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ABSTRACT

Amonghumansteachingvarioustasksis acomple processvhich
relieson multiple meansfor interactionandlearning,both on the
partof theteachemndof thelearner Usedtogetherthesemodali-
tiesleadto effectiveteachingandlearningapproachesgspectiely.
In the roboticsdomain, task teachinghasbeenmostly addressed
by usingonly one or very few of theseinteractions. In this pa-
per we presentan approachfor teachingrobotsthat relieson the
key featuresandthe generalapproachpeopleusewhenteaching
eachother: rst give a demonstrationthen allow the learnerto
re ne the acquiredcapabilitiesby practicingunderthe teachers
supervisionjnvolving a smallnumberof trials. Dependingon the
quality of the learnedtask, the teachemay either demonstratet
againor provide speci c feedbaclduringthelearners practicetrial
for furtherre nement. Also, aspeopledo during demonstrations,
the teachercan provide simple instructionsand informative cues,
increasingthe performanceof learning. Thus,instructivedemon-
strations generlizationover multiple demonstrationandpractice
trials areessentiafeaturesfor a successfuhuman-roboteaching
approachWe implementeda systenthatenablesll thesecapabil-
ities andvalidatedtheseconceptwith a Pioneel2DX mobilerobot
learningtasksfrom multiple demonstrationandteachefeedback.

1. INTRODUCTION

Robotsthatcansuccessfullyandef ciently interactwith humans
requireadaptatiorandlearningcapabilitiesfor mostnon-trivial in-
teractions.This enablegobotsnot only to adaptandimprove their
performancebut alsoto be more accessibleo a larger rangeof
usersfrom thelay to the skilled.

Designingcontrollersfor robotic tasksis usuallydoneby peo-
ple specializedn programmingobots. Evenfor them,mostoften
this is a complicatedprocessandit essentiallyrequirescreating
by handa new anddifferentcontrollerfor eachparticulartask. If
robotsareto beeffective in human-robotlomains gvenuserswith-
out programmingskills shouldbe ableto interactwith themand
“re-program”them.

Thus,automatingherobotcontmoller designproceshecomesf
particularinterest.A naturalapproacho this problem,andonethat
hasmostwidely beenused s teading by demonstation, but other
methodshave beendevelopedaswell. Gestureg17], naturallan-
guage[11], andanimal“clicker training” [9] arealsonaturaltech-
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niguesthathave beensuccessfullyappliedfor teachingrobotsvar
ioustasks. However, the majority of robotteachingapproacheso
datehasbeenfocusednlearningpolicies[6, 16], or temporallyex-
tendedsensory-motoskills [3]. Techniquedor learningcomple
task structureshave alsobeenpresented10], but they are highly
sensitve to the structureof the ervironmentandof the demonstra-
tion, anddo not allow for furtherimprovementor adaptatiorif the
taskis notlearnedcorrectlyin the rst trial.

Ourgoalistodevelopa e xible mechanisnthatallowsarobotto
learnandre ne representationsf high leveltasks frominteraction
with a humanteader, basedon a setof underlying capabilities
(behavios) alreadyavailableto therobot

Sincepeoplearevery goodatlearningfrom ateachers training,
we are interestedn the key featuresthat make this processef -
cient,andseekto developa similarrobotteachingstratgy. Human
teachergely on concurrentuseof multiple instructve modalities,
including primarily demonstrationyerbal instruction, attentional
cues,or gestures.On the part of the learney the processs also
morecomplex thana one-shoteachingexperience'Students”are
typically given one demonstratiorof the task andthenthey per
form a setof practicetrials underthe supervisiorof theteacherin
orderto shav whatwaslearned.If neededduring theserunsthe
teachemrovides feedbak cuesto indicate corrections(irrelevant
actionsor missingpartsof thetask). Alternatively, theteachemay
also provide additionaldemonstrationshat the learnercould use
for generlization Most of theseaspectaregenerallyoverlooked
in the majority of robotteachingapproachesyhich focusmostly
on only oneor very few of theseinstructive andlearningmodali-
ties. We believe that consideringtheseissuesmakes signi cantly
easierandimprovesthelearningprocessy corveying moreinfor-
mationaboutthe task,while in the sametime allowing for a very
e xible robotteachingapproach.
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Figure 1: Learning and re ning tasksthr ough demonstrations,
generalizationand teacherfeedback
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We proposea methodfor learningrepresentationsf high level
tasks,similar to the onepeopleusewhenteachingeachother Our
overall stratgyy for learningandre ning taskrepresentationis pre-
sentedn Figurel. The e xibility of this stratgy consistsn allow-
ing theteachetto choosehe methodsconsiderednostappropriate
atary giventime: aftera rst demonstrationgitherprovide addi-
tional trainingexamplesor give feedbaclon whathasbeenlearned



during a practicetrial. Our experimentsshawv that similar effects
can be achieved by following different teachingapproachegi.e.
various combinationsof demonstrationgnd feedback),allowing
theteacheto adapthisteachingechniquego eachparticularcase.

