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Abstract

Recentresearchin human-robotinteractionhasinvestigatedthe conceptof Sliding, or Adjustable,Autonomy,
a modeof operationbridging the gap betweenexplicit teleoperationandcompleterobot autonomy. This work has
largely beenin single-agentdomains– involving only onehumanandonerobot – andhasnot examinedthe issues
that arise in multi-agentdomains.Here, we discussthe issuesinvolved in adaptingSliding Autonomy concepts
to coordinatedmulti-agentteams.In our approach,remotehumanoperatorshave the ability to join, or leave, the
teamat will to assistthe autonomousagentswith their tasks(or aspectsof their tasks),while not disrupting the
team's coordination.Agentsmodeltheir own andthehumanoperator's performanceon sub-tasks,to enablethemto
determinewhento requesthelpfrom theoperator. To validateourapproach,wepresenttheresultsof two experiments.
The �rst evaluatesthe human/multi-robotteam's performanceunderfour differentcollaborationstrategiesincluding
completeteleoperation,pure autonomy, and two distinct versionsof Sliding Autonomy. The secondexperiment
comparesa varietyof userinterfacecon�gurationsto investigatehow quickly a humanoperatorcanattainsituational
awarenesswhenasked to help.The resultsof thesestudiessupportour belief that by incorporatinga remotehuman
operatorinto multi-agentteams,the teamasa whole becomesmorerobust andef�cient.

I . INTRODUCTION

A S expectationsfor robotic systemsincrease,it becomesharderandharderto meetthemwith the capabilities
of a single robot. One approachis to use multiple simple robots that work togetherto perform tasksthat

would requirea very complex singlemechanism.Theseteamsnot only bring a muchbroaderspectrumof potential
capabilitiesto a task,but alsomay be morerobust in the faceof errorsanduncertainty.

While it is envisionedthat robot teamseventuallywill be ableto autonomouslyperformcomplex tasks,suchas
large-scaleassemblyin remoteenvironments,the currentstateof the art falls shortof the necessarycapabilities.In
particular, the numberof contingenciesthat mustbe consideredandprovided for to make robotsfully autonomous
in openanddynamicenvironmentsis prohibitively large.On theotherhand,pureteleoperatedcontrolof suchrobots
is unlikely to be very ef®cient due to communicationdelays,the large numberof humanoperatorsrequired,and
the sensingandvisualizationproblemsinherentin any teleoperationdomain.Our goal is to develop a framework
within which a single humanoperatorcan overseeand �e xibly intervene in the operationof a team of largely
autonomousrobots.

One scenarioexemplifying this approachis the assemblyof large structuresin hazardousenvironments,such
as orbital solar power arraysor Mars habitats.In suchenvironments,in-placehumanlabor is either infeasibleor
scarceand expensive, making less-fragilerobots an attractive option. We have beenexamining how robots and
ground-basedhumanscan work togetherwhile assemblinglarge scaleorbital structures,suchas kilometers-wide
solar power arrays.We ultimately envision many teamsof robotsworking independentlyon different portionsof
the structure,overseenby a small numberof humanoperatorson Earth.

In order to develop the architectures,software capabilities,and modelsneededfor suchan endeavor, we have
assembleda heterogeneousteamof Earth-boundrobots.Our currentscenariois the constructionof a squareframe
using four beamsand four connectors(called `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-agentteamconsistsof the Roving Eye (left), Mobile Manipulator(right), and
Crane(above structure;only the black Cranereceptaclesare visible). Here, they have completed
theassemblyof thesquare.TheCraneis still bracingthe®nal node,while theMobile Manipulator
just disengagedfrom the ®nal beam.

insertedinto it. After eachside of the squareis completed,the next beammust be procuredand brought to the
worksite. Heterogeneousteamsare well-suited to such constructionscenarios,where many different skills, and
correspondinglydifferenthardware,arerequired.Our teamconsistsof an impreciseheavy-lift robot, a weaker but
moreprecisemobile manipulator, anda dedicatedsensingrobot (Figure1).

Humanoperatorsbring their own uniquesetof skills to the team.To make the mostef®cient useof the �e xible
problem-solvingskills of humans,a robot teamshouldoperatemostly autonomously, getting help from a human
operatoronly when a problemarisesthat it cannotresolve by itself, or when humancontrol provides signi®cant
bene®ts.Sliding, or Adjustable,Autonomy is an approachthat hasbeendevelopedto addressthis, yielding more
robust and ef®cient systems.Most work in Sliding Autonomyhasbeenlimited to the control of single robots.In
this work, we extend the conceptto heterogeneousmulti-robot teamsand supportthe sliding of autonomyat a
much®ner granularitythanhasbeenpreviously reported.

Onefundamentaldifferencein applyingSliding Autonomyto multi-agentteamsis that thehumanwill not always
be aware of everything that is happeningto all of the agents,whereasa humanwho is monitoring only a single
agentis able to keepabreastof all relevant developments.This lack of awarenessgives rise to threemajor issues
that needto be addressedfor multi-agentSliding Autonomy:

1) Requestinghelp: Sincethe humancannotkeeptrack of all the robotsin a multi-agentteamat all times,the
ability of anagentto askfor help is critical. By usingempiricalperformancemodelsof both theautonomous
systemand the humanoperator, knowledge of typical humanlearning curves, and information about the
team's state,the systemcanmake reasonablyaccuratepredictionsof how long a given taskwill take under
either humanor robotic control. This in turn allows it to make principled decisionsaboutwhen to 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 importantthat theoperatorquickly gain situationalawarenessof a robot's
workspacewhenhelp is requested.It is alsoimportantthat the autonomoussystemmodelhow long this will
take (asdiscussedabove), in order to make principleddecisionsaboutwhento ask for help.

3) Maintaining coordination: During andafter humanintervention,the componentsof the systemthat remain
under autonomouscontrol must continue to operateand maintain the inter-agent coordinationnecessary
for task completion.We addressthis issueby enablingagentsto monitor themselves and other agentsas
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appropriatefor the currenttask,allowing themto remaincoordinatedeven whenthe operatoris in control of
oneof the agents.This allows the portion of the teamstill underautonomouscontrol to continuemeaningful
operationwhile otheragent(s)areunderhumancontrol.

We conductedtwo human-subjectexperimentsto validateour approachto Sliding Autonomyin the multi-agent
domain.The®rst examinedtheperformanceof four differentmodesof autonomyto determinetheef®cacy of Sliding
Autonomy. The secondexperimentinvestigatedhow situationalawarenessis regainedandhow the compositionof
the userinterfaceaffects this acquisition.

The ®rst experiment,which varied the degreeof humaninvolvementin the task, consistedof performingour
constructiontaskunderfour differenthuman/robotcooperationstrategies:pureautonomy, System-Initiative Sliding
Autonomy(SISA), Mixed-Initiative Sliding Autonomy(MISA), andteleoperation.Pureautonomydoesnot involve
the human,consistingsolely of autonomousbehaviors and recovery actions.In contrast,during teleoperationthe
humanis in completecontrol of all aspectsof all the robots.Bridging the gap betweenthesetwo extremes,SISA
allows the operatorto interveneonly whenasked to do so by the autonomoussystem,while in MISA the human
canalso interveneat any time of his own volition. SISA is designedto approximatesituationswherethe operator
is a scarceresource,and must attendto multiple robot teamsor other tasks.MISA, on the other hand,captures
situationswherehumanscanbe morededicatedto observingthe team's activities.

The resultsof this experimentindicatethat the autonomoussystemis consistentlyfaster, but lessreliable,thana
purely teleoperatedapproach.In both SISA andMISA, the speedof assemblyapproachesthat of the autonomous
system.While operatorworkload resultsshowed that the preferencefor either SISA or MISA is very task- and
user-dependent,the workload for the humanis clearly lessthan during pure teleoperation.We concludethat our
adaptationof Sliding Autonomy improves the multi-agentteam's reliability without compromisingef®ciency, and
that it canbe easily reformulatedto meetthe differing constraintsof a variety of domains.

The secondexperimentstudiedhow humanoperatorscanbestattainsituationalawarenessin our scenario.The
experimentexaminedthe typesand amountof information that shouldbe maintainedin order to minimize time
to achieve situationalawareness,given that the operatorwas attendinga different task prior to the requestfor
help.This disattentionassumptionis particularlyvalid for multi-agentsystems,asthehumanoftenwill beassisting
multiple agents,andwill needto reachieve situationalawarenesseachtime hemoveshis attentionfrom oneagentto
another. Theresultsshow thattheinterfacedesignercanmake cleartradeoffs betweenthetime to achieve situational
awarenessandthequalityof theresultingunderstanding.In general,accuracy (i.e.qualityof understanding)increases
asmoredatais availableto thesubject.However, the time neededto attainsituationalawarenessis not a monotonic
function of the amount,nor type, of information available. Instead,our experimentshowed that there is a clear
point at which the time taken to absorbadditional information outweighsthe correspondingdecreasein response
time. The resultsfrom thesetwo experimentsbolsterour contentionthat Sliding Autonomy can be an effective
approachto robust control of multi-robot teams.

