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Abstract

Making robot techndogy accessibleto generalend-
userspromisesumerows benefitsfor all aspectof life.
However, it alsoposeanary challengedy requiringin-
creasinglyautonomais operationand the capability to
interactwith usersthat are generallynot skilled robot
operators. This paperpresentsan approzh to vari-
ableautonony thatintegratesusercommarnsatvarying
levels of abstractiorinto an autonomos reinforcemen
learningcompmentto permit fasterpolicy acquisition
andto modify robotbehaior basedon the preferences
of the user Usercommauns are usedhereastraining
input aswell asto modify the reward structureof the
learning comporent. Safety of the mechaism is en-
suredin the underlyingcontrol substrateaswell asby
aninterfacelayerthatsuppessesnconsistentisercom-
mands. To illustrate the applicability of the presented
approad, it is employedin a setof navigation experi-
mentson a mobileandawalking robotin the context of
theMavHomeproject.

Intr oduction

The applicationof robot techndogies in compl, semi-
structurel ervironmens andin the serviceof gereral end-
userspromisesmary benefits. In particdar, suchrobds

couldperfam repetitve andpotentiallydangeoustasksand
assistin opeationsthat are physically challerging for the
user However, maoving robot systemdrom factorysettings
into moregeneralenvironmentswherethey have to interad

with humansposedarge challergesfor their contiol system
andfor the interfaceto the humanuser The robot system
hasto beableto operatancreaingly autonanouslyin order
to addressthe complex environmentandhumarmachinen-

teractiors. Furthernore, it hasto do soin a safeandeffi-

cientmanrer withoutrequiing constantdetaileduserinput

which canleadto rapid userfatigue(Wettegreen Pangés,

& Bares1995.

In persmal robas this requrementis furtheramplifiedby
thefactthatthe useris gererally not a skilled engireerand
cantherebrenotbeexpededto beableor willing to provide
constaninstructimsat highlevelsof detail. For theuserin-
terfaceandthe integration of humaninput andautoromots
contrd systemthis implies that they have to facilitate the
incorporation of usercommandsat different levels of ab-
stractionandat differentbandvidth. This, in turn, requies

opeationatvaryinglevelsof autonany (Doraisetal. 1998;
Hexmoor, Lafary, & Trosen199) depenéhg on the user
feedbackavailable. An additiona challen@ arisesbecause
efficient task performing stratayies that confam with the
preferencef the userare often not availablea priori and
the systemhasto be ableto acquirethemondine while en-
suringthatautoromous opeationandusercomnandsdonot
leadto catastroptt failures.

In recentyearsanumker of researcherhave investigated
theissuesof learninganduserinterfaces(Clouse& Utgoff
192; Smart& Kaelbling 2000 Kawamui et al. 2001).
However, this work was condicted largely in the context
of mission-level interaction with the roba systemsusing
skilled opeators. In contrast, the appoachpresentedere
is aimedat the integration of potentiallyunreliabie userin-
structiorsinto anadaptve andflexible contrd framework in
ordertoadjustcontrd policieson-lineto morecloselyreflect
the preferenceandrequrementsof the particularenduser
To achievethis,usercommainsatdifferent levelsof abstrac-
tion areintegrated into an autonanouslearningcompaent
and their influenceis limited suchasto not prevent task
achiezement. As a result,theroba canseamlesslyswitch
betweerfully autoromousoperatian andthe integration of
highandlow level usercommands.

In the remainebr of this papey the userinterfaceandthe
appoachto variale autoromy is presented In particular
fully autoromots policy acquisitiontheintegration of high
level usercommandsin theform of subgals andthe useof
intermittent low level instructiors usingdirectteleoperation
areintrodwced.Finally, theiruseis demastratedn thecon-
text of a navigation taskwith a mobile anda walking robot
aspartof the MavHomeprgect.

Integrating User Input and Autonomous
Learning for Variable Autonomy

The apprach presentechereaddressesariale autoromy
by integrating userinput and autonanous control policies
in a Semi-Marlov DecisionProces{SMDP) modelthatis
built on a hybrid contrd architectue. Overall behaior is
derived from a setof reactve behaioral elementghat ad-
dresdocal pertubationsautoromotsly. Theseelementsre
endwed with formd characteastics that permitthe hybrid
systemgramework to beusedto imposea priori safetycon-



straintsthatlimit the overall belavior of the system (Huber
& Grupenl99; Ramadge& Wonham198). Thesecon-
straintsareenfacedduring autoromots opeationaswell as
during phaseswith extensie userinput. In the latter case,
they overwrite usercomnandsthatareincorsistentwith the
specifiedsafetylimitationsandcouldthusendagerthesys-
tem. The goal hereis to provide the robotwith the ability

to avoid dangeroussituationswhile facilitating flexible task
perfamance.