In the following sectionswe describethe speci cs of our teach-
ing processfollowed by the methodsfor re ning learnedaskrep-
resentationthroughgeneralizatiomndfeedback Next, we present
the robotexperiments anddiscussion®f the obtainedresultsand
of relatedwork. We end with conclusionson the presentedap-
proach.

2. TEACHING PROCESS: EXPERIENCED
DEMONSTRATION AND INSTRUCTION

For our work, we assumethat the robotis equippedwith a set
of skills, in the form of behaiors [1], andwe focuson a strateyy
thatwould help a robotbuild a high-level taskrepresentationf a
morecomple, sequentiallystructuredask,built from the existing
behaior set. We do not attemptto reproducesxact trajectoriesor
actionsof theteacherbut ratherlearnthetaskin termsof its high-
level goals.

ThemostcommonapproacHor robotteachings throughtheuse
of demonstrationghesamestratgyy we arealsogoingto useasthe
main modality for instruction. Two differentmethoddor learning
from demonstratiorexist: learning by observation in which the
learnempassiely obserestheteacheperformingatask,andlearn-
ing by experiencein which therobotperformsthetaskalongwith
theteacherduringthe demonstration.

In our particularapproacho learning,we uselearning by expe-
rienceddemonstations This implies that the robot actively par
ticipatesin the demonstratiomprovided by the teacherandexperi-
encingthe taskthroughits own sensors.This is an essentiathar
acteristicof our approachandis what providesthe robotthe data
necessaryor learning.In the mobile robotdomainthe demonstra-
tions are achieved by following and interactingwith the teacher
We assumehat the teacherknows what skills the robot has,and
alsoby whatmeang(sensors}hey canbe detected.The ability to
learnfrom the obsenations gatheredduring the demonstratioris
basedntherobot's ability to relatethe obseredstatesof theenvi-
ronmentto the known effectsof its own skills (seeSection3). The
adwantageof putting the robotthroughthe taskduringthe demon-
strationis that the robot is able to adjustits behaiors (through
their parametersysing the information gathereathroughits own
sensorsln additionto experiencingparameteraluesdirectly, ex-
ecuting the task during the demonstratiorprovides obsenations
thatcontaintemporalinformationfor properbehaior sequencing,
which would betediousto designby handfor taskswith long tem-
poralsequences.

Irrespectie of thedemonstratiorstrateyy beingused,animpor
tantchallengdor theselearningmethodss to distinguishbetween
therelevantandirrelevantinformationbeingperceved. Puttingthe
entireresponsibilityon the learnerto decidebetweerrelevantand
irrelevant obsenations,suchaswhenlearningsolely by obsera-
tion, increaseghe compleity of the problemand leadsto more
complicated sometimesneffective solutions. During demonstra-
tionshumansalmostalwaysmalke useof additionalsimplecuesand
instructionghatfacilitatethelearningprocesandbiasthelearners
attentionto theimportantaspect®f thedemonstratioife.g. “watch
this”, “lift that”, etc.). Although simple,thesecueshave a large
impacton therobot's learningperformanceby relatingthemwith
the stateof the ervironmentatthemomentwhenthey arereceved,
thelearneris providedwith informationthatmay otherwisebeim-
possibleor extremely hardto obtainonly from the obsered data.

For example,while teachingarobotto go andpick up the mail, the
robot candetectnumerousotheraspectslongits path(e.g.,pass-
ing by achair, meetinganotherobot,etc.). Theseobserationsare
irrelevant for getting the mail, and simple cuesfrom the teacher
couldeasilyindicatethat.

Therefore,in order for a robot to learn a task effectively, the
teachemlsoneedgo provide it with additionalinformationbeyond
the perceved demonstratiorexperience. To achiee this, we add
verbalinstructionto the existing demonstratiortapabilitiesof our
system. With this, the teachercan provide the following typesof
information:

“HERE” - indicatesmomentsin time during the demonstra-
tion whenthe ervironment presentsaspectghat are relevant for
thetask. Thesendicationsaregeneralsimplehintsmeaning‘pay
attentionnow”) andby no meansspellout for therobottherepre-
sentationof the presentedask. While suchindicationsallow the
robotto distinguishsomeof theirrelevant obserations,they may
still not helpit to perfectlylearnthe task. For this, generalization
techniquegSectiond) andfeedback-practiceuns(Section5) will
beapplied.

“TAKE”, “DROP” - instructionsthat inducethe robot into
performingcertainactionsduring the demonstratior{in this case
Pick Up and Drop small objects),actionsthat would be other
wiseimpossibleto triggerin ateacheifollowing-only learningap-
proach. In our case,we instructthe robot to openand closeits
gripper whenthe taskto be learnedinvolves moving certainob-
jectsaround.

“START”, “DONE" - instructionsthat signal the beginning
andtheendof ademonstrationrespectiely.

The next sectionpresentghe algorithmfor learningtaskrepre-
sentationspasedon the obserationsand cuesgatheredduring a
singledemonstration.

