomy: requestinghelp, gaining situationalawarenessand maintainingcoordination.

B. RequestingHelp: Systemand User Modeling

In mary Sliding Autonomy systemspnly the humanoperatoris ableto changethe control of tasks.In general,
this is adequatdor single-robotapplications sincea humanoperatorgenerallyis more than capableof monitoring
the statusand progressof a single robotic agent,and can take over eitherif he feels he would do a betterjob
thantherobotor if the robotis enteringinto a dangerousituation.As the numberof robotsincreaseshowever, it
becomesarderandharderfor a singleoperatorto keeptrack of the statusof all agentsOneway of addressinghis
problemis to allow the robotsto switch the control of tasksto the humanby askingfor assistances appropriate.
Thus, a robotin trouble canrequesthelp from the human,insteadof waiting for the operatorto realizethat there
is a problem.

We have developedan approachthat enableghe autonomousystemto make reasonedlecisionsaboutwhento
switch control of tasksbasedon currentconditionsand the speci®coperatoravailable. Thesedecisionsare made
when tasksare initially launchedas well aswhen a failure is perceved. If the operatorhasshavn he is usually
betterthan the autonomoussystem,the task will be assignedo him immediately Alternatively, the systemmay
try to performthe taskitself, but later decideto handcontrol to the humanif it believesit is unableto complete
the task. Suchdecisionsneedto be madein both SISA and MISA modes,asthe systemmay requesthelp with a
taskin eithercase.

While thesetask allocation decisionscould be made via an arbitrary set of heuristics (such as 2try twice
autonomouslythen cede control to the human®),such a stratgy is potentially suboptimal,since no heuristic
is ableto addressll exceptionalcasesinstead by building empirical performancemodelsof both the autonomous
systemand the humanoperatorswe have developeda principled approachto making suchdecisionsthat allows
the autonomousystemto reasonaboutexpectedtask durationand agentreliability to decidewho shouldperform
what task.

The decisionproblem can be phrasedas a comparisonbetweenthe expectedtime to completethe taskif the
humanmales the next attemptand the expectedtime if the autonomoussystemdoesso. In orderto malke this
comparisonwe evaluatetwo decisiontrees+ one where the humanperformsthe task under considerationand
onewherethe autonomousystemcontrolsthe task. An exampleof a tree associatedvith the autonomousystem
makingthe next attemptis diagrammedn Figure5.
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Fig. 5. An exampleof the decisiontreesthat are evaluatedby the user modeling system.(a)
correspondso the probability of successP (S, jF: = i) (Equation2); (b) representshe expected
time taken to succeedE (t,jS;;F; = i) (Equation2); (c) is an exampleof the expectedtime to
fail: E(trj: Sr;Fr = i) (Equation2); and (d) representshe expectedtime of the entire decision
tree:E (tsjFr = i; Fn = j) (Equationl)

There are three componentdo this recursve prediction: the probability of succesdor a given party's attempt
at accomplishingthe taskin question,the expectedtime to completethe attemptgiven successand the expected
time given failure. In Figure 5, thesecorrespondo the probability of branch(a), timespan(b), and timespan(c),
respectiely. To estimatethesevalues,we use prior obsenations of executiontime, conditionedon the failures
which have occurredduring this instanceof the task. The numberof precedingfailuresis roughly equivalent
to the currentlevel of the decisiontree, and is usedbecausea failure is empirically a good predictor of future
failures (at leastwithin our scenario).In addition, we condition our expectedtime calculationson the outcome
of the attempt,as failures often take signi®cantly longer than successfubttempts.Since our modelsare updated
during task executionand are maintainedon a peroperatorbasis,the systems$ decisionswill dynamicallychange
in responsdo the operators currentperformanceandwill dependon the speci®coperatoravailable.

By conditioning executiontime on previous failures,we turn what was a multimodal distribution into a set of
(moreor less)unimodaldistributions, which greatly easeghe calculationof expectedtime. We estimatehow long
it will take to completea task directly from thesedistributions:

H . ) R |
E{tjFr=i;Fh=1j)

E(tsjFr = i;Fh = j) = min E(thiFn = i:Fr = i) (1)
E(trjFr = 5 Fh=1]) = P(SjFr = DE(t ]S Fr = i)+

(Li P(SijFr = 1)) (E(trj: SriFr = i)+ E(tsjFr = i+ LFh = j)) (2)

P(SjFr=f;+1)= 10 3)

E(trjSr;Fr=fr+ 1) = E(t]S;Fr = 1)) (4)

where:
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E(tsjFr = i; Fp, = j): Expectedtime to completethe task, giveni precedingautonomoudailures
andj precedinghumanfailures.For i = j = 0, this corresponddo the
expectedtime of the entire decisiontree (timespan(d) in Figureb).

E(t/jFr = i; Fh = j): Expectedtime to completethe taskif the autonomousystemperformsthe

next attempt,given i precedingfailures. This is the expectedtime of one

subtreeof the decisiontree,suchasthe expandedsubtreedepictedin Figure

5.

Probabilityof the autonomousystemsuccessfullycompletingthe task,given

i precedingfailures. This correspondgo the probability of branch(a) in

Figure5.

E(t/jSr;Fr = i): Expectedvalue of the distribution formed by all data pointsin which the
taskwas successfullycompletedby the autonomousystemwith i preceding
failures(timespan(b) in Figureb).

fr:  Maximum numberof precedingfailuresby the autonomousystemthat have
occurredin practice.f, + f, is the maximumdepthof the decisiontree.

P(SijF, =

|
_

The minimizationin Equationl representshe decisionaboutwhetherto assignthe next attemptto the human
or the autonomoussystem.Equation 2 weights the time taken to succeedand the time taken to fail plus the
remainderof the decisiontree by the probability of succesr failure, respectrely. While the decisiontree could,
in theory continueinde®nitely our modelcontainsa ®nite amountof data.Equations3 and4 representhe optimistic
assumptiorthat oncewe have passedeyond the boundariesof our datawe will always succeedThis assumption
senesto terminateEquation2's recursionby settingthe probability of failureto zero.In the presencef reasonably
sizeddatasetsthe effect of this assumptioron the ®nal predictedtime is minimal, sincethe cumulatve probability
of reachingthis basecaseis quite low. Also, note that the equationsfor E(t,) (the expectedtime given that the
humanperformsthe next attempt)are identicalto Equations2, 3, and4; merely exchangether andh subscripts.