I I . RELATED WORK

A. Multi-Agent RoboticAssembly

The mostcommondeployed multi-agentassemblysystemsare in factories,wheremultiple industrial robotsare
involved in the assemblyof a product.A systemof four industrial robots arrangedarounda conveyor network
for materialhandlingis describedin [1]. The setupis typical of industrialapplications,with stationaryrobotsand
inter-robot interactionslimited to schedulingof sharedresources(suchastheconveyor 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 stationaryrobotswith
only high-level centralcontrol of the team's overall tasks.They must �e xibly coordinatetheir motionsin order to
completetheassemblytask,andadaptto a dynamic,uncertainenvironment;this requiresclosecoordinationbetween
variouscombinationsof heterogeneousrobots,often involving more than one robot simultaneouslymanipulating
the structure.

Coordinatedassemblyperformedby teamsof mobile robotsis of prime interestto thespacecommunity. Stroupe
et al. [2] use the CAMPOUT architectureto coordinaterobotswith purely behavior-basedstrategies to perform
very tightly coupledtasks,similar to ours. Two homogeneousrobots collaboratively carry a beamand position
it with respectto an existing structurewith sub-centimeteraccuracy. Their agentsjointly manipulatethe beam,
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coordinatingtheir motionsthroughforce/torquesensorsin the manipulators.Throughoutthe task, the two agents
perform symmetricversionsof the sametask. In contract,our (very) heterogeneousteam manipulatesmultiple
objects to 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 inter-agent
physical coupling infeasible.

B. Human-RobotInteraction

Recently, therehasbeensigni®cantinterestin allowing humancollaborationwith robotsin assemblyscenarios.
The COBOT project [3] [4] seeksto make manuallyoperatedmachinesmoreintelligent by providing guidanceso
that the operatordoesnot have to provide ®ne guidancecontrol. Typically, the humanprovides the force input,
while the systemsteersthe mechanisminto the right place.The roles of the humanoperatorand the systemare
clearandunvarying andboth humanandthe systemmustoperatesimultaneouslyin order to 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
astronaut,it wasteleoperatedby a remoteoperatorin verbalcommunicationwith theastronaut.Unlike thecomplete
teleoperationusedin ASRO, our systemallows the remoteuserto take control of partsof the assemblytask,while
leaving theremainderactive underroboticcontrol.In addition,thehumanandrobotsin our scenariocannotdirectly
interactphysically since,unlike [3], [4], and [5], they arenot collocated.

A systemclosely relatedto our approachto human-robotinteractionis presentedby Fong et al. [6], in which
the robot and the user participatein a dialogue.The robot can ask the operatorto help with localization or to
clarify sensorreadings.The operatoralso can make queriesof the robot. However, that framework assumesthat
the robot will alwaysperformthe task: the operator's role is only to provide the robot with any stateinformation
it is lacking. In contrast,our approachmakes the operatoran equalpartnerin the team,able to assumecontrol of
tasksor sub-tasksasappropriate.

C. Sliding, or Adjustable, Autonomy

Our useof the term Sliding Autonomycorrespondswith the term AdjustableAutonomyaspresentedby Dorais
et al. [7] 1. This work providesseveral futureexamplesin which Sliding Autonomyis essentialfor spaceoperations
wheredemandson the operatormust be carefully selectedand minimized,suchas making the most ef®cient use
of astronauttime during a mannedmissionto Mars.

Using a roving eye anda ®xed manipulator, Kortenkampet al. [8] developedandtesteda softwareinfrastructure
that allows for sliding control of a robot manipulator. The task involved a pick-and-placeoperationduring which
Sliding Autonomy allowed the operatorto recover from visual servoing errors,participatein high-level planning,
andteleoperatethe manipulatorto completetasksbeyond its autonomouscapabilities.Our work extendsthis with
a morecomplex assemblytask that involvesa teamof robotsanda ®ner granularityof Sliding Autonomy.

Nielsenet al. [9] presenta systemof threeidenticalrobotsperformingtopologicalmap-building with thehelpof
a human.The operator's involvementrangesfrom teleoperationandlandmarkselection,to higher level directional
commands,to the selectionof regions of interest.With increasingrobot autonomy, operatorworkload tendedto
decrease,but performancewasbestwith maximumhumaninvolvement(i.e. pureteleoperation).In contrastto our
system,the operatoris constantlyengagedand in control of the level of autonomy:the autonomouscomponent
never explicitly requestsassistance.

Scerri hasproposedan architecturefor Sliding Autonomy appliedto a daily scheduler[10]. This autonomous
systemattemptsto resolve timing con�icts (missedmeetings,group discussions,personalcon�icts, etc.) among
somesetof teammembers.Membersareable to affect the system's autonomyadjustmentstrategiesby indicating
their intent to attendgatheringsor willingnessto performtasks.

Maheswaranet al. [11] describea systemof personalassistantagentsthat can operateundereither user-based
or agent-basedautonomy. The entity in control (eitheran agentor a human)explicitly reasonsaboutwhetherand

1Although Doraiset al. use“AdjustableAutonomy” in the samesenseas we use“Sliding Autonomy”, we feel that the term Adjustable
Autonomy carriesthe connotationthat the level of autonomyhasbeenset at a ®xed value prior to execution,as opposedto dynamically
sliding backandforth during the courseof execution.



PROCEEDINGSOF THE IEEE - SPECIAL ISSUEON MULTI-ROBOT SYSTEMS 5

when to transferdecisionmaking control to anotherentity (anotheragentor human).While our systemcurrently
doesnot allow control to be transferredfrom onerobot to another, our approachto Sliding Autonomyallows much
®ner transferof control betweenrobot andhuman,ascomponentsof eachtask(suchasmonitoringandexecution)
may be transferredindependently.

D. SituationalAwareness

Over theyears,therehasbeena largebodyof researchonhelpinghumanoperatorsmaintainsituationalawareness.
A signi®cantamountof the initial researchin this areafocusedon helping pilots maintainsituationalawareness
while �ying [12] [13]. Thefocushasshiftedin morerecentresearchto studyinghow humanoperatorscanmaintain
situationalawarenesswhile teleoperatingrobots,suchasthosein the searchandrescuedomain[12]. This work is
most relevant to systemswherethe operatoris in constantcontactwith the system.In our domain,however, the
operatormay have periodswherehe is not in contactwith the system;thus,we arealso interestedin helping the
operatorrepeatedlyattainsituationalawarenessafter beingout of contactwith the system.

Goodrichet. al. [14] also study situationalawarenessin situationswhere the operatormay not be in constant
contactwith the system.Their work examinesthe effectivenessof an operatorwhencontrollinga robot at different
levels of autonomy, given increasinginattention to the robot. Their levels of autonomyinclude full autonomy,
provision of goalsby the human,provision of waypointsby the human,andsafeguardedteleoperation.It attempts
to facilitate suchawarenessby designinga usableinterfacefor the operator. This is similar to our system,where
the operatorsometimesmulti-tasksbetweeninteractionepisodes,effectively ignoring the robotsfor that periodof
time. They postulatea seriesof effectiveness/ neglect curves characterizingthe different levels of autonomy, but
did not presentany experimentalresultsin the cited work.

I I I . CONTEXT: SCENARIO, HARDWARE, AND ARCHITECTURE

A. Scenario

Oneareaof roboticsresearchis large-scaleroboticassembly. Robotsareespeciallyusefulin areaswherehumans
arenot well adapted,particularlyhazardousenvironments,suchas space,the Moon, or Mars. Building one robot
complex enoughto handle the entire constructiontask on its own is often either very dif®cult or impossible,
especiallyfor larger-scaleassemblies.Our approachis to usemultiple, heterogeneousrobotsthat coordinatewith
one anotherto completethe task.While this increasescomplexity due to the necessarycoordination[15], it also
allows for more �e xibility during taskexecution,aswell assimplerandmoremanageablehardware.

The constructiontask usedin our experimentsinvolves four beamsand four planarly compliantnodesthat are
assembledtogetherinto a squarestructure(Figure2, left). In a roughattemptat simulatingconditionsin space,the
nodesare supportedby castersthat roll easily along the �oor . A nodemust be bracedbeforethe end of a beam
canbe insertedinto it; otherwise,the insertionforcescancausethe nodeto roll away.

