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Abstract. Wedescribeamemory-basedapproachto learninghow to selectandprovidesub-
goalsfor behavioral primitives,givenanexisting library of primitives.We demonstrateboth
learningfrom observationandlearningfrom practiceonamarblemazetask,Labyrinth.

1 Moti vation and Strategy

Weareexploringhow primitives,smallunitsof behavior, canspeedup robotlearn-
ing andenablerobotsto learndif�cult dynamictasksin reasonableamountsof time.
In thispaperwedescribework onlearningfrom observationandlearningfrom prac-
tice on a marblemazetask,Labyrinth.We have alsoexploredan air hockey task,
but presentthat work in otherpapers.This paperdiscussesour researchstrategy,
preliminaryresults,andopenissues.

Primitivesareunitsof behavior above thelevel of motoror musclecommands.
Therehave beenmany proposalsfor suchunits of behavior in neuroscience,psy-
chology, robotics,arti�cial intelligence,andmachinelearning[1,8,7,3].[4] presents
amorecompletesurvey of relevantwork.

Thereis a greatdealof evidencethatbiologicalsystemshave unitsof behavior
above thelevel of activatingindividual motorneurons,andthat theorganizationof
the brain re�ects thoseunits of behavior. We know that in humaneye movement,
for example,thereareonly a few typesof movementsincludingsaccades,smooth
pursuit,VOR, OKN, andvergence,that generaleye movementsaregeneratedas
sequencesof thesebehavioral units,andthat therearedistinct brain regionsdedi-
catedto generatingandcontrollingeachtypeof eyemovement.Weknow thatthere
arediscretelocomotionpatterns,or gaits,for animalswith legs.Whetherthereare
correspondingunitsof behavior for upperlimb movementin humansandotherpri-
matesis not yet clear. Thereis evidencefrom neuroscienceandbrain imagingthat
therearedistinct areasof the brain for different typesof movements.Developing
a computationaltheorythatexplainsthe rolesof primitivesin generatingbehavior
and learningis an importantsteptowardsunderstandinghow biological systems
generatebehavior andlearn.

Behavioral units or primitives are a way to supportmodularity in the design
of behaviors. Primitives are an importantsteptowardsreasoningaboutbehavior,
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Fig.1. Threepartframework for learningusingprimitives.

abstraction,andapplyinggeneralknowledgeacrossa wide rangeof behaviors.We
believe thatrestricting behavioral optionsby adoptinga setof primitivesis a good
way to handlehigh dimensionaltasks.Considertheeverydaytaskof puttingon or
takingoff clothes.Becauseof thelargenumberof degreesof freedomof thecloth,
it is dif�cult to imaginehow currentplannerscanplan appropriatemotionsfrom
scratchor at the level of a sequenceof taskstates.The large numberof possible
actionsandstatesalsomake learningdif�cult, if not impossible.Whatis thesword
thatcutsthis Gordianknot?If thesetof possibleactionsis restrictedto a smallset,
it becomespossibleto explore the spaceof possibleactionsand �nd a sequence
that works well. However, the Achilles heelof suchan approachis that the setof
possibleactionsmustmatchthetask.Weneedto understandtheroleof primitivesin
generatingbehavior andlearningto betterunderstandtheseissues,andbuild more
effective learningrobots.

Our researchstrategy (at least for this paper)is to focus on the selectionof
primitivesandgenerationof subgoalsduringlearning.Therefore,wewill useexist-
ing librariesof manuallygeneratedprimitives.Wearedeferringthequestionof how
to inventnew primitivesuntil webetterunderstandhow primitivesarebestused.We
areexploringathreepartframework for primitiveuse(Figure1).A classi�er selects
the typeof primitive to usein a givencontext. A function approximator predicts
theappropriateargumentsor parametersfor theselectedprimitive (subgoalgenera-
tion).Anotherfunction approximator predictsthenecessarycommandsto achieve
the subgoalspeci�ed by the parametersfor the primitive (actiongeneration).This
framework supportslearningfrom practice.If a single function approximatordi-
rectlypredictedcommands,therewouldbenorepresentationof thedesiredoutcome
in thatsituation,andthusno way to correctthecommandsfor context speci�c de-



LearningUsingPrimitives 3

Fig.2. Left: Thehardwaremarblemazesetup.Right:Marblemazeprimitives.

siredoutcomes.In whatfollowswedescribeourapproachto learninghow to select
primitivesandgeneratesubgoals.In thispaperweassumethelearneralreadyknows
how to executea selectedprimitive andwe have programmedour robot to beable
to performeachof theprimitivesin ourmanuallydesignedprimitive library. Weare
currentlyexploring how to simultaneouslyimprove primitive executionalongwith
primitiveselectionandsubgoalgeneration.