The expectedtime of an attemptgiven the controller and its outcome(E (thjSh; Fn = i), E(thj: Sh; Fn = i),
E(t/jSr;Fr = i) or E(tj: Sr;Fr = 1)) is treatedasa samplefrom a staticdistribution. This distribution is formed
from all prior executiontime obsenationsthat matchthis combinationof successand precedingfailures. Sinceit
is nearly always unimodal,the expectedvalue of sucha sampleis merelythe meanof the componentatapoints.
However, this simple modeldoesnot apply in the caseof a navice human.Sincethe operatoris still learning,it is
more appropriateo modelE (t,,) by predictingthe next point on the operators learningcurve. We have previously
conductedexperimentsto determinea reasonablanodel for this curve and how bestto useit as a predictor of
the humans performancg24]. Accordingto our data,a logarithmic curve ®tted to the available datawas a more
accuratepredictorof future performancdhanlinear, exponential,or quadratic®ts. The ®t of this curve is updated,
on a task-by-taskoasis,asmore datais acquiredaboutan operators performanceduring a run. Unfortunately it is
not clearhow to independentlypredictthe time taken to succeedand the time taken to fail while learning,so we
simply calculateE (thjFr = j) asthe next point on the learningcurwe, aslong aswe believe the useris a novice.
Oncethe operators performancehasleveled off (generallyafter 15-20 attemptson a particulartask), we assume
he is an expert and switch to using the static distribution assumptiorwith the asymptotediata.

Branch points in the decisiontree are causedby the start of the task or the failure of an attempt.There are
two varietiesof failures: physical and temporal.Physical failures are causedby erroneousstatesdetectedby the
autonomoussystemor the humanthat force the controlling party to back off andtry again. For instance,if the
Roving Eye completesa visual searchof its ervironmentwithout ®nding all of its taget ®ducials, its searchtask
fails. The serwing taskresponsiblefor dockinga beaminto a nodefails if it manageso wedgethe beamagainst
the nodeat an anglesuchthatdockingcannotproceedwithout resetting.On the otherhand,temporalfailuresoccur
whenthe humanor autonomousystems attemptextendspastathreshold Thethresholds generallym+ ca34 where
m is the meanof the obsened executiontimes, ¢ is a tunableparameteiand %is the varianceof the obsenations
for the party in question.Becauséhumanoperatorsrarely, if ever, voluntarily relinquishcontrol, temporalfailures
are the autonomoussystems primary methodfor requestinghe return of control.

There are currently three weaknessesvith the way in which the usermodelsare evaluatedand interpretedby
the systemthat curtail their usefulnesslf the system$ calculationsshav that the humanis better at a certain
subtaskand assignscontrol to him, thereis currently no way for the operatorto successfullyhand control back
to the system.Any attemptto do so would resultin the systemreevaluatingits decision,very likely comingto
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the sameconclusionand passingcontrol right backto the human.Unlessthe estimatesof humanand autonomous
performanceare very close,it will take a signi®cantnumberof suchexchangedo changethe systems decision.
We are consideringa numberof solutionsto this problem,including allowing the operatorto force the autonomous
systemto perform the next attempt,or allowing the operatorto indicate he is entirely unwilling to performthe
task. Secondly giving up control over a subtaskis currently countedas a failure for the party that wasin control,
andtiming of the otherparty's attemptstartsimmediatelyfollowing the switch. Thus, failurescloseto the endof a
subtaskoftenleadto overly optimistic performancescoresfor the new controllerbecausdt/he canquickly complete
the remainderof the taskand move on. One potentialsolutionis to conditionour expectedtime calculationson the
failuresof both parties(e.g.insteadof E(t;jS;; F; = i), we would calculateE (t;jS;; Fr = i; Fn = |)). Finally, the
autonomoussystemdoesnot yet track the operators currentworkload, and may requestassistancevith multiple
simultaneougasksfrom a single operator Becauseghe modeldoesnot incorporatethe operators inability to attend
to more than one task at a time, this can introducesigni®cantinef®ciencies,as the autonomoussystemwaits for
the humanto handleeachof the tasks.The olvious solutionto this problemis to track the operators currenttask
gueueandinclude his expectedtime to servicethe queuewhen calculatingthe expectedtime to completethe task
underconsiderationrif the humanperformsthe next attempt.

While currently we are simply comparingtask execution times, we have consideredusing a full cost model
in order to incorporatesuchthings as varying labor costs,the amortizedcost of hardware, continuing expenses
associatedvith teleoperatioror autonomougontrol of therobots,the costof repairs,etc. The speci®ccostfunction
would be highly dependenbn the particulardomainin question,but would be parameterizecit a minimum by
E (tn) andE(t;), aswell asdomain-speci®grice or cost parametersThis is an areafor future work.

C. Opermator Situational Awareness

Another importantissuein Sliding Autonomy is attaining operatorsituationalawarenessThis is particularly
critical in multi-agentdomains.In the single-agentiomain,the operatorneedsto monitor only a single robot and
workspace Evenif he doeslose situationalawarenessiue to attendingto othertasks,it is easierfor the operator
to remembetthe stateof the systemand usethat to assisthim in attainingsituationalawarenesgshe next time he
is asled for help. In the multi-agentdomain,thereare mary robotswith the ability to ask for help. Not only is
therea potentiallylongertime beforean operatorassistsa robot a secondime, but the operatoralsohasmorethan
likely provided assistancéo otherrobotsin the interim, speedinghe loss of situationalawareness.