Fig. 2. The fully assembledfour-beamstructure(left), a view of a beambeing insertedinto a
node(center),anda close-upof a nodeaboutto be bracedby the Crane(right).

This taskdecomposesnaturallyinto subtasksthatcanbecompletedby heterogeneousagents®lling threedifferent
roles: an agentthat provides information about the 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;Figure3, 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,where the
Cranebracesanothernodewhile the Mobile Manipulatorcompletesthe node-beam-nodesubassembly. Oncethe
beamis securelydocked, the Mobile Manipulator releasesit and moves to the next side of the squarein order
to receive the next beamand continue.This processrepeatsfour times until the completesquareis assembled.
Runningautonomously, the threerobotscan completeeachside of the structurein 7.3 minutes,on average.The
successratepersidefor completelyautonomousassemblyis 75%.Thesestatisticsarefrom a setof 24 datapoints.

Fig. 3. The three robots usedto 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-drive robot built on a RWI B24 baseand equipped
with a stereocamerapair mountedon a pan-tilt unit. The Roving Eye's camerasare the team's only extrinsic
sensors- the Craneandthe Mobile Manipulatorrely on the cameradatain orderto completetheir tasks.By using
an independentsensingagentsuchas this, we avoid con�icts that arisewhen an agenthasmultiple duties.For
instance,camerasmountedon the Mobile Manipulatormight becomeobscuredwhenit is carryinga beam,forcing
the robot to compromisebetweenmanipulationandsensing,and inevitably resultingin suboptimalperformance.

Becauseit is not our focusof research,we simpli®edthe vision problemby attaching®ducials(bar codes)to all
importantobjects.The Roving Eye usesthe ®ducials to identify and locatethe objectsin the workspacerelevant
to the taskat hand.Sample®ducialscanbe seenon the sideandwrist of the Mobile Manipulator(Figure3, right).

The Crane(Figure3, center)is a NIST-built RoboCrane[17], andconsistsof a 6-DOF invertedStewart platform
carrying a simple mechanismthat we designedto allow the bracingof our nodes.The bracingmechanismis a
hollow squarethat can be loweredonto the top of a node,effectively preventing the nodefrom moving (Figure
2, right). We chosethe RoboCranebecauseit is strongenoughto immobilize the nodesagainst sizableinsertion
forceswithout impingingupontheworkspaceof eithertheMobile Manipulatoror Roving Eye.This verticalbracing
lessensthe interferenceproblemsthat often occurwhenmultiple robotsaremoving in a tight, sharedworkspace.

The Mobile Manipulator (Figure 3, right) consistsof a Metrica/TRACLabs5-DOF anthropomorphicarm [18]
mountedon the front of an RWI ATRV-2 skid-steeredbase.The arm hasan electromagneton its endeffector that
attachesto a metal plate fastenedto the undersideof eachbeam,allowing the Mobile Manipulator to graspand
releasethe beams.

C. Architecture

We developedthe Syndicatearchitectureto supportthe closelycoupledcoordinationbetweenthe robotic agents
requiredto completethe assemblyscenario,. One of Syndicate's core featuresthat easesthis coordinationis its
supportof a three-layeredapproach.Eachlayeris associatedwith a differenttaskgranularityandlevel of abstraction
about the world, and may communicatewith the layers immediatelyabove and below it. In general,higher and
moreabstractlayerscommandlower, morereactive, layers,while the lower layersprovide the dataneededby the
higher-level decisionprocess(Figure4).
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Fig. 4. The Syndicatearchitecture.Note that eachlayer may communicatedirectly with all other
layersat the samelevel of abstraction;all of theselinks are not depictedfor reasonsof clarity
(for instance,Agent 1's behavioral layer may communicatedirectly with Agent 3's). Our current
implementationincludesthe executive andbehavioral layers.

AlthoughtheSyndicatearchitecturesupportsthreelayersof abstraction,our currentimplementationonly encom-
passestwo. The bottom-mostis the behavioral layer, which dealswith ®ne-grained,statelesscontrol of the robots.
This layer, which is basedon the Skill Manager[19], actsas the interfacebetweenthe controllers/hardware and
the executive layer. Thus, it views the world at a small temporalgranularity, concerningitself with the hardware
andenvironmentaldetailsthat higher layersabstractaway. By doing so, it is ableto reactvery quickly to changes
in the world.

Theexecutive layer is responsiblefor building andmaintainingtheagents'hierarchicaltasktrees,thusmanaging
all of the statefultask-level aspectsof the system[20]. A task is looselyde®nedasan abstractionof oneelement
of thescenariothat requiresstateand/ormaybedecomposedinto atomicbehaviors in orderto satisfya goal.Many
of the tasksrely on datapassedup from the behavioral layer to decidewhen to changestate± thesechangesare
then propagatedback down to the behavioral layer in order to manipulatethe physical world. This relationship
illustratesa secondaryobjective of the executive layer: con®guringthe behavioral layer basedon the currentstate
of the task tree. The top-level planning layer is not yet implementedin our system.Instead,the executive layer
containsa ®xed taskorderingfor a given scenario.We arecurrently investigating differentapproachesto building
a planninglayer for Syndicate,which will likely includeboth planningandschedulingaspects,suchasthoseused
in [21].

In addition to communicationbetweenthe layersof a singleagent,Syndicatesupportscommunicationbetween
agentsat eachabstractionlayer. This gives agentsthe ability to directly coordinatemulti-agenttaskswith other
agentsat all levelsof thehierarchy. For example,in theexecutive layer, we want to ensurethat theRoving Eyedoes
not move to thenext corneruntil theMobile Manipulatoris ®nishedwith thecurrentbeam-nodedockingoperation,
sincetheMobile Manipulatordependson theraw positiondataprovidedby theRoving Eyeto completethedocking.
To accomplishthis, Syndicateenablesthe executive layer on oneagentto constrainits taskexecutionwith respect
to a task on the other agent- in this case,sequencingtwo tasksthat run on different agents.Coordinationat the
behavioral level is alsorequiredby many tasks.For instance,to docka beaminto a node,theMobile Manipulator's
behavioral layer mustcommunicatewith the Roving Eye's in order to receive raw position information,forming a
distributedvisualservoing loop[22]. Althoughourplanninglayeris notyet implemented,anexampleof coordination
at that level canbe seenin the FIRE project [21], wherecommunicationbetweenpeerplanninglayersis usedfor
auction-basedtaskassignment.

The Syndicatearchitectureprovidesa framework uponwhich we canbuild to supportconceptssuchassliding
autonomyin complex, multi-agentscenarios.
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IV. SLIDING AUTONOMY FOR MULTI-AGENT TEAMS

Even with closely coupledcoordination,it is nearly impossibleto prevent errors from occurring in complex,
multi-agenttaskssuchas our constructionscenario.Becauseof the complexity and uncertaintyinvolved in such
domains,even a highly-speci®c,well-programmedrobotic teamcansometimesfail whenoperatingautonomously.
Onecommonway to compensatefor this possibility is to usepure teleoperation.In this mode,a humanoperator
controlseachof the robotsduring all of its tasks.Both teleoperationandpureautonomyhave beenshown to have
distinct strengthsand weaknesses.In general,teleoperationis slower, but more reliable, while full autonomyis
faster, but lessrobust [23]. Additionally, communicationlatency, prevalent in space-basedapplications,make pure
teleoperationdif®cult andtedious.Thegoalof Sliding Autonomyis to allow human-robotteamsto move smoothly
along the spectrumfrom teleoperationto autonomy, making appropriateuseof the differing capabilitiesof team
membersin order to outperformboth pure teleoperationandpureautonomy.

Sliding Autonomy for multi-robot teams,however, has complicationsnot found in single-robotsystems.In
general,we have found that therearethreeways in which multi-agentSliding Autonomyis moredemandingthan
the single-agentversion:(1) decidingwhen to ask for help, as the humanis not guaranteedto be monitoringany
one robot at any given time; (2) providing situationalawarenessof the requestingrobot's workspacewhen the
operatoris asked to help; and(3) maintainingcoordinationof the teamasa whole whenthe humanis controlling
oneof the robotic agents.

A. Our Approach to Sliding Autonomy

Our approachto Sliding Autonomyusesmixed-initiative interactionsto orchestratethecollaborationbetweenthe
humanoperatorand the robotic agents.Theseinteractionsconsistof either the humanor the autonomoussystem
decidingwho is in control of different aspectsof the task. The goal of theseinteractionsis to optimize metrics
suchasef®ciency androbustness,measuredby time elapsedand likelihoodof success,respectively.

