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Abstract

We explorehow to enablerobotsto rapidly learnfrom watchinga humanor robotperform
atask,andfrom practicingthe taskitself. A key componenbf our approachs to usesmall
unitsof behaior, whichwe referto asbehaioral primitives. Anotherkey components to use
theobsenedhumanbehaior to de ne thespaceo beexploredduringlearningfrom practice.
In this paperwe manuallyde ne task appropriateprimitives by programminghow to nd
themin the training data. We describememory-base@pproacheso learninghow to select,
provide subgoaldor, andperformbehaioral primitives. We demonstratéoth learningfrom
obsenation andlearningfrom practiceon a marblemazetask, Labyrinth. Using behaioral
primitivesgreatlyspeedsip learningrelative to learningusinga directmappingfrom stateso
actions.

1 Intr oduction

We areexploring how primitives,small units of behaior, canspeedup robotlearningandenable
robotsto learn dif cult dynamictasksin reasonablemountsof time. Primitives are units of
behaior above the level of motor or musclecommands. Therehave beenmary proposalsfor
suchunits of behaior in neurosciencepsychologyrobotics,arti cial intelligence,andmachine
learning[1, 15, 13, 4, 18]. [7] presentsa more completesuney of relevantwork, and provides
additionaldetailon thework describedn this paper

Thereis a greatdealof evidencethatbiologicalsystemshave unitsof behaior above thelevel
of activating individual motor neuronsandthatthe organizationof the brain re ects thoseunits
of behaior. We know thatin humaneye movement,for example,thereareonly a few typesof
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movementsncludingsaccadesmoothpursuit, VOR, OKN, andvergencethatgenerakye move-
mentsaregenerate@dssequencesf thesebehaioral units,andthattherearedistinctbrainregions
dedicatedo generatingand controlling eachtype of eye movement. We know thattherearedis-
cretelocomotionpatternsor gaits, for animalswith legs. Whetherthereare correspondinginits
of behaior for upperlimb movementin humansandotherprimatess notyetclear[11]. Thereis
evidencefrom neurosciencandbrainimagingthattherearedistinctareasof the brainfor different
typesof movements.Developinga computationatheorythat explainsthe rolesof primitivesin
generatingpehaior andlearningis animportantsteptowardsunderstandindgnow biological sys-
temsgeneratdehaior andlearn. A differencebetweenwork on behaioral primitivesin biology
andin roboticsis thatin biology the emphasigs typically on nding behaioral primitivesthat
areusedacrossmary tasks,while in roboticsthe emphasiss typically on primitivesthatareonly
appropriatdor a singletaskor asmallsetof closelyrelatedtasks.

In robotics, behaioral units or primitives are a way to supportmodularityin the designof
behaiors. Primitivesareanimportantsteptowardsreasoningaboutbehaior, abstractionandap-
plying generaknowledgeacrossawide rangeof behaiors. We believe thatrestricting behaioral
optionsby adoptinga setof primitivesis a goodway to handlehigh dimensionatasks.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 appropriatanotions
from scratchor at the level of a sequencef cloth states. The large numberof possibleactions
andstatesalsomake learningdif cult, if notimpossible.Whatis the sword thatcutsthis Gordian
knot? If the possibleactionsarerestrictedio a smallset,it becomegossibleto explorethe space
of possibleactionsand nd a sequencéhatworks well. However, the Achilles heelof suchan
approachs thatthe setof possibleactionsmustmatchthe task. We needto understandherole
of primitivesin generatingpehaior andlearningto betterunderstandheseissuesandbuild more
effective learningrobots.

We believe the techniquesdescribedn this paperwill apply to mary currentchallengesn
robotics,suchas graspingwith an anthropomorphidhand,where objectshapeand posecanbe
usedto selectagraspingprimitive. In manipulatingdeformableobjects suchasputtingon clothes,
the taskis quite comple, but simple actionssuchas pushingan arm througha sleeve or using
gravity to orientthe clothing are useful primitivesto selectfrom. In moving debrisandrescuing
victimsin searchandrescuaobotics muchmorethan“pick-and-place’actionsareuseful. Tipping
andpivoting large objects,cutting or deformingwreckageandshoveling smallrubbleareamong
the primitivesthat shouldbe in the repertoire. We also believe everydaytaskssuchas cooking,
cleaningandrepaircanbe performedoy robotsusingalibrary of primitivesfor speci ¢c behaiors
anda learnedprimitive selectiomalgorithmandsubgoalgeneratar

Ourcurrentresearclstratgy is to focusonhow to bestutilize behaioral primitives. Therefore,
we manuallyde ne primitives. We aredeferringthe questionof how to inventnew primitivesuntil
we betterunderstanchow primitives are bestused. Becauseof our emphasison learningfrom
obsenation, the de nition of primitivesis largely perceptualthe robot mustknow how to detect
theuseof a primitive in trainingdata.Otheraspect®f the primitive, suchashow to actuallydoit,
canbelearned.

