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Abstract

This paper presentsan apptoac basedon the evolution
strategy for autonomoudearning of dextrous manipulation
primitives with a dextrous robot hand. We use heuristics
derivedfromobservationsnadeonhumarhandgoreducehe
dggreeffreedonofthetaskandmakdearningpossible Our
systermdoesnot rely on simulation; all the experimentation
is performedthe 16-dgree-of-feedomUtah/MIT hand. We
presentexperimentakesultsthat showthat accuiate dextrous
manipulationskillscanbelearnedn aperiodofafewminutes.
We also showthe application of the learned primitives to
performan assemblyask.

1 Intr oduction

A dextrous manipulatoris a robotic systemcomposedf
two or morecooperatingeriaimanipulatorsDextrousmanip-
ulatorshave potentialapplicationsn areasuchasprosthetics
and spaceand deepseaexploration where a single robotic
systemwill berequiredto performa varietyof tasksandthus
versatilityratherthanprecisioris themainrequirementHow-
ever, programmingheserobotsto solve complex tasksin the
realworld hasremainedanelusive goal. The compleity and
unpredictabilityof the interactionsof multiple effectorswith
objectsis animportantreasorfor this dif®culty

In complex andhard-to-modesituations suchasdextrous
manipulation,it would be desirabldf the behaiors or skills
exhibited by the robot could be learnedautonomousiyby
meansof the robot's interactionwith the world insteadof
beingprogrammedy hand. However, machinelearningof
robotic tasksusingdextrous manipulatords extremely dif®-
cult, duemainly to the high dimensionalityof the parameter
spaceof theserobots. Corventionalapproacheto this prob-
lemfacethewell-known @curseof dimensionalityq3], which
essentiallystateghatthenumberof samplesequiredto learn
ataskgrows exponentiallywith the numberof parametersf
the task. Anotherproblemis thatautonomougxperimenta-
tion with real robotsis expensve bothin termsof time and
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equipmenivear For thesereasonsmostapplicationsof ma-
chinelearningto roboticshave dealtwith simplerobots,and
have concentrate@n simple taskswith a few discretestates
andactions.

A commonlyusedapproacto makerobotlearningfeasi-
ble despitethe high dimensionalityof the sensoryandmotor
spacess to run the learningalgorithmsusing simulateden-
vironments.However, in situationsgnvolving comple robots
andervironmentsit is dif®cultorimpossiblgo gatherenough
knowledgeto build a realistic simulation. Moreover, some
physicaleventssuchassliding and collisionsare dif®cultto
simulateeven whenthereis completeknowledge. For these
reasonswe believe thatfor thelearnedskills to beapplicable
by the physicalrobotin its environment,muchof thelearning
andexperimentatiorhasto becarriedoutby thephysicalrobot
itself. Giventhe high costof real-worldexperimentationfor
thelearningalgorithmso besuccessfullapplied,it is crucial
thatthey converge within areasonabl@umberof trials.

Obsenrationsmadeonhumarhandsffer somecluesabout
how to dealwith theproblemof thehigh dimensionalityof the
parametespaceof dextrous manipulators.Arbib etal. [1]
introducedthe conceptof virtual ®ngersaasa modelfor task
representatiomt higherlevelsin the humancentralnenous
system. In this model, a virtual ®ngeris composedf one
or morereal®ngeravorkingtogetherto solve aproblemin a
task. Theuseof virtual ®ngerdimits the degreesof freedom
to thoseneededor atask,ratherthanthe numberof physical
degreesof freedomthe hand,humanor robotic, has. Iberall
[9] hasshavn how the handcanbe usedasessentiallythree
differentgrippersby changinghe mappingof virtual ®ngers
to real ®ngers. A generalizatiorof virtual ®ngerscalleda
virtual tool [6, 14], hasbeenproposedas a way of dealing
with the redundantdegreesof freedomof complex robotic
systems.

