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Abstract

Weexplorehow to enablerobotsto rapidly learnfrom watchingahumanor robotperform
a task,andfrom practicingthe taskitself. A key componentof our approachis to usesmall
unitsof behavior, whichwereferto asbehavioral primitives.Anotherkey componentis to use
theobservedhumanbehavior to de�ne thespaceto beexploredduringlearningfrom practice.
In this paperwe manuallyde�ne task appropriateprimitives by programminghow to �nd
themin the training data. We describememory-basedapproachesto learninghow to select,
provide subgoalsfor, andperformbehavioral primitives. We demonstrateboth learningfrom
observation andlearningfrom practiceon a marblemazetask,Labyrinth. Using behavioral
primitivesgreatlyspeedsup learningrelative to learningusingadirectmappingfrom statesto
actions.

1 Intr oduction

We areexploring how primitives,smallunitsof behavior, canspeedup robot learningandenable
robots to learn dif�cult dynamictasksin reasonableamountsof time. Primitives are units of
behavior above the level of motor or musclecommands.Therehave beenmany proposalsfor
suchunits of behavior in neuroscience,psychology, robotics,arti�cial intelligence,andmachine
learning[1, 15, 13, 4, 18]. [7] presentsa morecompletesurvey of relevant work, andprovides
additionaldetailon thework describedin thispaper.

Thereis agreatdealof evidencethatbiologicalsystemshaveunitsof behavior above thelevel
of activating individual motor neurons,andthat the organizationof the brain re�ects thoseunits
of behavior. We know that in humaneye movement,for example,thereareonly a few typesof
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movementsincludingsaccades,smoothpursuit,VOR,OKN, andvergence,thatgeneraleyemove-
mentsaregeneratedassequencesof thesebehavioral units,andthattherearedistinctbrainregions
dedicatedto generatingandcontrollingeachtypeof eye movement.We know that therearedis-
cretelocomotionpatterns,or gaits, for animalswith legs. Whethertherearecorrespondingunits
of behavior for upperlimb movementin humansandotherprimatesis not yet clear[11]. Thereis
evidencefrom neuroscienceandbrainimagingthattherearedistinctareasof thebrainfor different
typesof movements.Developinga computationaltheorythat explainsthe rolesof primitivesin
generatingbehavior andlearningis an importantsteptowardsunderstandinghow biologicalsys-
temsgeneratebehavior andlearn.A differencebetweenwork on behavioral primitivesin biology
andin roboticsis that in biology the emphasisis typically on �nding behavioral primitivesthat
areusedacrossmany tasks,while in roboticstheemphasisis typically on primitivesthatareonly
appropriatefor asingletaskor asmallsetof closelyrelatedtasks.

In robotics,behavioral units or primitives area way to supportmodularity in the designof
behaviors. Primitivesareanimportantsteptowardsreasoningaboutbehavior, abstraction,andap-
plying generalknowledgeacrossawiderangeof behaviors. Webelievethatrestricting behavioral
optionsby adoptinga setof primitivesis a goodway to handlehigh dimensionaltasks.Consider
the everydaytask of putting on or taking off clothes. Becauseof the large numberof degrees
of freedomof cloth, it is dif�cult to imaginehow currentplannerscanplan appropriatemotions
from scratchor at the level of a sequenceof cloth states.The large numberof possibleactions
andstatesalsomake learningdif�cult, if not impossible.Whatis thesword thatcutsthis Gordian
knot? If thepossibleactionsarerestrictedto a smallset,it becomespossibleto explorethespace
of possibleactionsand�nd a sequencethat works well. However, the Achilles heelof suchan
approachis that the setof possibleactionsmustmatchthe task. We needto understandthe role
of primitivesin generatingbehavior andlearningto betterunderstandtheseissues,andbuild more
effective learningrobots.

We believe the techniquesdescribedin this paperwill apply to many currentchallengesin
robotics,suchasgraspingwith an anthropomorphichand,whereobjectshapeandposecanbe
usedto selectagraspingprimitive. In manipulatingdeformableobjects,suchasputtingonclothes,
the task is quite complex, but simpleactionssuchaspushingan arm througha sleeve or using
gravity to orient theclothingareusefulprimitivesto selectfrom. In moving debrisandrescuing
victimsin searchandrescuerobotics,muchmorethan“pick-and-place”actionsareuseful.Tipping
andpivoting largeobjects,cuttingor deformingwreckage,andshoveling small rubbleareamong
the primitivesthat shouldbe in the repertoire.We alsobelieve everydaytaskssuchascooking,
cleaning,andrepaircanbeperformedby robotsusinga library of primitivesfor speci�c behaviors
anda learnedprimitive selectionalgorithmandsubgoalgenerator.

Ourcurrentresearchstrategy is to focusonhow to bestutilize behavioral primitives.Therefore,
wemanuallyde�ne primitives.Wearedeferringthequestionof how to inventnew primitivesuntil
we betterunderstandhow primitivesarebestused. Becauseof our emphasison learningfrom
observation,thede�nition of primitivesis largely perceptual:therobotmustknow how to detect
theuseof aprimitive in trainingdata.Otheraspectsof theprimitive,suchashow to actuallydo it,
canbelearned.