We areexploring a threepartframevork for primitive use(Figurel). A classi er selectshe
type of primitive to usein a given context. A function approximator predictsthe appropriate
argumentsor parametergor the selectedprimitive (subgoalgeneration). Anotherfunction ap-
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Figurel: Threepartframework for learningusingprimitives.

proximator predictsthe necessargommandgo achieve the subgoalspeci ed by the parameters
for the primitive (actiongeneration).This framevork supportgapidlearning. The availability of
subgoalinformationdecouplesctiongeneratioriearningfrom therestof the problemandallows
whatis learnedat the actionlevel to be reusedevery time a primitive of the correspondindype
is used. In whatfollows we describeour approacho learninghow to selectprimitives,generate
subgoalsandperformthe selectedprimitiveswith the speci ed subgoals.

We have usedtwo tasksto develop our thinking, the marblemazegameLabyrinth (Figure 2)
andair hockey [5, 6]. We selectedthesetasksbecausel) they are challengingdynamictasks
with differentcharacteristicend 2) robotshave beenprogrammedo do both tasks[10, 17], so
they aredoable andto the extenttherearepublisheddescriptionsthereareotherimplementations
to compareto. The marblemazetaskis similar to partsorientationusingtray tilting [8]. The
marblemazetaskwill allow usto explore generalizatioracrosddifferentboardlayouts,while air
hockey will allow us to explore generalizatioracrossdifferentopponents.We have developed
versionsof thesegameso be playedby simulatedagentsandby actualrobots.Althoughhardware
implementationsiecessarilynclude real world effects, we cancollect usefultraining datafrom
the simulationswithout the costof runningthefull robotsetupsandcanperformmorerepeatable
andcontrollableexperimentsn simulation.

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

Roll To Corner:Theball rolls alongawall andstopswhenit hits anothemvall.
Corner:Theballis movedinto acornerandtheboardis thenalmostleveled,sothatthe next
primitive canmove the ball out of the corner

Roll Off Wall: Theball rolls alongawall andthenrolls off theendof thewall.
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Figure2: Left: Thehardwaremarblemazesetup.Right: Marble mazeprimitives(top view).

Roll FromWall: Theball hits, or is on,awall andthenis maneueredoff it.
Guide: Theballis rolled from onelocationto anothemwithouttouchinga wall.

2 Learning From Obselvation

In learning from obsenation the robot obseres a humanor anotherrobot performinga task,
and usesthat informationto do the task. In learningfrom obsenration without primitives, the
robot learnsdesiredstatesor statetrajectoriesand correspondindgow level actionsor actionse-
guenced3]. It is dif cult to generalizenmuchbeyond the statetrajectoriesor reuseinformation
acrosdasks.lt is alsodif cult to reasoraboutwhatthe demonstratowastrying to do atary time
during the obsenration. Primitives provide a way to generalizemore aggressiely, andto reuse
informationmoreeffectively. Furthermoreselectingthe appropriateorimitive canbeinterpreted
asselectinga subgoaln thatpoint of thetask,a simpleform of reasoning.

2.1 Finding Primiti vesin The Observation Data

In learningfrom obsenationusingbehaioral primitives,it is necessaryo sgmenttheobsenation
(or trainingdata)into instance®f the primitives. The exampletasks,marblemazeandair hockey,
have beenchoserto someextentbecausd is relatively easyto segmentanobsenationinto distinct
primitives. We usea stratgly basedon recognizingeritical events. Examplesof critical eventsfor
air hockey include puck 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) and violations of dynamicmodels(the ball doesnot acceleratan the direction of board
tilt, suddenchangesn ball velocity) are usedto infer wall contact. Primitives are de ned by
creatingalgorithmsthatautomaticallysegmenttheobsened primitivesby searchingor sequences
of critical events. Parameter®r subgoalsare estimatedoy observingthe stateof the taskat the
transitionto the next obsered primitive. In marblemaze,the task stateis given by the marble
position and velocity, and the boardtilt angles. Thereare caseswherea primitive can not be
identi ed in thetrainingdata(gapsin the gure).



Figure3: Top Left: Rav obseneddata.Top Right: Wall contactidenti ed by thick line segments.
Bottom: Symbolsshaw the startof recognizedprimitives: -Roll To Corner, -Roll Off Wall,
-Guide, -Roll FromWall, -Corner.



Figure4: Creatingmultiple Roll to Cornerinstancedrom a single obsenation of the primitive
(top view).

2.2 Learning to SelectPrimiti vesand ChooseSubgoals

In learningfrom obsenration using primitivesthe learnerlearnsa policy of which primitive type
andsubgoalto usein eachtaskstate. The segmentedobsenration datacan be usedto train this
mechanismTherearemary classi ersandfunctionapproximatorsve could have used.We have
taken a memory-basedpproachusing a nearesineighborschemefor the classi er that selects
primitives,andkernelbasedegressiorfor thefunctionapproximatothatprovidessubgoalsThis
providesuswith onemechanismthe distancefunction, thatcanbe usedto improve performance
in bothprimitive selectionandsubgoalenerationOur systemlearnsby modifying the calculated
distancedvetweer queryandthe storedexperiencesn memory Memory-base@dpproachebave
anumberof otherbene ts,suchasrapidlearningJow interferenceandcontroloverforgetting[2].