An objecttranslationby a humanhandusinga precision
grasp,thatis, a graspwherethe only contactsoccurat the
®ngertipscanbe viewed asthe actionof two virtual ®ngers
moving in thedirectionof thetranslationwvhile maintaininga
roughly constantforce appliedto the object. In generalthe
thumbwill constituteonevirtual ®ngerwhile oneor moreof
the remainingfour ®ngerswvork in conjunctionandform the
othervirtual ®nger

Usingthe virtual ®ngerabstractionthe dimensionalityof



learninga manipulationtaskis greatlyreducedsincethetask
of thelearningmethods to ®ndtherequiredcommandso the
virtual ®ngersinsteadof directcommandsgo physicalactua-
tors. Meanwhile themappinggrom virtual to real®ngergan
belearnedasa separat@roblemor be providedby ahuman.

In thispapemwe presenainapproactior autonomougearn-
ing of dextrous manipulationskills that usesthe conceptof
virtual ®ngergo limit thedimensionalityof the searchspace.
The approactconsistsof ®rstlearningandstoringa few ba-
sic manipulatiorprimitivesfor afew prototypicalobjectsand
thenusinganearest-neighbanethodo computeherequired
parameterfor new objectsandmanipulationsTheprimitives
arelearnedusinga modi®edrersionof theevolution strateyy,
which allows us to dealwith the noisenormally presentin
tasksinvolving complex interactionsbetweenra robotandits
ervironment.Our systendoesnotrely on simulationor mod-
eling; instead,all the experimentationis performedby the
physicalrobot. In Section2 we describethelearningmethod
in detail, Section3 presentsxperimentalresultsusing the
Utah/MIT hand,and Section4 discussesalientfeaturesof
our approactanddirectionsfor futurework.

2 Learning Manipulation Skills

The system®rstlearnsa setof primitivesfor performing
basictranslationsand rotationsof several differentobjects.
New manipulationsanbeobtainedby scalingandaddingor
subtractingheprimitives. Thismethods similarto Speetes
motion primitives[17], the main differencebeingthatin his
systemtheprimitivesweresuppliedoy theprogrammemwhile
in oursthey arelearnedautomatically

Normally, a primitivewould consistof thechangesn joint
anglesof the handthat are requiredto performthe desired
manipulation;however, usingthe virtual ®ngerobseration,
asexplainedin Sectionl, we commanddenticalchangedo
correspondingoints of eachof thereal ®ngerghatare cou-
pledto form a virtual ®nger Essentiallythe systemlearns
to manipulateobjectsusingtwo 3 degree-of-freedonvirtual
®ngerswhile the programmeiprovides the mappingsfrom
virtual ®ngerparametergo the joint anglesof the particu-
lar robot used. Besidesef®cieng, this hasthe advantageof
makingthelearningmechanisnmanipulatofindependent.

We assumeéhattheprogrammeprovidesaperceptualgoal
in theform of the sensoreadingghatwill be obseredatthe
goalposition. In thecaseof dextrousmanipulationa percep-
tual goalis givenby thedesired®nalpositionandorientation
of theobjectandtheforcesappliedby eachof the®ngers.

A perceptualgoal has the form

1 , Where encodethe position of the object
in 3-dimensionalCartesianspace, and arethe Euler
anglesazimuth, elevation androll de®ningthe object’s ori-
entationwith respectto a hand-centeredoordinatesystem,
and 1 arethereadingsn the tactile sensordocated
ateachof the ®ngertips.

Let be a perceptualgoaland be a vector encoding

virtual ®ngercommands.Let be the perceptiorvector
obtainedfrom readingthe sensorsafter executingthe robot
commandcorrespondingo . A metric , which monotoni-
cally decreasewith the quality of the manipulationencoded
by ,isgivenby

1

where is the dimensionality of the sensoryspace,
1 are the relative weights of the errorsin the
different elements of the perception vector and
1 0.

Giventheuncertaintypresenin sensorandeffectors,and
thefactthat mayhave severallocalminima,it isunlikelythat
a standardNewton or gradient-basedninimization method
would suf®cefor this problem. Thereforewe have to resort
to optimizationtechniqueshatarebetteratdealingwith local
minima and handlingan apparentlynon-deterministiervi-
ronment.