We areexploring a threepart framework for primitive use(Figure1). A classi�er selectsthe
type of primitive to usein a given context. A function approximator predictsthe appropriate
argumentsor parametersfor the selectedprimitive (subgoalgeneration).Another function ap-
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Figure1: Threepartframework for learningusingprimitives.

proximator predictsthenecessarycommandsto achieve thesubgoalspeci�edby theparameters
for theprimitive (actiongeneration).This framework supportsrapid learning.Theavailability of
subgoalinformationdecouplesactiongenerationlearningfrom therestof theproblemandallows
what is learnedat the actionlevel to be reusedevery time a primitive of the correspondingtype
is used.In what follows we describeour approachto learninghow to selectprimitives,generate
subgoals,andperformtheselectedprimitiveswith thespeci�edsubgoals.

We have usedtwo tasksto developour thinking, themarblemazegameLabyrinth(Figure2)
and air hockey [5, 6]. We selectedthesetasksbecause1) they are challengingdynamictasks
with differentcharacteristicsand2) robotshave beenprogrammedto do both tasks[10, 17], so
they aredoable,andto theextenttherearepublisheddescriptions,thereareotherimplementations
to compareto. The marblemazetask is similar to partsorientationusing tray tilting [8]. The
marblemazetaskwill allow usto exploregeneralizationacrossdifferentboardlayouts,while air
hockey will allow us to explore generalizationacrossdifferent opponents.We have developed
versionsof thesegamesto beplayedby simulatedagentsandby actualrobots.Althoughhardware
implementationsnecessarilyincludereal world effects,we cancollect useful training datafrom
thesimulationswithout thecostof runningthefull robotsetups,andcanperformmorerepeatable
andcontrollableexperimentsin simulation.

This paperdescribessomeof our work usingthe marblemaze. In the marblemazea player
controlsamarblethroughamazeby tilting theboardthatthemarbleis rolling on. Theactualboard
is tilted usingtwo knobsandthesimulatedboardis controlledwith a mouse.Thereareobstacles,
in the form of holesandwalls. The primitiveswe have manuallydesignedfor the marblemaze
gamearebasedonourobservationsof humanplayers.Thefollowing primitivesarecurrentlybeing
exploredandareshown in Figure2:

� Roll To Corner:Theball rolls alongawall andstopswhenit hitsanotherwall.
� Corner:Theball is movedinto acornerandtheboardis thenalmostleveled,sothatthenext

primitive canmove theball outof thecorner.
� Roll Off Wall: Theball rolls alongawall andthenrolls off theendof thewall.
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Figure2: Left: Thehardwaremarblemazesetup.Right: Marblemazeprimitives(topview).

� Roll FromWall: Theball hits,or is on,awall andthenis maneuveredoff it.
� Guide:Theball is rolled from onelocationto anotherwithout touchingawall.

2 Learning From Observation

In learning from observation the robot observes a humanor anotherrobot performinga task,
and usesthat information to do the task. In learningfrom observation without primitives, the
robot learnsdesiredstatesor statetrajectoriesandcorrespondinglow level actionsor actionse-
quences[3]. It is dif�cult to generalizemuchbeyond the statetrajectoriesor reuseinformation
acrosstasks.It is alsodif�cult to reasonaboutwhatthedemonstratorwastrying to do at any time
during the observation. Primitivesprovide a way to generalizemoreaggressively, and to reuse
informationmoreeffectively. Furthermore,selectingtheappropriateprimitive canbe interpreted
asselectingasubgoalin thatpointof thetask,asimpleform of reasoning.

2.1 Finding Primiti vesIn The Observation Data

In learningfrom observationusingbehavioral primitives,it is necessaryto segmenttheobservation
(or trainingdata)into instancesof theprimitives.Theexampletasks,marblemazeandair hockey,
havebeenchosento someextentbecauseit is relatively easyto segmentanobservationinto distinct
primitives.We usea strategy basedon recognizingcritical events.Examplesof critical eventsfor
air hockey includepuck collisionswith a wall or paddle,in which the puck speedanddirection
arerapidly changed.In marblemazeinitiating andterminatingcontactwith a wall areexamples
of critical events(Figure 3). A combinationof geometricknowledge(proximity of the ball to
walls) andviolationsof dynamicmodels(the ball doesnot acceleratein the directionof board
tilt, suddenchangesin ball velocity) are usedto infer wall contact. Primitives are de�ned by
creatingalgorithmsthatautomaticallysegmenttheobservedprimitivesby searchingfor sequences
of critical events. Parametersor subgoalsareestimatedby observingthe stateof the taskat the
transitionto the next observed primitive. In marblemaze,the taskstateis given by the marble
position and velocity, and the boardtilt angles. Thereare caseswherea primitive can not be
identi�ed in thetrainingdata(gapsin the�gure).
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Figure3: TopLeft: Raw observeddata.TopRight: Wall contactidenti�ed by thick line segments.
Bottom: Symbolsshow thestartof recognizedprimitives: 
 -Roll To Corner, � -Roll Off Wall,
� -Guide, � -Roll From Wall, � -Corner.
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Figure4: Creatingmultiple Roll to Corner instancesfrom a singleobservation of the primitive
(topview).