Our approachis to maintaina buffer of information of the state of the robots' workspace(s)jncluding both
synthesizecand raw video views, and shav thesebuffers to the operatorwhen he is asked to assistthe system.
By viewing thesebuffers, the operatorcan more quickly gain situationalawarenes®f the pertinentworkspaceand
more ef®ciently assistthe robotsin their task than he could from viewing just the currentstateof the system.

However, whattypesof informationandhow muchshouldbe shavn remainopenquestionsThereis anobvious
tradeof betweenperformanceand reliability: having more information and a larger buffer typically leadsto a
more accurateassessmenhut increasesow long it takesto attain situationalawarenessSectionVI describesan
experimentwe performedto help quantify this tradeof.

D. Maintaining Inter-Agent Coodination

The third issuethat ariseswhile adaptingSliding Autonomyto the multi-agentdomainis how bestto maintain
inter-agentcoordinationof the robotteamwhile one or more of its memberds underoperatorcontrol. We address
this by enablingthe robotsto monitorthe progresof their own andotherrelatedtasksthroughmonitoringsubtasks,
updatingthe execution of their tasksaccordingly For example, considera situationfrom our scenarioin which
the operatoris asked to bracea nodewith the Crane.While the operatoris performingthis task,the Roving Eye
continuesto monitor the location of the Crane,and recognizesvhen the operatorhas®nished.OnceRoving Eye
determinesthat the operatorhas performedthe bracing, the systemautomaticallycontinueswith the tasksthat
dependedn the completionof the bracingtask: the Mobile Manipulatorapproacheshe nodewith the beam,the
Roving Eye changests focusto the tip of the beam,andthe Cranestayswhereit is in orderto continuebracing
the node.

This approachallows the teamto remaincoordinatedduring a humanintervention, as long as the humandoes
not deviate too greatly from the systems plan (e.g. performingtasksin an unexpectedorder). Sincethe existing
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monitoring capabilitiesprimarily monitor for task completion,the humancan take whatever coursehe wishesto
completethe task at handwhen in control of the action componentof a task, and the rest of the agentsunder
autonomouscontrol will remain coordinated However, if the humandecidesto accomplishadditionaltasks®rst,
undo previous work, or make arbitrary modi®cationsto the plan, the currentsystemwill lose coordination.Open
researchguestiondn this areaincludethe developmentof actionrecognition,plan prediction,and cooperatre plan
generationcapabilitiesfor the autonomoussystem.

E. Summaryof Multi-Agent Extensiongo Sliding Autonomy

To summarizewe have extendedthe traditional single-agensliding Autonomy approachto multi-agentteams.
In the courseof our work, we have discoveredthree primary differencesbetweenperforming Sliding Autonomy
with singleagentsand multiple agentsy(1) Dueto the humans inability to simultaneouslymonitor all of the agents
in the team,the autonomousystemmustreasonaboutwhento requesthelp, andcannotrely on the humanto step
in. This increaseshe importanceof detectingthat an error hasoccurredand makes usermodelsa necessity(2) In
addition,the humans inability to monitor all of the agentssimultaneouslyesultsin a lossof situationalawvareness
betweenrequestsfor help. Consequentlythe humanmust ®rst attain situational avarenesshefore assistingthe
robotic team,a stepthat typically doesnot needto occurin single-agensliding Autonomy (3) Finally, the multi-
agentautonomousystemmust maintaininteragentcoordination,even when one agentis underthe control of the
human.

We have conductedan experimentto comparethe effects of teleoperation MISA, SISA, and pure autonomy
control stratgies on robustnessand ef®ciengy, and report on the results next. In addition, we carried out an
experimentto determinehow different interfacesaffect the humans ability to attain situational awarenessand
guantify how long he takesto do so, which canbe usedto re®nethe usermodel.

V. MULTI-AGENT SLIDING AUTONOMY EXPERIMENT

This experimentinvesticated the effects of mixing full systemautonomywith teleoperationon the overall
ef®cieng/ androbustnesf our multi-agentsystem.

A. Methodolgy

For this study expert usersof the systemperformeda numberof trials for eachmode of interactionwith the
system.We had initially hopedto use operatorsunfamiliar with the project, but found that the time neededfor
novicesto becomepro®cientwith the systemwas excessve: after 14 hoursof training, the novice userswere still
slower thanexpertsby a factorof three.Sincewe neededbur subjectgo be roughly on parwith the performanceof
the autonomousystemin orderto obtainmeaningfulresults,we changedhe studyto employ two projectmembers
assubijects.

During an earlier pilot study we determinedthat the time taken for the systemto completea beam-node-beam
subassemblyvas independenbf the side of the structureby using a double-sided-test with a 0.95 con®dence
threshold.Therefore,our unit of analysiswas a one-beansubassemb)yas detailedin Sectionlll-A. Eachsubject
performedthis assemblytask 12 times in teleoperationmode, 16 times in System-Initiatve Sliding Autonomy
(SISA) and20 timesin Mixed-Initiatve Sliding Autonomy(MISA). The 48 trials were performedin randomorder
Togetherwith 24 runs of the autonomoussystem,thagives a total of 120 datapoints.

In orderto createa semi-realisticteleoperatiorexperience the subjectsatat a workstationfacing away from the
robotsand the workspace Shewas ableto seeonly the raw video outputfrom one of the Roving Eye's cameras
and the output of a visualizationtool, which displaysdepthinformation relevant to the currenttask (see Figure
6), asprovided by the Roving Eye. Control input was provided througha 2SpaceMouse®[25], a puck-like device
designedfor 3-D CAD work which allows the userto push,pull, and twist a knob similar to a hockey puck to
provide full 6-DOF control.

