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ABSTRACT
Amonghumans,teachingvarioustasksis acomplex processwhich
relieson multiple meansfor interactionandlearning,both on the
partof theteacherandof thelearner. Usedtogether, thesemodali-
tiesleadtoeffectiveteachingandlearningapproaches,respectively.
In the roboticsdomain,task teachinghasbeenmostly addressed
by using only one or very few of theseinteractions. In this pa-
per we presentan approachfor teachingrobotsthat relieson the
key featuresand the generalapproachpeopleusewhen teaching
eachother: �rst give a demonstration,then allow the learnerto
re�ne the acquiredcapabilitiesby practicingunderthe teacher's
supervision,involving a smallnumberof trials. Dependingon the
quality of the learnedtask, the teachermay eitherdemonstrateit
againor providespeci�c feedbackduringthelearner'spracticetrial
for further re�nement. Also, aspeopledo duringdemonstrations,
the teachercanprovide simple instructionsand informative cues,
increasingthe performanceof learning. Thus,instructivedemon-
strations, generalizationovermultipledemonstrationsandpractice
trials areessentialfeaturesfor a successfulhuman-robotteaching
approach.Weimplementedasystemthatenablesall thesecapabil-
itiesandvalidatedtheseconceptswith aPioneer2DX mobilerobot
learningtasksfrom multipledemonstrationsandteacherfeedback.

1. INTRODUCTION
Robotsthatcansuccessfullyandef�ciently interactwith humans

requireadaptationandlearningcapabilitiesfor mostnon-trivial in-
teractions.This enablesrobotsnotonly to adaptandimprove their
performance,but also to be more accessibleto a larger rangeof
users,from thelay to theskilled.

Designingcontrollersfor robotic tasksis usuallydoneby peo-
ple specializedin programmingrobots.Evenfor them,mostoften
this is a complicatedprocess,and it essentiallyrequirescreating
by handa new anddifferentcontrollerfor eachparticulartask. If
robotsareto beeffective in human-robotdomains,evenuserswith-
out programmingskills shouldbe able to interactwith themand
“re-program”them.

Thus,automatingtherobotcontroller designprocessbecomesof
particularinterest.A naturalapproachto thisproblem,andonethat
hasmostwidely beenused,is teachingbydemonstration, but other
methodshave beendevelopedaswell. Gestures[17], naturallan-
guage[11], andanimal“clicker training” [9] arealsonaturaltech-
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niquesthathave beensuccessfullyappliedfor teachingrobotsvar-
ious tasks.However, themajority of robot teachingapproachesto
datehasbeenfocusedonlearningpolicies[6, 16],or temporallyex-
tendedsensory-motorskills [3]. Techniquesfor learningcomplex
taskstructureshave alsobeenpresented[10], but they arehighly
sensitive to thestructureof theenvironmentandof thedemonstra-
tion, anddo not allow for furtherimprovementor adaptationif the
taskis not learnedcorrectlyin the�rst trial.

Ourgoalis to developa�e xiblemechanismthatallowsarobotto
learnandre�ne representationsof highlevel tasks, frominteraction
with a humanteacher, basedon a set of underlyingcapabilities
(behaviors) alreadyavailableto therobot.

Sincepeopleareverygoodat learningfrom ateacher's training,
we are interestedin the key featuresthat make this processef�-
cient,andseekto developasimilar robotteachingstrategy. Human
teachersrely on concurrentuseof multiple instructive modalities,
including primarily demonstration,verbal instruction,attentional
cues,or gestures.On the part of the learner, the processis also
morecomplex thana one-shotteachingexperience.“Students”are
typically given onedemonstrationof the task and then they per-
form a setof practicetrials underthesupervisionof theteacher, in
orderto show what waslearned.If needed,during theserunsthe
teacherprovides feedback cuesto indicatecorrections(irrelevant
actionsor missingpartsof thetask).Alternatively, theteachermay
alsoprovide additionaldemonstrationsthat the learnercould use
for generalization. Most of theseaspectsaregenerallyoverlooked
in the majority of robot teachingapproaches,which focusmostly
on only oneor very few of theseinstructive andlearningmodali-
ties. We believe that consideringtheseissuesmakessigni�cantly
easierandimprovesthelearningprocessby conveying moreinfor-
mationaboutthe task,while in thesametime allowing for a very
�e xible robotteachingapproach.

Figure1: Learning and re�ning tasksthr oughdemonstrations,
generalizationand teacherfeedback

We proposea methodfor learningrepresentationsof high level
tasks,similar to theonepeopleusewhenteachingeachother. Our
overallstrategy for learningandre�ning taskrepresentationsis pre-
sentedin Figure1. The�e xibility of thisstrategy consistsin allow-
ing theteacherto choosethemethodsconsideredmostappropriate
at any given time: aftera �rst demonstration,eitherprovide addi-
tional trainingexamplesor give feedbackonwhathasbeenlearned



during a practicetrial. Our experimentsshow that similar effects
can be achieved by following different teachingapproaches(i.e.
variouscombinationsof demonstrationsand feedback),allowing
theteacherto adapthis teachingtechniquesto eachparticularcase.

