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Abstract

This paperpresentsan approach basedon the evolution
strategy for autonomouslearning of dextrous manipulation
primitives with a dextrous robot hand. We use heuristics
derivedfromobservationsmadeonhumanhandstoreducethe
degreesoffreedomofthetaskandmakelearningpossible. Our
systemdoesnot rely on simulation; all the experimentation
is performedthe 16-degree-of-freedomUtah/MIT hand. We
presentexperimentalresultsthatshowthataccuratedextrous
manipulationskillscanbelearnedin aperiodofafewminutes.
We also showthe application of the learned primitives to
performanassemblytask.

1 Intr oduction

A dextrousmanipulatoris a robotic systemcomposedof
twoormorecooperatingserialmanipulators.Dextrousmanip-
ulatorshavepotentialapplicationsin areassuchasprosthetics
and spaceand deepseaexploration wherea single robotic
systemwill berequiredto performa varietyof tasksandthus
versatilityratherthanprecisionis themainrequirement.How-
ever, programmingtheserobotsto solve complex tasksin the
realworld hasremainedanelusive goal. Thecomplexity and
unpredictabilityof the interactionsof multiple effectorswith
objectsis animportantreasonfor this dif®culty.

In complex andhard-to-modelsituations,suchasdextrous
manipulation,it would bedesirableif thebehaviors or skills
exhibited by the robot could be learnedautonomouslyby
meansof the robot's interactionwith the world insteadof
beingprogrammedby hand. However, machinelearningof
robotic tasksusingdextrousmanipulatorsis extremelydif®-
cult, duemainly to thehigh dimensionalityof theparameter
spaceof theserobots.Conventionalapproachesto this prob-
lemfacethewell-knownªcurseof dimensionalityº[3], which
essentiallystatesthatthenumberof samplesrequiredto learn
a taskgrows exponentiallywith thenumberof parametersof
the task. Anotherproblemis thatautonomousexperimenta-
tion with real robotsis expensive both in termsof time and
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equipmentwear. For thesereasons,mostapplicationsof ma-
chinelearningto roboticshave dealtwith simplerobots,and
have concentratedon simpletaskswith a few discretestates
andactions.

A commonlyusedapproachto makerobot learningfeasi-
ble despitethehigh dimensionalityof thesensoryandmotor
spacesis to run the learningalgorithmsusingsimulateden-
vironments.However, in situationsinvolving complex robots
andenvironments,it is dif®cultor impossibletogatherenough
knowledgeto build a realisticsimulation. Moreover, some
physicaleventssuchassliding andcollisionsaredif®cultto
simulateeven whenthereis completeknowledge. For these
reasons,webelieve thatfor thelearnedskills to beapplicable
by thephysicalrobotin its environment,muchof thelearning
andexperimentationhastobecarriedoutby thephysicalrobot
itself. Giventhehigh costof real-worldexperimentation,for
thelearningalgorithmsto besuccessfullyapplied,it is crucial
thatthey convergewithin a reasonablenumberof trials.

Observationsmadeonhumanhandsoffersomecluesabout
how todealwith theproblemof thehighdimensionalityof the
parameterspaceof dextrousmanipulators.Arbib et al. [1]
introducedthe conceptof virtual ®ngersasa modelfor task
representationat higherlevels in the humancentralnervous
system. In this model,a virtual ®ngeris composedof one
or morereal®ngersworkingtogetherto solve a problemin a
task. Theuseof virtual ®ngerslimits thedegreesof freedom
to thoseneededfor a task,ratherthanthenumberof physical
degreesof freedomthe hand,humanor robotic,has. Iberall
[9] hasshown how thehandcanbeusedasessentiallythree
differentgrippersby changingthemappingof virtual ®ngers
to real ®ngers.A generalizationof virtual ®ngers,calleda
virtual tool [6, 14], hasbeenproposedas a way of dealing
with the redundantdegreesof freedomof complex robotic
systems.

An object translationby a humanhandusinga precision
grasp,that is, a graspwherethe only contactsoccurat the
®ngertips,canbeviewedastheactionof two virtual ®ngers
moving in thedirectionof thetranslationwhile maintaininga
roughlyconstantforceappliedto the object. In general,the
thumbwill constituteonevirtual ®nger, while oneor moreof
theremainingfour ®ngerswork in conjunctionandform the
othervirtual ®nger.

