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Abstract

In this paperwe presentour work on developinga sharedrepertoireof action catejoriesthroughimitation.
A populationof robotic agentsinventsand sharesa repertoireof actioncategoriesby engagingn imitative
interactionsWe presentanexperimentaket-upwhich enablesisto investigatevhatpropertiesagentshould
have in orderto achieve this. Amongthesepropertiesare: beingableto determinethe other's actionsfrom
visualobsenationanddoingincrementalinsupervisedateyorisationof actions.

1 Intr oduction

Most of thework thathasbeenpublishedon imitation in

robotsfocuseson the learningof action cateyoriesin a
teacher studentcontet (Vogt, 2000;Billard andHayes,
1997; Alissandrakiset al., 2002). In sucha set-upone
agentactingasteachemlreadyhasactioncategories. By

observingthe teacherwho is executingactions,the ac-
tion categoriescanbe passedn to the student: by imi-

tatingtheteachers actionusingfor instancenversekine-
maticsand evaluatingthat action, the learnercan know
whetherhe correctly reconstructedhe obsened action.
However, sucha set-updoesnot explain how actionca-
tegoriesemege. How doesthe teacheracquireits ca-
tegorieswhenthey are not preprogrammedy a human
operator?

We proposea set-upin which new action catejories
canemepgewhenimitation of actionsfails. Thisis done
in a populationof agentsengagingin imitative interac-
tions, calledimitation games Action categoriesareonly
learnedif they canbe successfullyimitated. If anaction
is hardto obsere or to imitate, it will not belearnedby
otheragents.The experimentsare conductedothin si-
mulationandon realrobots,however resultspresentedn
this article were only obtainedin simulation. Our con-
ceptof imitation gamesstrongly resembleghe concept
of imitation gamesusedin (de Boer,2000)in the contet
of vowel systems.The imitation gamepresentedn this
paperis work in progress.

In sectiontwo, our experimentalset-upis proposed.
Sectionthreepresentghe actualimitation game,section
four proposesobjectve measuredor determininghow
successfutheimitation gameis andresultsarepresented
in sectionsix. Futurework is discussedn sectionseven.

Figurel: The experimentaket-up,consistingof a stereo
headandarobotarm.

2 Experimental set-up

An agentonsist®of astereaccameraneadandarobotarm,
see gure 1. With thearmit canmale differentkinds of
gestureswhich it can obsene througha vision system.
Gesturesare restrictedto motion trajectoriesfrom one
point to another Gesturesio not involve manipulations
of otherobjectsanddo not carryany meaningyet.

Usingthis set-upwe areinvestigatinghow arepertoire
of groundedaction cateyoriescanemege. For investi-
gating how this repertoirecan be sharedthrougha po-
pulationof agentswe useseveral agentswhich interact.
However, at this stageof the projectwe do not have mul-
tiple physicalinstallations.Onerobotarmandonevision
systemare usedby all agentsof the population. Agents
take turnsin usingthearmandsterechead.

1A solution also usedin a previous experimentinvestigatingthe
emepgenceof word-meanindexicons on embodiedagents(Steelsand
Kaplan,1999).



2.1 Therobotarm

We usea readily available commercialrobotarm, called
Teach-robot It has six degreesof freedomand is
equippedwith a grippet The forward andinversekine-
maticsare known (De Vylder, 2002). The robotarmis
position-driven: one cansendgoal motor positionsto it
andqueryits currentpositionbut one cannotcontrol the
velocity of the movementnor querytherobotwhile it is
moving. At themomentthe gesturegherobotmakesare
only interpretedon the basisof the gripper's trajectory
No attentionis paid to movementsof otherjoints. The
gripperis clearlymarkedwith a bright colourto facilitate
imageprocessing.

2.2 Thevision system

The obsenationof anactionresultsin a seriesof gripper
coordinates.Thesethreedimensionatime serieswill be
catgyorisedduring the imitation game. The vision sys-
temfocuseson nding the 3D grippercoordinatesn the
capturedmages.We usea MEGA-D sterecheadfor ac-
quiring both left andright imagesand the Small Vision
System(SVS)from Konolige? for obtainingadepthmap.
Using colourtemplatesthe left imageis segmentednto
gripperandnon-gripperregions,therightimageis left un-
processedUsing simpletrackingmechanismsthe most
probablegripperregionsareextracted. Fromthe gripper
segment,a setof featureds extracted suchascolourand
size.Fromall gripperpixelsin theleft image,the 3D co-
ordinatesareobtainedusingthe SVS.Finally, theposition
of the gripperis de ned asthe averageof all coordinates
obtained.If thestereamatchingin the SVSfails, theright
imageis sggmentedaswell. The centreof theleft image
gripperregion andthe centreof the right imagegripper
region arethenassumedo correspondUsingthis corre-
spondencethe 3D coordinatef the grippercanbe ap-
proximated.Theentireprocesss repeatedpproximately
25 timespersecond We assumean agentknows whenit
needsto startandstopobservingits own actionsandwe
explicitly tell theagentwhenit needso obsene another
agentwhich is executinganaction. In principle,the sec-
ondagentcoulddetermineon its own whena new action
begins, for instanceby splitting sequencesat the frames
in which no changds obsened.