We introducethe notion of ªtaskswitchingºto implementthesetypesof interactions.Nearly every task in the
executive layerdecomposesinto separateªmonitorºandªactionºcomponents,eachof which is itself a taskthatmay
be controlledby either the humanor the autonomoussystem.The monitoringcomponentof a task is responsible
for detectingfailuresanddeterminingwhenthe taskhasbeencompleted.The actioncomponentinteractswith the
robot controllersvia the behavioral layer to perform the desiredactions.While the majority of tasksare split in
this fashion,somenon-leafnodesof the tasktreethat aremerelyresponsiblefor creatingother tasks,andso have
no obvious action/monitorsplit, arenot divided.

This methodologyyields signi®cant�e xibility. For example,the autonomoussystemoften is able to perform a
task where its sensingcapabilitiesare not suf®cient to reliably determinewhen the task is completed.In sucha
case,the humancanbe assignedthe monitoringportion of the task, in order to ensureit is reliably executed.An
exampleis thedockingtaskcarriedout by theMobile Manipulator. While theautonomoussystemis quitepro®cient
at completingthe task,the ®nal clearancebetweenbeamandnodeis on the sameorderof magnitudeasthe noise
in the Roving Eye's sensingsystem,on occasionmakingit dif®cult for the autonomoussystemto determinewhen
the docking is complete.The humanoperatorcan look for additionalcluesin the video feed,andoften canmake
a morereliabledeterminationof whenthe dockinghassuccessfullycompletedor 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 perform it 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 carriedout by the Roving Eye when it losessight of a ®ducial of interest.Humansare bettersuited to the
action componentof this task, as they can decidewhere to move the camerabasedon their understandingof
the workspace,as opposedto the blind grid-basedsearchpatternthe autonomoussystemuses.However, it is not
obvious to the humanwhenthe systemhasdetecteda ®ducial, sincethe human's vision is so muchdifferent than
that usedby the Roving Eye.Thus,in this instance,the autonomousmonitoringcomponentcanwork side-by-side
with the humanto completethe searchtask.

Regardlessof whethera task is switchedby the operatorinterventionor the autonomoussystem,it interactsas
neededwith thebehavioral layer to switchall necessarylow-level componentsto theappropriateoperationalmode.
This provides ®ne-grainedcontrol over operations,as the humancan assumecontrol of very speci®cportionsof
thesystem,while leaving the remainderunderautonomouscontrol.For instance,if theuserwereto take control of
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the visual searchtaskon the Roving Eye, which looks for ®ducialsin the environment,the pan-tilt unit would be
placedunderhumancontrol, while control of the Roving Eye's baseand responsibilityfor determiningwhen the
searchwassuccessfulwould remainunderautonomouscontrol.At the completionof a task,all affectedbehaviors
are returnedto the operationalmodein which they wereprior to the switch.

This approachto Sliding Autonomystill leavesopenthequestionsof whento switchandwho decidesto do so.In
order to investigatehow bestto structuretheseinteractions,we have experimentedwith two differentapproaches,
which spanthe control spectrum,but vary in how tasksmay be switched.System-Initiative Sliding Autonomy
(SISA) enablesthe robot teamto askthe humanfor assistance,but doesnot allow the humanoperatorto interrupt
therobots.SISA modelssituationswherethehumanoperatoris multi-taskingandattendingto otherresponsibilities
while the robotsattemptto operateautonomously, so the humanhasno ongoingknowledgeof what is occurring
in the robots' workspace.The operator's attentionis neededonly when the teamdecidesthat the humanis better
suitedfor the executionof sometask (seebelow) or whenan individual robot hasencounteredan error condition
from which it doesnot believe it canrecover on its own. While facilitatingmulti-taskingmayraisetheproductivity
of the overall system,the time it takesusersto regain situationalawarenessof the robots' workspacewhenasked
to help cannotbe disregarded(SectionIV-B). We hypothesizethat SISA is the best®t whenhumanresourcesare
scarceand the autonomoussystemis reasonablypro®cientat error detection.

We alsoinvestigatedMixed-Initiative Sliding Autonomy(MISA). Here,while the robotic teammembersstill can
askfor help, thehumanoperatoralsohastheoptionof interruptingthesystemto take controlof a taskor subtask's
actionand/ormonitoringcomponent.While this hasthe potentialto increaserobustness,sincethe humanoperator
can intervenebeforea robot makes a fatal error, suchgains are realizedonly if the humanactively monitorsthe
progressof the robotic team.

The next threesubsectionsdescribeour approachesto dealingwith the threeaspectsthat areendemicto multi-
agentSliding Autonomy: requestinghelp, gaining situationalawareness,andmaintainingcoordination.

B. RequestingHelp: Systemand User Modeling

In many Sliding Autonomysystems,only the humanoperatoris able to changethe control of tasks.In general,
this is adequatefor single-robotapplications,sincea humanoperatorgenerallyis morethancapableof monitoring
the statusand progressof a single robotic agent,and can take over either if he feels he would do a better job
thanthe robot or if the robot is enteringinto a dangeroussituation.As the numberof robotsincreases,however, it
becomesharderandharderfor a singleoperatorto keeptrackof thestatusof all agents.Oneway of addressingthis
problemis to allow the robotsto switch the control of tasksto the humanby askingfor assistanceasappropriate.
Thus,a robot in troublecanrequesthelp from the human,insteadof waiting for the operatorto realizethat there
is a problem.

We have developedan approachthat enablesthe autonomoussystemto make reasoneddecisionsaboutwhento
switch control of tasksbasedon currentconditionsand the speci®coperatoravailable.Thesedecisionsare made
when tasksare initially launchedas well as when a failure is perceived. If the operatorhasshown he is usually
better than the autonomoussystem,the task will be assignedto him immediately. Alternatively, the systemmay
try to perform the task itself, but later decideto handcontrol to the humanif it believes it is unableto complete
the task.Suchdecisionsneedto be madein both SISA andMISA modes,as the systemmay requesthelp with a
task in eithercase.

While thesetask allocation decisionscould be made via an arbitrary set of heuristics (such as ªtry twice
autonomously, then cede control to the humanº),such a strategy is potentially suboptimal,since no heuristic
is ableto addressall exceptionalcases.Instead,by building empiricalperformancemodelsof both the autonomous
systemand the humanoperators,we have developeda principled approachto making suchdecisionsthat allows
the autonomoussystemto reasonaboutexpectedtaskdurationandagentreliability to decidewho shouldperform
what task.

The decisionproblemcan be phrasedas a comparisonbetweenthe expectedtime to completethe task if the
humanmakes the next attemptand the expectedtime if the autonomoussystemdoesso. In order to make this
comparison,we evaluatetwo decisiontrees± one where the humanperformsthe task underconsideration,and
onewherethe autonomoussystemcontrolsthe task.An exampleof a treeassociatedwith the autonomoussystem
making the next attemptis diagrammedin Figure5.
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Fig. 5. An example of the decisiontreesthat are evaluatedby the user modeling system.(a)
correspondsto the probability of success:P (Sr jFr = i ) (Equation2); (b) representsthe expected
time taken to succeed:E (t r jSr ; Fr = i ) (Equation2); (c) is an exampleof the expectedtime to
fail: E (t r j: Sr ; Fr = i ) (Equation2); and (d) representsthe expectedtime of the entire decision
tree:E (ts jFr = i; Fh = j ) (Equation1)

Thereare threecomponentsto this recursive prediction: the probability of successfor a given party's attempt
at accomplishingthe task in question,the expectedtime to completethe attemptgiven success,and the expected
time given failure. In Figure 5, thesecorrespondto the probability of branch(a), timespan(b), and timespan(c),
respectively. To estimatethesevalues,we use prior observations of execution time, conditionedon the failures
which have occurredduring this instanceof the task. The numberof precedingfailures is roughly equivalent
to the current level of the decisiontree, and is usedbecausea failure is empirically a good predictorof future
failures (at least within our scenario).In addition, we condition our expectedtime calculationson the outcome
of the attempt,as failuresoften take signi®cantly longer than successfulattempts.Sinceour modelsare updated
during taskexecutionandaremaintainedon a per-operatorbasis,the system's decisionswill dynamicallychange
in responseto the operator's currentperformanceandwill dependon the speci®coperatoravailable.