Ontop of this controlsubstratetaskspecificcontiol poli-
cies are represeted as solutiors to an SMDP, pernitting
new tasksto be specifiedby meansof a reward structure
rr thatprovidesnumeric feedtackaccordirg to the taskre-
quirenents. Theadwartagehereis thatspecifying intermit-
tent performarce feedlack is geneally muchsimplerthan
determiing a correspading contrd policy. Using this re-
ward structure,reinforcemen learning (Barto, Bradtke, &
Singh 1998; Kaelbling et al. 1996 is usedto permit the
roba to learnandoptimizeappopriatecontrd policiesfrom
its interactionwith the environment. Whenno userinputis
available,this formsacompletelyautonanousmoce of task
acquisitionandexeaution.

Userinput at various levels of abstractions integratedin
the sameSMDP mockl. Usercommaidstemporaily guide
the operatim of the overall systemandsene astrainingin-
put to the reinforcementiearningcompnent. Use of such
traininginput candramatically improve the speedof policy
acquisitionby focusirg thelearningsystenonrelevart parts
of thebehaioral spacgClouse& Utgoff 199). In addtion,
usercommands provide addtional information abou user
prefeencesandareusedhereto modfy thewayin whichthe
roba performsa task. This integration of usercomnands
with the help of reinforcementlearnirg facilitatesa seam-
lesstransitionbetweeruseroperdion andfully autoromots
modebasedon the availability of userinput. Furthemore,
it permitsusercomnandsto alter the perfamanceof au-
tononmous contrd stratgieswithout the needfor complete
specificatiorof a contrd policy by theuser Figurel shavs
ahighlevel overview of thecompmentsof thesystem.
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Figurel: Ovewiew of the Contrd System

In the work presentechere,usercommauds at a higher
level of abstractiorare presentedn the form of tempaary
subgalsin the SMDP mocel or by specifyingan actionto
execute. Thisinput is used aslongasit confamswith thea
priori safetyconstrants, to tempoarily drive the robd. At
thesametime, usercommaids areusedasteachingnptt to
thelearningcompamentto optimize the autoromots contiol
policy for thecurrenttask.Here,Q-learning(Watkins1989
is usedto estimatethe utility function, Q(s, a), by updatirg
its valuewhenactiona is executedrom states accodingto
theformula

Q(Sva) — Q(sva)+a(r+7 H}BXQ(SI7GI)_Q(870’)):

whele r is therewardobtained

Low-level usercommarsin theform of intermittentcon-
tinuousinputfrom devicessuchasajoystick areincludedin
the samefashioninto the learningcompnent, servirg as
tempaary guidarce andtraining information.

User Commandsas Reward Modifiers

Toaddresshepreferecesof theuserbeyondasingleexecu

tion of theactionandto permitusercommaulsto have long-

terminfluenceon therobot’'s perfaomanceof a task,theap-
proachpresentetiereusegheusercommandsto modfy the
task specificreward structureto more closelyresemke the
actiorsindicatedby theuser Thisis achieved by meansf a
separataiserreward fundion r,, thatrepesentshe history
of commauls provided by the user Userinput is capturel

by mears of abiasfunction bias(s, a) whichis updatedeach
time ausergives acommandto therobot accodingto

. bias(s,b) + (n—1) ifb=a
bias(s,b) « { bias(s,b) — 1 othewise

ru(s,a) = f(bias(s, a))

whele actiona in states is part of the usercommarl and
therearen possibleactiorsin states. Thetotal rewardused
by the Q-learring algoithm throughou roba opeation is
then

T=rT 4Ty

, leadingto a charge in the way a taskis perfamedeven
whenoperaing fully autoromously

Incorporating usercommauals into the reward structue
rathe thandirectly into the policy pernits the autonanous
systemto ignore actiors that have previously beenspeci-
fied by the userif they were contradctory, if their costis
prohibitively high, or if they prevent the achiezementof the
overall task objective specifiedby the taskreward function
rr. This is important particularly in persoml roba sys-
temswherethe useris often untraned and might not have
afull undestandingof the robot mechasm. For exampe,
a usercould specify a different, randan actionevery time
theroba entersa particlar situation. Under thesecircum
stancestheuserrewards introducedabose would cancelout
and no longerinfluerce the policy learned Similarly, the
usermight give a sequenc®f commails which, whenfol-
lowed form a loop andthusprevent the achiezementof the
taskobjective. To avoid this, the userreward fundion has



to belimited to ensurehatit doesnotleadto the formation
of spuriausloops. In the appoachpresentedere,the fol-
lowing formal lower andupperbourds for the userreward,
r4, appliedto actiona in states, have beenestablishednd
implemered?.