Usingthevirtual ®ngerabstraction,thedimensionalityof



learningamanipulationtaskis greatlyreduced,sincethetask
of thelearningmethodis to ®ndtherequiredcommandsto the
virtual ®ngers,insteadof directcommandsto physicalactua-
tors.Meanwhile,themappingsfromvirtual to real®ngerscan
belearnedasa separateproblemor beprovidedby a human.

In thispaperwepresentanapproachfor autonomouslearn-
ing of dextrousmanipulationskills that usesthe conceptof
virtual ®ngersto limit thedimensionalityof thesearchspace.
Theapproachconsistsof ®rstlearningandstoringa few ba-
sicmanipulationprimitivesfor a few prototypicalobjectsand
thenusinganearest-neighbormethodto computetherequired
parametersfor new objectsandmanipulations.Theprimitives
arelearnedusingamodi®edversionof theevolutionstrategy,
which allows us to dealwith the noisenormally presentin
tasksinvolving complex interactionsbetweena robotandits
environment.Oursystemdoesnotrelyonsimulationor mod-
eling; instead,all the experimentationis performedby the
physicalrobot. In Section2 wedescribethelearningmethod
in detail, Section3 presentsexperimentalresultsusing the
Utah/MIT hand,andSection4 discussessalientfeaturesof
ourapproachanddirectionsfor futurework.

2 Learning Manipulation Skills

The system®rstlearnsa setof primitivesfor performing
basic translationsand rotationsof several differentobjects.
New manipulationscanbeobtainedby scalingandaddingor
subtractingtheprimitives.Thismethodis similarto Speeter's
motionprimitives[17], the maindifferencebeingthat in his
systemtheprimitivesweresuppliedbytheprogrammer, while
in oursthey arelearnedautomatically.

Normally, aprimitivewouldconsistof thechangesin joint
anglesof the handthat are requiredto performthe desired
manipulation;however, usingthe virtual ®ngerobservation,
asexplainedin Section1, we commandidenticalchangesto
correspondingjoints of eachof thereal®ngersthatarecou-
pled to form a virtual ®nger. Essentially, the systemlearns
to manipulateobjectsusingtwo 3 degree-of-freedomvirtual
®ngers,while the programmerprovides the mappingsfrom
virtual ®ngerparametersto the joint anglesof the particu-
lar robot used. Besidesef®ciency, this hasthe advantageof
makingthelearningmechanismmanipulator-independent.

Weassumethattheprogrammerprovidesaperceptualgoal
in theform of thesensorreadingsthatwill beobservedat the
goalposition.In thecaseof dextrousmanipulation,apercep-
tualgoalis givenby thedesired®nalpositionandorientation
of theobjectandtheforcesappliedby eachof the®ngers.

A perceptualgoal has the form ��� �����	�
�	�
�	�
���������

�
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����� , where ��������� encodethe positionof the object
in 3-dimensionalCartesianspace,�
��� and � are the Euler
anglesazimuth,elevation androll de®ningthe object's ori-
entationwith respectto a hand-centeredcoordinatesystem,
and �

1 ���������

�
� arethereadingsin the tactilesensorslocated

at eachof the � ®ngertips.
Let � be a perceptualgoal and � be a vector encoding

virtual ®ngercommands.Let �! "�$# be theperceptionvector
obtainedfrom readingthe sensorsafter executingthe robot
commandcorrespondingto � . A metric % , which monotoni-
cally decreaseswith thequality of themanipulationencoded
by � , is givenby
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Giventheuncertaintypresentin sensorsandeffectors,and

thefactthat % mayhaveseverallocalminima,it isunlikelythat
a standardNewton or gradient-basedminimization method
would suf®cefor this problem. Thereforewe have to resort
to optimizationtechniquesthatarebetteratdealingwith local
minima and handlingan apparentlynon-deterministicenvi-
ronment.

The optimizationmethodwe useis a modi®cationof the
well-known evolution strategy [15, 16], augmentedwith an
extrapolationoperationin additionto the standardmutation
operator.