By conditioningexecutiontime on previous failures,we turn what was a multimodal distribution into a set of
(moreor less)unimodaldistributions,which greatlyeasesthe calculationof expectedtime. We estimatehow long
it will take to completea taskdirectly from thesedistributions:

E(tsjFr = i; Fh = j ) = min
µ

E(t r jFr = i; Fh = j )
E (th jFh = j ; Fr = i )

¶
(1)

E(t r jFr = i; Fh = j ) = P(Sr jFr = i )E (t r jSr ; Fr = i )+

(1 ¡ P(Sr jFr = i )) (E (t r j: Sr ; Fr = i ) + E(tsjFr = i + 1; Fh = j )) (2)

P(Sr jFr = f r + 1) = 1:0 (3)

E(t r jSr ; Fr = f r + 1) = E(t r jSr ; Fr = f r ) (4)

where:
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E(tsjFr = i; Fh = j ): Expectedtime to completethe task,given i precedingautonomousfailures
and j precedinghuman failures. For i = j = 0, this correspondsto the
expectedtime of the entiredecisiontree(timespan(d) in Figure5).

E(t r jFr = i; Fh = j ): Expectedtime to completethe task if the autonomoussystemperformsthe
next attempt,given i precedingfailures.This is the expectedtime of one
subtreeof the decisiontree,suchasthe expandedsubtreedepictedin Figure
5.

P(Sr jFr = i ): Probabilityof theautonomoussystemsuccessfullycompletingthetask,given
i precedingfailures. This correspondsto the probability of branch (a) in
Figure5.

E(t r jSr ; Fr = i ): Expectedvalue of the distribution formed by all data points in which the
taskwassuccessfullycompletedby theautonomoussystemwith i preceding
failures(timespan(b) in Figure5).

f r : Maximumnumberof precedingfailuresby theautonomoussystemthathave
occurredin practice.f r + f h is the maximumdepthof the decisiontree.

The minimization in Equation1 representsthe decisionaboutwhetherto assignthe next attemptto the human
or the autonomoussystem.Equation2 weights the time taken to succeedand the time taken to fail plus the
remainderof the decisiontreeby the probability of successor failure, respectively. While the decisiontreecould,
in theory, continueinde®nitely, ourmodelcontainsa®nite amountof data.Equations3 and4 representtheoptimistic
assumptionthat oncewe have passedbeyond the boundariesof our datawe will alwayssucceed.This assumption
servesto terminateEquation2's recursionby settingtheprobabilityof failure to zero.In thepresenceof reasonably
sizeddatasets,the effect of this assumptionon the ®nal predictedtime is minimal, sincethe cumulative probability
of reachingthis basecaseis quite low. Also, note that the equationsfor E(th) (the expectedtime given that the
humanperformsthe next attempt)are identical to Equations2, 3, and4; merelyexchangethe r andh subscripts.

The expectedtime of an attemptgiven the controller and its outcome(E(th jSh ; Fh = i ), E(th j: Sh ; Fh = i ),
E(t r jSr ; Fr = i ) or E(t r j: Sr ; Fr = i )) is treatedasa samplefrom a staticdistribution. This distribution is formed
from all prior executiontime observationsthat matchthis combinationof successandprecedingfailures.Sinceit
is nearlyalwaysunimodal,the expectedvalueof sucha sampleis merely the meanof the componentdatapoints.
However, this simplemodeldoesnot apply in the caseof a novice human.Sincethe operatoris still learning,it is
moreappropriateto modelE(th) by predictingthe next point on the operator's learningcurve. We have previously
conductedexperimentsto determinea reasonablemodel for this curve and how best to use it as a predictorof
the human's performance[24]. According to our data,a logarithmic curve ®tted to the availabledatawasa more
accuratepredictorof future performancethanlinear, exponential,or quadratic®ts. The ®t of this curve is updated,
on a task-by-taskbasis,asmoredatais acquiredaboutan operator's performanceduring a run. Unfortunately, it is
not clearhow to independentlypredict the time taken to succeedand the time taken to fail while learning,so we
simply calculateE(th jFh = j ) as the next point on the learningcurve, as long aswe believe the useris a novice.
Oncethe operator's performancehasleveled off (generallyafter 15-20 attemptson a particulartask),we assume
he is an expert andswitch to using the staticdistribution assumptionwith the asymptoteddata.

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 failuresare causedby erroneousstatesdetectedby the
autonomoussystemor the humanthat force the controlling party to back off and try again. For instance,if the
Roving Eye completesa visual searchof its environmentwithout ®nding all of its target ®ducials,its searchtask
fails. The servoing taskresponsiblefor dockinga beaminto a nodefails if it managesto wedgethe beamagainst
thenodeat ananglesuchthatdockingcannotproceedwithout resetting.On theotherhand,temporalfailuresoccur
whenthehumanor autonomoussystem'sattemptextendspasta threshold.Thethresholdis generallym+ c¤¾, where
m is the meanof the observed executiontimes,c is a tunableparameterand¾ is the varianceof the observations
for the party in question.Becausehumanoperatorsrarely, if ever, voluntarily relinquishcontrol, temporalfailures
are the autonomoussystem's primary methodfor requestingthe returnof control.

Thereare currently threeweaknesseswith the way in which the usermodelsare evaluatedand interpretedby
the systemthat curtail their usefulness.If the system's calculationsshow that the humanis better at a certain
subtaskand assignscontrol to him, there is currently no way for the operatorto successfullyhandcontrol back
to the system.Any attemptto do so would result in the systemreevaluating its decision,very likely coming to
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the sameconclusionandpassingcontrol right backto the human.Unlessthe estimatesof humanandautonomous
performanceare very close,it will take a signi®cantnumberof suchexchangesto changethe system's decision.
We areconsideringa numberof solutionsto this problem,includingallowing theoperatorto force theautonomous
systemto perform the next attempt,or allowing the operatorto indicatehe is entirely unwilling to perform the
task.Secondly, giving up control over a subtaskis currentlycountedasa failure for the party that was in control,
andtiming of the otherparty's attemptstartsimmediatelyfollowing the switch.Thus,failurescloseto the endof a
subtaskoftenleadto overly optimisticperformancescoresfor thenew controllerbecauseit/he canquickly complete
the remainderof the taskandmove on. Onepotentialsolutionis to conditionour expectedtime calculationson the
failuresof bothparties(e.g.insteadof E(t r jSr ; Fr = i ), we would calculateE(t r jSr ; Fr = i; Fh = j )). Finally, the
autonomoussystemdoesnot yet track the operator's currentworkload,and may requestassistancewith multiple
simultaneoustasksfrom a singleoperator. Becausethemodeldoesnot incorporatetheoperator's 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 obvious solutionto this problemis to track the operator's currenttask
queueandincludehis expectedtime to servicethe queuewhencalculatingthe expectedtime to completethe task
underconsiderationif the humanperformsthe next attempt.

While currently we are simply comparingtask execution times, we have consideredusing a full cost model
in order to incorporatesuch things as varying labor costs,the amortizedcost of hardware, continuing expenses
associatedwith teleoperationor autonomouscontrolof therobots,thecostof repairs,etc.Thespeci®ccostfunction
would be highly dependenton the particulardomain in question,but would be parameterizedat a minimum by
E(th) andE(t r ), aswell asdomain-speci®cprice or costparameters.This is an areafor future work.

C. Operator SituationalAwareness

Another important issuein Sliding Autonomy is attaining operatorsituationalawareness.This is particularly
critical in multi-agentdomains.In the single-agentdomain,the operatorneedsto monitor only a single robot and
workspace.Even if he doeslosesituationalawarenessdue to attendingto other tasks,it is easierfor the operator
to rememberthe stateof the systemandusethat to assisthim in attainingsituationalawarenessthe next time he
is asked for help. In the multi-agentdomain,thereare many robotswith the ability to ask for help. Not only is
therea potentiallylongertime beforeanoperatorassistsa robota secondtime, but theoperatoralsohasmorethan
likely provided assistanceto other robotsin the interim, speedingthe lossof situationalawareness.

Our approachis to maintain a buffer of information of the stateof the robots' workspace(s),including both
synthesizedand raw video views, and show thesebuffers to the operatorwhen he is asked to assistthe system.
By viewing thesebuffers, the operatorcanmorequickly gain situationalawarenessof the pertinentworkspaceand
moreef®ciently assistthe robotsin their task thanhe could from viewing just the currentstateof the system.

However, what typesof informationandhow muchshouldbeshown remainopenquestions.Thereis anobvious
tradeoff betweenperformanceand reliability: having more information and a larger buffer typically leads to a
moreaccurateassessment,but increaseshow long it takes to attainsituationalawareness.SectionVI describesan
experimentwe performedto help quantify this tradeoff.