We have usedtwo tasksto develop our thinking, marblemazeandair hockey.
We selectedthesetasksbecause1) they arechallengingdynamictaskswith differ-
ent characteristicsand2) robotshave beenprogrammedto do both tasks[6,9], so
they aredoable,andto the extent therearepublisheddescriptions,thereareother
implementationsto compareto. Themarblemazetaskis similar to partsorientation
usingtray tilting [5]. Themarblemazetaskwill allow usto exploregeneralization
acrossdifferentboardlayouts,while air hockey will allow us to explore general-
ization acrossdifferentopponents.We have developedversionsof thesegamesto
beplayedby simulatedagentsandby robots.Althoughhardwareimplementations
necessarilyincluderealworld effects,we cancollectusefultrainingdatafrom the
simulationswithout thecostof runningthefull robotsetups,andcanperformmore
repeatableandcontrollableexperimentsin simulation.

This paperdescribessomeof our work using the marblemaze(Figure2). In
the marblemazegamea player controlsa marblethrougha mazeby tilting the
boardthat themarbleis rolling on. Theactualboardis tilted usingtwo knobsand
thesimulatedboardis controlledwith a mouse.Thereareobstacles,in theform of
holesandwalls. The primitiveswe have manuallydesignedfor the marblemaze
gamearebasedonourobservationsof humanplayers.Thefollowing primitivesare
currentlybeingexploredandareshown in Figure2:

� Roll To Corner:Theball rolls alongawall andstopswhenit hitsanotherwall.
� LeaveCorner:Theball is in acornerandtheboardis beingpositionedto move

themarblefrom thecorner.
� Roll Off Wall: Theball rolls alongawall andthenrolls off theendof thewall.
� Roll FromWall: Theball hits,or is on,awall andthenis maneuveredoff it.
� Guide:Theball is rolled from onelocationto anotherwithout touchingawall.
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2 Learning From Demonstration

In learningfrom demonstrationthe robot observesa humanor anotherrobot per-
forming a task,andusesthat informationto do the task.In learningfrom demon-
strationwithout primitives,the robot learnsdesiredstatesor statetrajectoriesand
correspondinglow level actionsor action sequences.It is dif�cult to generalize
muchbeyond thestatetrajectoriesor reuseinformationacrosstasks.It is alsodif-
�cult to reasonaboutwhat the demonstratorwas trying to do at any time during
thedemonstration.Primitivesprovideawayto generalizemoreaggressively, andto
reuseinformationmoreeffectively. Furthermore,selectingtheappropriateprimitive
canbeinterpretedasselectinga subgoalin thatpoint of thetask,a simpleform of
reasoning.

The example tasks,marblemazeand air hockey, have beenchosento some
extentbecauseit is relatively easyto segmentanobservationinto distinctprimitives.
We usea strategy basedon recognizingcritical events.Examplesof critical events
for air hockey includepuckcollisionswith awall or paddle,in whichthepuckspeed
and direction are rapidly changed.In the marblemazeinitiating and terminating
contactwith a wall are examplesof critical events(Figure 3). A combinationof
geometricknowledge(proximity of the ball to walls) and violations of dynamic
models(theball doesnotacceleratein thedirectionof boardtilt, suddenchangesin
ball velocity)areusedto infer wall contact.In thispreliminaryresearch,algorithms
have beenmanuallycreatedthatautomaticallysegmenttheobservedprimitivesby
searchingfor sequencesof critical events.Parametersor subgoalsareestimatedby
observingthestateof thetaskat thetransitionto thenext observedprimitive.

In learningfrom demonstrationusingprimitivesthe learnerlearnsa policy of
which primitive typeandsubgoalto usein eachtaskstate.Thesegmenteddemon-
strationdatacanbe usedto train this mechanism.Therearemany classi�ers and
function approximatorswe could have used.We have taken a memory-basedap-
proach,usinga k-nearestneighborschemefor theclassi�er thatselectsprimitives,
andkernelbasedregressionfor the function approximatorthat providessubgoals.
Thisprovidesuswith onemechanism,thedistancefunction,thatcanbeusedto im-
prove performancein bothprimitive selectionandsubgoalgeneration.Our system
learnsby modifying thecalculateddistancesbetweenaqueryandthestoredexperi-
encesin memory. Memory-basedapproacheshave a numberof otherbene�ts,such
asrapidlearning,low interference,andcontrolover forgetting[2].