The optimizationmethodwe useis a modi®catiorof the
well-known evolution strategy [15, 16], augmentedvith an
extrapolationoperationin additionto the standardnutation
operator

2.1 Theevolution strategy

The evolution stratgy is family of iterative probabilistic
optimization algorithmsloosely basedon biological evolu-
tion. In its simplestform, the optimizationstartswith a par-
ent, areal-valuedvectorwhich encodes candidatesolution
to the problemat hand. The following two stepsare then
repeatedintil aterminationconditionis attained:1 Createa
descendantyy randomlychangingthe parent(mutation). 2
Selectthe betterof parentand descendanas the parentfor
thenext iteration(selection).The procesderminatesvhena
prespeci®edumberof iterationds executedragoalvaluein
theobjectivefunctionis attained.Accordingto thebiological
obsenationthatoffspringaresimilar to their parentsandthat
small changeoccurmore often that large ones,mutationis
realizedby addingto the parenta normally distributedran-
domvectorwith expectedvaluezero. A majorfeatureof this
family of algorithmsis the dynamicupdatingof the standard
deviation of the distribution usedto obtainthe descendarin
responseo the characteristicef the region of the objective
functionthatis beingexplored. If successfuinutationsoccur
rarely the searchis likely to be neara minimum andthusit
is agoodideato decreas¢he sizeof the neighborhoodeing
searchedsincethe minimum mustbe nearby If successful
mutationsoccurvery often, it meanghat corvergencecould
be sped-upby increasinghe stepsize.

Theevolution stratgly hasbeenshawn to be globally con-
vergent given unboundedunningtime [4]. Similar results
have alsobeenshawvn for simulatedannealind2] andgenetic
algorithmg5]. Of morepracticalinteresttheevolution strat-
egy hasbeenshavn in mary applicationgo corverge quickly



andbe relatively insensitie to local minima. The evolution
strat@y is generallypreferabldgo geneticalgorithmsfor solv-
ing problemsthat dealwith the optimizationof functionsof
realnumbers'. Its mainadwantageover simulatedannealing
liesin its adaptve step-lengthrealizedby dynamicallyvary-
ing the standardieviation of the mutationvectorin response
to the characteristicef the objective functionandtheregion
beingexplored.

2.2 Thelearning algorithm

Thealgorithmwe usefor learningmanipulatiorprimitives
usesanextrapolationoperatoasaheuristido guidethesearch
in the directionof decreasingalueof the objectie function
in additionto thestandaranutationoperator Theideabehind
the extrapolationoperatoiis to usethevaluesof the objective
functionin thepreviousiterationsto estimatehedirectionof
the gradientof the functionandobtaina new descendariy
extrapolatingin thatdirection. The extrapolationsteplength
is dynamicallyadaptedn responséo thelocal characteristics
of thefunctionbeingexplored. As in the mutationcase we
increasehe steplengthwhenthe probability of a successful
extrapolationis abose athresholdanddecreasé otherwise.

Formally the algorithmwe usefor learningthe virtual ®n-
gerscommandshatwill executethedesirednanipulatiorcan
be describedsfollows.

Let betheobjectvefunctionasde®nectarlier let

bethe setof valid virtual ®ngercommandswhere is
the numberof virtual ®ngersand is the numberof degrees
of freedomof eachvirtual ®nger Let
be the perceptionobtainedafter executingthe virtual ®nger
command , where is the dimensionalityof the sensor
space.

Givenaperceptuagoal ,theoverallgoalof theoptimiza-
tion procedures to ®nda vector suchthat

The algorithmstartswith a parent © oo
where is acandidatevirtual ®ngeccommand, © 0
is the standarddeviation, © 0 is the extrapolationstep
lengthand is theestimatedyradientvector In the
absencef prior information, thesevaluescanbe initialized
randomly

In eachiteration,a candidatevirtual ®nhgercommand
is obtainedby mutatingthe parent

0

where 0 denotesrandonvectorwith eachelement
obtainedfrom a normaldistribution with zeromeanand
standardieviation.

Anothercandidatevirtual ®ngercommand  is thenob-
tainedby addingto the parenta vectorwith magnitude in
theestimatedlirectionof thegradient.

1somemodi®cationgo the original binary-valuedrepresentatiomave
beenproposedaindusedsomeavhatsuccessfullyf8]

After executingthe commandsncodedby and
, we obtainthe perceptions , and and
the objectie function values , and
Theindividual ! o1 to be used

astheparentin thenext generations givenby:

argmin
1 if %
otherwise
1 if %
otherwise
— 1 — if
otherwise
where 1 0, is the estimatedprobability of

having a successfumutation,thatis, the ratio of timesthe

®tnes®f theindividual obtainedby mutationis betterto that

of the parentto thenumberof iterations?,  is theestimated
probability of having a successfuextrapolation,and 1

is aconstant.