2.2 Learning to SelectPrimiti vesand ChooseSubgoals

In learningfrom observationusingprimitivesthe learnerlearnsa policy of which primitive type
andsubgoalto usein eachtaskstate. The segmentedobservation datacanbe usedto train this
mechanism.Therearemany classi�ersandfunctionapproximatorswe couldhave used.We have
taken a memory-basedapproach,usinga nearestneighborschemefor the classi�er that selects
primitives,andkernelbasedregressionfor thefunctionapproximatorthatprovidessubgoals.This
providesuswith onemechanism,thedistancefunction,thatcanbeusedto improve performance
in bothprimitiveselectionandsubgoalgeneration.Oursystemlearnsby modifying thecalculated
distancesbetweenaqueryandthestoredexperiencesin memory. Memory-basedapproacheshave
anumberof otherbene�ts,suchasrapidlearning,low interference,andcontroloverforgetting[2].

Eachtime a primitive is observed in the trainingdataa correspondingdatapoint is storedin
a databasethat is indexed by the stateof the task at the time the primitive was performed. In
marblemaze,thestateis six dimensional,includingthemarbleposition(mx;my), marblevelocity
( �mx; �my), andboardtilt angles(bx;by). Figure4 shows how observationsof a singleprimitive
canbe generalizedby noting that intermediatepointsin the observed primitive instancearealso
startingpointsfor shorterversionsof that primitive. During execution,the currentstateis used
to look up in thedatabasetheclosestor mostsimilar primitive nearthat state,which determines
whichkind of primitive to use.Distanceis computedusingaweightedEuclideanmetric:

d(x;q) = å
j

w j (x j � q j )2 (1)

x is a storedexperience,q is thequeryto thedatabase,and j indexescomponentsor dimensions.
Eachdimensionis scaledto rangefrom -1 to 1 basedon all thedatain thedatabase,andthenthe
following weightsareapplied:a weightof 100on marblepositions,10 on marblevelocities,and
1 onboardangles.Wewill discussthesensitivity to theseparametersin a latersection.

After it hasbeendecidedwhich typeof primitive to use,theparametersof thatprimitive are
alsospeci�edby thedatabaseof prior observations.TheclosestN storedexperiencesthatinvolved
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the sameprimitive type areusedto computethe subgoalfor the primitive to be performed.We
computetheparametersusingkernelregression:

q̂(q) =
å N

i= 1qi � K(d(xi ;q))

å N
i= 1K(d(xi ;q))

(2)

xi is the ith storedexperience,K(d) is the kernel function and is typically e� d2=s. As can be
seen,theestimatêq dependson thelocationof thequerypoint,q. We typically usedthe4 closest
experiencesof theappropriatetypeto computethesubgoal,but N canrangefrom 2 to 6 with little
effect. To our surprise,the width parameters in e� d2=s hadlittle effect whenit wasvariedfrom
0.01to 1000.

2.3 Learning to perform primiti ves

Thesystemlearnshow to performeachbehavioral primitiveby learningapolicy (amappingfrom
statesto actions)to usewhenthe correspondingprimitive is beingexecutedwith speci�ed sub-
goals.Theactionsat this level areratesof changeof boardangles( �bx; �by). Ourcurrentimplemen-
tationof policy learningfrom observation is very simple. Thesystemlearnsa functionmapping
statesto actionsthatmatcheswhatis seenin thetrainingdata.Thetrainingdatais initially sorted
by which primitive is recognized.The training datais thenmappedinto a local referenceframe
relative to relevant subgoals,allowing training datawith differentsubgoalsto be pooled. Primi-
tivesrelatedto cornersreferencethemarblepositionwith respectto therelevantcorner, primitives
relatedto walls referencepositionwith respectto wherethemarblelosescontactwith thewall (the
endof thewall in Roll FromWall, for example),andpositionis referencedto theendof theprim-
itive in the Guideprimitive. Only motion alonga wall is representedfor primitivesthat involve
rolling alongawall. Themarbleis heldto thewall with aconstantboardtilt in thatdirection.This
relative andsometimesreduceddimensionalityrepresentation,madepossibleby our threelevel
approach,greatlyincreasesthe amountof generalizationpossibleandthe ef�ciency of learning.
This trainingdata,mappingrelative statesto actions,is �t with a nonparametricfunctionapproxi-
mator, locally weightedprojectionregression(LWPR)[20]. Thelearnedpolicy is usedwhenthere
is nearbydata(theLWPRsystemhasnon-zeroactivation),andotherwisea simpledefault policy
is used.

Figure5 showshow performanceonabasicrolling alongwall behavior (usedin Roll Off Wall,
Roll FromWall, andRoll To Cornerprimitives)improveswith theamountof trainingdata. The
averageandstandarddeviation of thevelocity error (cm/sec)at theendof theprimitive is shown
asmoretrainingdatais observed.Multiple testtrialswith startingconditionsandsubgoalstypical
of humanplaywereusedto assessperformance.Theinitial barin thehistogramis theerrorof the
default policy. In this casethedefault policy tilts theboardslightly to acceleratethemarbleif the
marbleis rolling lessthan1cm/sec,andotherwisedoesnotchangethetilt. Theerrorsarenegative
becausetheactualvelocity is typically lessthanthedesiredvelocity.