D. Maintaining Inter-Agent Coordination

The third issuethat ariseswhile adaptingSliding Autonomyto the multi-agentdomainis how bestto maintain
inter-agentcoordinationof the robot teamwhile oneor moreof its membersis underoperatorcontrol.We address
this by enablingtherobotsto monitor theprogressof their own andotherrelatedtasksthroughmonitoringsubtasks,
updatingthe executionof their tasksaccordingly. For example,considera situation from our scenarioin which
the operatoris asked to bracea nodewith the Crane.While the operatoris performingthis task, the Roving Eye
continuesto monitor the locationof the Crane,and recognizeswhen the operatorhas®nished.OnceRoving Eye
determinesthat the operatorhas performedthe bracing, the systemautomaticallycontinueswith the tasksthat
dependedon the completionof the bracingtask: the Mobile Manipulatorapproachesthe nodewith the beam,the
Roving Eye changesits focus to the tip of the beam,and the Cranestayswhereit is in order to continuebracing
the node.

This approachallows the teamto remaincoordinatedduring a humanintervention,as long as the humandoes
not deviate too greatly from the system's 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 hand when in control of the action componentof a task, and the rest of the agentsunder
autonomouscontrol will remaincoordinated.However, if the humandecidesto accomplishadditional tasks®rst,
undo previous work, or make arbitrarymodi®cationsto the plan, the currentsystemwill lose coordination.Open
researchquestionsin this areaincludethe developmentof actionrecognition,plan prediction,andcooperative plan
generationcapabilitiesfor the autonomoussystem.

E. Summaryof Multi-Agent Extensionsto Sliding Autonomy

To summarize,we have extendedthe traditionalsingle-agentSliding Autonomyapproachto multi-agentteams.
In the courseof our work, we have discoveredthreeprimary differencesbetweenperformingSliding Autonomy
with singleagentsandmultiple agents:(1) Due to thehuman's inability to simultaneouslymonitorall of theagents
in the team,the autonomoussystemmustreasonaboutwhento requesthelp,andcannotrely on the humanto step
in. This increasesthe importanceof detectingthat an error hasoccurredandmakesusermodelsa necessity. (2) In
addition,the human's inability to monitor all of the agentssimultaneouslyresultsin a lossof situationalawareness
betweenrequestsfor help. Consequently, the humanmust ®rst attain situationalawarenessbefore assistingthe
robotic team,a stepthat typically doesnot needto occur in single-agentSliding Autonomy. (3) Finally, the multi-
agentautonomoussystemmustmaintaininter-agentcoordination,even whenoneagentis underthe control of the
human.

We have conductedan experimentto comparethe effects of teleoperation,MISA, SISA, and pure autonomy
control strategies on robustnessand ef®ciency, and report on the results next. In addition, we carried out an
experiment to determinehow different interfacesaffect the human's ability to attain situationalawarenessand
quantify how long he takes to do so, which canbe usedto re®nethe usermodel.

V. MULTI-AGENT SLIDING AUTONOMY EXPERIMENT

This experiment investigated the effects of mixing full systemautonomywith teleoperationon the overall
ef®ciency androbustnessof our multi-agentsystem.

A. Methodology

For this study, expert usersof the systemperformeda numberof trials for eachmodeof interactionwith the
system.We had initially hopedto useoperatorsunfamiliar with the project, but found that the time neededfor
novices to becomepro®cientwith the systemwasexcessive: after 14 hoursof training, the novice userswerestill
slower thanexpertsby a factorof three.Sincewe neededour subjectsto beroughlyon parwith theperformanceof
theautonomoussystemin orderto obtainmeaningfulresults,we changedthestudyto employ two projectmembers
assubjects.

During an earlierpilot study, we determinedthat the time taken for the systemto completea beam-node-beam
subassemblywas independentof the side of the structureby using a double-sidedt-test with a 0.95 con®dence
threshold.Therefore,our unit of analysiswasa one-beamsubassembly, asdetailedin SectionIII-A. Eachsubject
performedthis assemblytask 12 times in teleoperationmode, 16 times in System-Initiative Sliding Autonomy
(SISA) and20 timesin Mixed-Initiative Sliding Autonomy(MISA). The48 trials wereperformedin randomorder.
Togetherwith 24 runsof the autonomoussystem,thatgivesa total of 120 datapoints.

In orderto createa semi-realisticteleoperationexperience,the subjectsatat a workstationfacingaway from the
robotsand the workspace.Shewas able to seeonly the raw video output from one of the Roving Eye's cameras
and the output of a visualizationtool, which displaysdepth information relevant to the current task (seeFigure
6), asprovided by the Roving Eye.Control input wasprovided througha ªSpaceMouseº[25], a puck-like device
designedfor 3-D CAD work which allows the user to push,pull, and twist a knob similar to a hockey puck to
provide full 6-DOF control.

During teleoperationruns,subjectsloggedwhich subtaskof the overall assemblythey wereworking on in order
to enabletiming, as autonomousmonitoring / timing was not available during pure teleoperation.This selection
wasusedto extract timing information for eachuserto initialize her usermodel for the Sliding Autonomy trials.
For Sliding and full Autonomy, the timing information was logged automaticallyby the system.At the end of
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Fig. 6. Screenshotsof thevisualizationtoolsusedfor controlling the robots.Fromleft to right: a
bird's eye overview of the workspace,a closeupusedduring beamdocking,anothercloseupused
during nodebracing,and the raw video feedprovided by the Roving Eye.

eachrun, the subjectcompleteda NASA-TLX survey [26] to assessher perceived workloadwhile controlling the
robots.This survey takesinto accountfactorssuchasmental,temporal,andphysical demand,aswell aseffort and
frustration.

In orderto emphasizethedifferencein initiative betweenthe two Sliding Autonomymodes,theusersperformed
a distractortaskwhile usingSISA. The screenof their workstationandthe video feedfrom the Roving Eye were
turnedoff. Theonly feedbackavailablewasaudiocuesaskingfor help.During MISA, theuserswerenot presented
with a distractortask, insteadactively andconstantlyfollowing the system's progress.They were told to exercise
their ability to proactively take over control whenever they saw the opportunityto completea subtaskfasterthan
the system.

B. Results

Table I summarizesour hypothesesaboutthe effectsof introducingSliding Autonomyinto our systemon three
relevantmetrics.With theexceptionof several cellshighlightedin bold in TablesII andIII, the resultswe obtained
agreedwith our expectations.For instance,teleoperation(729±911seconds)took 1.5±2timesaslong asany of the
modesinvolving autonomy(437±492seconds).The timesandTLX resultsof failed runswerenot includedin the
results.

Both usersgenerallyfollowed the hypothesizedtrendthat the successratewould increaseashumaninvolvement
increased:pureautonomywasthe worst at 75%,followed by SISA, MISA, and®nally teleoperation,which hadan
average96% successrate.Note that the usersdid not give up on the failed teleoperationruns; instead,the system
reacheda point of terminal failure.

Time to Completion SuccessRate Human Workload
Teleoperation worst best worst
Autonomous System best worst best
SystemInitiati ve good good better
Mixed Initiati ve better better good

TABLE I

EXPECTED RESULTS FOR SLIDING AUTONOMY PERFORMANCE.

Not surprisingly, dueto thesubjectivenatureof theNASA-TLX workloadsurvey, theactualvaluesvariedstrongly
betweenusers,althoughtrendswereconsistent.Teleoperationhadby far thehighestworkload,approximatelytwice
that of the Sliding Autonomycases(the rightmostcolumnof TablesII and III).

Comparingour two usersside by side with the autonomoussystemwe note a completion time comparable
with that of the autonomoussystemfor both forms of Sliding Autonomyanda much longercompletiontime for
teleoperation(Figure7, left). Additionally, the teleoperationtime to completionshows differencesbetweenthe two
users.In the centerof Figure7 we seean upwardstrendof the successrateproportionalto the amountof human
involvementduringtheassemblytask.Finally, Figure7 (right) shows thattrendsin theperceivedworkloadmeasured
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User 1
Mean Time to Completion SuccessRate TLX Workload

[standard deviation] (# of trials) [standard deviation]
Teleoperation 729 [139] seconds 100%(12) 42 [10]
Autonomous System 437 [94] seconds 75% (24) 0
SystemInitiati ve 462 [63] seconds 75% (20) 16 [16]
Mixed Initiati ve 492 [140] seconds 81% (16) 17 [11]

TABLE II

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

User 2
Mean Time to Completion SuccessRate TLX Workload

[standard deviation] (# of trials) [standard deviation]
Teleoperation 911 [193] seconds 92% (12) 71 [9]
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 III

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

by the TLX survey arenot consistentbetweenthe two users- the seconduserfound SISA to be frustrating,while
the ®rst reporteda low workload.The autonomoussystemis omittedfrom this chartsinceno humanoperatorwas
involved andhencethereis no reportedworkload.
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Fig. 7. Comparisonof our two subjects' independentruns and the fully autonomoussystem.
Completiontime andsuccessrategenerallyfollow our expectations,but perceptionof workloadis
very taskanduserdependent.