Eachtime a primitive is obseredin the training dataa correspondinglatapoint is storedin
a databasehat is indexed by the stateof the task at the time the primitive was performed. In
marblemaze the stateis six dimensionaljncludingthe marbleposition(my; m,), marblevelocity
(my; my), andboardtilt angles(by;by). Figure4 shavs how obsenrationsof a single primitive
canbe generalizedy noting thatintermediatepointsin the obsered primitive instancearealso
startingpointsfor shorterversionsof that primitive. During execution,the currentstateis used
to look up in the databasehe closestor mostsimilar primitive nearthat state,which determines
which kind of primitive to use.Distances computedusinga weightedEuclideanmetric:

dex;a) = awi(xj @) (1)
j
X is astoredexperienceq is the queryto thedatabase and j indexescomponent®r dimensions.
Eachdimensionis scaledto rangefrom -1 to 1 basedon all the datain the databaseandthenthe
following weightsareapplied: a weightof 100 on marblepositions,10 on marblevelocities,and
1 onboardangles We will discusghesensitvity to theseparameters alatersection.
After it hasbeendecidedwhich type of primitive to use,the parametersf that primitive are
alsospeci edby thedatabasef prior obsenations.TheclosesiN storedexperienceshatinvolved



the sameprimitive type are usedto computethe subgoalfor the primitive to be performed. We
computethe parametersisingkernelregression:

a,a K(d(xi;q))

2
&1 K(d(xi;a)) @

q(a) =

X; is the ith storedexperience,K(d) is the kernelfunction andis typically e &= As canbe
seenthe estimatefq depend®nthelocationof the querypoint, q. We typically usedthe 4 closest
experience®f theappropriatdypeto computethe subgoalput N canrangefrom 2 to 6 with little
effect. To our surprisethe width parametesin e &= hadlittle effect whenit wasvariedfrom
0.01to 1000.

2.3 Learning to perform primiti ves

Thesystemearnshow to performeachbehaioral primitive by learninga policy (amappingfrom

statesto actions)to usewhenthe correspondingprimitive is being executedwith speci ed sub-
goals.Theactionsatthis level areratesof changeof boardangleg(by; by). Our currentimplemen-
tation of policy learningfrom obsenrationis very simple. The systemlearnsa function mapping
statego actionsthatmatchesvhatis seenin thetrainingdata. Thetrainingdatais initially sorted
by which primitive is recognized.The training datais thenmappednto a local referencrame
relative to relevant subgoalsallowing training datawith differentsubgoaldo be pooled. Primi-

tivesrelatedto cornergeferencahe marblepositionwith respecto therelevantcorner primitives
relatedto walls referenceositionwith respecto wherethemarblelosescontactwith thewall (the
endof thewall in Roll FromWall, for example),andpositionis referencedo the endof the prim-

itive in the Guide primitive. Only motionalonga wall is representedor primitivesthatinvolve

rolling alongawall. Themarbleis heldto thewall with aconstanboardtilt in thatdirection. This

relative and sometimegeduceddimensionalityrepresentationmnadepossibleby our threelevel

approachgreatlyincreaseshe amountof generalizatiorpossibleandthe ef ciency of learning.
This trainingdata,mappingrelative statego actions,is t with anonparametriéunctionapproxi-
mator, locally weightedprojectionregressionLWPR)[20]. Thelearnedpolicy is usedwhenthere
is nearbydata(the LWPR systemhasnon-zeroactivation),and otherwisea simpledefault policy

is used.

Figure5 shavs how performancen abasicrolling alongwall behaior (usedin Roll Off Wall,
Roll FromWall, andRoll To Cornerprimitives)improveswith the amountof training data. The
averageandstandardieviation of the velocity error (cm/sec)at the endof the primitive is shovn
asmoretrainingdatais obsered. Multiple testtrials with startingconditionsandsubgoaldypical
of humanplay wereusedto assesperformanceTheinitial barin the histogramis theerrorof the
default policy. In this casethe default policy tilts the boardslightly to acceleratehe marbleif the
marbleis rolling lessthanlcm/secandotherwisedoesnot changethetilt. The errorsarenegative
becauséheactualvelocity is typically lessthanthe desiredvelocity.