In thefollowing sectionswe describethespeci�csof our teach-
ing process,followedby themethodsfor re�ning learnedtaskrep-
resentationsthroughgeneralizationandfeedback.Next, wepresent
the robotexperiments,anddiscussionsof theobtainedresultsand
of relatedwork. We end with conclusionson the presentedap-
proach.

2. TEACHING PROCESS: EXPERIENCED
DEMONSTRATION AND INSTRUCTION

For our work, we assumethat the robot is equippedwith a set
of skills, in the form of behaviors [1], andwe focuson a strategy
thatwould helpa robot build a high-level taskrepresentationof a
morecomplex, sequentiallystructuredtask,built from theexisting
behavior set. We do not attemptto reproduceexact trajectoriesor
actionsof theteacher, but ratherlearnthetaskin termsof its high-
level goals.

Themostcommonapproachfor robotteachingis throughtheuse
of demonstrations,thesamestrategy wearealsogoingto useasthe
mainmodality for instruction.Two differentmethodsfor learning
from demonstrationexist: learning by observation, in which the
learnerpassively observestheteacherperformingatask,andlearn-
ing by experience, in which therobotperformsthetaskalongwith
theteacherduringthedemonstration.

In our particularapproachto learning,we uselearningby expe-
rienceddemonstrations. This implies that the robot actively par-
ticipatesin thedemonstrationprovidedby theteacher, andexperi-
encingthe taskthroughits own sensors.This is anessentialchar-
acteristicof our approach,andis whatprovidestherobot thedata
necessaryfor learning.In themobilerobotdomainthedemonstra-
tions are achieved by following and interactingwith the teacher.
We assumethat the teacherknows what skills the robot has,and
alsoby whatmeans(sensors)they canbedetected.Theability to
learn from the observationsgatheredduring the demonstrationis
basedontherobot'sability to relatetheobservedstatesof theenvi-
ronmentto theknown effectsof its own skills (seeSection3). The
advantageof putting therobotthroughthetaskduringthedemon-
stration is that the robot is able to adjust its behaviors (through
their parameters)using the informationgatheredthroughits own
sensors.In additionto experiencingparametervaluesdirectly, ex-
ecuting the task during the demonstrationprovides observations
thatcontaintemporalinformationfor properbehavior sequencing,
which wouldbetediousto designby handfor taskswith long tem-
poralsequences.

Irrespective of thedemonstrationstrategy beingused,animpor-
tantchallengefor theselearningmethodsis to distinguishbetween
therelevantandirrelevantinformationbeingperceived.Puttingthe
entireresponsibilityon the learnerto decidebetweenrelevantand
irrelevant observations,suchaswhenlearningsolely by observa-
tion, increasesthe complexity of the problemand leadsto more
complicated,sometimesineffective solutions. During demonstra-
tionshumansalmostalwaysmakeuseof additionalsimplecuesand
instructionsthatfacilitatethelearningprocessandbiasthelearner's
attentionto theimportantaspectsof thedemonstration(e.g.“watch
this” , “lift that” , etc.). Although simple,thesecueshave a large
impacton therobot's learningperformance:by relatingthemwith
thestateof theenvironmentat themomentwhenthey arereceived,
thelearneris providedwith informationthatmayotherwisebeim-
possibleor extremelyhardto obtainonly from theobserved data.

For example,while teachingarobotto goandpick up themail, the
robotcandetectnumerousotheraspectsalongits path(e.g.,pass-
ing by achair, meetinganotherrobot,etc.).Theseobservationsare
irrelevant for getting the mail, and simple cuesfrom the teacher
couldeasilyindicatethat.

Therefore,in order for a robot to learn a task effectively, the
teacheralsoneedsto provide it with additionalinformationbeyond
the perceived demonstrationexperience.To achieve this, we add
verbal instructionto theexisting demonstrationcapabilitiesof our
system.With this, the teachercanprovide the following typesof
information:

� “HERE” - indicatesmomentsin time during the demonstra-
tion when the environmentpresentsaspectsthat are relevant for
thetask.Theseindicationsaregeneral(simplehintsmeaning“pay
attentionnow”) andby no meansspellout for therobot therepre-
sentationof the presentedtask. While suchindicationsallow the
robot to distinguishsomeof the irrelevantobservations,they may
still not help it to perfectlylearnthe task. For this, generalization
techniques(Section4) andfeedback-practiceruns(Section5) will
beapplied.

� “TAKE”, “DROP” - instructionsthat inducethe robot into
performingcertainactionsduring the demonstration(in this case
Pick Up and Drop small objects),actionsthat would be other-
wiseimpossibleto triggerin a teacher-following-only learningap-
proach. In our case,we instruct the robot to openand closeits
gripper, whenthe task to be learnedinvolvesmoving certainob-
jectsaround.

� “START”, “DONE” - instructionsthat signal the beginning
andtheendof a demonstration,respectively.

Thenext sectionpresentsthealgorithmfor learningtaskrepre-
sentations,basedon the observationsandcuesgatheredduring a
singledemonstration.