Eachtimeaprimitive is observedin thetrainingdataacorrespondingdatapoint
is storedin a databasethat is indexedby thestateof the taskat the time theprim-
itive wasperformed.During execution,the currentstateis usedto look up in the
databasethemostcommonprimitive typenearthatstate,which determineswhich
kind of primitiveto use.After it hasbeendecidedwhichtypeof primitiveto use,the
parametersof thatprimitivearealsospeci�edby thedatabaseof prior observations.
TheclosestN storedexperiencesthat involved thesameprimitive typeareusedto
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Fig.3. TopLeft: Raw observeddata.TopRight:Wall contactidenti�ed by thicker (blue)line.
Middle Left: Symbolsshow the startof recognizedprimitives:
 -Roll To Corner, � -Roll
Off Wall, � -Guide, � -Roll From Wall, � -Leave Corner. Middle Right: The 3 observed
gamesplayedby thehumanteacher. BottomLeft: Performanceon10gamesbasedon learn-
ing from observation using the 3 training games.The mazewassuccessfullycompleted5
times,andtheredcirclesmarkwheretheball fell into theholes.BottomRight:Performance
on10gamesbasedon learningfrom practiceafter30practicegames.Therewerenofailures.
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computethesubgoalfor theprimitive to beperformed.Wearecurrentlycomputing
theparametersusingkernelregression:

q̂(q) =
å N

i= 1qi � K(d(xi ;q))

å N
i= 1K(d(xi ;q))

d(xi ;q) is theEuclideandistancebetweenthedatapoint xi andthequerypoint q.
K(d) is thekernelfunctionandis typically e� d2

. As canbeseen,theestimatefor
q̂ dependson thelocationof thequerypoint,q. Wearealsoexploringusinglocally
weightedregressionto performthis interpolation/extrapolation[2]. Figure3 shows
the training dataandperformanceusingthe training dataon the hardwaremarble
mazesetup.

Futurework will includeamuchmorecarefulstatisticalcharacterizationof per-
formance.However, it is clear from our preliminary researchthat learningfrom
demonstrationalonehasseveral de�cits. Even underideal conditionsthe learner
learnsto imitate the performanceof the teacher, not to do betterthanthe teacher.
We observe thatthesamemistakestendto bemadeover andover. To improve fur-
ther, it hasbecomeclearto us that additionallearningmechanismsarenecessary,
suchastheability to learnfrom practicein additionto learningfrom watchingothers
perform.

3 Learning From Practice

Thelearningfrom practicemoduleneedsto containtheinformationneededto eval-
uatetheperformanceof eachprimitive towardsobtainingits desiredoutcome.This
informationis usedto updateprimitive selection,andparameterandactiongenera-
tion. A toughquestionis wherethetaskcriterioncomesfrom. Ideally, it shouldbe
learnedfrom observation.Thelearnershouldinfer theintentof theteacher. This is
very dif�cult, andwe deferaddressingthis questionby manuallyspecifyinga task
criterion.

Our systemlearnsfrom practiceby changingthedistancefunctionusedin the
nearestneighborlookupdonein bothselectingprimitivesandgeneratingsubgoals.
Let's considerthe simplestcase,wherea nearestneighborclassi�er is usedto se-
lect theprimitive usedin theexperiencemostsimilar to thecurrentcontext. If the
closestprimitive actually leadsto badconsequences,we want to increasethe ap-
parentdistance,sothata differentexperiencebecomesthe“closest”anda different
primitive is tried. If the closestprimitive leadsto goodconsequences,we want to
decreasetheapparentdistance.In thenearestneighborcase,decreasingthedistance
to theclosestpointhasnoeffect,but in thek-nearestneighborandkernelregression
casesit increasesthelikelihoodthatthatprimitive typeis selectedandincreasesthe
weightingof thatsubgoal.

Let uscontinueto considerthesimplestcase,a nearestneighborapproach.We
usean estimateof the value function, or actually a Q function, to representthe
consequencesof choosinga particularprimitive in thecurrenttaskstate[10]. A Q
functiontakesasargumentsthecurrenttaskstateandanaction.In ourcase,thetask
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stateis the queryq to the database,andthe actionis choosingto useinformation
from storedpoint xi , sowe have Q(xi ;q) astheconsequence.We usethis Q value
asascalefactoron thedistance,whereC is anormalizingconstant.

d̂ = d(xi ;q) �
C

Q(xi ;q)

Thisscalefactorwill havetheeffectof moving astoredexperiencein relationshipto
thequerypoint.ScalefactorsC=Q greaterthan1.0will havetheeffectof moving the
datapoint fartheraway from thequerypointandscalefactorslessthen1.0have the
effectof moving thedatapointcloserto thequerypoint.For example,if themarble
falls into a holeaftera selectedprimitive is performed,thescalefactorsassociated
with the setof datapointsthat votedfor that primitive selectionor contributedto
thesubgoalgenerationcanbe increased.Thenext time theagent�nds itself in the
samestate,thosedatapointswill appearfurtheraway andwill thereforehave less
effecton thechosenaction.