- r;leaﬁ(Q(sa CL) —rr < Ty < Q(S, a)(]- - ’7) -rr
Thesebownds ensurethat the additioral userreward struc-
turedoesnotcreateary loops,evenif explicitly commanded
by theuser As aresultthe systemis ensure to achieve the
overall taskobjective provided by thetaskreward,r r.

Experiments

To demorstratethe power and applicaility of the modé

of variableautonany introdwce here,a numter of experi-

mentsin simulationandon navigationtasksusinga mohle

roba anda walking robot have beenperformed The fol-

lowing sectionsshav someof the navigation experiments
anddemorstratethatthe appoachpreseted hereprovides
aneffective interfacebetweerroba andhuman aswell asa
valuable roba trainingmecharsm.

Navigation Task

The god of the roba navigation taskusedhereto deman-
stratethe integraion of usercommairls and autoromots
learningcompaentis to learnto optimdly navigatetheen-
vironmentandreacha specifictarget. The ervironmert it-
self consistsof a set, V, of via points on a collection of
mapsconsistingof a 50 x 50 grid of squarecells. Ac-
tions are specifiedas instancesof geometric motion con-
trollersthatpermittheroba to move safelybetweersubsets
of the via points. Theseactionsdirectly hande the contin-
uousgeometricspaceby computing collision{ree pathsto
the selectedvia poirt, if sucha pathexists. Targes repre-
sentedby via points are directly reachableby at leastone
contrdler. However, controlles areonly applicalke from a
limited number of states,makingit necessaryo construt
navigation strat@ies as a sequencef via points that lead
to the target location. Here, harmoiic path control (Con-
nolly & Grupen1993) a potentialfield pathplameris used
to generateontinwousrobottrajectoriesvhile ensuringhat
therobotdoes not collide with anobject. By abstractinghe
ervironmen into asetof via points,theagents capableof a
combinationof geonetricandtopolagical pathplanring. At
thelower level, eachharmanic cortroller geneatesvelocity
vectos that describethe pathgeonetrically. At the higher
level, the DEDS Supevisor producestopdogical plansin
theform of sequencesf via poirts.

High-Level User Commands

To illustratethe capabilitiesof highdevel usercommanisin
the form of subgals to acceleratdearningandto modfy
autoromousbehaior while avoiding unreliable usercom-
mand, two experimentswere periormedon the Pioneer2
mobilerobotshovn in Figure?2.

For details on the derivation of the bounds see (Papudesi
2002).

Figure2: PioneeRobot

Task Modification The first experiment is aimed at
demonstratinghecapabilityof theproposedapprachto use
sparseuserinput to modify thelearnel contiol policy in or-
derto morecloselyreflectthe prefeencesof the user For
this pumpose,a navigation taskwas learnedfirst andthena
singleusercommand in theform of anintermediate subgal
outsick the chosenpathwas specified. Figure 3 shavs the
effect of the singleusercommandon the learnedpolicy for
thenavigation task.
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Figure 3: Changen ControlPolicy dueto aUserCommaua

In this figure the crossindicatesthe task-specificgoal
andthe arrows showv the optimal policy befae the subgal
wasprovided by the user(left) andaftertheroba wastold
one to move behird the cubicle in the bottom left room
(right). Figure 4 shows the correspading changsin the
@-value and userreward fundions for the previously best
action(blackline) andthe new bestaction(grey line).

Thesegraghsillustratethe effect of the commaudl on the
rewardfunction for thetaskandasaresultonthevaluefunc-
tion and policy. Figure5 shaws the robot perfaming the
navigationtask.

Filtering of Inconsistent User Commands The second
experimentillustratesthe capability of the presentedap-
proachto ovemrite inconsistentisercommandsthatwould
invalidatethe overalltaskobjective. Here theuserexplicitly
commandsa loop betweentwo via points. Figure 6 shavs
the loop specifiedby the usercommanls and the learnel
loop-freepolicy thattheroba execuesafterlearning

While theroba will executetheloop aslong asthe user
explicitly commandsit, it revertsto a policy thatfulfills the
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Figure4: Chang in the Q-value Function(top) and User
Reward Function(bottan) dueto a UserCommand

Figure 5: PioneerRobotNavigating in the MavHome Lab

original taskobjective assoonasno further usercomnands
arereceved. Figure7 shavsthecorrespnding@-vaue and
userrewardfunctiors.