Duringplay, aprimitive is invokedwith aparticularsubgoal.First, thecurrentstateis checked
with respectto the subgoallocation. If the staterelative to the subgoalis not within a primitive
speci�c range,this primitive invocationfails. Currentlywe take a default actionof no changein
boardtilt angle(zeroboardtilt velocity)whenthisoccurs.An alternativewouldhavebeento select
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Figure5: Errors(cm/sec),andstandarddeviations,in attainingthe desiredvelocity in the basic
rolling alongwall behavior asmoretrainingdatais available.

a differenttypeof primitive to execute.Thethresholdsfor this testfor eachprimitive typeareset
manually, but couldbelearnedfrom thetrainingdata.Then,thesubgoalpositionis subtractedfrom
thepositionvaluesin thecurrentstateto producea relative state.This relative stateis usedasthe
input to the learnedpolicy, andtheactiongenerationmodulefor theselectedprimitive generates
a correspondingaction. Primitivesterminateeitherwhenthe stateis within a manually-de�ned
distanceof thesubgoal(half themarbleradius),will reachthesubgoalon thenext time step,the
�nal goal region is reached,the marblerolls into a hole or outsidea boundingbox containing
the startandendlocation,the marbleinappropriatelylosesor makescontactwith a wall, or if a
certainamountof time passes(4 seconds).Given the perceptualde�nition of primitives,we do
not currentlyseea way to learnfrom observationwhenprimitivesshouldendthat is not a direct
re�ection of how wede�ned theendof aprimitive in processingtheobservationdata.Termination
conditionscouldbere�ned with practice,but thiswasnot implemented.

2.4 Resultson Learning From Observation

Figure6 shows thetrainingdataandperformanceusingthetrainingdataon thehardwaremarble
mazesetup.Figure7 showstheeffectof thenumberof observedgameson learningfrom observa-
tion for a largenumberof simulationruns.In thesimulationswe turn failures(falling into a hole)
into a time penalty: if themarblefalls into a holeor doesnot make progressfor 15 secondsit is
moved forward in themazeandtheplayeris givena 10 secondpenalty. Oneto � ve gameswere
randomlyselectedfrom adatabaseof 50humangameswith nofailuresandplayingtimesof 20-26
seconds.

Learningfrom observationusingthis memory-basedapproachseemsto work well. It became
clearto usthat learningfrom observationalonehadseveralproblems,however. Evenunderideal
conditionsthe learnerjust learnsto imitate the performanceof the teacher, not to do betterthan
the teacher. In general,the learnerdid not matchthe teacher's performance.Thesamemistakes
tendto bemadeover andover. To improve further, it becameclearto us thatadditionallearning
mechanismswerenecessary, suchastheability to learnfrom practicein additionto learningfrom
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Figure6: Top: The 3 observed gamesplayedby the humanteacher. Bottom Left: Performance
on 10 gamesbasedon learningfrom observationusingthe3 traininggames.Themazewassuc-
cessfullycompleted5 times,andthe circlesmark wherethe ball fell into holes. Bottom Right:
Performanceon10gamesbasedon learningfrom practiceafter30practicegames.Therewereno
failures.
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Figure7: Performancein simulationbasedononeto � vetraininggames:learningfromobservation
usingoneto � ve games(left bars),learningfrom observation andpracticeusingtables(middle
bars),andlearningfrom observationandpracticeusingLWPR(right bars).30trialsusingdifferent
randomlyselectedtraininggameswereaveragedandtheerrorbarsarestandarddeviationsof the
results.Thelearningfrom practiceresultsarebasedonpracticingwith 300games.

watchingothersperform.

3 Learning From Practice

In orderto learnfrom practice,thesystemneedsto have a way to evaluateperformance,or have a
de�ned taskobjective functionor criterion.This informationis usedto updateprimitiveselection,
and subgoaland action generation. A tough questionis wherethe task criterion comesfrom.
Ideally, it shouldbe learnedfrom observation. The learnershouldinfer the intentof the teacher.
This is verydif�cult, andwedeferaddressingthisquestionby manuallyspecifyingataskcriterion.

Oursystemlearnsfrom practiceby changingthedistancefunctionusedin thenearestneighbor
lookup donein both selectingprimitives and generatingsubgoals. Let's considerthe simplest
case,wherea nearestneighborclassi�er is usedto selectthe primitive usedin the experience
mostsimilar to thecurrentcontext. If theclosestprimitive actuallyleadsto badconsequences,we
want to increasetheapparentdistance,sothata differentexperiencebecomesthe“closest”anda
differentprimitiveis tried. If theclosestprimitiveleadsto goodconsequences,wewantto decrease
theapparentdistance.In thenearestneighborcase,decreasingthedistanceto theclosestpointhas
noeffect,but in kernelregressionit increasestheweightingof thatsubgoal.