Usingthe methodsdescribedabove, the obsenationof
an actionresultsin a sequencef 3D coordinategepre-
sentingthe positionof the gripperat differenttime steps
during executionof anaction. Thereis no restrictionon
thelengthof suchsequencesAs conditionsof our exper
imental set-upare not tightly controlled, the calculated
gripper positionsare not accurateand subjectto large
amountsof noise, causedby changinglight conditions,
peoplepassingoy or the presencef otherdisturbingfac-
tors. Filtering couldimprovethequality of thetime series.

2MicroelectronicKalms, http://iwwwteach-robot.de/
Shttp:/iwwwai.sri.com/lonoligesvs/Rapers
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2.3 The agentarchitecture

An action category is a tuple containingan action and
an observation The actionis a sequencef 3D points,
consistingof consecutie target coordinatef the grip-

per. In our experimentswe useonly two points,i.e. a

startpoint andan end point. The actionexecutedby the
robotis the movementof the gripperfrom startpoint to

endpoint. Thetargetcoordinatesrede nedin anaction

space de ned by the coordinatesystemof therobotarm.

The differentspacesandthe mappingsetweernthemare
shavnin gure 2. Therobotarmis positiondriven,mean-
ing thatfor eachof the six motors,atargetpositionneeds
to be speci ed. So, the robotis controlledby sending
it 6-tuplesof target positions, called motor commands
The motor commandgde ne a motor space The map-
ping from actionspaceto motor space(1) is de ned by

the inversekinematicswhich is assumedo be known to

theagents Notethatactioncateyoriescontainactionsde-

ned in theactionspaceandnot motor commandsBoth

approacheareequialent,butit is easietto de ne actions
in theactionspaceasthe Euclideandistanceholdsin the

actionspace.

Usingits vision system the robot obsenesthe execu-
tion of actionsas sequencesf 3D gripper coordinates,
calledobsenations. The grippercoordinatesarede ned
in the cameracoordinatesystemde ning anobservation
space Thereis a mappingfrom pointsin the obsena-
tion spaceto pointsin the actionspace(2), de ned by a
ca-librationmatrix which is known to the agents. Note
that thereis also a direct mappingfrom motor spaceto
obsenation space(3). This mappingdoesnot neednot
to be preprogrammedas the agentcan executea mo-
tor commandand obsene the result of its own execu-
tion. Theagentcanobtaintheinversemappingsof (1),(2)
and(3) by concatenatings known mappings.Usingthe
mappingsexplained above, an agentcan always know
whichobsenationcorrespondso agivenaction,by using
inversekinematicsand executingthe appropriatemotor
commands.In the pseudo-codeisedin this document,
this synthesisstepis called S From an obsenation, the
correspondingaction can be derived by the agentusing



the calibration. This stepis called in the pseudo-
code.lt is ourgoalto shav thatactioncateyoriescaneven
be learntwithout inversekinematicsbeingknown to the
agentsandwithout inversekinematics. At the beginning
of the imitation gamesall agentsstartempty they have
no preprogrammeaection categyories. During the imita-
tion gamesagentdearnactioncateyoriesfor theactions
they obsene. Thoselearntactioncatejoriesarestoredin
anactioncategory memory

3 Building a repertoire of basic ac-
tion categories

Thegoalof theimitation gamepresentedh this sectionis
to developasharedepertoireof actioncateyories.As we
do notinvestigatehow imitation itself could emege, we
assumehatall agentshave the samedearningmechanism
andengagen preprogrammednitation games.

Theimitationgameis asimpleinteractionbetweertwo
agentscomprisingthree essentiaklementsof imitation:
(1) the obsenation of an action, (2) the classi cation of
the obsenedactionand(3) the imitation of the obsened
action.