The histogramsof User1's performance(Figure8) show again that the autonomousmodesaremuchfasterthan
teleoperation.The fastestrun time wasrecordedunderautonomousoperationat just over 300seconds.At thesame
time, a large portion of the teleoperationruns took over 800 seconds,much longer thanthe slowest run during an
autonomytrial.

C. Discussion

Whencomparingthe two extremesof the autonomyspectrum(pureautonomyandcompleteteleoperation),it is
clear that thereis an inherenttrade-off of speedagainst robustness.If we werewilling to allow an increaseof 50-
100%in the time neededto completethestructure,we couldachieve near-perfectreliability by simply allowing the
humanto teleoperateeverything.However, our workloaddataindicatethat in additionto thesigni®cantlyincreased
time to completethe assembly, operatorswould swiftly becomementallyoverloadedin additionto beingunableto
multi-taskduring assembly.

Ourexperimentalresultssuggestthatthisdilemmacanberesolvedby employing someform of SlidingAutonomy.
As is shown in Figure7, addingany amountof autonomyreducesthe completiontime to a level comparablewith
the purely autonomousapproach,while addingany amountof humaninvolvementincreasesthe reliability of the
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Fig. 8. HistogramscomparingUser1'sperformancewhenusingthethedifferentSlidingAutonomy
modes.The horizontalaxis markscompletiontime in seconds,and the height of the barsshows
the numberof experimentalruns for eachtime interval.

overall system.Sliding Autonomysits in the intersectionof thesetwo trends.It combinesthe low completiontime
advantageof autonomousoperationwith the increasedsuccessrate due to humaninvolvement.The increasein
systemreliability whenSliding Autonomyis usedcanbeattributedto theoperator's intuition andability to quickly
understandproblematicconditionsandtheninitiate recovery measuresto help the systemavoid failure conditions.
In addition,thereis a clearbene®tto introducingSliding Autonomyfrom a workloadperspective. Sincethesystem
still performsthe tasksit is skilled at autonomously, theperceivedworkloadreportedby our userswassigni®cantly
lower thanduring pure teleoperation.

The subjective natureof the TLX scoresdoesnot allow a direct user to user comparison,but we can make
statementsabouttrendsin the data.We expectedSISA to have the lowestworkloadbecausethe userhasto work
with the systemonly whenasked for help.However, thereareat leasttwo factorsthat arenot capturedwell within
the TLX framework: boredomand the frequency of interruptionby the system.Both of theseare directly linked
to the speci®cuser's ability to performthe taskat hand.For example,a relatively stronguserwill likely be asked
for help with many tasks,to the point wheresheis called back to help with the next task almostas soonas she
returnsto her distractortask from assistingthe team.On the otherhand,a relatively weakuserwill not be asked
for help very much;shemay be called to help only a few timesduring a 15-minuteexperimentalrun. Depending
on the individual user, this could be interpretedeitherasa relaxingsituationwith low workload,or asa frustrating
situationwhere the individual has to be on call for the systembut is never asked to do anything. On the other
hand,anexperiencedusermaybe frustrateddueto beingconstantlyinterruptedby thesystemaskingfor help.This
frustrationis likely responsiblefor high workloadresultssuchas the datashown for User2 in Figure7.



PROCEEDINGSOF THE IEEE - SPECIAL ISSUEON MULTI-ROBOT SYSTEMS 17

The multi-modal groupingof the completiontime resultsshown in the histogramsin Figure 8 correspondsto
assemblyattemptswith varyingdegreesof success.Theleft-mostgrouprepresentssmoothrunswithout any failures,
andsubsequentgroupsindicateincreasingnumbersof autonomousor operatorerrorsand/ornear-failureconditions.

Thereare threediscrepanciesbetweenour hypothesesandour actualresults:User2's workload,User1's mean
time to completionin the MISA and SISA cases,and User 1's successrate under SISA (the bolded entriesin
FiguresII and III). The high workloadof User2 canbe explainedby the subjective natureof the TLX survey, as
discussedabove. User1 took longeron averageto completethe taskunderMISA thanSISA (althoughthereis not
a statisticallysigni®cantdifferencebetweenthe means).This may be due to an overeageroperatorintervening in
caseswherethe autonomoussystemis in fact moreef®cient, resultingin an overall decreasein ef®ciency. Finally,
User1's successrateunderSISA is not superiorto the autonomoussystem's. Successrate improvementbetween
pure autonomyand SISA is dependentupon the autonomoussystem's ability to discernfailures with which it
requiresassistance;if few discerniblefailuresoccur, little gain will be realizedby applyingSISA.

Our experimentshows that adding a humanagentto a multi-robot team via a Sliding Autonomy framework
combinesthe advantagesof autonomousrobot operationwith the reliability of teleoperationat a mentalworkload
level tolerableby the operator. The amountof attentionthe operatorpaysto our task(i.e. SISA versusMISA) has
no measurableeffect on the time to taskcompletioncomparedto fully autonomousoperation,but it doesmanifest
itself in overall systemrobustness:the greaterthe operator's involvementin the team's operation,the higher the
successrate.

Purely from a systemperformancepoint of view, which form of Sliding Autonomy (SISA or MISA) is the
better choicedependsheavily on the systemas a whole. If the operatorsare comparablein skill level with the
autonomoussystem,the systemis able to perform signi®cantportionsof the task on its own, and the systemis
ableto detectthe existenceof an error reliably, thenthe humanscanproductively multi-taskwhenoperatingunder
SISA. In a situationinvolving many robot teams,SISA may be preferableto MISA, as its slightly lower success
rate is outweighedby the ability of a few operatorsto simultaneouslyoverseea numberof teams.The additional
time requiredto attain situationalawarenesscan be minimized by selectingthe most effective userinterface(see
SectionVI).

For comparatively weakhumanoperators,asimilarmulti-taskingargumentholds,but ahigherdegreeof autonomy
is requiredof thesystemsincetheoperator's ability to helpcanberatherlimited. For very skilled humans,however,
their abilities often lead to them being continouslyasked for help. Switchingbetweendifferent teamsperforming
different tasksvery often and rapidly is more confusingand stressfulto the operatorthan helpful to any team.
Instead,for strongoperators,a MISA settingis often preferableto SISA, despitethe samerequestsfor help, since
it allows the humanmorecontrol over her workload.Additionally, if the autonomoussystemwereunableto detect
mostfailures,MISA would bethepreferredmethodin all casesin orderto compensatefor theautonomoussystem's
lack of reliability.

VI . SITUATIONAL AWARENESS EXPERIMENT

In additionto experimentallyevaluatingthe differencesbetweenour differentapproachesto multi-agentSliding
Autonomy, we also conductedan experimentto test how well usersattain situationalawarenessin our robotic
system.In order to help the operatorgain situationalawarenessmorequickly, we maintaina buffer containingthe
stateof the systemover the last n seconds,which canbe replayedto the operatorwhenthe systemasksfor help.
Two naturalquestionsarise:ªWhatkinds of informationshouldbe includedin the buffer?º,andªHow muchdata
should it save?º.To help answerthesequestions,we testedhow quickly usersattainedsituationalawarenessof
our systemwhenusingvariouscombinationsof displaysanddatabuffer lengths.In additionto guiding the design
of operatorinterfaces,this experimentprovides the information neededto accountfor the time necessaryto gain
situationalawarenessin the system's modelof the human(SectionIV-B).

A. Methodology

Theexperimenttestedfour differentcombinationsof informationstreams.The®rst wassimply a videofeedfrom
oneof the Roving Eye's cameras(Figure9.2). The secondwas the Roving Eye video alongwith the synthesized
ªtechnicaldrawingº-stylevisualizer(Figures6 and9.1), showing 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 (Figure9.4), andone from an externalcameraplaced
outsidethe robot workspace,looking towardsthe structure(Figure 9.3). Finally, the fourth combinationincluded
all four of the above elements.

We also varied the length of the data feed that was presentedto 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
different testconditions.

During eachtrial, eachof the32 subjectswasshown thedatabuffer from anattempteddocking,andwasaskedto
identify througha dialog(Figure9.5) why therobot requestedhelp.Theexperimentalprocedurewasa combination
of training and testing.The subject's training began with readinga written overview of the task and hardware at
hand,with theexperimenteransweringany questions.Thesubjectwasthenshown oneexampleof eachof theseven
typesof errorsvia the graphicalinterface(Figure9), using the maximaldataand20-secondplaybackcondition.

Fig. 9. The subject interface for the situationalawarenessexperiment, including three video
streams(the Roving Eye's cameras(2), an externalcamera(3), anda Crane-mountedcamera(4)),
a synthesizedview of the beamandnode(1), and the error categorizationinput dialog (5).