During play, a primitive is invokedwith a particularsubgoal First, the currentstateis checled
with respecto the subgoallocation. If the staterelative to the subgoalis not within a primitive
speci ¢ range,this primitive invocationfails. Currentlywe take a default actionof no changen
boardtilt angle(zeroboardtilt velocity) whenthisoccurs.An alternatve would have beento select
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Figure5: Errors(cm/sec),andstandarddeviations,in attainingthe desiredvelocity in the basic
rolling alongwall behaior asmoretrainingdatais available.

a differenttype of primitive to execute.Thethresholdgor this testfor eachprimitive type areset
manually but couldbelearnedrom thetrainingdata. Then,thesubgoapositionis subtractedrom
the positionvaluesin the currentstateto producearelative state.This relative stateis usedasthe
input to the learnedpolicy, andthe actiongeneratiormodulefor the selectedorimitive generates
a correspondingction. Primitivesterminateeitherwhenthe stateis within a manually-de ned
distanceof the subgoal(half the marbleradius),will reachthe subgoalon the next time step,the
nal goalregion is reachedthe marblerolls into a hole or outsidea boundingbox containing
the startandendlocation,the marbleinappropriatellosesor makes contactwith awall, or if a
certainamountof time passe44 seconds).Given the perceptuable nition of primitives,we do
not currentlyseea way to learnfrom obsenation whenprimitivesshouldendthatis not a direct
re ection of how we de nedtheendof aprimitivein processinghe obsenationdata. Termination
conditionscouldbere ned with practice but this wasnotimplemented.

2.4 Resultson Learning From Obselvation

Figure6 shaws the training dataand performancausingthe training dataon the hardware marble
mazesetup.Figure7 showvs the effect of thenumberof obsernedgameson learningfrom obsena-
tion for alarge numberof simulationruns. In the simulationswe turn failures(falling into ahole)
into atime penalty: if the marblefalls into a hole or doesnot make progresdor 15 secondst is
moved forwardin the mazeandthe playeris givena 10 secondpenalty Oneto ve gameswere
randomlyselectedrom adatabasef 50 humangameswith nofailuresandplayingtimesof 20-26
seconds.

Learningfrom obsenation usingthis memory-basedpproaclseemso work well. It became
clearto usthatlearningfrom obsenationalonehadsereral problems however. Evenunderideal
conditionsthe learnerjust learnsto imitate the performanceof the teachernot to do betterthan
the teacher In generalthe learnerdid not matchthe teachers performance.The samemistales
tendto be madeover andover. To improve further, it becameclearto usthatadditionallearning
mechanismsverenecessarysuchasthe ability to learnfrom practicein additionto learningfrom



Figure6: Top: The 3 obsened gamesplayedby the humanteacher Bottom Left: Performance
on 10 gamesbasedon learningfrom obsenation usingthe 3 traininggames.The mazewassuc-
cessfullycompleteds times, andthe circlesmark wherethe ball fell into holes. Bottom Right:
Performancen 10 gameshasedn learningfrom practiceafter 30 practicegames.Therewereno

failures.
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Figure7: Performancén simulationbasednoneto vetraininggames:learningfrom obsenration
usingoneto ve games(left bars),learningfrom obsenation and practiceusingtables(middle
bars),andlearningfrom obsenationandpracticeusingLWPR (right bars).30trials usingdifferent
randomlyselectedraining gameswereaveragedandthe errorbarsarestandardieviationsof the
results.Thelearningfrom practiceresultsarebasedon practicingwith 300games.

watchingothersperform.

3 Learning From Practice

In orderto learnfrom practice the systemneedgo have away to evaluateperformanceor have a
de ned taskobjective functionor criterion. Thisinformationis usedto updateprimitive selection,
and subgoaland action generation. A tough questionis where the task criterion comesfrom.
Ideally, it shouldbe learnedfrom obsenation. The learnershouldinfer the intent of the teacher
Thisis verydif cult, andwe deferaddressinghis questiorby manuallyspecifyingataskcriterion.

Our systemlearnsfrom practiceby changinghedistancdunctionusedin thenearesheighbor
lookup donein both selectingprimitives and generatingsubgoals. Let's considerthe simplest
case,wherea nearestneighborclassi er is usedto selectthe primitive usedin the experience
mostsimilarto the currentcontext. If the closestprimitive actuallyleadsto badconsequencesye
wantto increasdhe apparentlistance sothata differentexperiencebecomeghe “closest’anda
differentprimitiveis tried. If theclosesprimitive leadsto goodconsequencesje wantto decrease
theapparentistanceln thenearesheighborcase decreasinghe distanceo the closesipointhas
no effect, butin kernelregressiont increaseshe weightingof thatsubgoal.

Let uscontinueto considerthesimplestcase a nearesheighborapproachWe useanestimate
of thevaluefunction,or actuallya Q function,to representhe consequences choosinga partic-
ular primitive in the currenttaskstate[21]. A Q functiontakesasagumentghe currenttaskstate
andanaction. In our case thetaskstateis the queryq to the databaseandthe actionis choosing
to useinformationfrom storedpoint xj, sowe have Q(q; ;). We usethis Q valueasa scalefactor
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appliedto thedistancewhereC is a normalizingconstan{versionl of the scalefactor):

C
Q(a; xi)

This scalefactorwill have the effect of moving a storedexperiencein relationshipto the query
point. ScalefactorsC=Q greaterthan 1.0 will have the effect of moving the datapoint farther
away from the querypoint andscalefactorslessthen1.0 have the effect of moving the datapoint
closerto the querypoint. For example,if the marblefalls into a hole after a selectedprimitive
is performed the scalefactorsassociateavith the setof datapointsthat votedfor that primitive
selectionor contributedto the subgoalgeneratiorcanbeincreasedThe next time theagent nds

itselfin thesamestate thosedatapointswill appeafurtherawayandwill thereforehave lesseffect
onthechoseraction. We have alsoexploredusinganalternatve form of the scalefactor(version
2):

d= d(xi;q) (3)

d=d(xi;a) exp((C Q(qg;xi))=b) (4)
Version2 of the scalefactorallows the Q valuesto be zeroor negative andthein uence of the Q
valueon themultiplier canbe controlledby b (typically 20,000).