3. LEARNING TASK REPRESENTATIONS

The ability of the robot to learn from experienceddemonstra-
tionsis enabledby the particularstructureof our controlarchitec-
ture. We usean extensionof the standardBBehavior-BasedSystem
we developed,which providesa simple and naturalway of repre-
sentingcomplex tasksand sequencesf behaiors in the form of
networks of abstiact behavios (Figure2). In a behaior network,
the links betweenbehaiors represenfprecondition-postcondition
dependenciesyhich can have three different types: permanent
enablingandordering Thusthe activation of a behaior is depen-
dentnot only on its own preconditions(particularenvironmental
states)but alsoon the postconditionf its relevant predecessors
(sequentiaprecondition$. More detailsonthis architecturecanbe
foundin [14].
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Within this architecture behaiors are build from two compo-
nents: onerelatedto perception(Abstact behavioj, the otherto
action (Primitive behavio). The abstiact behavioris an explicit
speci cationof thebehaior's activation conditions(i.e., precondi-
tions), andits effects (i.e., postconditions).The behaiors thatdo
the work that achieves the speci ed effects underthe given con-
ditions are called primitive behavios. An abstiact behaviortakes
sensoryinformation from the ervironmentand, whenits precon-



ditions are met, activatesthe correspondingprimitive behavior(s)
which achiere the effectsspeci edin its postconditions.

The abstract behavios embedrepresentationsf a behaior's
goalsin the form of abstracte@&nvironmentalstates.This is a key
featureof our architectureanda critical aspectfor learningfrom
experience.In order to learn a taskthe robothasto createa link
betweerperception(observationsnd the robot's behavios that
would achievethe sameobservedeffects

During the demonstrationwhile the robot follows the human
teacher all its available behaiors continuouslymonitor the sta-
tusof their postconditiongwithout executingary of their actions).
Wheneer the obserationsmatcha primitive's goals, this repre-
sentsanexampleof therobothaving seensomethingt is alsoable
to do, andthe correspondingbstiact behavios res, allowing the
robotto identify duringits experiencethe behaiors thatarerele-
vantfor the taskbeinglearned. The feedbackcuesreceved from
theteacheareusedn conjunctionwith theseobsenrations.to elim-
inateary irrelevantobsenations.

The generalideaof the algorithmis to addto the network task
representatioran instanceof all behaiors whose postconditions
have beendetectedas true during the demonstrationand during
which there have beenrelevancesignalsfrom the teacherin the
orderof their occurrencgon-line stage). At the endof the teach-
ing experience the intenals of time whenthe effects of eachof
the behaiors have beentrue are known, and are usedto deter
mine if theseeffects have beenactive in overlappingintervals or
in sequenceBasedon the above information,the algorithmgener
atesproperdependengc links betweernbehaiors (i.e., permanent,
enablingor ordering (off-line stage).This one-shotearningpro-
cessis describedn more detailedin [13]. The only differences
to the work presentedherearethatin that caseteachingwas per
formedwithout ary cuesandverbalinstructionfrom the teacher
andthe experimentswere performedin “clean” ervironments,so
that all robot's obsenationswould be consideredelevant for the
task. Also, the constructionof the taskrepresentations/as done
off-line.

The next sectiondescribesour approachfor generalizingover
several taskrepresentationkearnedwith the methoddescribedso
far.

4. GENERALIZA TION FROM MULTIPLE
DEMONSTRATIONS

Anothercapabilitythatallows humango learneffectively is the
ability to generalizeover multiple given demonstrations.For a
teachingby demonstratiorapproacho be ef cient, it is essential
thattherobotlearnfrom asfew demonstrationaspossible A robot
housekeeperis of little useif the ownermustshawv it hundredsof
timeshow to bringin themail. Therefore statisticallearningtech-
nigues which rely on alarge numberof training examples arenot
appropriatefor our desiredapproach.

Giventhedirectedagyclic graph(DAG)-like structureof the be-
havior network representatiomf the robot tasks,we considerthe
topolaggical representationf sucha network to be a linked list of
behaiors, obtainedby applying a topolagical sort on the beha-
ior network graph. By usingthe topologicalform of the networks
astraining examplesfor our domain, the problemof generaliza-
tion from multiple demonstrations equialentto inferring aregu-
lar expression(Finite StateAutomaton(FSA) representatiorfrom
a setof given samplewords (Figure 3(a)). In this analogy each
symbolin a givenword correspondso a behaior in atopological
representation.

Unfortunatelyapplyingstandardnethoddor regularexpression

inference suchasthe K-TSI InferenceAlgorithm [5], or Morphic
GeneratoiGrammaticalnference(MGGI) [15], to this generaliza-
tion problemyieldsresultsthataretoo complex (in termsof the ob-
tainedFSA representationsgven for very simple examples. This
is dueto thefactthatthesemethodsassumehatall thetrainingex-
amplesarecorrectandthey try to t themaswell aspossible.For
our robotdomain,in which the inaccuraciesn the training exam-
plesare exactly the problemwe needto solve, thesemethodsare
thereforenot well suited.