Let uscontinueto considerthesimplestcase,anearestneighborapproach.Weuseanestimate
of thevaluefunction,or actuallyaQ function,to representtheconsequencesof choosingapartic-
ular primitive in thecurrenttaskstate[21]. A Q functiontakesasargumentsthecurrenttaskstate
andanaction. In our case,thetaskstateis thequeryq to thedatabase,andtheactionis choosing
to useinformationfrom storedpoint xi , sowe have Q(q;xi). We usethis Q valueasa scalefactor

10



appliedto thedistance,whereC is anormalizingconstant(version1 of thescalefactor):

d̂ = d(xi ;q) �
C

Q(q;xi)
(3)

This scalefactorwill have the effect of moving a storedexperiencein relationshipto the query
point. ScalefactorsC=Q greaterthan1.0 will have the effect of moving the datapoint farther
away from thequerypoint andscalefactorslessthen1.0have theeffect of moving thedatapoint
closerto the querypoint. For example,if the marblefalls into a hole after a selectedprimitive
is performed,the scalefactorsassociatedwith the setof datapointsthat votedfor that primitive
selectionor contributedto thesubgoalgenerationcanbeincreased.Thenext time theagent�nds
itself in thesamestate,thosedatapointswill appearfurtherawayandwill thereforehavelesseffect
on thechosenaction.We have alsoexploredusinganalternative form of thescalefactor(version
2):

d̂ = d(xi ;q) � exp((C� Q(q;xi))=b) (4)

Version2 of thescalefactorallows theQ valuesto bezeroor negative andthein�uence of theQ
valueon themultiplier canbecontrolledby b (typically 20,000).

In our memorybasedapproach,we associatethe Q values,Qi(q;xi), with our experiences,
xi . In orderto supportindexing theQ valueswith thequeryq, we actuallyassociatea tableof Q
valueswith eachstoredexperience,andusethat tableto approximateQi(q;xi). This alsosolves
theproblemthat from onequerypoint statethechosenexperiencesmaybeappropriate,but from
a differentquerypoint, theseexperiencesmay not work very well. With a tableassociatedwith
eachstoredexperience,we canhandlethis effect. In themarblemazeenvironmentthestatespace
is six dimensional. Eachdimensionis quantizedinto � ve cells. Eachstoredexperiencein the
databasehasa tableof size56. For any querypoint in thestatespace,its positionrelative to the
datapoint is usedto �nd thecell that is associatedwith thatquerypoint. Sincewe expectonly a
smallfractionof thecellsto beused,thetablesarestoredassparsearraysandonly whenthevalue
in a cell is initially updatedis thecell actuallycreated.Thesizeof thecellsassociatedwith a data
point werechosenmanuallythroughtrial anderror with the cells nearthe centerbeingsmaller
thenthosefurtheraway. For examplethedifferencein x andy positionbetweenthequerypoint
andthedatapoint is dividedinto thefollowing areas:lessthan-0.4cm,-0.4cmto -0.1cm,-0.1cm
to 0.1cm,0.1cmto 0.4cm,andgreaterthan0.4cm. Making the closercells smallerallows �ner
distinctionsto bemadewhenrelevantexperiencesarecloseto thequerypoint. To eliminatethe
needto specifya largenumberof parametersandto allow theagentto learnits own discretization
of thestatespacewealsoexploredtheuseof LWPRmodelsto encodetheQ values.

Figure8 shows a simpleonedimensionalexampleof associatingscalefactorswith two stored
datapoints, P1 and P2. The numbersabove the datapoints are the scalefactorsC=Q that are
initialized to 1.0. For eachdatapoint, thenumberto theright (left) of thedatapoint is usedwhen
thequerypoint is to theright (left) of thedatapoint. For thetwo querypointsshown thedistance
QP2-P1is 1:0� 5= 5, QP2-P2is 1:0� 20= 20,QP1-P1is 1:0� 5= 5, andQP1-P2is 1:0� 10= 10.
For thesituationshown thedatapointP1wouldbeselectedfor bothquerypoints.An agentmakes
thequeryQP1andchoosesdatapointP1andperformstheprimitivewith theparametersspeci�ed
by P1.Theagent'sprogressis thenevaluatedwhentheprimitiveends. If theagenthasperformed
poorly, thescalefactorcanbechangedasshown in Figure8. For this new situationthedistance
QP2-P1is 1:0� 5= 5,QP2-P2is 1:0� 20= 20,QP1-P1is 4:0� 5= 20,andQP1-P2is 1:0� 10= 10.
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Figure8: Onedimensionalexampleof associatingmultipliers with datapoints. The multipliers
areinitialized to 1.0. Thenthemultiplier for P1is changedto re�ect theeffect of usingthis point
in queryQP1.

As canbeseenthedistancebetweenQP1andP1is now apparentlymuchlargerandthereforeP2
will now bechosenfor thisquery. However, aqueryatQP2will returnthesameresultsasbefore.

TheQ valuesareinitialized with C andthenupdatedusinga modi�ed versionof Q learning.
For eachof thedatapointschosenin thesubgoalcompuationtheQ-valuesareupdatedasfollows:

Q(qt ;xm)  Q(qt ;xm) + a � [r + gQ(q̂; x̂) � Q(qt ;xm)] (5)

� a is the learningrate. Sincemultiple pointsareused,theweightinggivenby K(d(xm;qt ))
å N

i= 1K(d(xi ;qt ))
is usedasthelearningrate. This weightinghastheeffect of having pointsthatcontributed
themosttowardselectingthesubgoalhaving thehighestlearningrate.

� r is therewardobservedaftertheprimitive hasbeenperformed.

� g is thediscountfactor(typically 0.8).

� Q(q̂; x̂) is thefuturerewardthatcanbeexpectedfrom thenew stateq̂ andselectingthedata
pointsx̂ at thenext timestep. Thisvalueis givenby aweightedaverage:

Q(q̂; x̂) =
å N

i= 1Q(q̂; x̂i)K(d(x̂i ; q̂))

å N
i= 1K(d(x̂i ; q̂))

(6)

Wheneachprimitive endstherewardfunctionis computedasthesumof thefollowing terms:

� Moving throughthemaze:thedistancein centimetersfrom thebeginningof theprimitive to
theendlocation. Movementalongthepathtowardthegoal(theline drawn on theboard)is
positivedistanceandmovementaway from thegoalis negativedistance.