During teleoperatiorruns, subjectdoggedwhich subtaskof the overall assemblythey wereworking on in order
to enabletiming, as autonomougmnonitoring/ timing was not available during pure teleoperation.This selection
was usedto extract timing information for eachuserto initialize her usermodelfor the Sliding Autonomytrials.
For Sliding and full Autonomy the timing information was logged automaticallyby the system.At the end of
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Fig. 6. Screenshotsof the visualizationtools usedfor controlling the robots.From left to right: a
bird's eye overview of the workspacea closeupusedduring beamdocking, anothercloseupused
during nodebracing,andthe raw video feed provided by the Roving Eye.

eachrun, the subjectcompleteda NASA-TLX suney [26] to assesser perceved workload while controlling the
robots.This suney takesinto accountfactorssuchasmental,temporal,and physical demandaswell aseffort and
frustration.

In orderto emphasizeahe differencein initiative betweenthe two Sliding Autonomymodes the usersperformed
a distractortask while using SISA. The screenof their workstationand the video feed from the Roving Eye were
turnedoff. The only feedbackavailablewasaudiocuesaskingfor help. During MISA, the userswerenot presented
with a distractortask, insteadactively and constantlyfollowing the systems progress.They weretold to exercise
their ability to proactively take over control whenerer they saw the opportunityto completea subtaskfasterthan
the system.

B. Results

Table| summarizeur hypothesesboutthe effects of introducingSliding Autonomyinto our systemon three
relevant metrics.With the exceptionof several cells highlightedin bold in Tablesll andlll, the resultswe obtained
agreedwith our expectationsFor instance teleoperatior(729+911seconds}ook 1.5t2timesaslong asary of the
modesinvolving autonomy(437+492seconds)The timesand TLX resultsof failed runswere not includedin the
results.

Both usersgenerallyfollowed the hypothesizedrendthat the succesgatewould increaseas humaninvolvement
increasedpure autonomywasthe worst at 75%, followed by SISA, MISA, and®nally teleoperationwhich hadan
average96% successate. Note that the usersdid not give up on the failed teleoperatiorruns; instead,the system
reacheda point of terminalfailure.

| | Time to Completion | SuccessRate | Human Workload |

Teleoperation worst best worst

Autonomous System best worst best

System|nitiati ve good good better

Mixed Initiati ve better better good
TABLE |

EXPECTED RESULTS FOR SLIDING AUTONOMY PERFORMANCE.

Not surprisingly dueto the subjectve natureof the NASA-TLX workloadsuney, theactualvaluesvariedstrongly
betweerusersalthoughtrendswere consistentTeleoperatiorhadby far the highestworkload,approximatelytwice
that of the Sliding Autonomy casegthe rightmostcolumn of Tablesll andlIl).

Comparingour two usersside by side with the autonomoussystemwe note a completiontime comparable
with that of the autonomoussystemfor both forms of Sliding Autonomy and a much longer completiontime for
teleoperatior(Figure 7, left). Additionally, the teleoperatiortime to completionshows differenceshetweenthe two
users.In the centerof Figure 7 we seean upwardstrend of the successate proportionalto the amountof human
involvementduringthe assemblytask.Finally, Figure7 (right) showvs thattrendsin the percevedworkloadmeasured
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User 1 Mean Time to C(_)m_pletion Succengate TLX Workl_oa_d
[standard deviation] (# of trials) | [standard deviation]
Teleoperation 729[139] seconds 100% (12) 42 10]
Autonomous System 437 [94] seconds 75% (24) 0
Systemnitiati ve 462 [63] seconds 75% (20) 16 [16]
Mixed Initiati ve 492 [140] seconds 81% (16) 17 [11]
TABLE I

RESULTS FOR USER 1. DISCREPANCIES COMPARED TO THE EXPECTED RESULTS ARE HIGHLIGHTED IN BOLD.

User 2 Mean Time to Cqmpletion Succes§Rate TLX Workl_oa_d
[standard deviation] (# of trials) [standard deviation]
Teleoperation 911[193] seconds 92% (12) 7119]
Autonomous System 437 [94] seconds 75% (24) 0
SystemInitiati ve 458[106] seconds 85% (20) 50 [14]
Mixed Initiati ve 445 [72] seconds 88% (16) 34 [11]
TABLE il

RESULTS FOR USER 2. DISCREPANCIES COMPARED TO THE EXPECTED RESULTS ARE HIGHLIGHTED IN BOLD.

by the TLX surwey are not consistenbetweenthe two users- the seconduserfound SISA to be frustrating,while
the ®rst reporteda low workload. The autonomousystemis omitted from this chartsinceno humanoperatorwas
involved and hencethereis no reportedworkload.
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Fig. 7. Comparisonof our two subjects'independentuns and the fully autonomoussystem.
Completiontime and successate generallyfollow our expectationshut perceptionof workloadis
very task and userdependent.

The histogramsof User1's performancgFigure 8) shav again thatthe autonomousnodesare muchfasterthan
teleoperationThe fastestrun time wasrecordedunderautonomou®perationat just over 300 secondsAt the same

time, a large portion of the teleoperatiorrunstook over 800 secondsmuch longerthanthe slowestrun during an
autonomytrial.

C. Discussion

When comparingthe two extremesof the autonomyspectrum(pure autonomyand completeteleoperation)it is
clearthatthereis an inherenttrade-of of speedagainstrobustnessif we werewilling to allow anincreaseof 50-
100%in thetime neededo completethe structure we could achieze nearperfectreliability by simply allowing the
humanto teleoperateverything.However, our workload dataindicatethatin additionto the signi®cantlyincreased
time to completethe assemblyoperatorsvould swiftly becomementally overloadedn additionto beingunableto
multi-task during assembly

Our experimentakesultssuggesthatthis dilemmacanberesohed by employing someform of Sliding Autonomy
As is shavn in Figure 7, addingary amountof autonomyreduceshe completiontime to a level comparablewith
the purely autonomousapproachwhile addingary amountof humaninvolvementincreaseghe reliability of the
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Fig. 8. HistogramscomparingUserl's performancevhenusingthethedifferentSliding Autonomy
modes.The horizontal axis marks completiontime in secondsand the height of the barsshavs
the numberof experimentalrunsfor eachtime interval.

overall system.Sliding Autonomysitsin the intersectionof thesetwo trends.lt combinesthe low completiontime
adwantageof autonomousoperationwith the increasedsuccessate due to humaninvolvement. The increasein
systemreliability when Sliding Autonomyis usedcanbe attributedto the operators intuition andability to quickly
understangroblematicconditionsand then initiate recorery measureso help the systemavoid failure conditions.
In addition,thereis a clearbene®tto introducingSliding Autonomyfrom a workload perspectie. Sincethe system
still performsthe tasksit is skilled at autonomouslythe perceved workloadreportedby our userswassigni®cantly
lower thanduring pure teleoperation.