2.1 The evolution strategy

The evolution strategy is family of iterative probabilistic
optimizationalgorithmsloosely basedon biological evolu-
tion. In its simplestform, theoptimizationstartswith a par-
ent, a real-valuedvectorwhich encodesa candidatesolution
to the problemat hand. The following two stepsare then
repeateduntil a terminationconditionis attained:1# Createa
descendant,by randomlychangingtheparent(mutation).2#

Selectthe betterof parentanddescendantas the parentfor
thenext iteration(selection).Theprocessterminateswhena
prespeci®ednumberof iterationsis executedoragoalvaluein
theobjectivefunctionis attained.Accordingto thebiological
observationthatoffspringaresimilar to their parentsandthat
small changesoccurmoreoften that large ones,mutationis
realizedby addingto the parenta normally distributedran-
domvectorwith expectedvaluezero.A majorfeatureof this
family of algorithmsis thedynamicupdatingof thestandard
deviation of thedistributionusedto obtainthedescendantin
responseto the characteristicsof the region of the objective
functionthatis beingexplored. If successfulmutationsoccur
rarely, the searchis likely to be neara minimumandthusit
is a goodideato decreasethesizeof theneighborhoodbeing
searched,sincethe minimummustbe nearby. If successful
mutationsoccurvery often, it meansthatconvergencecould
besped-upby increasingthestepsize.

Theevolutionstrategy hasbeenshown to begloballycon-
vergent given unboundedrunning time [4]. Similar results
have alsobeenshown for simulatedannealing[2] andgenetic
algorithms[5]. Of morepracticalinterest,theevolutionstrat-
egy hasbeenshown in many applicationsto convergequickly



andbe relatively insensitive to local minima. Theevolution
strategy is generallypreferableto geneticalgorithmsfor solv-
ing problemsthatdealwith the optimizationof functionsof
realnumbers1. Its mainadvantageover simulatedannealing
lies in its adaptive step-length,realizedby dynamicallyvary-
ing thestandarddeviation of themutationvectorin response
to thecharacteristicsof theobjective functionandtheregion
beingexplored.

2.2 The learning algorithm

Thealgorithmweusefor learningmanipulationprimitives
usesanextrapolationoperatorasaheuristictoguidethesearch
in thedirectionof decreasingvalueof theobjective function
in additionto thestandardmutationoperator. Theideabehind
theextrapolationoperatoris to usethevaluesof theobjective
functionin thepreviousiterationsto estimatethedirectionof
the gradientof the functionandobtaina new descendantby
extrapolatingin thatdirection. Theextrapolationsteplength
is dynamicallyadaptedin responseto thelocalcharacteristics
of the functionbeingexplored. As in the mutationcase,we
increasethesteplengthwhenthe probabilityof a successful
extrapolationis above a thresholdanddecreaseit otherwise.

Formally thealgorithmweusefor learningthevirtual ®n-
gerscommandsthatwill executethedesiredmanipulationcan
bedescribedasfollows.

Let % betheobjective functionasde®nedearlier, let ���

�����	�

bethesetof valid virtual ®ngercommands,where 
 is
the numberof virtual ®ngersand � is the numberof degrees
of freedomof eachvirtual ®nger. Let �! "�$# 7

� )
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be the perceptionobtainedafter executingthe virtual ®nger
command� , where 3 is the dimensionalityof the sensor
space.

Givenaperceptualgoal � , theoverallgoalof theoptimiza-
tion procedureis to ®nda vector ��
 7�� suchthat

 &46� 7�� #!%� &��'��! "��
�#	#�� %� /��'	�! 2� #�#

The algorithmstartswith a parent �

0
��� �������

0
���

0
����� � ,

where�!�!7�� is acandidatevirtual®ngercommand,� 0 " 0
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is theestimatedgradientvector. In the
absenceof prior information,thesevaluescanbe initialized
randomly.

In eachiteration,a candidatevirtual ®ngercommand�
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1Somemodi®cationsto the original binary-valuedrepresentationhave
beenproposedandusedsomewhatsuccessfully[8]
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) is the estimatedprobability of
having a successfulmutation,that is, the ratio of times the
®tnessof theindividualobtainedby mutationis betterto that
of theparentto thenumberof iterations2, �

+

' is theestimated
probabilityof having a successfulextrapolation,and -

/
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is a constant.

Thechoiceof 1
5 asa constantto modify � and � is based

on Rechenberg's 1/5 successrule [15] andwasprovento be
optimalfor a restrictedkind of objectfunctionsandhasbeen
observedto work well in practice.

Thegoalof thelearningalgorithmis to ®ll-upa tablecon-
taining virtual ®ngercommandsand indexed by objectand
perceptualgoal,asshown in table1. In thetable,H

+

is avector
encodingthe joint anglesof the handafter graspingthe 5JILK

objectin theprototypeset. For eachobjectthesystemstores
the con®gurationof the hand H

+

after thegraspingoperation
andthenit learnsthevirtual ®ngercommands�

+NM

+

��������� �

+OM

)

requiredto attainperceptualgoals �

+

��������� �

) for thatobject
usingthealgorithmdescribedearlier. In thelook-upphasewe
simplycomparethejoint anglesof thehandaftergraspingthe
objectwith eachof the H

+

s andretrieve the setof primitives
correspondingto the joint anglesthat are the most similar
to thoseobtainedafter graspingthe currentobject. These
primitivescanbe scaledandcombinedby addingthem for
performingtasks,as donein [17]. Although this combina-
tion of primitivesis notmathematicallycorrect,experimental
resultsusingtheUtah/MIT have shown that it workswell in
practice.