In our memorybasedapproachwe associatéhe Q values,Q;(q;X;), with our experiences,
Xi. In orderto supportindexing the Q valueswith the queryq, we actuallyassociata tableof Q
valueswith eachstoredexperience andusethattableto approximateQ;(q; xi). This alsosolves
the problemthatfrom onequerypoint statethe chosernexperiencesnay be appropriateput from
a differentquery point, theseexperiencesnay not work very well. With a tableassociatedvith
eachstoredexperiencewe canhandlethis effect. In the marblemazeervironmentthe statespace
is six dimensional. Eachdimensionis quantizedinto ve cells. Eachstoredexperiencein the
databasdasa tableof size58. For ary querypointin the statespaceijts positionrelative to the
datapointis usedto nd thecell thatis associatedvith thatquerypoint. Sincewe expectonly a
smallfractionof thecellsto beused thetablesarestoredassparserraysandonly whenthevalue
in acellis initially updateds thecell actuallycreated.Thesizeof the cellsassociateavith a data
point were chosenmanuallythroughtrial and error with the cells nearthe centerbeingsmaller
thenthosefurtheraway. For examplethedifferencein x andy positionbetweernthe querypoint
andthe datapointis 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 be madewhenrelevant experiencesare closeto the querypoint. To eliminatethe
needto specifyalarge numberof parameterandto allow theagentto learnits own discretization
of the statespacewe alsoexploredthe useof LWPR modelsto encodethe Q values.

Figure8 shavs a simpleonedimensionakxampleof associatingcalefactorswith two stored
datapoints, P1 and P2. The numbersabore the datapoints are the scalefactorsC=Q that are
initialized to 1.0. For eachdatapoint, the numberto theright (left) of the datapointis usedwhen
thequerypointis to theright (left) of the datapoint. For thetwo querypointsshovn the distance
QP2-Pls1:.0 5=5,QP2-P4s1:0 20= 20,QP1-Pls1.0 5= 5,andQP1-P2s1:0 10= 10.
For the situationshavn thedatapoint P1would be selectedor bothquerypoints. An agentmakes
thequeryQPlandchooseslatapoint P1andperformsthe primitive with the parameterspeci ed
by P1. Theagents progresss thenevaluatedwvhenthe primitive ends. If theagenthasperformed
poorly, the scalefactorcanbe changedasshawn in Figure8. For this new situationthe distance
QP2-Plis1:.0 5=5,QP2-P2s1:0 20= 20,QP1-P1s4:0 5= 20,andQP1-P2s1:0 10= 10.
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Figure8: Onedimensionalkxampleof associatingnultipliers with datapoints. The multipliers
areinitialized to 1.0. Thenthe multiplier for P1is changedo re ect the effect of usingthis point
in queryQP1.

As canbe seenthe distancebetweenQPlandP1is now apparentlymuchlargerandthereforeP2
will now bechoserfor this query However, aqueryat QP2will returnthe sameresultsasbefore.

The Q valuesareinitialized with C andthenupdatedusinga modi ed versionof Q learning.
For eachof thedatapointschosenn thesubgoaktompuatiorthe Q-valuesareupdatedcasfollows:

Q(t;Xm) QA xm) + @ [r+ gQ(4;X)  Q(qr; Xm)] (5)
a is thelearningrate. Sincemultiple pointsareused,the weightinggiven by é—é,%
i=1 i

is usedasthelearningrate. Thisweightinghasthe effect of having pointsthatcontrituted
themosttowardselectinghe subgoahaving the highestlearningrate.

r is thereward obseredafterthe primitive hasbeenperformed.
gis thediscountfactor(typically 0.8).

Q(§;X) is thefuturerewardthatcanbe expectedirom the new stateq andselectinghe data
pointsX atthe next time step. Thisvalueis givenby aweightedaverage:

4z 1 Q(4; %) K(d(%i;G))
ai= 1 K(d(xi;q))
Wheneachprimitive endstherewardfunctionis computedasthe sumof thefollowing terms:

(6)

Q(4;%) =

Moving throughthe maze:thedistancean centimetersrom the beginningof the primitive to
theendlocation. Movementalongthe pathtowardthe goal(theline dravn ontheboard)is
positive distanceandmovementaway from the goalis negative distance.

Takinguptime: 10 theamountoftimein secondgrom thetime the primitive startedto
thetime it ended.