The subjectve natureof the TLX scoresdoesnot allow a direct userto usercomparisonbut we can make
statement@abouttrendsin the data.We expectedSISA to have the lowestworkload becausehe userhasto work
with the systemonly whenasled for help. However, thereare at leasttwo factorsthat are not capturedwell within
the TLX framework: boredomand the frequeng of interruptionby the system.Both of theseare directly linked
to the speci®cusers ability to performthe task at hand.For example,a relatively stronguserwill likely be asled
for help with mary tasks,to the point wheresheis called backto help with the next task almostas soonas she
returnsto her distractortask from assistingthe team.On the other hand, a relatively weak userwill not be asled
for help very much; shemay be calledto help only a few timesduring a 15-minuteexperimentalrun. Depending
on the individual user this could be interpretedeitheras a relaxing situationwith low workload,or asa frustrating
situation wherethe individual hasto be on call for the systembut is never asked to do anything. On the other
hand,an experiencedusermay be frustrateddueto beingconstantlyinterruptedby the systemaskingfor help. This
frustrationis likely responsibldor high workload resultssuchasthe datashavn for User2 in Figure 7.
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The multi-modal grouping of the completiontime resultsshavn in the histogramsin Figure 8 correspondgo
assemblhattemptswith varying degreesof successThe left-mostgrouprepresentsmoothrunswithoutary failures,
andsubsequengroupsindicateincreasingnumbersof autonomou®r operatorerrorsand/ornearfailure conditions.

Therearethreediscrepancie®etweenour hypothesesand our actualresults:User 2's workload, User 1's mean
time to completionin the MISA and SISA cases,and User 1's succesgate under SISA (the bolded entriesin
Figuresll andlll). The high workload of User2 canbe explainedby the subjectve natureof the TLX sunwey, as
discussedbore. Userl took longeron averageto completethe taskunderMISA than SISA (althoughthereis not
a statistically signi®cantdifferencebetweenthe means).This may be dueto an overeageroperatorinterveningin
caseswherethe autonomousystemis in fact more ef®cient, resultingin an overall decreasén ef®cieng. Finally,
User 1's succesgate under SISA is not superiorto the autonomoussystems. Successate improvementbetween
pure autonomyand SISA is dependentupon the autonomoussystems ability to discernfailures with which it
requiresassistanceif few discerniblefailuresoccur little gain will be realizedby applying SISA.

Our experimentshavs that addinga humanagentto a multi-robot teamvia a Sliding Autonomy framework
combinesthe advantagesf autonomousobot operationwith the reliability of teleoperatiorat a mentalworkload
level tolerableby the operator The amountof attentionthe operatorpaysto our task (i.e. SISA versusMISA) has
no measurableffect on the time to taskcompletioncomparedo fully autonomousperation,but it doesmanifest
itself in overall systemrobustnessthe greaterthe operators involvementin the teams operation,the higher the
successate.

Purely from a systemperformancepoint of view, which form of Sliding Autonomy (SISA or MISA) is the
better choice dependsheavily on the systemas a whole. If the operatorsare comparablein skill level with the
autonomoussystem,the systemis able to perform signi®cantportions of the task on its own, and the systemis
ableto detectthe existenceof an errorreliably, thenthe humanscan productvely multi-taskwhenoperatingunder
SISA. In a situationinvolving mary robot teams,SISA may be preferableto MISA, asits slightly lower success
rateis outweighedby the ability of a few operatorso simultaneouslyoverseea numberof teams.The additional
time requiredto attain situationalawarenessan be minimized by selectingthe most effective userinterface (see
SectionVI).

For comparatiely weakhumanoperatorsa similar multi-taskingargumentholds,but a higherdegreeof autonomy
is requiredof the systemsincethe operators ability to help canbe ratherlimited. For very skilled humanshowever,
their abilities often lead to them being continouslyaslked for help. Switching betweendifferent teamsperforming
different tasksvery often and rapidly is more confusingand stressfulto the operatorthan helpful to any team.
Instead,for strongoperatorsa MISA settingis often preferableto SISA, despitethe samerequestdor help, since
it allows the humanmore control over her workload. Additionally, if the autonomousystemwere unableto detect
mostfailures,MISA would bethe preferredmethodin all casesn orderto compensatéor the autonomousystems
lack of reliability.

VI. SITUATIONAL AWARENESS EXPERIMENT

In additionto experimentallyevaluatingthe differencesbetweenour differentapproacheso multi-agentSliding
Autonomy we also conductedan experimentto test how well usersattain situationalawarenessn our robotic
system.In orderto help the operatorgain situationalawarenessnore quickly, we maintaina buffer containingthe
stateof the systemover the last n secondswhich canbe replayedto the operatorwhenthe systemasksfor help.
Two naturalquestionsarise:®Whatkinds of information shouldbe includedin the buffer?°,and®Hovy muchdata
shouldit sare?°.To help answerthesequestionswe testedhow quickly usersattainedsituationalawarenessof
our systemwhen using variouscombinationsof displaysand databuffer lengths.In additionto guiding the design
of operatorinterfaces,this experimentprovides the information neededto accountfor the time necessaryo gain
situationalawarenessn the system$ model of the human(SectionlV-B).