� Takingup time: � 10� theamountof time in secondsfrom thetime theprimitive startedto
thetime it ended.

� Not makingany progressduringtheexecutionof theprimitive: � 50;000. This termpenal-
izesprimitivesthatgetstuck.
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� Not completingtheexecutionof theprimitive within 4 seconds:� 20;000.Primitive execu-
tion is terminatedafter4 seconds.

� Rolling into, andbeingstablein, acorner:30;000. Whenacorneris reached,learningstops
andrestartsfrom thecornerlocation. Theplayingagentonly getsa rewardthe�rst time it
goesto acorner. Subsequentvisits to thesamecornerwill alsoresetlearning,but will result
in no reward. Thispreventstheagentfrom returningto cornersjust to gethigh rewards.

� Falling into ahole: � 50;000,theQ-valueof theholestateis 0. Whentheplayingagentfalls
into a hole,learningis stoppedandrestartedfrom thelocationthemarbleis placedat when
thegamebeginsagain.

� Reachingthegoallocationin themaze:10;000.

After learningfrom observation, the systemnow learnsfrom practiceusingeither tablesor
LWPRmodelsto alterthedistancefunction.Figure6 shows individual gameson actualhardware
afterlearningfrom practice(usingversion1 of thedistancefunctionscalefactorandtablesto rep-
resentthedistancefunction).Figure7 showsamorecomprehensivesetof simulationexperiments
exploring usingversion2 of thedistancefunctionmodi�cation formulaandeitherlocal tablesor
LWPR modelsto alter the distancefunction. Performanceof learningfrom practiceusinglocal
tablesandLWPRmodelsareaboutthesame.Practiceimprovesperformanceto humanlevelsand
alsoreducesvariability. Figure9 shows theeffect of varying thedistancefunction in simulation.
Themarblepositionis clearly themostimportantfactorin learningfrom observation. However,
after learningfrom practice,performanceis relatively independentof the original distancefunc-
tion. The adjustmentof the distancescalefactorsin learningfrom practicecancompensatefor
poorselectionsof theoriginaldistancefunction.

4 Comparison: Learning Without Behavioral Primiti ves.

Wealsoimplementedlearningfrom observationandpracticeusingasdirectamappingfrom states
to actionsaswe couldpracticallyimplement.We implementedstandardQ learningbasedon the
descriptionof Section6.5 of [19]. The Q functionwasrepresentedasa table. We notethat this
table representsa differentkind of behavioral primitive ratherthanno primitive at all, because
thesameactionis usedwithin eachcell. We roughlyoptimizedthesizeof thecells to maximize
the learningrate,andthe cell sizeswereasfollows: marblepositioncell width: 0.01m,marble
velocity cell width: 0.1m/sec,boardrotationcell width: 0.01radians,andthreepossibleactions
in eachstate,which changethe rotation angleof the boardby (� 0:01radians;0;0:01radians).
With cellsof this sizeanda boardof size28cm� 23:5cm, a maximumvelocity of 0:5m=secand
maximumboardrotationof 0:14 radianstherewere(28� 24) � (10� 10) � (28� 28) = 52;684;800
states.This resultsin 52;684;800� (3� 3) = 474;163;200state-actionpairsor Q values. Since
many partsof theboardareinaccessibledueto walls andholestheactualnumberof possibleQ
valuesis smallerthanthis number. We useda sparserepresentationof this table,andtypically
createdmany fewercells.
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Figure9: Effect of varyingdistancefunctionparameterson performance(in simulation):learning
from observationusing� ve games(left bars),learningfrom observationandpracticeusingtables
(middlebars),andlearningfrom observationandpracticeusingLWPR(right bars).30 trialsusing
differentrandomlyselectedtraininggameswereaveragedandtheerrorbarsarestandarddeviations
of theresults.Thelearningfrom practiceresultsarebasedon practicingfor 300games.The�rst
graphshowstheeffectof varyingtheweightonmarbleposition,thesecondgraphshowstheeffect
of varyingtheweightonmarblevelocity, andthelastgraphshows theeffectof varyingtheweight
onboardangle.
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TheagentusestheQ learningalgorithmasdescribedin Section6.5of [19]. TheQ valuesare
updatedasfollows:

Q(st ;at)  Q(st ;at) + a �
h
rt+ 1 + gmax

a
Q(st+ 1;a) � Q(st ;at)

i
(7)

a, thestep-sizeparameter, is setto 0:2 andg, thediscountrate,is setto 0:999. r t+ 1 is thereward
received by the agentwhenit movesfrom st to st+ 1. The reward function is distTrav� 10� 1,
wheredistTrav is the distancein centimetersthe marbletraveledalongthe pathto the goal. If
themarblemovesin thewrongdirection,distTrav will benegative. The� 1 termis a penaltyon
takingtime. Theagentreceivesa rewardof � 1000if themarblefalls into a holeanda rewardof
0 whenthe goal locationis reached.The initial Q values,Qinit, aresetto a pessimisticnumber
(-500).WefoundthatusinganoptimisticnumbercausedtheQ learnerto learnmuchmoreslowly,
sinceit wouldexploreall possiblestatesandactionsuntil all optimisticvalueshadbeendecreased.