3. LEARNING TASK REPRESENTATIONS
The ability of the robot to learn from experienceddemonstra-

tions is enabledby theparticularstructureof our controlarchitec-
ture. We useanextensionof thestandardBehavior-BasedSystem
we developed,which providesa simpleandnaturalway of repre-
sentingcomplex tasksandsequencesof behaviors in the form of
networksof abstract behaviors (Figure2). In a behavior network,
the links betweenbehaviors representprecondition-postcondition
dependencies,which can have threedifferent types: permanent,
enablingandordering. Thustheactivationof a behavior is depen-
dent not only on its own preconditions(particularenvironmental
states)but alsoon the postconditionsof its relevant predecessors
(sequentialpreconditions). Moredetailsonthisarchitecturecanbe
foundin [14].

Figure2: Exampleof a behavior network

Within this architecture,behaviors arebuild from two compo-
nents: onerelatedto perception(Abstract behavior), the otherto
action (Primitive behavior). The abstract behavioris an explicit
speci�cationof thebehavior's activationconditions(i.e.,precondi-
tions),andits effects(i.e., postconditions).Thebehaviors thatdo
the work that achieves the speci�ed effectsunderthe given con-
ditionsarecalledprimitive behaviors. An abstract behaviortakes
sensoryinformation from the environmentand,when its precon-



ditionsaremet,activatesthecorrespondingprimitive behavior(s),
which achieve theeffectsspeci�ed in its postconditions.

The abstract behaviors embedrepresentationsof a behavior's
goalsin theform of abstractedenvironmentalstates.This is a key
featureof our architecture,anda critical aspectfor learningfrom
experience.In order to learn a taskthe robothasto createa link
betweenperception(observations)and the robot's behaviors that
wouldachievethesameobservedeffects.

During the demonstration,while the robot follows the human
teacher, all its available behaviors continuouslymonitor the sta-
tusof their postconditions(withoutexecutingany of their actions).
Whenever the observationsmatcha primitive's goals,this repre-
sentsanexampleof therobothaving seensomethingit is alsoable
to do,andthecorrespondingabstract behaviors �res, allowing the
robot to identify during its experiencethe behaviors thatarerele-
vant for the taskbeinglearned.The feedbackcuesreceived from
theteacherareusedin conjunctionwith theseobservations,to elim-
inateany irrelevantobservations.

The generalideaof the algorithmis to addto the network task
representationan instanceof all behaviors whosepostconditions
have beendetectedas true during the demonstration,and during
which therehave beenrelevancesignalsfrom the teacher, in the
orderof their occurrence(on-line stage).At theendof the teach-
ing experience,the intervals of time when the effects of eachof
the behaviors have beentrue are known, and are usedto deter-
mine if theseeffectshave beenactive in overlappingintervals or
in sequence.Basedon theabove information,thealgorithmgener-
atesproperdependency links betweenbehaviors (i.e., permanent,
enablingor ordering) (off-line stage).This one-shotlearningpro-
cessis describedin more detailedin [13]. The only differences
to the work presentedherearethat in that caseteachingwasper-
formedwithout any cuesandverbal instructionfrom the teacher,
andthe experimentswereperformedin “clean” environments,so
that all robot's observationswould be consideredrelevant for the
task. Also, the constructionof the taskrepresentationswasdone
off-line.

The next sectiondescribesour approachfor generalizingover
several taskrepresentationslearnedwith the methoddescribedso
far.

4. GENERALIZA TION FROM MULTIPLE
DEMONSTRATIONS

Anothercapabilitythatallows humansto learneffectively is the
ability to generalizeover multiple given demonstrations.For a
teachingby demonstrationapproachto be ef�cient, it is essential
thattherobotlearnfrom asfew demonstrationsaspossible.A robot
housekeeperis of little useif theownermustshow it hundredsof
timeshow to bring in themail. Therefore,statisticallearningtech-
niques,which rely on a largenumberof trainingexamples,arenot
appropriatefor ourdesiredapproach.

Giventhedirectedacyclic graph(DAG)-like structureof thebe-
havior network representationof the robot tasks,we considerthe
topological representationof sucha network to bea linked list of
behaviors, obtainedby applyinga topological sort on the behav-
ior network graph.By usingthe topologicalform of thenetworks
as training examplesfor our domain,the problemof generaliza-
tion from multipledemonstrationsis equivalentto inferringaregu-
lar expression(FiniteStateAutomaton(FSA) representation)from
a setof given samplewords (Figure3(a)). In this analogy, each
symbolin a givenword correspondsto a behavior in a topological
representation.

Unfortunately, applyingstandardmethodsfor regularexpression

inference,suchastheK-TSI InferenceAlgorithm [5], or Morphic
GeneratorGrammaticalInference(MGGI) [15], to this generaliza-
tion problemyieldsresultsthataretoocomplex (in termsof theob-
tainedFSA representations)even for very simpleexamples.This
is dueto thefactthatthesemethodsassumethatall thetrainingex-
amplesarecorrectandthey try to �t themaswell aspossible.For
our robotdomain,in which the inaccuraciesin the trainingexam-
plesareexactly the problemwe needto solve, thesemethodsare
thereforenot well suited.

In robotics, existing methodsfor generalizationfrom demon-
stratedexamplesarelargely basedon functionapproximation[8].
Sinceour tasksareencodedin graph-like representations,we need
a differentmethodfor generalizingacrossthem.