The choiceof % asaconstanto modify and is based
on Rechenbey's 1/5 successule [15] andwasprovento be
optimalfor arestricteckind of objectfunctionsandhasbeen
obsenedto work well in practice.

Thegoalof thelearningalgorithmis to ®ll-upatablecon-
taining virtual ®ngercommandsand indexed by objectand
perceptuagoal,asshavnintablel. In thetable, isavector
encodingthe joint anglesof the handafter graspingthe
objectin the prototypeset. For eachobjectthe systemstores
the con®guratiorf thehand afterthe graspingoperation
andthenit learnsthevirtual ®nhgercommands
requiredto attainperceptuagjoals for thatobject
usingthealgorithmdescribeckarlier In thelook-upphaseve
simply comparehejoint anglesof thehandaftergraspinghe
objectwith eachof the s andretrieve the setof primitives
correspondingo the joint anglesthat are the most similar
to thoseobtainedafter graspingthe currentobject. These
primitives can be scaledand combinedby addingthem for
performingtasks,asdonein [17]. Although this combina-
tion of primitivesis notmathematicallycorrect,experimental
resultsusingthe Utah/MIT have shown thatit workswell in
practice.

2In the implementatiorwe usea ®xedlengthwindow of pastresultsto
estimatethis probability



Perceptuaoals

JointAngles

Tablel: Tableto be®Illed-upby thelearningalgorithm

ﬂage;ti: Tactile
Receiver Sensors

Figurel: Theexperimentaketup

3 Experimental Results

Thealgorithmsdescribedn the previous sectiorwereim-
plementedn ourvision androboticslab usingthe Utah/MIT
dextroushand[10]. We usedanAscensionock of birds
magneticsensomttachedo the objectbeingmanipulatedor
positionandorientationsensing.For tactile sensingve used
Interlink  pressure-sensite resistorswhich weretapedto
theobject. The experimentaketupis shavn in ®gurel.

In the four-®ngeredJtah/MIT handthe thumbis perma-
nentlyopposedo theindex, middleandring ®ngerstherefore
it is naturalto partitionthereal®ngersnto two virtual ®ngers,
one composedy the thumbandthe otherby the remaining
®ngers. Each®ngerof the Utah/MIT handis itself redun-
dant,having four joints, threeof which arecoplanar To solve
this redundang we useanotherobsenationmadeon human
hands,namely that the anglesof the lasttwo joints of each
®ngeareroughlyequal. Thisformof redundangresolution
andtheuseof virtual ®ngersteducehedimensionalityof the
parametespacdrom 16 to 6 andmakeautonomousgearning
in areasonablghortperiodof time feasible.

Thesystemearnedseseral basicmanipulationgonsisting
of translationsalongthe threemain axes androtationsabout
2 of the main axes and several combinationsof them. On
average,eachprimitive waslearnedin about50 generations
usingthealgorithmdescribedn Section2. Thealgorithmwas

3This obsenationhasbeenusedin othersystemge. g. [13]) for comput-
ing theinversekinematicsof the Utah/MIT hand.

Figure2: Translatioralongthe axis

Figure3: Translatioralongthe axis

rununtil the precisionexceeded prede®nethreshold Each
trial move took aboutone second. With threetrials moves
pergeneratiorandincludingotherdelays.eachprimitivewas
learnedin a little over threeminuteson average. The main
bottleneckwe facedwasthe hysteresisn theinterlink tactile
sensorswhich forcedusto wait for a few tenthsof a second
betweermmovesto allow the sensorgo returnto their normal
state.Thisaloneaccountedior about40%of therunningtime.
Figure shavsthehandperformingatranslatioralongthe
axisby sequentiallynoving to the previously learnedgoals
2500, 000 and
25 0 0,wheredisplacementaregivenin millimeters. Sim-
ilarly, ®gure3 shows atranslationalongthe axisusingthe
sequence0 250 000 0 250. Figure4 shavs the
sequence0 010 000 00 10 to performa move-
mentalongthe axis. Intermediatepositions(not shavn)
whereobtainedusingthe nearesheighborsapproachasex-
plainedin Section2. Thesemovementswere learnedwith
an objectthat is similar, but not identical, to the one used
during execution(see®gurel.) It canbe seenthatthe qual-
ity of the manipulationis quite good, shaving alsothat the
learnedskills canbetransferreetweersimilar objects.Al-
thoughfew quantitative resultsfor other systemshave been
reported the quality of the manipulationseemsomparable