2In the implementationwe usea ®xedlengthwindow of pastresultsto
estimatethisprobability
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Table1: Tableto be®lled-upby thelearningalgorithm

Figure1: Theexperimentalsetup

3 Experimental Results

Thealgorithmsdescribedin theprevioussectionwereim-
plementedin ourvision androboticslab usingtheUtah/MIT
dextroushand[10]. We usedanAscension̄ock of birds �

)

magneticsensorattachedto theobjectbeingmanipulatedfor
positionandorientationsensing.For tactilesensingwe used
Interlink �

)

pressure-sensitive resistors,which weretapedto
theobject.Theexperimentalsetupis shown in ®gure1.

In the four-®ngeredUtah/MIT handthe thumbis perma-
nentlyopposedto theindex, middleandring®ngers,therefore
it is naturalto partitionthereal®ngersinto twovirtual®ngers,
onecomposedby the thumbandthe otherby the remaining
®ngers. Each®ngerof the Utah/MIT handis itself redun-
dant,having four joints,threeof whicharecoplanar. To solve
this redundancy we useanotherobservationmadeon human
hands,namely, that the anglesof the last two joints of each
®ngerareroughlyequal3. Thisformof redundancy resolution
andtheuseof virtual ®ngers,reducethedimensionalityof the
parameterspacefrom 16 to 6 andmakeautonomouslearning
in a reasonablyshortperiodof timefeasible.

Thesystemlearnedseveralbasicmanipulationsconsisting
of translationsalongthe threemainaxesandrotationsabout
2 of the main axes and several combinationsof them. On
average,eachprimitive waslearnedin about50 generations
usingthealgorithmdescribedin Section2. Thealgorithmwas

3Thisobservationhasbeenusedin othersystems(e. g. [13]) for comput-
ing theinversekinematicsof theUtah/MIT hand.

Figure2: Translationalongthe � axis

Figure3: Translationalongthe � axis

rununtil theprecisionexceededaprede®nedthreshold.Each
trial move took aboutonesecond. With threetrials moves
pergenerationandincludingotherdelays,eachprimitivewas
learnedin a little over threeminuteson average. The main
bottleneckwe facedwasthehysteresisin theinterlink tactile
sensors,which forcedusto wait for a few tenthsof a second
betweenmovesto allow thesensorsto returnto their normal
state.Thisaloneaccountedfor about40%of therunningtime.

Figures2showsthehandperformingatranslationalongthe
� axisby sequentiallymoving to thepreviously learnedgoals
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�

� � 0 � 0 � 0� and �����������

�
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� 25� 0 � 0� ,wheredisplacementsaregivenin millimeters.Sim-
ilarly, ®gure3 shows a translationalongthe � axisusingthe
sequence� 0 �

0

25� 0�

�(� 0 � 0 � 0�

�(� 0 � 25� 0� . Figure4 shows the
sequence� 0 � 0 � 10�

��� 0 � 0 � 0�

��� 0 � 0 �

0

10� to perform a move-
ment along the � axis. Intermediatepositions(not shown)
whereobtainedusingthe nearestneighborsapproach,asex-
plainedin Section2. Thesemovementswere learnedwith
an object that is similar, but not identical, to the one used
duringexecution(see®gure1.) It canbeseenthat thequal-
ity of the manipulationis quite good,showing alsothat the
learnedskills canbetransferredbetweensimilarobjects.Al-
thoughfew quantitative resultsfor othersystemshave been
reported,thequality of themanipulationsseemscomparable

Figure4: Translationalongthe � axis



to theoneobtainedby othersystemswherethemanipulations
areprogrammedby hand,suchas[7, 11, 12,17].
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Figure5: Manipulationqualityasafunctionof generationfor
perceptualgoal � 25� 0 � 0 � 0 � 0 � 0� .
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Figure6: Manipulationqualityasafunctionof generationfor
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Figure7: Manipulationqualityasafunctionof generationfor
perceptualgoal � 0 � 0 �

0

10� 0 � 0 � 0�

Figure5 showsthevalueof themanipulationquality func-
tion % for atranslationof 25mmalongthe � axisasafunction
of thegeneration.Theperceptualgoalalsoincludedmaintain-
ing a constantforceappliedby each®nger, equalto theforce
measuredatthestartof themanipulation.After approximately
25 generationsa goodlevel of performanceis attained.Near
thegoal,furtherexplorationyieldsslower improvement,due
in partto thefactthatthenoisemakesthechoicesbetweentwo
very similarparametersetsalmostrandom.After 63 genera-
tionstheprespeci®edaccuracy wasobtainedandtheprogram
stopped.In thisparticularruntheperceptionatthatpointwas

� � � 24� 940� 0 � 110�

0

1 � 208� 0 � 2406�

0

1 � 5355�

0

0 � 0688� ,
yielding a ®nalerror of 1.21 mm in position and 1.56 de-
greesin orientation,which is remarkablyaccurate.Similarly,

Goal Actual®nalposition
[25,0,0,0,0,0] [24.9,0.11,-1.21,0.24,-1.54,-0.07]
[-25,0,0,0,0,0] [-26.6,-3.41,1.87,-2.60,0.88,1.19]
[0,25,0,0,0,0] [-1.76,24.5,0.99,-6.63,0.02,0.15]
[0,-25,0,0,0,0] [-0.99,-26.3,0.11,0.24,-0.09,0.07]
[0,0,10,0,0,0] [-1.54,-0.88,9.78,0.73,2.88,0.33]
[0,0,-10,0,0,0] [0.11,-1.65,-9.01,-0.53,-7.45,0.33]

Table2: Goalpositionsandactualpositionsafterlearningfor
a few selectedprototypemovements.Positionsaregiven in
millimetersandorientationanglesanderrorsin degrees.

®gure6 plots % for a translationof -25 mm alongthey axis.
In this casethe convergencewasa little quicker, exceeding
thethresholdafter48generations.The®nalerrorwasslightly
largerin positionandsmallerin orientation,with aa®nalper-
ceptionof � ���

0

0 � 99�

0

26� 28� 0 � 11 � 0 � 243 �

0

0 � 091� 0 � 066� ,
anerrorof 1.6mmin positionand0.26degreesin orientation.
Figure7 shows the learningplot for � � � 0 � 0 �

0

10� 0 � 0 � 0� ;
theoverall behavior of theoptimizationis similar to thepre-
vious two cases,althoughthe ®nalerror is slightly higher.
Table2 shows goal positions,actualpositionsafter learning
anderrorsfor a few selectedmanipulations.In generalthe
resultsareconsistentwith theonesdescribedabove.

3.1 An insertion task

Figure 8 shows how a set of primitives can be usedto
perform a simple assemblytask. The goal is to insert the
hexagonalpieceinto thenearbyhexagonalhole.

Thesystem®rstlearned8 primitives,consistingof transla-
tionsalongthethreemainaxesandrotationaboutthevertical
axisin thepositiveandnegativedirections.Thelearnedprim-
iti vescouldthebeinvokedby ahumanteleoperator, usingthe
keyboardin thecontrollingworkstation,in orderto solve the
task.

4 Conclusionsand Futur e Work

We have presenteda methodfor machinelearningof dex-
trousmanipulationskills. Weconsiderthefollowingto bethe
mostsalientfeaturesof thiswork.

� Heuristicsderived form observationsmadeon human
handswere usedto reducethe degreesof freedomof
dextrousmanipulationwith robotichands.This signi®-
cantlysimpli®edthetaskandmadeautonomouslearning
feasible.

� Our systemdoesnot rely on simulation. Instead,all the
experimentationisdonebyaphysicalrobot.Thisisvalu-
ablein situationssuchasdextrousmanipulation,where
building a realisticandaccuratesimulatoris extremely
dif®cult.

� We useda modi®edversionof theevolution strategy to
learnmanipulationprimitives. This learningalgorithm



Figure8: Performinga taskusingthelearnedprimitives

successfullydealtwith thenoisein sensorsandeffectors
andallowedtheprimitivesto belearnedin a periodof a
few minutes.

� Weshowedthatthelearnedprimitivescanbecombinedto
form generalmanipulationsandperformmorecomplex
tasks.

Presentandfuturework includeslearningprimitivesthat
requirerepositioningthe®ngerson thesurfaceof the object
andusinga moresophisticatedversionof theevolution strat-
egy to learn the primitive skills in even shorterperiodsof
time.
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