4.1 Computing the commonsequence
Thereasonweareinterestingin giving arobottheability to gen-

eralizeovermultipleteachingexperiencesis thatits limited sensing
capabilities,thequality of theteacher's demonstration,andpartic-
ularitiesof the environmentgenerallyprevent the robot from cor-
rectly learninga taskfrom only onetrial. Thetwo main inaccura-
ciesthatoccurin thelearningprocessarelearningirrelevantsteps
(falsepositives)andomissionof stepsthat are relevant (falseneg-
atives).

Our approachfor generalizationis to build a taskrepresentation
thatencodesthespeci�cs of eachinput example,but mostimpor-
tantly that pointsout the partsthat arecommonto eachof them.
As a measureof similarity we considerthelongestlist of common
nodesbetweenthe topological forms of the sampletasks. Based
on this informationwe furtherconstructa generalizedtopology in
which nodesthatarecommonto both taskswill bemerged,while
theotherswill appearasalternatepathsin thegraph.For example,
for theexamplespresentedin Figure3(a),behaviors

�

, � and �

constitutethe longestsubsequenceof commonnodes.The repre-
sentationresultedafter “merging” the initial graphsat their com-
monnodesis shown in Figure3(c).

(a) (b) (c)
Figure 3: Generalization acrossmultiple demonstrations. (a)
Training examples; (b) Longest common sequencetable; (c)
Generalizedtopology

In order to �nd the similarity betweenthe two inputs we rely
on a standarddynamicprogrammingapproachfor computingthe
longestcommonsubsequence(LCS)[2] betweentwo sequencesof
symbols.If � = �����
	��
��	�������	������ and � = �����
	�����	�������	�� �!�

aretwo sequencesof symbols,andthepre�x of a sequenceis de-
�ned as �#" = �$���
	��
��	�������	���"%� , thealgorithmcomputesa longest
commonsubsequencetable(Figure3(b)) thatencodesin eachele-
ment &('
)(* +�	-,�. : i) thelengthof thelongestcommonsubsequenceof
the sequences�#" and ��/ , andii) a pointerto the tableentry cor-
respondingto theoptimalsubproblemsolutionchosenwhencom-
puting &�'
)-* +�	0,�. . Theright bottomelementof thetablecontainsthe
lengthof theLCS for theentiresequences� and � . Therunning
timeof thealgorithmis 1#2436587 , with 3 and 5 beingthelengthsof
thetwo sequences� and � , typically smallfor ourdomain.



We obtain the generalizedtopology by traversingthe LCS ta-
blestartingin theright bottomcornerandfollowing thearrows: an
“ � ” arrow indicatesnodesthatarecommonto bothtrainingexam-
plesandthataremerged,while “ � ” and“ � ” arrows indicatenodes
thatbelongto only onesequence.Theselatter casesareaddedas
alternatepathsof execution(Figure3(c)).

(a) (b)
Figure 4: Incorporating new demonstrations: (a) Ef�cient
computation of a generalizedtopology; (b) Behavior precon-
ditions in a topological representation

The generalizationprocessis incremental,meaningthat each
newly acquiredexperienceis incorporated into the existing topo-
logical taskrepresentation.If this topologyis alreadytheresultof
a previous generalization,andhasthe form of a DAG with alter-
natepathsof execution(Figure3(c)), in a simplisticapproach,in-
corporatinga new demonstrationinto theexisting structurewould
amountto running the samealgorithm describedabove between
the new exampleandall the possiblepathsof thatgraph. Sincea
LCS tableencodesthecommonsubsequencesfor all possiblesub-
problems( ����� 24�#"�	���/�7 , with +	��*�
 	�3 . and ,���*

�	�5 . ), we can
ef�ciently apply this algorithm without having to computea dif-
ferent table for eachpath of the graph. For this, we constructa
structurethat containsthe LCS table in the form of a linked list
of rows computedas the onesabove. Within this structure,each
nodehasassociatedarow for eachdifferentpossiblepathfrom the
root(s)to thatnode(Figure4(a)). Eachof theserows pointsto the
row associatedto the parentnodeon the correspondingpath. As
a result,eachpathin thegraphhasassociateda linked list of rows
that encodesthe measureof similarity betweenthat pathand the
new givenexample.To computethegeneralizedtopologyfrom this
structure,wetraversethelist thatembedsthelongestof thepossible
subsequences,similarly with traversingtheLCS tableabove. This
processis ef�cient in termsof bothcomputationaltime andspace,
asdifferentpaths“share”thepartsof thetablethatarecommonto
eachother. For our example,theobtainedgeneralizedtopologyis
not changedby incorporatingthe new example,asshown in Fig-
ure4(b).

The generalizationbetweenmultiple learnedtasks(encodedas
behavior networks) is performedat the level of their topological
representationsandprovidesa generalizedtopology. Theunderly-
ing temporaldependenciesbetweenbehaviors which areencoded
in the behavior networks have to be further usedto constructthe
generalized behaviornetworkassociatedwith it, as describedin
thenext section.