Theaction-updatecycle occursat 60 timespersecond.Theagentusesthesoft-maxfunction
e(Qt (a)� Qinit)=t

å n
b= 1e(Qt (b)� Qinit)=t , wheret is set to 10:0, to selectactions. The agentoperatesunderthe same

conditionsdescribedpreviously: if themarblefalls into a holeor doesnot make progressfor 15
secondsit is moved forward in the mazeandthe playeris given a 10 secondpenalty. Figure10
shows theperformanceof this agentduring30 trials of 20;000gameseach. Thegraphshows the
runningaverageof thetime to reachthegoalacrossthe30 trials.

We show the learningcurve of the direct mappingapproachafter initially training it on 5
randomlyselectedhuman-playedgames(Figure10). TheQvalueswereupdatedonthe5 randomly
chosengames20times,asif theagentwasplayingthegame.Learningfrom observationimproves
performance,anddecreasesthelearningfrom practicenecessaryto attainmaximumperformance.

We alsoshow theperformanceof our approachaveragedacross30 trials, with learningfrom
observationon5 randomlyselectedhuman-playedgamesfollowedby learningfrom practice.The
line markedPRIMITIVES usedtheapproachdescribedin theprevioussection.The line marked
PRIMITIVES2 usedthe samereward function aswasusedfor the DIRECT case. We seethat
learningfrom observationusingprimitivesis muchmoreeffective thanlearningfrom observation
without usingprimitives. Learningwithout primitives,after more than1000games,eventually
matchesandsometimesexceedstheperformanceof theapproachusingbehavioral primitives.

5 Discussion

Ourgoalis to �nd waysto simplify robotprogramming.In thispaperwedescribeawayto program
robotsusinglearningfrom observation. We alsodevelop an approachto learningfrom practice
(reinforcementlearning)tailoredto improving learningfrom observation. To usethis approach,a
robotprogrammermustidentify thetaskstatesandactions,de�ne how to �nd primitivesin training
data,createarewardfunctionfor thetask,anddemonstratehow to dothetask(potentiallythrough
teleoperation).Thereareseveralkey ideas:

� Usebehavioral primitivesto improve generalizationandspeedup learning.

� Usememory-basedapproachesto learninghow to select,provide subgoalsfor, andperform
behavioral primitives.
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Figure10: Performancein simulationversusnumberof gamesplayedusinga directmappingof
statesto actionscomparedto usingbehavioral primitives. The top (solid) line is learningfrom
practiceusingthedirectmappingof statesto actionswithout any trainingdataof humangames.
The dashedline is learningfrom practiceusing the direct mappingafter being initially trained
on humangames.Thelower solid line is learningfrom practiceusingbehavioral primitivesafter
observinghumangames,usingthesamerewardfunctionasthedirectmappingcase.Thebottom
(dotted)line is learningfrom practiceusingbehavioral primitivesafter observinghumangames
usingthemorecomplex rewardfunction.Standarddeviationsareshown aserrorbars.
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� Usethe observed humanbehavior to de�ne the spaceto be exploredduring learningfrom
practice.

� Usefulsubgoalsareintermediatestatesor setsof states.Thesesubgoalsareeasilyobserved,
andpoliciescanbelearnedto attainthem.

� Useanexistinglibrary of behavioral primitives,ratherthanlearntheprimitivesfrom scratch.

� De�ne primitives in perceptualterms,to enablethe robot to detecttheir usagein training
data. Humansdescribehow to �nd primitivesin the trainingdata,androbotslearnhow to
performthem.

[18] and [4] review recentapproachesto theuseof primitivesin reinforcementlearning.Our
emphasisonlearningfromobservationgivesourworkaquitedifferentfocus.Weuselearningfrom
practice(reinforcementlearning)to alterhow observedbehavior is selectedandcombined,rather
thantrying out anarbitraryrangeof behavior. We alsodo not try to discover or inventprimitives,
a majoremphasisof otherwork in reinforcementlearning.Anotherdistinguishingfeatureof our
work is theuseof memory-basedapproachesto learning[2]. Welearnfrom observationby storing
observationsin a database.We learnfrom practiceby alteringthedistancefunction. [2] reviews
theuseof complex distancefunctionssimilar to whatwehaveusedherein learningfrom practice.
[9, 12, 14, 16] areexamplesof work in reinforcementlearningthatusememory-basedapproaches
to representthevaluefunction itself. [16] performslearningfrom observationby training theQ
functionusingobservationdata.Someof ourcurrentwork includesimplementingvaluefunctions
for primitives,whichwill allow interestingcomparisonswith theapproachdescribedin thispaper.

Learningusingbehavioral primitivesin the marblemazetaskwasmuchfasterthanlearning
usinga directmappingfrom statesto actions.Onereasonfor this is thatour approachto learning
usingbehavioral primitivesselectsactionsfrom whattheteacherdid in thelocal context. Actions
that the teacherdid not apply arenot exploredin our versionof learningfrom practice. This is
clearlya two-edgedsword: learningis greatlyspedup,but ultimateperformancemightbelimited.
Evenwhenrestrictedto selectingfrom demonstratedbehavior, thesystemcanlearnnew strategies.
In the threeobservedgamesthehumanmaneuversthemarblebelow hole14 (Figure6). During
practicetheagentfalls into hole14andlearnsthatit canmoreeasilymaneuver themarblearound
thetop of hole14 by selectingdifferentprimitivesandgeneratingdifferentsubgoals.We did not
evenknow thisactionwaspossibleuntil weobservedtherobotdo it.