Figure4: Translatioralongthe axis



to theoneobtainedy othersystemsvherethemanipulations
areprogrammedy hand,suchas[7, 11, 12,17].
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Figure5: Manipulationquality asafunctionof generatiorior
perceptuagoal 250000 0.
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Figure6: Manipulationqualityasafunctionof generatiorior
perceptuagoal 0 250000
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Figure7: Manipulationquality asafunctionof generatiorior
perceptuajoal 0 0 10000

Figure5 showvsthevalueof themanipulatiomguality func-
tion foratranslatiorof 25mmalongthe axisasafunction
of thegenerationTheperceptuafjoalalsoincludedmaintain-
ing a constanforce appliedby each®ngerequalto theforce
measuredtthestartof themanipulation After approximately
25 generationg goodlevel of performances attained.Near
the goal, furtherexplorationyields slower improvement,due
in partto thefactthatthenoisemakegshechoicedbetweertwo
very similar parametesetsalmostrandom. After 63 genera-
tionstheprespeci®edccurag wasobtainedandtheprogram
stoppedn this particularrunthe perceptioratthatpointwas

249400110 120802406 15355 00688,
yielding a ®nalerror of 1.21 mm in position and 1.56 de-
greedn orientationwhichis 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. Positionsaregivenin
millimetersandorientationanglesanderrorsin degrees.

®gureb plots  for atranslationof -25 mm alongthey axis.
In this casethe cornvergencewasa little quicker exceeding
thethresholdafter48 generationsThe®nalerrorwasslightly
largerin positionandsmallerin orientationwith aa®nalper

ceptionof 099 26280110243 00910066,

anerrorof 1.6 mmin positionand0.26degreedn orientation.
Figure 7 shows the learningplot for 00 10000;

the overall behaior of the optimizationis similar to the pre-
vious two casesalthoughthe ®nalerror is slightly higher
Table 2 shaws goal positions,actualpositionsafterlearning
and errorsfor a few selectedmanipulations.In generalthe
resultsareconsistentvith the onesdescribedabove.

3.1 An insertion task

Figure 8 shavs how a setof primitives can be usedto
performa simple assemblytask. The goal is to insertthe
hexagonalpieceinto the nearbyhexagonalhole.

Thesystem®rstlearned primitives,consistingof transla-
tionsalongthethreemainaxesandrotationaboutthevertical
axisin thepositive andnegative directions.Thelearnedorim-
itivescouldthebeinvokedby ahumanteleoperatquusingthe
keyboardin the controllingworkstation,in orderto solve the
task.

4 Conclusionsand Future Work

We have presentecé methodfor machindearningof dex-
trousmanipulatiorskills. We considetthefollowingto bethe
mostsalientfeatureof thiswork.

Heuristicsderived form obsenations made on human
handswere usedto reducethe degreesof freedomof
dextrous manipulatiorwith robotichands. This signi®-
cantlysimpli®edhetaskandmadeautonomoutearning
feasible.

Our systemdoesnot rely on simulation. Instead all the
experimentations doneby aphysicalrobot. Thisisvalu-
ablein situationssuchasdextrousmanipulationwhere
building a realisticand accuratesimulatoris extremely
dif®cult.

We useda modi®edversionof the evolution stratey to
learnmanipulationprimitives. This learningalgorithm



Figure8: Performingataskusingthelearnedprimitives

successfullydealtwith thenoisein sensor@&ndeffectors
andallowedtheprimitivesto belearnedin a periodof a
few minutes.

Weshavedthatthelearnegrimitivescanbecombinedo
form generalmanipulationsandperformmorecomple
tasks.

Presentandfuture work includeslearningprimitivesthat
requirerepositioningthe ®ngeron the surfaceof the object
andusinga moresophisticatedrersionof theevolution strat-
egy to learn the primitive skills in even shorterperiodsof
time.
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