4.2 Updating the network dependencies
In orderto ensureproperbehavior sequencingwe needto trans-

fer thetemporaldependenciesbetweenbehaviorsto thegeneralized
behavior network.

For any behaviors
�

and � belongingto thegeneralizedtopol-
ogy, we computethedependenciesbetweenthemasfollows:

� if
�

and � do not belongto theLCS, but arebothpartof the
sametask,takethedependency they hadbetweenthemin thattask,

� if both
�

and � arepartof theLCS, (i.e., therearedependen-
cies betweenthemin both tasks),take the value that is the least
restrictive asshown in Figure5,

� if
�

and � areeachpartof a differentunderlyingtask,andif
�

is a predecessorof � in the topologicalrepresentation,addan
ordering constraintfrom

�

to � .

Figure5: Updating temporal dependenciesbetweenbehaviors

4.3 Computing behavior preconditionsin
generalizedtopologies

In asimplebehavior network (whosetopologyisonly asequence
of behaviors andnota DAG), thetask-dependentpreconditionsfor
a givenbehavior (theonesthatdependon theexecutionof its pre-
decessors)have theform of a conjunctionbetweenthestatusof all
its predecessorbehaviors.

In ageneralizedtopology, sincemultiplealternatepathscanexist
to aparticularbehavior, thepreconditionsareencodedascombina-
tionsof conjunctionsanddisjunctionsof thedifferentpaths.Thus,
computingthe preconditionsfor eachbehavior becomesequiva-
lent to computingtheregularexpressionfrom aFSArepresentation
(Figure4(b)).

For example,evaluatingthepreconditionsfor behavior � means
checkingthateitherthegoalsof

�

and � and � or thoseof just
�

and � areor havebeentruein accordancewith thetypesof depen-
denciesbetweenthemandbehavior � , asgivenby thegeneralized
behavior network computedabove.

To summarize,thegeneralizationprocessbetweentwo behavior
networksis performedat the level of their topological representa-
tions,resultingin a generalizedtopological structure. Thetempo-
ral dependenciesbetweenbehaviors in thegeneralizedtaskrepre-
sentation,whichareencodedin acorrespondingbehaviornetwork,
arecomputedfrom theinformationcontainedin theunderlyingbe-
havior networksinvolvedin thegeneralization.

5. PRACTICE AND TEACHER FEEDBACK
Generalizationover several trainingexampleshelpsin identify-

ing thestepsthatwereobservedmostoftenandthatmostprobably
area partof thetask.However, repeatedobservationsof irrelevant
stepsmay inadvertentlybiasthe learnertoward including themin
the representation.Also, limitations in the sensingcapabilitiesof
robotsandparticularstructuresin theenvironmentmaypreventthe
robotfrom observingstepsthatarerelevant.

Thepracticetrials allow theteacherto observe theexecutionof
therobotandto pointmoreaccuratelyto whereproblemsoccurred.
Thefollowing feedbackcuescanbegiven,with theassociatedef-
fects:

� “BAD” - indicatesthat thebehavior thattherobot is currently
executing,or the one that hasjust been�nished (assuminga re-
sponsetime of 10sec)is irrelevant for the task. This behavior is
thenlabeledasirrelevantandis removedfrom thetaskrepresenta-
tion (Figure6(a)).

� “COME” � “GO” - the robot hasmissedrelevant stepsof
the taskduring its previous learningexperiences.At a “COME”
commandthe robot entersinto the learningmodepreviously de-
scribed,andstartsfollowing the teacherwho demonstratesagain



the missingpart of the task. Whenthesepartshave beendemon-
strated,the teacherendstheshortdemonstrationwith “GO”, after
which therobotcontinuesexecutingtheremainingpartof thetask.
The newly learnedstepsare incorporatedinto the task represen-
tation aspresentedin Figure6(b). The arrow next to behavior �

meansthat the “NEW” messagewasreceived while the behavior
wasactive, or shortlyafter thebehavior �nished its execution.By
interveningwith feedbackat this particulartime, the teacherim-
plies that the stepsto be addedshouldhave happenedbefore � 's
execution,asrepresentedin the �nal taskstructure.This assump-
tion is natural,sincetheteachercouldnot detecttheproblemuntil
after it occurred.Alternatively, if therobot's actionscarryenough
intentionalinformationto show thattherobotis goingto do some-
thingwrong,theteachercanalsogivefeedbackbeforeallowing the
robotto completethecurrentstep.

(a) “BAD” feedback (b) “COME”, “GO” feedback
Figure6: Using feedbackfor task re�nement

Both typesof instructionscanbeappliedat any time duringthe
practicerunsandandfor asmany timesastheteacherconsidersit
needed.Thiswill beshown by ourexperimentalresultsonlearning
from practiceandteacherfeedback(Section6.2).

6. EXPERIMENT AL RESULTS
WeimplementedandtestedourconceptsonaPioneer2-DX mo-

bile robot,equippedwith two ringsof sonars(8 front and8 rear),
a SICK laserrange-�nder, a pan-tilt-zoomcolor camera,a gripper,
andon-boardcomputationonaPC104stack.Weperformedtheex-
perimentsin a 5.4mx 6.6marena.Therobotwasprogrammedus-
ing AYLLU [19], anextensionof C for developmentof distributed
control systemsfor mobile robots. For the voice commandsand
feedbackwe usedan off-the-shelfLogitechcordlessheadset,and
theIBM ViaVoicesoftwarerecognitionengine.