Not makingary progresguringthe executionof the primitive:  50;000. This termpenal-
izesprimitivesthatgetstuck.
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Not completingthe executionof the primitive within 4 seconds: 20;000. Primitive execu-
tion is terminatecafter4 seconds.

Rolling into, andbeingstablein, acorner:30;000. Whenacorneris reachedlearningstops
andrestartdrom the cornerlocation. The playingagentonly getsa rewardthe rst time it
goesto acorner Subsequentisitsto thesamecornerwill alsoresetiearning,butwill result
in noreward. This preventstheagentfrom returningto cornergustto gethigh rewards.

Fallinginto ahole: 50;000,theQ-valueof theholestateis 0. Whenthe playingagentfalls
into a hole,learningis stoppedandrestartedrom the locationthe marbleis placedat when
thegamebeaginsagain.

Reachinghegoallocationin themaze:10; 000.

After learningfrom obsenation, the systemnow learnsfrom practiceusing eithertablesor
LWPR modelsto alterthedistancdunction. Figure6 shavs individual gameson actualhardware
afterlearningfrom practice(usingversionl of thedistancdunctionscalefactorandtablesto rep-
resenthedistancegunction). Figure7 shavs amorecomprehensk setof simulationexperiments
exploring usingversion?2 of the distancefunction modi cation formulaandeitherlocal tablesor
LWPR modelsto alter the distancefunction. Performanceof learningfrom practiceusinglocal
tablesandLWPR modelsareaboutthe same.Practicemprovesperformanceo humanlevelsand
alsoreducesvariability. Figure9 shavs the effect of varyingthe distancefunctionin simulation.
The marblepositionis clearly the mostimportantfactorin learningfrom obsenration. However,
after learningfrom practice,performances relatively independenof the original distancefunc-
tion. The adjustmenbf the distancescalefactorsin learningfrom practicecan compensatéor
poorselectionf the original distanceunction.

4 Comparison: Learning Without Behavioral Primiti ves.

We alsoimplementedearningfrom obsenationandpracticeusingasdirecta mappingfrom states
to actionsaswe could practicallyimplement.We implementedstandard learningbasedon the
descriptionof Section6.5 of [19]. The Q function wasrepresente@sa table. We notethatthis
table represents differentkind of behaioral primitive ratherthan no primitive at all, because
the sameactionis usedwithin eachcell. We roughly optimizedthe size of the cellsto maximize
the learningrate,andthe cell sizeswere asfollows: marblepositioncell width: 0.01m,marble
velocity cell width: 0.1m/secpoardrotationcell width: 0.01radiansandthreepossibleactions
in eachstate,which changethe rotation angleof the boardby ( 0:0lradians 0;0:01radians).
With cells of this sizeanda boardof size28m 23:5cm a maximumvelocity of 0:5m=secand
maximumboardrotationof 0:14 radiangherewere(28 24) (10 10) (28 28) = 52,684,800
states.This resultsin 52,684,800 (3 3) = 474,163 200 state-actiorpairsor Q values. Since
mary partsof the boardareinaccessiblaueto walls and holesthe actualnumberof possibleQ
valuesis smallerthanthis number We useda sparserepresentatiomf this table,andtypically
createdmary fewer cells.

13



Figure9: Effect of varyingdistanceunction parametersn performancéin simulation):learning
from obsenationusing ve gameg(left bars),learningfrom obsenationandpracticeusingtables
(middlebars),andlearningfrom obserationandpracticeusingLWPR (right bars).30 trials using
differentrandomlyselectedraininggameswvereaveragedandtheerrorbarsarestandardieviations
of theresults.Thelearningfrom practiceresultsarebasedon practicingfor 300games.The rst
graphshavstheeffect of varyingtheweighton marbleposition,the secondyraphshavs the effect
of varyingtheweighton marblevelocity, andthelastgraphshavs the effect of varyingtheweight
onboardangle.
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Theagentusesthe Q learningalgorithmasdescribedn Section6.5 of [19]. The Q valuesare
updatedasfollows:
h [
Qsia) Qwa)+a rwi+ gnaQ(s+ua) Qs;a) (7)

a, the step-sizgparameteris setto 0:2 andg, thediscountrate,is setto 0:999. ry, 1 is thereward
receved by the agentwhenit movesfrom s to §+1. Thereward functionis distTrav 10 1,
wheredistTrav is the distancein centimeterghe marbletraveled alongthe pathto the goal. If
the marblemovesin thewrongdirection,distTrav will be negative. The 1 termis a penaltyon
takingtime. Theagentrecevesarewardof 1000if the marblefallsinto a hole anda reward of
0 whenthe goallocationis reached.The initial Q values,Qinit, aresetto a pessimisticnumber
(-500). We foundthatusinganoptimisticnumbercausedhe Q learnerto learnmuchmoreslowly,
sinceit would exploreall possiblestatesandactionsuntil all optimisticvalueshadbeendecreased.
The action-updateycle occursat 60 timesper second.The agentusesthe soft-maxfunction

éne(Q;Z(Smg)ﬁtH, wheret is setto 10:0, to selectactions. The agentoperatesunderthe same
b=1

conditionsdescribedoreviously: if the marblefalls into a hole or doesnot make progresgor 15
secondst is moved forward in the mazeandthe playeris givena 10 secondpenalty Figure 10
shaws the performancef this agentduring 30 trials of 20;000gameseach. Thegraphshavsthe
runningaverageof thetime to reachthe goalacrosghe 30 trials.