After training, the subjectsbegan the actualexperiment.They were instructedto play a video gamein between
trials to simulatemulti-tasking.Eachuserwastestedon four of the16conditions,performingsix trialspercondition.
We appliedLatin squaresto both the datafeed and length effects to accountfor orderingand practiceeffects.A
Latin squareis a statisticaltechniquethatallows experimentersto testeffectswhile controllingfor two otherknown
sourcesof variation(here,inter-subjectvariability andorderingeffects).

B. Results

During this experiment,we recordedthe time thatelapsedbetweenthe beginningof playbackandwhenthe user
chosewhich error shebelieved had occurred.We also recordedher response,to allow analysisof useraccuracy.
Userswerenot allowed to choosea responseuntil they hadwatchedthe entireplaybackclip. Also, althoughusers
were able to changetheir answer, we only consideredthe data collectedfrom their ®nal responses.We useda
univariateANOVA test to analyzethis data.

Thedatashow thatin ourscenario,with respectto responsetime,thebestdisplayanddatafeedlengthcombination
is the Roving Eye video plus visualizer, viewed for between5 - 10 seconds(Figure10, left), as this combination
had the shortestaverageresponsetime. Consideringsolely data feed length, signi®cantdifferenceswere found
between0 and5, 0 and10, 5 and20, and10 and20 secondplaybacks.If insteadwe considerthe compositionof
the display, signi®cancewas found betweenthe Roving Eye and the Roving Eye plus other videosdisplays,the
Roving Eye andall displays,the Roving Eye plus videosandRoving Eye plus visualizerdisplays,andthe Roving
Eye plus visualizerandall displays.

With respectto accuracy, the best data feed condition is that with the longest (20 second)data feed length
(Figure10, right). Similarly, the displaythat hadthe highestaccuracy wasthe Roving Eye video plus othervideos
(Figure 10, right), althoughit is not signi®cantlydifferent from the all displayscondition.Consideringdatafeed
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length,signi®cancewasfoundbetween0 and10, 0 and20, and5 and20 secondplaybacks.Signi®cancein display
compositionwasfound betweenthe Roving Eye andRoving Eye plus videosdisplays,aswell as the Roving Eye
andall displays.
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Fig. 10. The effectsof available informationanddatafeed lengthon how long subjectstook to
choosean error (left) andhow accuratetheir decisionswere(right). Note that the orderingdiffers
betweenthe two ®gures,althoughthe shadingis consistent.

C. Discussion

If responsetime is theonly metricunderconsideration,theresultsareclear- thebestconditionsweretheRoving
Eye video aloneor the Roving Eye Video plus visualizer, with 5 - 10 secondsof playback.We believe that this is
becauseasmoreraw videosareadded,the mentaloverheadrequiredto process,interpretandmerge the available
information increases,resultingin slower responsetimes.The inclusionof the moreabstractvisualizerview does
not signi®cantly increaseuserresponsetime. We believe this to be due to it requiring lessmentaloverhead,but
have no direct proof of this. Similarly, we believe that a 5 - 10 secondplaybackwas the bestrangebecausewith
longerdatafeedlengthstheamountof meaningfulinformationtheusercanprocessandrememberplateaus,making
the extra informationrelatively lessuseful (whenonly consideringresponsetime) in the decisionmakingprocess.

The accuracy measures,however, suggesta slightly differentstory. Whenconsideringthis metric, the longerthe
datafeed playback,the more accuratethe users' answersbecome.This is most likely becauseuserscan make a
more informed decision,even thoughthey take longer to respondin order to processthe additional information.
The sameargumentappliesto the displaycondition.Although the extra videosrequiremoretime to process,they
allow usersto make more informeddecisions,leadingto higheraccuracy.

Fromthis experiment,we canmake somerecommendationsaboutattainingsituationalawarenessin systemssuch
as ours that involve a remotehumanas part of a multi-agentteam.Thereis clearly a trade-off betweenaccuracy
and responsetime: in general,the most accurateconditionswere thosethat had the longestresponsetime. This
effect, however, may decreaseas usersbecomemore expert: the information they derive from the datafeed may
plateauearlier. Thus,a follow-up to this experimentshoulduseexpert usersassubjects,andexaminewhetherthe
accuracy trendsstill hold or if they begin to correlatewith the responsetime results.Either way, a choiceneeds
to be madebetweenef®ciency and accuracy. If timing is critical, then it might be worthwhile to accepta lower
accuracy in orderto encouragethe operatorto respondmorequickly; similarly, if accuracy is moreimportant,then
usersshouldbegivenasmuchinformationaspossible,andsuf®cient time to processandmerge the information,in
orderto allow themto make moreinformeddecisions.It is importantto keepin mind, however, that our measures
of time did not includeactualtaskexecution,insteadonly measuringthe time taken to determinewhat shouldbe
done.Becausea misdiagnosismay 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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VII . FUTURE WORK

Determininghow to proceedwhenthe humanrelinquishescontrol of a taskremainsan openresearchquestion.
If the humanreturnscontrol after completingthe assignedtask (andonly the assignedtask), it is straightforward:
our currentsystemis able to monitor the task's completionandcontinuewith the tasksthat weredependentupon
it. However, the humanmay insteadperform additionalor different tasksthan thosethat the systemexpected.In
addition to deducingthe human's goalsand tracking the arbitrary effects her actionsmay have on the structure,
the systemneedsto be ableto replanto accomplishthe scenario's goalsfrom whatever statethe humanleavesthe
systemin whenthey relinquishcontrol.

Our currentscenarioencompassesa relatively complex task,but containsminimal coordinatedmanipulationof a
singleobjectby multiple manipulatorrobots.Our earlierwork involveda muchsimplertask,but requiredextensive
coordinatedmanipulation[27]. We arenow moving to a new scenariothat combinesa complex three-dimensional
assemblywith a needfor this type of coordinatedmanipulation.Addressingboth theseissueswhile usingSliding
Autonomyin a multi-agentsettingshoulduncover many new issues;for example,decidinghow bestto coordinate
tightly coupledmanipulationbetweena humanand robot, insteadof betweentwo robots.Additionally, we are
looking into addingadditionalrobotswith overlappingcapabilitiesto the team.With theseadditionalrobots,the
planningproblemwill becomemuchmoreinteresting,asa widervarietyof solutionsto thescenariowill bepossible.
Their overlappingcapabilitieswill also allow the robots to ask eachother for help in addition to, or insteadof,
askingthe human.This additionalstepwill allow the humanto be treatedassimply anotheragentin the system,
just onewith a slightly differentskill set.

VI I I . CONCLUSIONS

We have presentedvariousissuesinvolved with extendingSliding Autonomyinto a multi-agentdomain.Oneof
the main challengesis allowing the robotsto ask for help, sincethe humanis not alwaysguaranteedto be paying
attentionto eachrobot at any given time. We make this possibleby incorporatingusermodelsinto our systemthat
allow theroboticagentsto make informedandreasonabledecisionsaboutwhento requesttheoperator's assistance.
Experimentaldatashowed that this way of incorporatinga humaninto a multi-robot teamcombinestheadvantages
of autonomousrobot operationwith the reliability of teleoperation,resultingin a moreef®cient androbust system
asa whole.

By allowing thesystemto asktheoperatorfor help,we alsointroducethequestionof how to bestenableoperators
to quickly gain situationalawarenessof the robot's workspaceand stateso that they can provide assistancemore
quickly andeffectively. To this end,we conductedan experimenttestingdifferentoperatordisplaysandplayback
times to ®nd out which combinationresultedin the most ef®cient interaction.Basedon the results,we feel that
a humanoperatorin our systemwill be able to quickly gain situationalawarenessand assistany robotic team
memberthat asksfor help, whetheror not the operatorhadpreviously beenpayingattentionto the situation.

In order to allow inter-agentcoordinationeven when a humanis controlling sometask, we allow the robotic
teammembersto monitor their andother teammembers'progressasrelatedto their currenttask.This allows the
robotsto continuewith their respective taskseven when their teammembersare being controlledby an operator
or arewaiting for an operatorresponse.In otherwords,a teammembercanuseits knowledgeof the otheragents'
actionsto ensurethat its tasksremaincoordinated.Our experimentshave shown that this is an effective way of
maintainingtaskcoordinationwhile usingSliding Autonomy.

Overall, we have shown someshortcomingsof controlling large-scaleconstructionsystemsthrough both full
autonomyandcompleteteleoperation.We have demonstratedthat by allowing humansto work as teammembers
via Sliding Autonomyin a multi-agentsystem,a blendof complementaryskills andabilitiesemergesthat increases
the system's overall robustnessandef®ciency.
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