The robot hasa behavior set that allows it to track cylindrical
coloredtargets,to pick up,anddropsmallcoloredobjects:

� PickUp(ColorOfObject) - therobotpicksup anobjectof the
color ColorOfObject. The goal stateis achieved when the robot
sensesandhastheobjectin theclosedgripper.

� Drop - the robotdropswhat it hasbetweenthegrippers.The
goalstateis achievedwhenthereis nothingbreakingtheIR beams
of thegripper.

� Track(ColorOfTarget,GoalAngle,GoalDistance)- therobot
tracksa cylindrical target of the color ColorOfTarget. The goal
stateis achievedwhentherobotgetsatGoalDistanceandGoalAn-
gle to the target. The robot hasthe ability to track suchtargets
within a [0, 180] degrees�eld of view, by combiningtheinforma-
tion from the cameraandthe laserrange�nder. This enablesthe
robotto tracktargetsaroundit with thelaser, evenafterthey disap-
pearfrom its visual�eld.

Weperformedtwo setsof robotteachingexperimentsto validate
the key featuresof our proposedapproach.First, we show how a
robot can learnan object transporttask throughmultiple demon-
strationsof thesametask,in differentenvironments,followedby a

practicerun during which the teachergave very simplefeedback.
Second,wedemonstratehow asimilartransporttaskcanbelearned
in only two steps:aninitial demonstrationandasinglepracticerun,
which in this caseinvolvesmorecomplex teacherfeedback.Sec-
tion 6.1presentstheresultsobtainedafterthegeneralizationsteps,
andSection6.2discussesthetwo differentcasesof taskre�nement
throughpracticeandfeedback.Videosof all theexperimentspre-
sentedin thepaperareavailableon thewebat:
http://r obotics.usc.edu/� monica/Research/generalization.html

6.1 Learning by generalization fr om several
examples

Wedemonstratethegeneralizationabilitiesof therobotby teach-
ing it anobjecttransporttaskin threeconsecutive demonstrations,
performedin different environmentalsetups(Figure7), and pur-
poselydesignedto containincorrectstepsandinconsistencies.The
next sectionshows how alreadylearned/generalizedtaskscanbe
furtherre�ned throughpracticeandfeedback. As discussedabove,
giving “HERE” cuesduringthedemonstrations,doesnot helpthe
robot in perfectlydetectingthe relevantpartsof the task. In these
threetrainingexperiments,solelyfor thepurposeof demonstrating
thegeneralizationtechnique,we includeall of therobot's observa-
tionsinto thelearnedtaskrepresentations,to simulatethattherobot
was not able to discernthe relevant aspectsdespitethe teacher's
instructions.The importanceof suchmessages,however, will be
shown in thepractice-feedback experiments.

(a)Firstdemonstra-
tion

(b) Seconddemon-
stration

(c) Third demon-
stration

Figure 7: Structur e of the envir onment and courseof demon-
stration

Theenvironmentconsistsof asetof cylindrical targets,in colors
thattherobotis ableto perceive. Theteacherleadstherobotaround
thesetargets,while alsoinstructingit whenit hasto pick upor drop
asmallorangebox. Thetaskto belearnedis asfollows: gotoeither
the Green(G) or the Light Green(LG) targets,thenpick up an
Orange (O) box, go betweentheYellow (Y) andRed (R) targets,
go to thePink (P) target,drop thebox there,thengo to theLight
Orange (LO) targetandcomebackto thetargetLight Green.

Thesketchedcoursesof thethreedemonstrationsshow thatnone
of themcorrespondsexactly to the target task. Besidescontaining
unnecessarysteps(suchasa �nal visit to aGreentargetin the�rst
trial), thesetraining runsalsocontaininconsistencies,suchasthe
visits to theLight Orangetargetwhichhappenedatvariousstages
during the demonstrations.Figure8 presentsthe taskrepresenta-
tionsobtainedaftereach“learning � generalization”process.For
all theseexperiments,in order to validate the correctnessof the
learned/generalizedrepresentations,aftereachteachingexperience
we hadthe robot executethemin thesameenvironmentin which
they hadbeendemonstrated.In all casesthe robot performedthe
taskcorrectlyfor theparticularstageof thegeneralizationprocess.

Eachnew demonstrationiscomparedwith theexistingtaskstruc-
ture,while computingtheir similarity in the form of their longest
commonsequence.Commonnodesarethenmerged,while theoth-
ersappearasalternateexecutionpaths.Dueto thegeneralization,
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Figure8: Evolution of the task representationover thr eesuccessive demonstrations

thefollowing typesof alternative pathscanbeobtained:

� bothpathscontainactualbehavior(s). For example,Figure8(c)
encodesthefactthatbothgoingto theGreenor to theLight Green
targetsis acceptablefor thetask.For suchalternatepaths,therobot
will chooseopportunisticallybetweenthem,asinducedby thestate
of theenvironment(e.g.,go to thetargetseen�rst).