We shaw the learning curve of the direct mappingapproachafter initially trainingit on 5
randomlyselectechuman-playedameqFigurel0). TheQ valueswvereupdatednthe5 randomly
chosergames20times,asif theagentwasplayingthegame.Learningfrom obserationimproves
performanceanddecreasethe learningfrom practicenecessaryo attainmaximumperformance.

We alsoshaw the performanceof our approachaveragedacross30 trials, with learningfrom
obsenationon 5 randomlyselectechuman-playediamesollowedby learningfrom practice.The
line marked PRIMITIVES usedthe approachdescribedn the previous section. The line marked
PRIMITIVESZ2 usedthe samereward function aswas usedfor the DIRECT case. We seethat
learningfrom obsenation usingprimitivesis muchmoreeffective thanlearningfrom obsenration
without using primitives. Learningwithout primitives, after more than 1000 games,eventually
matchesandsometimesxceedshe performancef theapproachusingbehaioral primitives.

5 Discussion

Ourgoalisto nd waysto simplify robotprogrammingln thispapemwe describeawayto program
robotsusinglearningfrom obsenation. We alsodevelop an approachto learningfrom practice
(reinforcementearning)tailoredto improving learningfrom obsenation. To usethis approacha
robotprogrammemustidentify thetaskstatesandactionsde ne how to nd primitivesin training
data,createarewardfunctionfor thetask,anddemonstratéow to do thetask(potentiallythrough
teleoperation)Thereareseveralkey ideas:

Usebehaioral primitivesto improve generalizatiorandspeedup learning.

Usememory-basedpproacheto learninghow to select provide subgoaldor, andperform
behaioral primitives.
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Figure 10: Performancen simulationversusnumberof gamesplayedusinga direct mappingof
statesto actionscomparedo using behaioral primitives. The top (solid) line is learningfrom
practiceusingthe direct mappingof statesto actionswithout ary training dataof humangames.
The dashedine is learningfrom practiceusing the direct mappingafter beinginitially trained
on humangames.Thelower solid line is learningfrom practiceusingbehaioral primitivesafter
observinghumangames usingthe samereward functionasthe directmappingcase.The bottom
(dotted)line is learningfrom practiceusing behaioral primitives after observinghumangames
usingthemorecomple rewardfunction. Standardieviationsareshavn aserrorbars.
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Usethe obsened humanbehaior to de ne the spaceto be exploredduring learningfrom
practice.

Usefulsubgoalsareintermediatestatesor setsof states Thesesubgoalsareeasilyobsered,
andpoliciescanbelearnedo attainthem.

Useanexisting library of behaioral primitives,ratherthanlearnthe primitivesfrom scratch.

De ne primitivesin perceptuaterms,to enablethe robotto detecttheir usagein training
data. Humansdescribehow to nd primitivesin thetraining data,androbotslearnhow to
performthem.

[18] and [4] review recentapproacheto the useof primitivesin reinforcementearning.Our
emphasisnlearningfrom obsenationgivesourwork aquitedifferentfocus. We uselearningfrom
practice(reinforcementearning)to alterhow obsenredbehaior is selectecandcombinedrather
thantrying out anarbitraryrangeof behaior. We alsodo nottry to discover or inventprimitives,
amajoremphasiof otherwork in reinforcementearning. Anotherdistinguishingfeatureof our
work is theuseof memory-basedpproachewo learning[2]. We learnfrom obsenrationby storing
obsenationsin a databaseWe learnfrom practiceby alteringthe distancefunction. [2] reviews
theuseof comple distancdunctionssimilar to whatwe have usedherein learningfrom practice.
[9, 12, 14, 16] areexamplesof work in reinforcementearningthatusememory-basedpproaches
to representhe valuefunctionitself. [16] performslearningfrom obsenation by trainingthe Q
functionusingobsenationdata.Someof our currentwork includesimplementingvaluefunctions
for primitives,whichwill allow interestingcomparisonsvith theapproactdescribedn this paper

Learningusingbehaioral primitivesin the marblemazetaskwas muchfasterthanlearning
usingadirectmappingfrom statego actions.Onereasorfor thisis thatour approacho learning
usingbehaioral primitivesselectsactionsfrom whattheteacherdid in thelocal contet. Actions
that the teacherdid not apply are not exploredin our versionof learningfrom practice. This is
clearlyatwo-edgedsword: learningis greatlyspedup, but ultimateperformancemightbelimited.
Evenwhenrestrictedo selectingrom demonstratetiehaior, thesystemcanlearnnew stratejies.
In the threeobsened gamesthe humanmaneuersthe marblebelov hole 14 (Figure6). During
practicetheagentfalls into hole 14 andlearnsthatit canmoreeasilymaneuer the marblearound
thetop of hole 14 by selectingdifferentprimitivesandgeneratinglifferentsubgoals.We did not
evenknow this actionwaspossibleuntil we obsenedtherobotdoit.