In our memorybasedapproach,we associatethe Q values,Qi(xi ;q), with our
experiences,xi . In order to supportindexing the Q valueswith the query q, we
actuallyassociateatableof Q valueswith eachstoredexperience,andusethattable
to approximateQi(xi ;q). This alsosolves the problemthat from onequerypoint
statethechosenexperiencesmaybeappropriate,but from a differentquerypoint,
theseexperiencesmaynotwork verywell. With a tableassociatedwith eachstored
experience,we can handlethis effect. In the marblemazeenvironmentthe state
spaceis six dimensional.Eachdimensionis quantizedinto � ve cells.Eachstored
experiencein the databasehasa tableof size56. For any querypoint in the state
space,its positionrelative to thedatapoint is usedto �nd thecell that is associated
with thatquerypoint.Sincewe expectonly a small fractionof thecellsto beused,
the tablesarestoredassparsearraysandonly whenthe valuein a cell is initially
updatedis thecell actuallycreated.Thesizeof thecellsassociatedwith adatapoint
werechosenmanuallythroughtrial anderror with the cells nearthe centerbeing
smallerthenthosefurther away. For examplethe differencein x andy position
betweenthequerypoint andthedatapoint is dividedinto thefollowing areas:less
than-0.4cm,-0.4cmto -0.1cm,-0.1cmto 0.1cm,0.1cmto 0.4cm,andgreaterthan
0.4cm.Making the closercells smallerallows �ner distinctionsto be madewhen
relevantexperiencesarecloseto thequerypoint.

Figure4 shows a simpleonedimensionalexampleof associatingscalefactors
with two storeddatapoints,P1andP2.Thenumbersabove thedatapointsarethe
scalefactorsC=Q thatareinitialized to 1.0.For eachdatapoint, thenumberto the
right (left) of the datapoint is usedwhen the querypoint is to the right (left) of
thedatapoint. For the two querypointsshown thedistanceQP2-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 thedatapoint P1would beselectedfor bothquerypoints.An
agentmakesthequeryQP1andchoosesdatapoint P1 andperformstheprimitive
with theparametersspeci�edby P1.Theagent'sprogressis thenevaluatedwhenthe
primitiveends.If theagenthasperformedpoorly, thescalefactorcanbechangedas
shown in Figure4.For thisnew situationthedistanceQP2-P1is 1:0� 5= 5,QP2-P2
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is 1:0� 20 = 20, QP1-P1is 4:0� 5 = 20, andQP1-P2is 1:0� 10 = 10. As canbe
seenthedistancebetweenQP1andP1is now apparentlymuchlargerandtherefore
P2will now bechosenfor this query. However, a queryat QP2will remainexactly
thesameasit was.

Fig.4. Onedimensionalexampleof associatingmultiplierswith datapoints.Themultipliers
areinitialized to 1.0.Thenthemultiplier for P1 is changedto re�ect theeffect of usingthis
point in queryQP1.

Q learninglendsitself very well to updatingvaluesby taking into accountthe
resultof actionstaken in the future.The Q valuesareinitialized with C andthen
updatedusinga modi�ed versionof Q learning.For eachof thedatapointschosen
theQ-valuesareupdatedasfollows:

Q(qt ;xm) = Q(qt ;xm) + a � [r + Q(q̂; x̂) � Q(qt ;xm)] (1)

� a is the learningrate.Sincemultiple pointsareused,the weightinggiven by
K(d(xi ;qt ))

å N
j= 1 K(d(x j ;qt ))

is usedas the learningrate. This weighting hasthe effect of

having points that contributedthe most toward selectingthe primitive having
thehighestlearningrate.

� r is therewardobservedaftertheprimitivehasbeenperformed.
� Q(q̂; x̂) is the future reward thatcanbeexpectedfrom thenew stateq̂ andse-

lectingthedatapointsx̂ at thenext timestep. Thisvalueis givenby:

N

å
i= 1

"

Q(q̂; x̂i) �
K(d(x̂i ; q̂))

å N
j= 1K(d(x̂ j ; q̂))

#

Figure3 shows theimprovedperformancewith practiceusingthisQ-like learn-
ing algorithm.The initial Q valuein all cellsandthenormalizingconstantC were
all 100,000.Executionof a primitive endswhenthe sub-goallocationis reached,
if themarblerolls into a holeor outsidea boundingbox thatcontainsthestartand
endlocation,if therearesmall or no changesin the environmentstateduring the
executionof the primitive, or whenthe �nal goal is reached.Whenthe primitive
endstherewardfunctionis computedasfollows:
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� Moving throughthemaze:100� thedistancein metersfrom thebeginningof
theprimitive to theendlocation. Movementalongthepathtowardthegoal is
positivedistanceandmovementaway from thegoalis negative distance.