� onepath is a direct link to the endof the otheralternatese-
quence. In Figure8(c), thereis a direct link from MT5(Red,...)
to MT7(Pink,...) , bypassingthebehavior MT6(LOrange,...). For
suchpaths,therobotwill automaticallychosethedirectpath,short-
cutting the alternatesequence.Theseunattainablepathscould be
removed from thegraph,but we arekeepingthemfor informative
purposes.Also, we canenvision extensionsin which teacherfeed-
backcouldeliminatesuchdirectlinks (“marking” aswrongcertain
transitionsfrom onestepto another).

The generalizationmethodhasthe advantagethat it compactly
encodes(in the form of an acyclic graph)the actual“rules” that
canbe drawn from the multiple demonstrations.The generalized
taskcapturesthemainstructureof thetaskwhile at thesametime
dealingwith theirrelevantandinconsistentpartsof thedemonstra-
tions: bothof thesesituationsarecapturedasbecominga partof a
bypassedalternatepathswhich will never beexecuted.While it is
goodthat the irrelevant actionsarethuspruned,the stepsdemon-
stratedinconsistentlybut which arestill necessarywill have to be

includedby differentmeans.Theseresultsareto beexpected:gen-
eralization alone, when provided with inconsistentexamples,is
not enoughfor learninga correctrepresentation.Thenext section
shows how practiceandteacher feedback canbeusedfor solving
this problem.

6.2 Learning fr om practice and teacherfeed­
back

In ordertodemonstratetherobustnessof ourarchitecturetochang-
ing environmentsandtheadvantagesof learninghigh-level repre-
sentationsof tasks,we hadthe robot executethe last generalized
network (Figure 8(c)) in a different environmentthan any of the
threepresentedbefore(Figure9(a)).

The robot correctlyexecutedthat taskin the new setup. How-
ever, as mentionedbefore,the generalizednetwork doesnot yet
representthetarget taskdesiredby theuser. Themissingpart is a
visit to the Light Orange target,which shouldhappenright after
droppingtheboxandbeforegoingto theLight Greentarget.Since
the generalizationprocessalreadybuilt the remainingof the task
structure,simplefeedbackduringarobotpracticerunis enoughfor
re�ning it to thedesiredstructure.We performedthepracticerun
in thenewly changedenvironment: Figure9(b) shows the robot's
sketchedtrajectoryand(dotted)the teacher's intervention. After
droppingthe box at the destinationPink target, the robot started
servoing toward theLight Greentarget. Observingthis tendency,



the teacherintervened(“COME” ): the robotswitchedto learning
mode,andfollowedtheteacherwholeadit to themissedLight Or-
angetarget. Theuseof theinformative feedbackcues(“HERE” )
duringthis learningstagewasessential,astherobotalsopassedby
anddetectedothertargets(Pink andYellow) while following the
teacher, andwhich thushave beenignored. After demonstrating
themissingstep,theteachersignaledtheendof the“learning” in-
tervention(“GO” ) andtherobotcontinuedand�nished thetaskby
goingto theremainingLight Greentarget.Figure10(a)shows the
structureof thetaskafter this practicerun. Thenewly addedsteps
aremarkedon thegraph:they alsoincludea Drop behavior, asthe
robothadnothingin thegripperat thepoint of thedemonstration,
andthereforethegoalsof this behavior have alsobeendetectedas
true. At the time of the execution,the existenceof this behavior
will have no in�uence,sincetherobotwouldhavealreadydropped
theobjectat this point.

(a) Generalized
task: new environ-
ment

(b) Feedbackafter
third demonstration

(c) Feedbackafter
�rst demonstration

Figure 9: Structur eof the envir onment and courseof task exe-
cution during practice and feedback

We now consideran alternateapproachfor instruction,starting
from the �rst demonstrationin the previous section. Let us as-
sumethat for a secondobject transporttaskthe teacherconsiders
aswrong the initial visit to a Greentarget, whena Light Green
target shouldbe visited instead. Also, the visit to the Light Or-
angetargetis wrong,andnota partof thetaskaswell. Figure9(c)
shows the trajectoryof therobotand(dotted)theinterventionand
messagesof theteacherduringtherobot'spracticerun. Theeffects
of this feedbackarethat: thevisit to theGreentargetwasreplaced
by a visit to the Light Green target, and the visits to the Light
Orange andGreenhave beenremoved. Figure10(b)presentsthe
structureof thetaskafterthis practicerun.

To validatethecorrectnessof thelearnedrepresentations,wehad
therobotexecutethetaskslearnedafterbothof thepracticerunsde-
scribedabove: in eachcasetheexecutionprovedthattherobotcor-
rectly adaptedits taskrepresentationsaccordingwith theteacher's
feedback,which thusmatchedthetargettasksdesiredby theuser.

Weobservethatthepractice-feedback runsareamuchfasterand
precisemethodfor re�ning previously learnedtasks. Sincefeed-
backcanbe given at any stepduring the robot's practice,wrong
stepscanbemarked immediatelyuponobservingthembeingexe-
cuted,andmissingstepscanbeaddedassoonastheteacherdetects
thattherobothadskippedto a futurestepin thetask.