In robotics, existing methodsfor generalizationfrom demon-
stratedexamplesarelargely basedon function approximation8].
Sinceour tasksareencodedn graph-like representationsye need
adifferentmethodfor generalizingacrosgshem.

4.1 Computing the commonsequence

Thereasorwe areinterestingn giving arobottheability to gen-
eralizeover multipleteachingexperiencess thatits limited sensing
capabilities the quality of the teachers demonstrationandpartic-
ularitiesof the ervironmentgenerallypreventthe robot from cor
rectly learninga taskfrom only onetrial. Thetwo maininaccura-
ciesthatoccurin thelearningprocessarelearningirr elevantsteps
(falsepositives)andomissionof stepsthat are relevant (falseney-
atives).

Our approachor generalizations to build ataskrepresentation
thatencodeghe speci cs of eachinput example,but mostimpor
tantly that points out the partsthat are commonto eachof them.
As ameasuref similarity we considerthe longestlist of common
nodeshetweenthe topolagical forms of the sampletasks. Based
on this informationwe further constructa genealizedtopolagy in
which nodesthatarecommonto bothtaskswill be meged,while
theotherswill appeamsalternatepathsin thegraph.For example,
for the examplespresentedn Figure 3(a), behaiors , and
constitutethe longestsubsequencef commonnodes. The repre-
sentationresultedafter “merging” the initial graphsat their com-
monnodess shavn in Figure3(c).
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Figure 3: Generalization acrossmultiple demonstrations. (a)
Training examples; (b) Longest common sequencetable; (c)
Generalizedtopology

In orderto nd the similarity betweenthe two inputs we rely
on a standarddynamicprogrammingapproachtfor computingthe
longestcommorsubsequenc@.CS)[2] betweertwo sequencesf
symbols.If = and =
aretwo sequencesf symbols,andthe pre x of asequencés de-
nedas = , thealgorithmcomputesalongest
commonsubsequenceble(Figure3(b)) thatencodesn eachele-
ment . i) thelengthof thelongestcommonsubsequencef
thesequences and , andii) a pointerto the tableentry cor
respondingo the optimal subproblensolutionchosenwhencom-
puting . Theright bottomelementof the tablecontainsthe
lengthof the LCS for theentiresequences and . Therunning
time of thealgorithmis ,with  and beingthelengthsof
thetwo sequences and , typically smallfor ourdomain.



We obtainthe generalizedopology by traversingthe LCS ta-
ble startingin theright bottomcornerandfollowing thearrows: an
“ " arrow indicatesnodeghatarecommonto bothtrainingexam-
plesandthataremeged,while“ " and“ " arronvsindicatenodes
that belongto only onesequenceTheselatter casesare addedas
alternatepathsof execution(Figure3(c)).
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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 incorporatedinto the existing topo-
logical taskrepresentationlf this topologyis alreadythe resultof
a previous generalizationand hasthe form of a DAG with alter
natepathsof execution(Figure3(c)), in a simplisticapproachijn-
corporatinga nev demonstratiorinto the existing structurewould
amountto running the samealgorithm describedabore between
the new exampleandall the possiblepathsof thatgraph. Sincea
LCS tableencodedhe commonsubsequencdsr all possiblesub-
problems( , with and ), we can
efciently apply this algorithm without having to computea dif-
ferenttable for eachpath of the graph. For this, we constructa
structurethat containsthe LCS tablein the form of a linked list
of rows computedasthe onesabove. Within this structure,each
nodehasassociatedrow for eachdifferentpossiblepathfrom the
root(s)to thatnode(Figure4(a)). Eachof theserows pointsto the
row associatedo the parentnodeon the correspondingath. As
aresult,eachpathin the graphhasassociatea linkedlist of rows
that encodeghe measureof similarity betweenthat pathand the
new givenexample.To computethegeneralizedopologyfrom this
structurewetraversethelist thatembedshelongesiof thepossible
subsequencesimilarly with traversingthe LCS tableabove. This
processs ef cient in termsof bothcomputationatime andspace,
asdifferentpaths‘share”the partsof thetablethatarecommonto
eachother For our example,the obtainedgeneralizedopologyis
not changedby incorporatingthe new example,asshavn in Fig-
ure4(b).

The generalizatiorbetweenmultiple learnedtasks(encodedas
behaior networks) is performedat the level of their topological
representationandprovidesa genealizedtopolagy. The underly-
ing temporaldependenciebetweenbehaiors which areencoded
in the behaior networks have to be further usedto constructthe
generlized behaviornetwork associatedvith it, asdescribedn
thenext section.

4.2 Updating the network dependencies

In orderto ensureproperbehaior sequencingve needto trans-
ferthetemporaldependencidsetweerbehaiorsto thegeneralized
behaior network.