A. Methodolgy

The experimenttestedfour differentcombinationsof informationstreamsThe ®rst wassimply a video feedfrom
one of the Roving Eye's cameragFigure 9.2). The secondwas the Roving Eye video alongwith the synthesized
atechnicaldraving®-stylevisualizer(Figures6 and9.1), shaving the relative positionsof the beamandnodefrom
above andthe front of the beam.The third wasthe Roving Eye video alongwith two othervideo feeds- onefrom
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a ®sheye cameraplacedon top of the Crane,looking down (Figure 9.4), and one from an external cameraplaced
outsidethe robot workspaceJooking towardsthe structure(Figure 9.3). Finally, the fourth combinationincluded
all four of the above elements.

We also varied the length of the datafeed that was presentedo the subjects.The four possiblelengthswere
0 (still shot),5, 10, and 20 seconds.This, in combinationwith the four different displays,yielded a total of 16
differenttest conditions.

During eachtrial, eachof the 32 subjectswvasshavn the databuffer from an attempteddocking,andwasasledto
identify througha dialog (Figure9.5) why the robotrequestedhelp. The experimentalprocedurevasa combination
of training and testing. The subjects training began with readinga written overview of the task and hardware at
hand,with the experimenteransweringary questionsThe subjectwasthenshavn oneexampleof eachof the seven
typesof errorsvia the graphicalinterface (Figure 9), usingthe maximal dataand 20-secondlaybackcondition.

Fig. 9. The subjectinterface for the situational awvarenessexperiment,including three video
streamgthe Roving Eye's cameraq?2), an externalcamera(3), anda Crane-mounted¢amera(4)),
a synthesizediiew of the beamandnode (1), andthe error cateyorizationinput dialog (5).

After training, the subjectsbegan the actualexperiment.They were instructedto play a video gamein between
trials to simulatemulti-tasking.Eachuserwastestedon four of the 16 conditions performingsix trials percondition.
We appliedLatin squarego both the datafeed and length effects to accountfor orderingand practiceeffects. A
Latin squards a statisticaltechniquethat allows experimentergo testeffectswhile controlling for two otherknown
sourcesof variation (here,inter-subjectvariability and orderingeffects).

B. Results

During this experiment,we recordecdthe time that elapsedetweenthe beaginning of playbackandwhenthe user
chosewhich error shebelieved had occurred.We also recordedher responseto allow analysisof useraccurag.
Userswere not allowed to choosea responsauntil they hadwatchedthe entire playbackclip. Also, althoughusers
were able to changetheir answey we only consideredthe data collectedfrom their ®nal responsesWe useda
univariate ANOVA testto analyzethis data.

Thedatashawv thatin our scenariowith respecto responséime, the bestdisplayanddatafeedlengthcombination
is the Roving Eye video plus visualizer viewed for between5 - 10 secondgFigure 10, left), asthis combination
had the shortestaverageresponsdime. Consideringsolely data feed length, signi®cant differenceswere found
between0 and5, 0 and 10, 5 and 20, and 10 and 20 secondplaybacks If insteadwe considerthe compositionof
the display signi®cancewas found betweenthe Raving Eye and the Roving Eye plus other videosdisplays,the
Roving Eye andall displays,the Roving Eye plus videosand Roving Eye plus visualizerdisplays,andthe Roving
Eye plus visualizerandall displays.

With respectto accurag, the bestdatafeed condition is that with the longest(20 second)data feed length
(Figure 10, right). Similarly, the displaythat hadthe highestaccurag wasthe Roving Eye video plus othervideos
(Figure 10, right), althoughit is not signi®cantly different from the all displayscondition. Consideringdatafeed
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length,signi®cancewasfound betweer0 and 10, 0 and20, and5 and 20 secondplaybacks Signi®cancean display
compositionwas found betweenthe Roving Eye and Roving Eye plus videosdisplays,aswell asthe Roving Eye
andall displays.

Mean Time to Error Classification Mean Classification Accuracy
(Playback + Response) as a Function of Test Condition

as a Function of Test Condition
@I
ax vid + viz
Fig. 10. The effects of availableinformation and datafeed length on haw long subjectstook to

choosean error (left) and how accuratetheir decisionswere (right). Note that the orderingdiffers

betweenthe two ®gures,althoughthe shadingis consistent.
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C. Discussion

If responsdime is the only metricunderconsiderationthe resultsareclear- the bestconditionswerethe Roving
Eye video aloneor the Roving Eye Video plus visualizer with 5 - 10 secondf playback.We believe thatthis is
becauseas moreraw videosare added,the mentaloverheadrequiredto processjnterpretand memge the available
informationincreasesresultingin slower responsdimes. The inclusion of the more abstractvisualizerview does
not signi®cantly increaseuserresponsdime. We believe this to be dueto it requiring less mental overhead but
have no direct proof of this. Similarly, we believe thata 5 - 10 secondplaybackwas the bestrangebecauseawith
longerdatafeedlengthsthe amountof meaningfulinformationthe usercanprocessandremembeiplateausmaking
the extra informationrelatively lessuseful (whenonly consideringresponsdime) in the decisionmaking process.

The accurag measureshowever, suggest slightly differentstory Whenconsideringthis metric, the longerthe
datafeed playback,the more accuratethe users'answersbecome.This is mostlikely becauseuserscan make a
more informed decision,even thoughthey take longerto respondin orderto processthe additionalinformation.
The sameargumentappliesto the display condition. Although the extra videosrequiremoretime to processthey
allow usersto make moreinformed decisionseadingto higheraccurag.