7. DISCUSSION
Theexperimentalresultsvalidatedtheability of ourapproachto

incorporatemultiple meansfor instructionandlearningin orderto
teachrobotslong,complex, andsequentiallystructuredtasks.

Also, we showed that generalization andfeedback canbe used
interchangeablyin variouscombinations,providing theteacherthe
�e xibility to instructtherobotin themannerconsideredmostsuited
for eachcase.

An importantfeatureof thepractice-feedbackapproachthatwe
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Figure10: Topologiesobtainedafter practice and feedback

needto stressis thenaturalcharacteristicof this process.In order
to give therobotappropriatefeedback,theteacherdoesn't needto
know the structureof the taskbeinglearned,andthusis shielded
from having to know any detailsabouttherobot's controlarchitec-
ture. Instead,hesimply relieson observingtheactionsperformed
by the robot: if they comply with the desiredrepresentation,no
feedbackis given,andif they do not, thecorrespondingsituations
are treatedwith appropriatefeedbackasdescribedin our experi-
ments.

8. RELATED WORK
Successfulapproachesfor acquiringhigh-level taskinformation

from demonstrationhave beendevelopedfor roboticmanipulators
learningassemblyproblems[10], [7]. Sincethey rely solelyonpas-
sive observationsof a teacherdemonstration,thesemethodshave
to make useof complex computervision techniques,in carefully
structuredenvironments,in orderto infer all the informationnec-
essaryfor thetask.

In the mobile robot domain,the majority of the robot teaching
by demonstrationapproacheshavemostlybeenfocusedonlearning
reactivepolicies,collectionsof reactiverulesthatmapenvironmen-
tal statesto robot actions.[6] demonstrateslearningto navigatea
maze(i.e., learningforward,left, andright turningbehaviors). [12]
presentsa behavior-basedapproachfor learningreactive motorbe-
haviors (door passage,wall following) andoutlinesa strategy for
learninghistory-dependentbehaviors. A very interestingaspectof
this work is that “teaching”canbeperformedby analreadyexist-



ing behavior runningon the robot: this enablesbehaviorcloning,
in which thesamefunctionalitycanbeobtainedby usingdifferent
sensorsfor input.

Similarly with our approach,[18] assumestheexistenceof a set
of primitivecapabilities,from whichamorecomplex controllercan
bebuilt throughdemonstration.UsingPCA(PrincipalComponent
Analysis),primitivessuchasguardedmovesandedge-to-surface
alignmentfor a robotic arm canbe learnedandsubsequentlyrec-
ognizedduringfurtherdemonstrations.

The above techniques,however, usedemonstrationasthe only
meansfor teaching,anddo not bene�t from the advantagesthat
could be gainedfrom using additional instructionabilities. Fur-
thermore,thecomplexity of thetasksthatarelearnedis limited to
reactive policies or short sequencesof sensory-motorprimitives.
Our approachallows for learningof high-level tasksthat involve
arbitrarily longsequencesof behaviors.

Methodsfor robottaskteachingthatconsideradditionalinstruc-
tive modalitiesin addition to demonstrationhave also beenpro-
posed.[8] presentsanapproachin which good/notgoodfeedback
was given at the end of a run in which the robot performedthe
demonstratedskill. This approachalsoconsidersthere�nementof
learnedskills by practice,by usingan explorationelementwhich
alterstheskill duringexecution.Thegood/notgoodfeedbackwas
usedto assessthequalityof theexploration.However, giving such
delayedreward generatesproblemsof credit assignment.In con-
trast, by giving feedbackduring or right after a wrong task step
occurred,our approachenablesthe robot to preciselyidentify the
irrelevantactions.

[4] considersfusinguserintentionwith demonstrationinforma-
tion asadditionalmeansfor instruction.Theapproachenablesthe
robot to successfullylearnthe correcttask,but may becomebur-
densomefor the teacherashe needsto provide (at eachstep)in-
formation on what goalshe had in mind, and what actions/used
objectswererelevant. In contrast,ourapproachreliessolelyon the
teacher's observationof therobot's executionduringpractice.

9. CONCLUSIONS
Learningcapabilitiesareessentialfor successfulintegrationof

robotsin human-robotdomains,so robotscan learn from human
demonstrationsandallow for naturalinteractionwith people.Due
to inherentchallengesof the learningprocess,it is alsoimportant
that robotsbe able to improve their capabilitiesby receiving ad-
ditional training andfeedback.Toward this end,we presentedan
approachfor teachingby demonstrationinspiredfrom theonehu-
mansusewith eachother, to enablea robotto learnandre�ne rep-
resentationsof complex tasks. By usingsimplerelevant cueswe
enablethe robot to distinguishbetweenrelevantandirrelevant in-
formationduring the learningprocess.Conciseinstructionsallow
for a richer demonstration,by actively involving the robot in the
process.Throughgeneralization, therobotcanincorporateseveral
demonstrationsof thesametaskinto asinglegraph-likerepresenta-
tion. Naturalfeedback cuesprovidedby theteacherthroughspeech
allow the robot to further re�ne this representation.We demon-
stratedtheseconceptson a Pioneer2DX mobile robot, learning
varioustasksfrom demonstration,generalization,andpractice.
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