For ary behaiors and belongingto the genealizedtopol-
ogy, we computethe dependenciesetweerthemasfollows:

if and donotbelongto theLCS, but areboth partof the
sametask,take thedependencthey hadbetweerthemin thattask,

if both and arepartof theLCS, (i.e.,therearedependen-
cies betweenthemin both tasks),take the value thatis the least
restrictve asshavn in Figure5,

if and areeachpartof adifferentunderlyingtask,andif

is a predecessoof in thetopologicalrepresentationaddan

ordering constrainfrom to .
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Figure5: Updating temporal dependenciebetweenbehaviors

4.3 Computing behavior preconditionsin
generalizedtopologies

In asimplebehaior network (whosetopologyis only asequence
of behaiors andnota DAG), thetask-dependergreconditiongor
agivenbehaior (the onesthatdependon the executionof its pre-
decessord)ave the form of a conjunctionbetweerthe statusof all
its predecessdrehaiors.

In ageneralizedopology sincemultiple alternatepathscanexist
to aparticularbehaior, the preconditionsareencodecascombina-
tions of conjunctionsanddisjunctionsof the differentpaths.Thus,
computingthe preconditionsfor eachbehaior becomesequiva-
lentto computingtheregularexpressiorfrom aFSArepresentation
(Figure4(b)).

For example,evaluatingthe preconditiondor behaior means
checkingthateitherthegoalsof and and orthoseof just
and areor have beentruein accordancevith thetypesof depen-
dencieshetweerthemandbehaior , asgivenby thegeneralized
behaior network computedaborve.

To summarizethegeneralizatiorprocesdetweertwo behavior
networksis performedat the level of their topolagical representa-
tions, resultingin a genealizedtopolagical structue. Thetempo-
ral dependenciebetweernbehaiors in the generalizedaskrepre-
sentationwhich areencodedn acorrespondindpehavioretwork
arecomputedrom theinformationcontainedn theunderlyingbe-
havior networksinvolvedin the generalization.

5. PRACTICE AND TEACHER FEEDBACK

Generalizatiorover severaltraining exampleshelpsin identify-
ing the stepsthatwereobsened mostoftenandthatmostprobably
areapartof thetask. However, repeatedbsenationsof irrelevant
stepsmay inadwertently biasthe learnertoward including themin
the representationAlso, limitationsin the sensingcapabilitiesof
robotsandparticularstructuresn theenvironmentmaypreventthe
robotfrom observingstepsthatarerelevant.

The practicetrials allow the teachetto obsere the executionof
therobotandto pointmoreaccuratelyto whereproblemsoccurred.
Thefollowing feedbackcuescanbe given, with the associate@f-
fects:

“BAD” - indicatesthatthe behaior thattherobotis currently
executing, or the onethat hasjust been nished (assuminga re-
sponsetime of 10sec)is irrelevant for the task. This behaior is
thenlabeledasirrelevantandis removed from the taskrepresenta-
tion (Figure6(a)).

“COME” “GO” - therobot hasmissedrelevant stepsof
the task during its previous learningexperiences.At a “COME”
commandthe robot entersinto the learningmode previously de-
scribed,and startsfollowing the teacherwho demonstrateagain



the missingpart of the task. Whenthesepartshave beendemon-
strated the teacherendsthe shortdemonstratiorwith “GO”, after
which therobotcontinuessxecutingthe remainingpartof the task.
The newly learnedstepsare incorporatednto the task represen-
tation aspresentedn Figure6(b). The arronv next to behaior
meansthat the “NEW” messageavasreceved while the behaior
wasactie, or shortly afterthe behaior nished its execution. By
intervening with feedbackat this particulartime, the teacherim-
plies that the stepsto be addedshouldhave happenedefore 's
execution,asrepresenteth the nal taskstructure.This assump-
tion is natural,sincethe teachercould not detectthe problemuntil
afterit occurred.Alternatively, if the robot's actionscarry enough
intentionalinformationto shawv thattherobotis goingto do some-
thingwrong,theteachecanalsogive feedbackeforeallowing the
robotto completethe currentstep.

@ Delete ‘ ) Include newly
unnecessary demonstrated
steps steps
w-@) @
ﬁ come — (B)
BAD — é\é

(a)“BAD” feedback (b) “COME”, “GO” feedback
Figure 6: Using feedbackfor task re nement

Both typesof instructionscanbe appliedat ary time duringthe
practicerunsandandfor asmary timesastheteacherconsiderst
neededThiswill beshavn by our experimentatesultsonlearning
from practiceandteacheffeedback(Section6.2).

6. EXPERIMENTAL RESULTS

Weimplementedandtestedour conceptonaPionee2-DX mo-
bile robot, equippedwith two rings of sonarg8 front and8 rear),
a SICK laserrange- nder a pan-tilt-zoomcolor cameraa grippet
andon-boardcomputatioronaPC104stack.We performedheex-
perimentsn a5.4mx 6.6marena.Therobotwasprogrammedis-
ing AYLLU [19], anextensionof C for developmentof distributed
control systemsfor mobile robots. For the voice commandsand
feedbackwe usedan off-the-shelfLogitechcordlessheadsetand
thelBM ViaVoice softwarerecognitionengine.