Fromthis experimentwe canmake somerecommendationaboutattainingsituationalawarenessn systemssuch
asoursthatinvolve a remotehumanas part of a multi-agentteam. Thereis clearly a trade-of betweenaccurag
and responsdime: in general,the most accurateconditionswere thosethat had the longestresponsdime. This
effect, however, may decreases usersbhecomemore expert: the information they derive from the datafeed may
plateauearlier Thus,a follow-up to this experimentshoulduse expert usersas subjects,and examinewhetherthe
accurag trendsstill hold or if they begin to correlatewith the responsdime results.Either way, a choice needs
to be madebetweenef®ciengy and accurag. If timing is critical, thenit might be worthwhile to accepta lower
accuray in orderto encouragehe operatorto respondmore quickly; similarly, if accurag is moreimportant,then
usersshouldbe givenasmuchinformationaspossible andsuf®cienttime to processandmege the information,in
orderto allow themto make moreinformeddecisionslt is importantto keepin mind, however, thatour measures
of time did not include actualtask execution,insteadonly measuringthe time taken to determinewhat shouldbe
done.Becausea misdiagnosisnay lead to wastedrecovery effort, it is quite possiblethat classi®cationerrorscan
affect the speedof the systemto a greaterextent thantheseresultsindicate,increasingthe importanceof accurate
classi®cation.
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VIl. FUTURE WORK

Determininghow to proceedwhenthe humanrelinquishescontrol of a taskremainsan openresearctguestion.
If the humanreturnscontrol after completingthe assignedask (and only the assignedask), it is straightforvard:
our currentsystemis able to monitor the task's completionand continuewith the tasksthat were dependentupon
it. However, the humanmay insteadperform additional or differenttasksthanthosethat the systemexpected.In
additionto deducingthe humans goals and tracking the arbitrary effects her actionsmay have on the structure,
the systemneedsto be ableto replanto accomplishthe scenarics goalsfrom whatever statethe humanleavesthe
systemin whenthey relinquishcontrol.

Our currentscenarioencompasses relatively comple task, but containsminimal coordinatednanipulationof a
single objectby multiple manipulatorrobots.Our earlierwork involved a muchsimplertask, but requiredextensve
coordinatedmanipulation[27]. We arenow moving to a new scenaricthat combinesa complex three-dimensional
assemblywith a needfor this type of coordinatedmanipulation.Addressingboth theseissueswhile using Sliding
Autonomyin a multi-agentsettingshoulduncover mary new issues;for example,decidinghow bestto coordinate
tightly coupled manipulationbetweena humanand robot, insteadof betweentwo robots. Additionally, we are
looking into adding additional robotswith overlappingcapabilitiesto the team.With theseadditionalrobots,the
planningproblemwill becomemuchmoreinterestingasawider variety of solutionsto the scenariowill be possible.
Their overlappingcapabilitieswill also allow the robotsto ask eachotherfor help in addition to, or insteadof,
askingthe human.This additionalstepwill allow the humanto be treatedas simply anotheragentin the system,
just onewith a slightly differentskill set.

VIII. CONCLUSIONS

We have presentedrariousissuesinvolved with extendingSliding Autonomyinto a multi-agentdomain.One of
the main challengess allowing the robotsto askfor help, sincethe humanis not always guaranteedo be paying
attentionto eachrobot at any giventime. We make this possibleby incorporatingusermodelsinto our systemthat
allow theroboticagentgo make informedandreasonableecisionsaboutwhento requesthe operators assistance.
Experimentaldatashaved thatthis way of incorporatinga humaninto a multi-robotteamcombinesthe advantages
of autonomousobot operationwith the reliability of teleoperationresultingin a more ef®cient and robust system
asawhole.

By allowing the systemto askthe operatoifor help,we alsointroducethe questionof how to bestenableoperators
to quickly gain situationalawarenesf the robot's workspaceand stateso that they can provide assistancenore
quickly and effectively. To this end, we conductedan experimenttesting different operatordisplaysand playback
timesto ®nd out which combinationresultedin the mostef®cient interaction.Basedon the results,we feel that
a humanoperatorin our systemwill be able to quickly gain situationalawarenessand assistary robotic team
memberthat asksfor help, whetheror not the operatorhad previously beenpaying attentionto the situation.

In orderto allow interagentcoordinationeven when a humanis controlling sometask, we allow the robotic
teammemberso monitor their and otherteammembers'progressas relatedto their currenttask. This allows the
robotsto continuewith their respectie taskseven when their teammembersare being controlledby an operator
or arewaiting for an operatorresponseln otherwords,a teammembercanuseits knowledgeof the otheragents'
actionsto ensurethat its tasksremain coordinated Our experimentshave shavn that this is an effective way of
maintainingtask coordinationwhile using Sliding Autonomy

Overall, we have shavn some shortcomingsof controlling large-scaleconstructionsystemsthrough both full
autonomyand completeteleoperationWe have demonstratedhat by allowing humansto work asteammembers
via Sliding Autonomyin a multi-agentsystem a blendof complementargkills andabilities emegesthatincreases
the systems overall robustnessand ef®ciency.

ACKNOWLEDGMENTS

The authorswould like to thankthe mary individualswho contribtutedto the DIRA and Trestleprojectsover the
years:Rob Ambrose,David Apfelbaum,Jon Brookshire,Rob Burridge, Brad Hamner Dave Hershbeger, Myung
Hwangbo,David Kortenkamp,Simon Mehalek, Metrica/TRACLabs,JosueRamos,Trey Smith, Pete Staritz, and
Paul Tompkins.



PROCEEDINGSOF THE IEEE - SPECIAL ISSUEON MULTI-ROBOT SYSTEMS 21

(1]
(2]
(3]
(4]
(5]

(6]
(7]

(8]

9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]

[18]
[19]

[20]

[21]

[22]

(23]

[24]

[25]
[26]

[27]

REFERENCES

P. ValckenaersH. V. Brussel,L. Bongaerts,andF. Bonneille, “Programming,SchedulingandControl of Flexible AssemblySystems,
in Computes in Industry, vol. 26, no. 3, Aug. 1995, pp. 209+218.

A. Stroupe,T. Huntsbeger, A. Okon, andH. Aghazarian,'PrecisionManipulationwith Cooperatre Robots, in Multi-Robot Systems:
From Swarmsto Intelligent Automata L. Parker, F. Schneiderand A. Schultz,Eds. Springer 2005.

R. B. Gillespie, J. E. Colgate,and M. Peshkin,"A GeneralFramavork for Cobot Control; in International Confeenceon Robotics
and Automation Detroit, MI, 1999.