Thesegraphsshav how the userreward function first
modifiesthe behaior until it reachesheformal boundsim-
posedto preventloops. Oncethe boundsareenfored, the
@-values of the actionsre-estabsh the original orderand
theinitially bestactionis choseragain leadingthe robot to
returnto theinitial path.

Multi-Le vel User Input

A secondset of experimentswas perfomedusinga roba
dog,Astro, operatirg in the MavHomesmarthomeerviron-
mentat the University of Texasat Arlington. In theseex-
perimerts, high level subgoés aswell aslow-leve joystick
commadswereintegratedo demastratehecapaliities of
the preseted modelfor variableautonany. Figure8 shavs
Astro.
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Figure 6: User SpecifiedLoop (left) and ResultingLoop-
FreePolicy (right)
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Figure 7: Changein the Q-value Functian (top) and User
Reward Function(batom) dueto a UserSpecified_oop

Thegoalof theMavHomeprgectis to createa home that
actsasanintelligentagent perceving the stateof the home
through sensorsand acting upan the ervironmen through
device controlles (Dasetal. 2003. The agen selectsac-
tions that maximizecomfot of the inhabitars while mini-
mizingutility costs.TheMavHomearchitectueis hierarchi
cal,sooperdionsselectedy thehome agentmaybehandel
to alowerlevel agentto exectte.

Astro represent®ne of the low-level MavHome agents.
Initially, Astro will be trainedto perform repetitve tasks
suchasfetching smallitemsandcondicting sunsillance of
the howse. To accomfish ary of thesetasks,the first step
is to equipAstro with the functioralities of navigating and
locatirg himselfin thehouse.

In this navigationtask,usercommaials guide therobotat
multiple levels of abstraction First, userspedfied subgoals



Figure8: RobotDog Asto

areprovidedin theform of via-pdntsthatAstro shouldvisit
enrouteto thegoallocation

Seconduserinteractionguidesthe selectionof low-level
movementpatternsfor Astro to make. In a wheeledroba
implemenation of the navigation task, a harmaic pathis
calculatedfor the robot to circument corrersin the space
that could causecollisions. However, this motion is in-
efficient for the smaller and poteriially more agile, dog.
As a result, we provide three movementoptiors for As-
tro: straightline, harmorc motion or a two-se@mentpath
arourd cornes andobstacles.

A reinforcemen learningalgoithm is usedto selectthe
movementpatternthatis bestfor any pair of via points.Be-
tweenary two via points,the useris allowedto selecta di-
rectionfor therobot to follow or allow the algoiithm to se-
lect a motion consistentvith the learnedpolicy. If the user
selectsa directian, the dogmoves in the given directionfor
a fixed distance. The executedpathis conparedwith the
paththatwould be generged usingoneof the threeprede-
terminedmovement patterrs, andthe movementtypesare
givenreward basedon the differerce betweenplannedand
selectednovementpaths.

This algorithmis validatedusing Astro in a navigation
taskin the MavHomeervironmen. Here,Astrois success-
fully taughtthe bestmoving styleto follow from oneloca-
tion to anotter basedon joystick-catrolled directian from
theuseraswell asthevia pointsshavn in Figure9.

In this experiment, point via-005 in Figure9 is usedas
the goal. Initially, Astro chosevia-003 ashis first subgoal.
Theuserdiscourgesthatchoicebecausé would move too
closeto the wall. Astro thenselectsvia-005 asa subgoal.
Becauseéhereis awall betweerthe startandgoallocatiors,
this choicealsoultimatelyfails andAstro selectsvia-001 as
thenext choice

Although thesubgal choiceis viable,Astroselectsaahar
monicmotion to reachvia-00L. Theuserinterceds usinga
joystick to flattenthe path andthe movementpolicy is re-
finedbasednthisinteraction

After reaching point via-001, Astro begins to move
straighttoward point via-00b, which actually might cause
him to apprach the corng again The user manewers
the joystick to avoid this. After reachingvia-0@ using
a curved motion Astro wisely chosespoint via-004 asa
pass-thragh point andthenwalks straightto via-004 and
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Figure9: Map of the MavHome Lab with Via Points

then to the goal. When repeéing the sametask, Astro
improves his movemen efficiency basedon the hightlevel
andlow-leve feedtack from theuser Figure10 shawvs the
robot dog executing the learnednavigation strateyy in the
MavHomelah.