The robot hasa behaior setthat allows it to track cylindrical
coloredtamets,to pick up, anddropsmallcoloredobjects:

PickUp(ColorOfObject) - therobot picks up anobjectof the
color ColorOfObject The goal stateis achiezed when the robot
senseandhastheobjectin the closedgripper

Drop - the robotdropswhatit hasbetweerthe grippers. The
goalstateis achiezed whenthereis nothingbreakingthe IR beams
of thegripper

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

We performedwo setsof robotteachingexperimentdo validate
the key featuresof our proposedapproach.First, we shav how a
robot canlearn an objecttransporttask throughmultiple demon-
strationsof the sametask,in differentervironmentsfollowedby a

practicerun during which the teachergave very simple feedback.
Secondwedemonstratbow asimilartransportaskcanbelearned
in only two steps:aninitial demonstratiomndasinglepracticerun,

which in this caseinvolves more comple teacherfeedback.Sec-
tion 6.1 presentsheresultsobtainedafterthe generalizatiorsteps,
andSection6.2 discussethetwo differentcasef taskre nement
throughpracticeandfeedback.Videosof all the experimentspre-
sentedn the paperareavailableonthewebat:

http://r obotics.usc.edu/ monica/Reseach/generalization.html

6.1 Learning by generalization from several
examples

Wedemonstratthegenealizationabilitiesof therobotby teach-
ing it anobjecttransportaskin threeconsecutie demonstrations,
performedin differentenvironmentalsetups(Figure 7), and pur
poselydesignedo containincorrectstepsandinconsistenciesThe
next sectionshavs how alreadylearned/generalizethskscanbe
furtherre ned throughpracticeandfeedbak. As discussedbove,
giving “HERE” cuesduringthedemonstrationgjoesnot helpthe
robotin perfectlydetectingthe relevant partsof the task. In these
threetrainingexperimentssolelyfor the purposeof demonstrating
thegenealizationtechniquewe includeall of therobot's obsena-
tionsinto thelearnedaskrepresentationsp simulatethattherobot
was nhot ableto discernthe relevant aspectdespitethe teachers
instructions. The importanceof suchmessageshowever, will be
shawn in the practice-feedbdcexperiments.
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Figure 7: Structur e of the environment and courseof demon-
stration

Theenvironmentconsistof a setof cylindrical targets,in colors
thattherobotis ableto perceve. Theteacheteadstherobotaround
thesetargets while alsoinstructingit whenit hasto pick up or drop
asmallorangebox. Thetaskto belearneds asfollows: goto either
the Green(G) or the Light Green(LG) tamgets,thenpick up an
Orange (O) box, go betweerthe Yellow (Y) andRed (R) targets,
goto the Pink (P) target,drop the box there,thengo to the Light
Orange (LO) tagetandcomebackto thetargetLight Green

Thesketchedcourse®f thethreedemonstrationshav thatnone
of themcorrespondexactly to the targettask. Besidescontaining
unnecessargtep(suchasa nal visit to a Greentargetin the rst
trial), thesetraining runsalso containinconsistenciessuchasthe
visits to the Light Orangetargetwhich happenedtvariousstages
during the demonstrationsFigure 8 presentghe taskrepresenta-
tionsobtainedaftereachlearning  generalization’processFor
all theseexperiments,in orderto validate the correctnesf the
learned/generalizempresentationgftereachteachingexperience
we hadthe robot executethemin the sameernvironmentin which
they hadbeendemonstratedin all caseghe robot performedthe
taskcorrectlyfor the particularstageof the generalizatiorprocess.

Eachnew demonstratiofis comparedvith theexistingtaskstruc-
ture, while computingtheir similarity in the form of their longest
commonsequenceCommonmodesarethenmeged,while theoth-
ersappeamsalternateexecutionpaths. Dueto the generalization,




DROPO

Bz
@resars

G
@resarsasd

MT9(LOrange, 179,396
MT10(Green,0,485)

MT7(LOrange, 179,396
MT8(Green,0,485)
MT9(LGreen,0,444)

MT8(LGreen,0,483)
MT9(Green,19,642)

MT12(Green,19,64

@ First (b)
demonstration

Second
demonstration task

Wtcrom 175
Eoraoad
At

MT6(LOrange, 179,89 >

MT7(Pink,179,410;

MT11(LGreen,0,444)

(c) Generalized

Wt 7B
Eerriomd
Ereesan

MT7(Green,178,60: lMTH(LOrange.HQ.BQ ’

MT9(Pink,179,582

oD
R

izerno®
Wstooma)

MT9(LGreen,9,437)

(d) Third (e) Generalized
demonstration task

Figure 8: Evolution of the task representationover thr eesuccessie demonstrations

thefollowing typesof alternatve pathscanbeobtained:

bothpathscontainactualbehaior(s). For example, Figure8(c)
encodeshefactthatbothgoingto the Greenor to theLight Green
targetsis acceptabldor thetask. For suchalternatgathstherobot
will chooseopportunisticallypbetweerthem,asinducedby thestate
of theenvironment(e.g.,goto thetargetseenrst).

onepathis a directlink to the end of the otheralternatese-
qguence. In Figure 8(c), thereis a direct link from MT5(Red,...)
to MT7(Pink,...), bypassinghe behaior MT6(LOrange,...). For
suchpathstherobotwill automaticallychosethedirectpath,short-
cutting the alternatesequence Theseunattainablgpathscould be
remaoved from the graph,but we arekeepingthemfor informative
purposesAlso, we canervision extensionsn which teachefeed-
backcouldeliminatesuchdirectlinks (“marking” aswrongcertain
transitionsfrom onestepto another).