Anotherreasorearningis spedup is thatwe have provided opportunitiedor generalizatiorat
the actiongeneratiorevel. Policiesfor eachprimitive areimproved usingdatafrom mary parts
of theboard.Interestingly we have nottakenadwantageof anotheropportunityfor generalization:
generalizatiorof primitive selectionandsubgoalgeneratioracrosshe mazeandacrosdifferent
mazes Becauserimitive selectionandsubgoalgenerationis donein termsof boardcoordinates,
we cannotuseprimitive selectionrandsubgoalgeneratiodearnedon onemazeto improve perfor
manceon anothemazeor in differentpartsof thesamemaze.We areexploringindexing primitive
selectionand subgoalgeneratiorusinglocal featuresof the maze. Performancas currentlyless
usinglocal featuresthan approachesisingmazelocation, sinceinformationis lost aboutfuture
consequenced actions.

Whattaskor domainknowledgewasused?Clearlythe designof the primitivesre ects agreat
dealof knowledgeof the task. The designof a reward function for learningfrom practicealso
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usesknowledgeof the task. The reward function rewardedgettingto the end of the maze,and
penalizedhow long eachprimitive took, failing to make progressandfalling into a hole. The
rewardfunctionusedknowledgeof thelocal directionto thegoalto revardtheamountof progress
madeby eachprimitive. This re ects the marblemazegame,which typically hasa desiredpath
markedontheboard(Figure2). It is alsoeasyto calculatesuchapathusingdynamicprogramming
ortheA* algorithm,only consideringnarblepositionsandobstacldocations.Therewardfunction
alsoexplicitly rewardedgettingto cornersa very taskspeci ¢ element.Remaing someof these
featureqcornerreward,timeoutpenalty andno progrespenalty)reducederformancesomevhat
(PRIMITIVESZ2 line in Figure 10). In actiongenerationearningwe assumesymmetry that all
cornersandwalls are dynamicallythe same. This could easily not be the case. We would have
to extendlearningto discover differencesetweersimilar situations.Interestingly the only time
informationaboutwall locationwasusedwasin recognizingprimitivesin thetraining data. Wall
locationwasnotusedby thesystemwhile playingthegame.Wall andcornerlocationsareimplicit
in thesubgoals.

It is a commonbelief that the mostimportantresearchissuein primitivesis how they are
inventedfor a new task. Thereare several agumentsagginstthis point of view: 1) For rapid
learning,especiallyfrom asingleobsenation, thereis notenoughdatafor statisticalapproacheto
discovering primitivesto work. 2) Our inituition is thatsomeform of learningbasedon physical
reasoningunderstandingvhy cornersandwalls are useful)is key to obtaininghumanlevels of
learningperformance3) Perhapsiological systemsnake useof a selectionstratgy aswell. We
arebornwith anexisting library of biological eye movementprimitivesandgaits. It may be the
casethatbiological systemautilize a x edlibrary of motor primitivesduring their lifetime. 4) It
may be the casethat we canmanuallycreatea library of primitivesfor robotsthat cover a wide
rangeof everydaytasks,andthatinventionof new primitivesis simply not necessargr quiterare.
Hencethe emphasisn this work is on exploring how to malke effective useof existing primitives.
It is our hopethatthis explorationwill inform thedesignof ageneraketof primitives.

Whatpropertiesshoulda setof primitiveshave?In orderto learnfrom obsenration, primitives
needto be recognizabldrom obsenrable data. Good primitivesdivide learningproblemsup, so
thateachindividuallearningproblemis simpli ed. For example primitivesthatbreakinput/output
relationshipsup at discontinuitiesmay lead to a setof simple learning problemswith smooth
input/outputrelationships.

Therearemary issuedeft to be worked on: How canwe intermix learningfrom obsenation
and practice?In this work, learningfrom practicefollows learningfrom obsenation. How can
we moreeffectively generalizeacrosssimilar tasks Ve arecurrentlyexploring how to generalize
acrosdifferentmazesin thiswork we exploredmodel-fredearningapproachesiWe arecurrently
exploring model-basedpproachesyhich learnamodelandusethelearnedmodelto acceleration
policy learning.

6 Conclusions

We shaved how to enablerobotsto rapidly learn from watchinga humanor robot performa
task,andfrom practicingthe taskitself. A key componenbf our approachs to usebehaioral
primitives. Anotherkey componenis to usetheobseredhumanbehaior to de ne thespaceo be
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exploredduringlearningfrom practice.We developedmemory-basedpproacheto learninghow
to select provide subgoaldor, andperformbehaioral primitives. We demonstratetiothlearning
from obsenationandlearningfrom practiceon a marblemazetask,Labyrinth. Using behaioral
primitives greatly speedsup learningrelative to learningusinga direct mappingfrom statesto
actions.
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