Anotherreasonlearningis spedup is thatwehaveprovidedopportunitiesfor generalizationat
theactiongenerationlevel. Policiesfor eachprimitive areimprovedusingdatafrom many parts
of theboard.Interestingly, wehavenot takenadvantageof anotheropportunityfor generalization:
generalizationof primitive selectionandsubgoalgenerationacrossthemazeandacrossdifferent
mazes.Becauseprimitive selectionandsubgoalgenerationis donein termsof boardcoordinates,
we cannotuseprimitive selectionandsubgoalgenerationlearnedon onemazeto improve perfor-
manceonanothermazeor in differentpartsof thesamemaze.Weareexploringindexing primitive
selectionandsubgoalgenerationusinglocal featuresof the maze.Performanceis currentlyless
using local featuresthanapproachesusingmazelocation,sinceinformationis lost aboutfuture
consequencesof actions.

Whattaskor domainknowledgewasused?Clearlythedesignof theprimitivesre�ects agreat
dealof knowledgeof the task. The designof a reward function for learningfrom practicealso

17



usesknowledgeof the task. The reward function rewardedgettingto the endof the maze,and
penalizedhow long eachprimitive took, failing to make progress,and falling into a hole. The
rewardfunctionusedknowledgeof thelocaldirectionto thegoalto rewardtheamountof progress
madeby eachprimitive. This re�ects themarblemazegame,which typically hasa desiredpath
markedontheboard(Figure2). It is alsoeasyto calculatesuchapathusingdynamicprogramming
or theA* algorithm,only consideringmarblepositionsandobstaclelocations.Therewardfunction
alsoexplicitly rewardedgettingto corners,a very taskspeci�c element.Removing someof these
features(cornerreward,timeoutpenalty, andnoprogresspenalty)reducedperformancesomewhat
(PRIMITIVES2 line in Figure10). In actiongenerationlearningwe assumesymmetry, that all
cornersandwalls aredynamicallythe same.This could easilynot be the case.We would have
to extendlearningto discover differencesbetweensimilar situations.Interestingly, theonly time
informationaboutwall locationwasusedwasin recognizingprimitivesin thetrainingdata.Wall
locationwasnotusedby thesystemwhile playingthegame.Wall andcornerlocationsareimplicit
in thesubgoals.

It is a commonbelief that the most importantresearchissuein primitives is how they are
inventedfor a new task. Thereare several argumentsagainst this point of view: 1) For rapid
learning,especiallyfrom asingleobservation,thereis notenoughdatafor statisticalapproachesto
discoveringprimitivesto work. 2) Our inituition is thatsomeform of learningbasedon physical
reasoning(understandingwhy cornersandwalls areuseful) is key to obtaininghumanlevels of
learningperformance.3) Perhapsbiologicalsystemsmake useof a selectionstrategy aswell. We
arebornwith anexisting library of biologicaleye movementprimitivesandgaits. It maybe the
casethatbiologicalsystemsutilize a �x ed library of motorprimitivesduring their lifetime. 4) It
may be the casethat we canmanuallycreatea library of primitivesfor robotsthat cover a wide
rangeof everydaytasks,andthatinventionof new primitivesis simplynotnecessaryor quiterare.
Hencetheemphasisin this work is on exploring how to make effective useof existing primitives.
It is ourhopethatthisexplorationwill inform thedesignof ageneralsetof primitives.

Whatpropertiesshouldasetof primitiveshave?In orderto learnfrom observation,primitives
needto be recognizablefrom observabledata. Goodprimitivesdivide learningproblemsup, so
thateachindividual learningproblemis simpli�ed. For example,primitivesthatbreakinput/output
relationshipsup at discontinuitiesmay lead to a set of simple learningproblemswith smooth
input/outputrelationships.

Therearemany issuesleft to beworkedon: How canwe intermix learningfrom observation
andpractice?In this work, learningfrom practicefollows learningfrom observation. How can
we moreeffectively generalizeacrosssimilar tasks?We arecurrentlyexploringhow to generalize
acrossdifferentmazes.In thiswork weexploredmodel-freelearningapproaches.Wearecurrently
exploringmodel-basedapproaches,which learnamodelandusethelearnedmodelto acceleration
policy learning.

6 Conclusions

We showed how to enablerobotsto rapidly learn from watchinga humanor robot perform a
task,andfrom practicingthe taskitself. A key componentof our approachis to usebehavioral
primitives.Anotherkey componentis to usetheobservedhumanbehavior to de�ne thespaceto be
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exploredduringlearningfrom practice.We developedmemory-basedapproachesto learninghow
to select,providesubgoalsfor, andperformbehavioral primitives.Wedemonstratedbothlearning
from observationandlearningfrom practiceon a marblemazetask,Labyrinth. Usingbehavioral
primitives greatlyspeedsup learningrelative to learningusinga direct mappingfrom statesto
actions.
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