The generalizatiormethodhasthe adwantagethatit compactly
encodegin the form of an agyclic graph)the actual“rules” that
canbe dravn from the multiple demonstrationsThe generalized
taskcaptureghe main structureof the taskwhile atthe sametime
dealingwith theirrelevantandinconsistenpartsof thedemonstra-
tions: both of thesesituationsarecapturedasbecominga partof a
bypassedalternatepathswhich will never be executed.While it is
goodthatthe irrelevant actionsare thus pruned,the stepsdemon-
stratedinconsistentlybut which arestill necessarwill have to be

includedby differentmeans Theseresultsareto beexpected:gen-
eralization alone, when provided with inconsistentexamples,is
not enoughfor learninga correctrepresentationThe next section
shavs how practiceandteater feedbak canbe usedfor solving
this problem.

6.2 Learning from practice and teacherfeed-
back

In orderto demonstratéherobustnes®f ourarchitecturéo chang-
ing ervironmentsandthe adwantagef learninghigh-level repre-
sentationof tasks,we hadthe robot executethe last generalized
network (Figure 8(c)) in a differentervironmentthanary of the
threepresentedbefore(Figure9(a)).

The robot correctly executedthat taskin the nev setup. How-
ever, as mentionedbefore, the generalizechetwork doesnot yet
representhetamettaskdesiredby the user The missingpartis a
visit to the Light Orange target, which shouldhapperright after
droppingtheboxandbeforegoingto theLight Greentarget. Since
the generalizatiorprocessalreadybuilt the remainingof the task
structure simplefeedbaclduringarobotpracticerunis enoughfor
re ning it to the desiredstructure.We performedthe practicerun
in the newly changedenvironment: Figure 9(b) shaws the robot's
sketchedtrajectoryand (dotted)the teachers intervention. After
droppingthe box at the destinationPink target, the robot started
senoing towardthe Light Greentarget. Observingthis tendeny,



the teacheiintervened(“COME” ): the robotswitchedto learning
mode andfollowedtheteachemwholeadit to themissedLight Or-
angetarget. The useof theinformative feedbackcues(“HERE" )
duringthislearningstagewasessentialastherobotalsopassedy
and detectedbdthertargets(Pink and Yellow) while following the
teacher and which thus have beenignored. After demonstrating
the missingstep,theteacheisignaledthe endof the “learning” in-
tervention(“GO” ) andtherobotcontinuedand nished thetaskby
goingto theremainingLight Greentarget. Figure10(a)shavsthe
structureof thetaskafterthis practicerun. The newly addedsteps
aremarkedonthegraph:they alsoincludea Drop behaior, asthe
robothadnothingin the gripperat the point of the demonstration,
andthereforethe goalsof this behaior have alsobeendetectedas
true. At the time of the execution,the existenceof this behaior
will have noin uence, sincetherobotwould have alreadydropped
the objectatthis point.

@ Generalized (b) Feedbackafter (c) Feedbackafter
task: new ernviron- third demonstration rst demonstration

ment
Figure 9: Structur e of the ervironmentand courseof task exe-

cution during practice and feedback

We now consideran alternateapproackor instruction,starting
from the rst demonstratiorin the previous section. Let us as-
sumethat for a secondobjecttransporttaskthe teacherconsiders
aswrong the initial visit to a Greentarget, whena Light Green
target shouldbe visited instead. Also, the visit to the Light Or-
angetargetis wrong,andnot a partof thetaskaswell. Figure9(c)
shaws the trajectoryof the robotand(dotted)the interventionand
messagesf theteacheduringtherobot's practicerun. Theeffects
of this feedbaclarethat: thevisit to the Greentamgetwasreplaced
by a visit to the Light Greentarmget, and the visits to the Light
Orange andGreenhave beenremored. Figure 10(b) presentshe
structureof thetaskafterthis practicerun.

Tovalidatethecorrectnessf thelearnedepresentationsye had
therobotexecutethetaskdearnedafterbothof thepracticerunsde-
scribedabove: in eachcasetheexecutionprovedthattherobotcor
rectly adaptedts taskrepresentationaccordingwith theteachers
feedbackwhich thusmatchedhetargettasksdesiredby the user

We obsere thatthepractice-feedbdcrunsarea muchfasterand
precisemethodfor re ning previously learnedtasks. Sincefeed-
back canbe given at ary stepduring the robot's practice,wrong
stepscanbe marked immediatelyuponobservingthembeingexe-
cuted,andmissingstepscanbeaddedassoonastheteachedetects
thattherobothadskippedto afuture stepin thetask.