W. WannasuphoprasiB Akella, M. Peshkin,andJ. E. Colgate,“Cobots: A Novel Material Handling Technology(bestpaperaward);
InternationalMechanicalEngineeringCongressand Exposition,Anaheim,ASME 98-WA/MH-2, 1998.

R. R. Burridge, J. Graham K. Shillcutt, R. Hirsh, and D. Kortenkamp,"Experimentswith an EVA AssistantRobot; in Proceedings
of the 7th International Symposiunon Arti cial Intelligence Roboticsand Automationin Space(iSAIRAS) Nara, Japan,2003.

T. Fong, C. Thorpe,and C. Baur, “Robot, Asker of Questions, Roboticsand AutonomousSystemgsvol. 42, 2003.

G. Dorais, R. BanassoD. Kortenkamp,P. Pell, and D. Schreclkenghost,“Adjustable Autonomy for Human-CenteredAutonomous
Systemson Mars; Presentedt the Mars Society Conference1998.

D. KortenkampR. Burridge,P. BonassoD. SchrenknghostandM. Hudson,"An IntelligentSoftwareArchitecturefor Semiautonomous
RobotControl; in AutonomyContol Softwae Workshop,AutonomousAgents99, 1999.

C. N. Nielsen,M. A. Goodrich,and J. W. Crandall,“Experimentsin Human-RobofTeams), in MultiRobot Teams:From Swarmsto
Intelligent Automata A. C. SchultzandL. E. Parker, Eds. Kluwer AcademicPublisher 2003, vol. 2.

P. Scerri,D. PynadathandM. Tambe, TowardsAdjustableAutonomyfor the RealWorld,” Journal of Arti cial IntelligenceReseath,
vol. 17, pp. 171+228,2002.

R. T. Mahesvaran,M. Tambe,P. VarakanthamandK. Myers, Lectue Notesin ComputerScience SpringefVerlagGmbH, 2004, ch.
AdjustableAutonomy Challengesn PersonalAssistantAgents: A PositionPaper

H. A. YancoandJ. Drury, “Where Am 1? Acquiring Situation AwarenesdJsing a RemoteRobot Platform’ in IEEE Confeenceon
SystemsMan and Cybernetics October2004.

M. R. Endslg, S. J. Selcon,T. D. Hardiman,and D. G. Croft, “A Comparatie Analysis of SAGAT and SART for Evaluationsof
SituationAwareness,in 42nd annual meetingof the Human Factors and ErgonomicsSociety Chicago,October1998.

M. A. Goodrich,D. R. Olsen,J. W. Crandall,and T. J. Palmer “Experimentsin AdjustableAutonomy’ in Proceedingof the IJCAI
Workshopon Autonomy Delggation and Control: Interacting with Intelligent Agents 2001.

D. Hershbeger, R. Simmons,S. Singh,J. Ramos,and T. Smith, RobotTeams:From Diversity to Polymorphism AK Peters, 2002,
ch. Coordinationof HeterogeneouRobotsfor Large-ScaleAssembly

R. SimmonsJ. FernandezR. Goodwin,S. Koenig,andJ. O'Sullivan, “LessonsLearnedFrom Xavier,” IEEE Roboticsand Automation
Magazine vol. 7, no. 2, pp. 33£39,June2000.

R. BostelmanJ. Albus, N. Dagalakis,and A. Jacof, “RoboCraneProject: An AdvancedConceptfor Large ScaleManufacturing; in
Proceedingsf the AUVSI Confeence Orlando,FL, July 1996.

“Metrica/TRACLabsArm Website, Compary website.[Online]. Available: "http://www.traclabs.com/robotarm.htm”

R. BonassoR. Firby, E. Gat, D. Kortenkamp,D. Miller, and M. Slack, “Experienceswith an Architecturefor Intelligent, Reactve
Agents; Journal of Experimentaland Theoetical Arti cial Intelligence vol. 9, no. 2-3, pp. 237+256,1997.

R. Simmonsand D. Apfelbaum,“A Task DescriptionLanguagefor Robot Control; in Proceedingsof the Confeenceon Intelligent
Robotsand SystemgIROS) Victoria, Canada,1998.

D. Goldbeng, V. Cicirello, M. B. Dias, R. Simmons,S. Smith, and A. Stentz,“Market-BasedMulti-Robot Planningin a Distributed
Layered Architecturd;, in Multi-Robot Systems:From Swarmsto Intelligent Automata: Proceedingsfrom the 2003 International
Workshopon Multi-Robot Systemsvol. 2. Kluwer AcademicPublishers2003, pp. 27+38.

D. Hershbeger, R. Burridge, D. Kortenkamp,and R. Simmons, Distributed Visual Senoing with a Roving Eye; in Proceedingsf
the Confeenceon Intelligent Robotsand SystemgIROS) Takamatsuwapan,October2000.

F. W. Heger, L. M. Hiatt, B. Sellner R. Simmons,and S. Singh, “Resultsin Sliding Autonomy for Multi-Robot Spatial Assembly’
in 8th International Symposiunon Arti cial Intelligence Roboticsand Automationin Space(iSAIRAS) Munich, Germary, September
5-8, 2005.

B. Sellner R. Simmons,and S. Singh, “User Modelling for Principled Sliding Autonomy in Human-RobotTeams,, in Multi-Robot
SystemsFrom Swarmsto Intelligent Automata L. Parker, F. Schneiderand A. Schultz,Eds. Springer 2005.
“SpaceMouseManual; Compary website.[Online]. Available: "http://www.3dconngion.com/spacemouseplus.htm”

S. G. HartandL. E. Staveland,HumanMental Workload =Amsterdam:North-Holland, 1988, ch. Developmentof the NASA-TLX
(taskload index): Resultsof Empirical and TheoreticalResearchpp. 139+183.

J. Brookshire, S. Singh, and R. Simmons,“Preliminary Resultsin Sliding Autonomy for Assembly by CoordinatedTeams), in
Proceedingsf the Confeenceon Intelligent Robotsand systemgIROS) Sendai,Japan,Septembef8 - October2, 2004.