Conclusionsand Futur e Work

To enalbe persoml robot technolgiesto be usedby gen-
eralendusersit is impoitantthat opeationalsafetycanbe
assuredand that a userinterfaceis available that permits
unsklled usersto command the robot. The control and
interface appioach presentedn this paperattemptsto ad-
dresstheseissuesby meansof a formal contrd structue
andthrough the integration of various typesof usercom-
mards into an autoromots reinforcementlearnirg compo
nert which providestherobot with variablemodesof autor
omy. Here,usercomnmandsareusedto traintherobot andto
modfy taskperfamancesuchasto more closelymatchthe
preferencesof the user At the sametime, formal DEDS
mectanismsand bourds on the userreward function are
usedto preventinconsistenusercomnandsfrom interfe-
ing with the overall task. The experimentspresentd in this
papershav theeffectivenes®f thisapprachin thepresene
of high level commandsin the form of subgalsaswell as
low-level commaus provided by meanf a joystick.

In the future, the appioachwill befurtheraugmeted by
providing addtional modes of human/rotot interactionsuch
asimitation capabilities.The goal hereis a systemthat can
seamlesslpwitch betweerdifferent levels of autonany de-
perdingontheavailableuserinput while maintainirg opea-
tional safety Furthemore,additioral techniqueswill bein-
vestigaedthatpermituserinput to adjusttheinternalmodel
of therobots’ belaviors basedn expeiimentalfeedlack.
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Figure10: Astro Perfaming a LearnedNavigation Policy in the MavHome Lab

References

Barto,A. G.; Bradtke, S. J.;andSingh S.P. 1993 Learn-
ing to actusingreal-timedynamicprogrammirg. Technicé
Repot 93-@, University of Massachusett&ymherst,MA.

ClouseJ.,andUtgoff, P. 1992 A teachig methodfor re-
inforcementearnirg. In Internaticnal Confeerce on Ma-
chine Learning 92-10.. SanMateo, CA: Morgan Kauf-
mam.

Conrolly, C. 1., andGrupen, R. A. 1993 TheApplicatiors
of Harmorc Functians to Robotics. Journd of Robdics
Researh 10(7):931-946

Das, S. K.; Cook, D. J.; Bhattacharg, A.; Heierman,
E. O. lll; andLin, T. 20@. The Role of PredictionAl-

goilithms in the MavHome SmartHome Architectue. to
appearin IEEE PersonalCommuitations

Doras, G.; Bonasso,R. P; Kortenkamp, D.; Pell, B;
and Schrecknghst, D. 1998. Adjustableautonany for
human-cetered autonanous systemson mars. In Mars
Sogety Confeence

Hexmoor, H.; Lafary, M.; andTrosenM. 199. Adjusting
autmomy by introspection. TechnicalReportSS-99-6,
AAAL

Huber, M., andGrupen,R. A. 199. A hybrid architec-
turefor learningrobot contrd tasks.In AAAI 199 Spring
Sympsium: Hybrid Systemsind Al - Modeling Analysis
and Control of Discrete+ Continwous Systems Stanfad
University, CA: AAAL

Kaelbling, L. P; Littman, M. L.; ; andMoore,A. W. 19%.
Reinfacementlearning: A suney. Journd of Artificial
IntelligenceResearh 4.

Kawamua, K.; Peters,R. A. II; JohnsonC.; Nilas, P; ;
and ThorgchaiS. 2001 Supenrisory Control of Mobile
Robds using SensoryEgasphere. In IEEE Internatianal
Sympsiumon Computatimal Intelligercein Robdics and
Automdion 531-537. Banff, Alberta,Canada.

Papucesi,V. N.. 2002 Integrating Advicewith Reinface-
mentLearning M.S. ThesisUniversity of Texasat Arling-
ton, Arlington, TX.

RamadgeP. J.,andWonhamW. M. 1989 Thecontrd of
discreteavent systemsProceedigsof thelEEE 77(1):81-
97.

Smart,W. D., andKaelblingL. 200 PracticalReinfore-
mentLearring in Continuaus Spaces. In Proceeding of
thelnternational Confeenceon MachineLearning
Watkins, C. J. C. H. 198. Learningfrom DelayedRe-
wards Ph.D. Dissertation,Cambridye University, Cam-
bridge, Endand.

WettegreenD.; PangelsH.; andBares,J. 1995 Behavior-
basedgait execution for the Dantell walking roba. In
Proc.IROS 274-279. Pittsturgh, PA: IEEE.