7. DISCUSSION

The experimentakesultsvalidatedthe ability of our approacho
incorporatemultiple meangor instructionandlearningin orderto
teachrobotslong, comple, andsequentiallystructuredasks.

Also, we shaved that genealization andfeedbak canbe used
interchangeablyn variouscombinationsproviding theteachethe

e xibility toinstructtherobotin themanneiconsideredanostsuited
for eachcase.

An importantfeatureof the practice-feedbackpproachthatwe

added behayiors
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needto stresss the naturalcharacteristiof this process.In order
to give therobotappropriatédeedbackthe teacheroesnt needto

know the structureof the taskbeinglearned,andthusis shielded
from having to know ary detailsabouttherobot's controlarchitec-
ture. Instead he simply relieson observingthe actionsperformed
by the robot: if they comply with the desiredrepresentationno

feedbackis given,andif they do not, the correspondingituations
are treatedwith appropriatefeedbackas describedn our experi-

ments.

8. RELATED WORK

Successfuapproachefor acquiringhigh-level taskinformation
from demonstratiorave beendevelopedfor robotic manipulators
learningassemblyroblemd10], [7]. Sincethey rely solelyonpas-
sive obsenationsof a teacherdemonstrationthesemethodshave
to make useof complex computervision techniquesin carefully
structuredervironments,in orderto infer all theinformationnec-
essanyfor thetask.

In the mobile robot domain, the majority of the robotteaching
by demonstratiompproachebave mostlybeenfocusecbnlearning
reactive policies,collectionsof reactve rulesthatmapervironmen-
tal statesto robot actions.[6] demonstratefearningto navigatea
maze(i.e.,learningforward, left, andright turningbehaiors). [12]
presents behaior-basedapproactor learningreactize motorbe-
haviors (door passagewall following) and outlinesa strateyy for
learninghistory-dependertiehaiors. A very interestingaspecof
this work is that“teaching” canbe performedby analreadyexist-



ing behaior runningon the robot: this enableshbehaviorcloning
in which the samefunctionality canbe obtainedby usingdifferent
sensorgor input.

Similarly with our approach[18] assumeshe existenceof a set
of primitive capabilitiesfrom whichamorecomplex controllercan
be built throughdemonstrationUsing PCA (Principal Component
Analysis), primitives suchas guardedmoves and edge-to-sudce
alignmentfor a robotic arm canbe learnedand subsequentlyec-
ognizedduringfurtherdemonstrations.

The abore techniqueshowever, usedemonstratiorasthe only
meansfor teaching,and do not bene t from the advantageshat
could be gainedfrom using additionalinstructionabilities. Fur
thermore the compleity of thetasksthatarelearnedis limited to
reactive policies or shortsequencesf sensory-motoprimitives.
Our approachallows for learningof high-level tasksthat involve
arbitrarily long sequencesf behaiors.

Methodsfor robottaskteachinghatconsideradditionalinstruc-
tive modalitiesin additionto demonstratiorhave also beenpro-
posed.[8] presentsanapproachn which good/notgoodfeedback
was given at the end of a run in which the robot performedthe
demonstratedkill. This approachalsoconsiderghere nementof
learnedskills by practice,by usingan exploration elementwhich
alterstheskill duringexecution. The good/notgoodfeedbackwas
usedto assesshe quality of the exploration. However, giving such
delayedreward generateproblemsof creditassignment.n con-
trast, by giving feedbackduring or right after a wrong task step
occurred,our approachenableghe robotto preciselyidentify the
irrelevantactions.

[4] considerdusing userintentionwith demonstratiorinforma-
tion asadditionalmeandgor instruction. The approachenableghe
robot to successfullyearnthe correcttask, but may becomebur-
densoméor the teacheras he needsto provide (at eachstep)in-
formation on what goalshe had in mind, and what actions/used
objectswererelevant. In contrastpur approachreliessolelyonthe
teachers obsenration of therobot's executionduring practice.

9. CONCLUSIONS

Learningcapabilitiesare essentiafor successfulntegration of
robotsin human-robotdomains,so robotscanlearnfrom human
demonstrationandallow for naturalinteractionwith people.Due
to inherentchallengeof the learningprocessit is alsoimportant
that robotsbe ableto improve their capabilitiesby receving ad-
ditional training and feedback. Toward this end, we presentedan
approacHor teachingby demonstratiorinspiredfrom the one hu-
mansusewith eachother to enablearobotto learnandre ne rep-
resentation®f comple tasks. By using simple relevant cueswe
enablethe robotto distinguishbetweerrelevantandirrelevantin-
formationduring the learningprocess.Conciseinstructionsallow
for a richer demonstrationpy actively involving the robotin the
process.Throughgenearlization therobotcanincorporateseveral
demonstrationsf thesameaskinto asinglegraph-like representa-
tion. Naturalfeedbak cuesprovidedby theteachethroughspeech
allow the robot to further re ne this representation.We demon-
stratedtheseconceptson a Pioneer2DX mobile robot, learning
varioustasksfrom demonstrationgeneralizationandpractice.
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