� Takingup time: � 10� theamountof time in secondsfrom thetime theprimi-
tivestartedto thetime it ended.

� Not makingany progressduringtheexecutionof theprimitive: � 50;000.
� Not completingthe executionof the primitive within the given time of 4 sec-

onds:� 20;000.
� Rolling into, andbeingstablein, a corner:30;000. Whena corneris reached,

learningstopsandrestartsfrom the cornerlocation. The playing agentonly
getsa reward the �rst time it goesto a corner. Subsequentvisits to the same
cornerwill alsoresetlearning,but will result in no reward. This preventsthe
agentfrom returningto cornersjust to gethigh rewards.

� Falling into ahole:� 50;000,theQ-valueof theholestateis 0. Whentheplay-
ing agentfalls into a hole, learningis stoppedandrestartedfrom the location
themarbleis placedatwhenthegamebeginsagain.

� Reachingthegoallocationin themaze:10;000.

4 Discussion

It is a commonbelief that the most importantresearchissuein primitives is how
they areinventedfor a new task.This is not necessarilycorrect.We arebornwith
an existing library of biological eye movementprimitivesandgaits. It may be the
casethatbiological systemsutilize a �x ed library of motorprimitivesduring their
lifetime. It may be the casethat we can manuallycreatea library of primitives
for robots that cover a wide rangeof everydaytasks,and that invention of new
primitivesis simply not necessaryor quiterare.Hencetheemphasisin this work is
onexploringhow to makeeffectiveuseof existingprimitives.It is ourhopethatthis
explorationwill inform thedesignof ageneralsetof primitives.

Several issueshave becomeclearerthroughthis work. We have identi�ed some
of theknowledgewhoseacquisitionwill have to beautomatedfor fully automatic
learning:inventingprimitivesor the designof a generalpurposelibrary of prim-
itives,determininghow to executethe primitives(actiongeneration),determining
how to recognizeprimitives,learningor communicatinga reward function,deter-
miningthefeatures,states,andactionsavailablein thetask,andrecognizingspecial
propertiesof thedomain,suchastherole of walls andtheprogressive natureof the
marblemazetask.

We found that the distancefunction in a memory-basedapproachin the mar-
blemazetaskneededto handlestiff discontinuities,suchasnotgeneralizingacross
walls.We needto developautomaticlearningof therangeof generalization.There
arenumerousopportunitiesto takeadvantageof symmetryin themarblemazetask,
andwe areexploring alternatefeaturesto representthe taskandthe currentcon-
text. We needto take into accounttime and the progressive natureof the task to
avoid endlesslyrepeatingcyclesof primitivesandnotmakingprogress.Weneedto
explorelearningwhatto forget,aslearnedinformationlosesvalidity.
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What propertiesshoulda setof primitiveshave?In orderto learnfrom obser-
vation, primitivesneedto be recognizablefrom observabledata.Goodprimitives
divide learningproblemsup,sothateachindividual learningproblemis simpli�ed.
For example,primitivesthat breakinput/outputrelationshipsup at discontinuities
may leadto a setof simple learningproblemswith smoothinput/outputrelation-
ships.

An exampleof therobotlearninganew strategy isshown in Figure3. In thethree
observed gamesthe humanmaneuversthe marblebelow hole 14. During practice
theagentfalls into hole14 andlearnsthat it canmoreeasilymaneuver themarble
aroundthetop of hole14. We did not evenknow this actionwaspossibleuntil we
observedtherobotdo it.

5 Conclusions

A robothaslearnedaninitial policy from observationto usein themarblemazetask.
Therobotcantraversemostof themazeafteronly observingafew gamesperformed
by a human. Therobotgoeson to increaseperformanceby updatingits primitive
and parameterselectionpolicy while practicingthe task. Further testingof our
learningfrom executionmethodis beingconductedto gain a betterunderstanding
of theeffect thevariousparametershaveonthelearningrate.Learningmethodsthat
reducethe amountof manuallygeneratedknowledgearealsobeingexplored.We
areextendingthis researchto anair hockey task.
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