How anagentbbsenesactionswasdescribedn section
two. Theobsenationresultsin atime seriesof 3D points.
In the memoryof action cateyories,the agent nds the
actioncategyory with anassociate@bsenation closestto
thenew obsenation. Thisactioncategoryis therepresen-
tation of the obsered action. Imitation is performedby
executingtheactionassociategvith therecognizedction
category.

For nding the actioncategyory with an associateab-
senation closestto the obsenation just made,the agent
needsa methodto evaluatethe distancebetweenobser
vations. We use Dynamic Time Warping (DTW)(Myers
andRabiner 1981)asdistancemetric on obsenationsof
actions.DTW wasfor instanceusedin (Corradini,2001).

Figure3: Theimitation game.In this exampleit fails, as
theimitationis categorisedasa insteadof a.

For every gametwo agentsarerandomlyselectedrom
the population. Oneagentwill take therole of initiator,
the otheragentwill betheimitator. Both agentsusethe

vision systemand the manipulator In gure 3 the ob-
senation spacefor both the initiator and the imitator is
depicted.The larger dotsindicatethe obsenationsasso-
ciatedwith the actioncategories,the small dotsindicate
the actualobsenations. The gamestartswhentheinitia-
tor selectsa randomaction catayory a from its memory
If its memoryis still empty a randomactioncategory is
rst added.Theinitiator executeghe actionthatis asso-
ciatedwith the actioncategory a. The imitator obseres
this actionandcallsits obsenation . Thenit triesto
catagorisethe obsenation . If it nds acateyory, this
catayory will be called . If theimitator hasno cate-
goriesyet, a new cateory is addedfor the obsena-
tion . Theimitator now executegheactionassociated
with the category . Theinitiator obsenesthis action
andcallsits obsenation . Theinitiator cateyorizesthis
obsenationandcalls the cateyory . If theinitial ca-
tegory andthe category of the imitated action are equal
( ), thenthe initiator decidesthat the gamesuc-
ceeds,otherwiseit fails. The initiator sendsnon-verbal
feedbackaboutthe outcomeof the gameto the imitator.
If the gamesucceededthe imitator shifts the cateyory
it usedcloserto the obseration  of the initiators ac-
tion. If the gamefails, two differentupdatestratgyiesare
consideredlf the success-ratiof the category theimita-
tor usedis above a certainthreshold(e.g. 0.5), it means
that the action category itself hasbeensuccessfuin the
past. So, the failure in this gameis probablycausede-
causethe initiator executedan action the imitator does
not know yet. In this casea new cateyory is constructed
for the obsenation. If the success-ratiof the category
usedis below the threshold,the category itself is prob-
ably not very good. In that case,the catayory is shifted
towardsthe obsenation. As alaststepof the game both
theinitiator andtheimitator updatetheir repertoireof ac-
tion categyories. They remove actioncategyoriesthat have
provennot to be successfuin the pastandwith a small
probabilitythey addnew actioncateyoriesto their reper
toire. This forcesthe agentsto optimise their growing
repertoire.Thegenerabutline of thegamecanbeseenin
gure 4 in pseudo-code.

The additionof anew actioncateyory to the actionca-
tegory memoryis doneby generatinga randomaction.
The new action cateyory consistsof this randomaction
andits obsenation.

Shifting anactioncategory c towardsanobsenationO
meanghatthe actioncategory c is slightly changedsuch
that the associatecbbsenation  resembleghe obser
vation O moreclosely Firstthe actionA corresponding
to the obsenation O andthe differencebetweenthe ac-
tionsA and  arecalculated. The actionassociatedo
the shiftedactioncategory  will bethe original action

addedto a small portion of this difference suchthat
the actionsA and  are now closerto eachother By
executingthis shiftedaction  the shifted obsenation
canbeobtained.

A new actioncateyory for anobsenationis calculated



model imitator
ifAL /E
a- randomfromA
ausage - ausage+ 1
execute S(a.production)

observe O;

ifA=/
A~ new random action

else
e~ action from A such that
A,ec.0bsErVation closest to O;
execute S(aproduction)

observe 02
A~ action from A such that
arec.Observation closest to O,
if Bec = arec
a.success - a.success+ 1
send non-verbal feedback : success

update-feedback (e, Oy, success, A)

else
send non-verbal feedback : failure

update-feedback (aec, Oy, failure, A)

do-other -updates()
elseA- AE anew random action

do-other-updates()

Figure4: Theoutlineof theimitationgame

usingasimilartechnique.The pseudccodefor thesedif-
ferentupdateproceduress givenin gure 5.

Theresultof asingleimitation gameis thattheimitator
adaptdts actioncategory memorysuchthatit resembles
the action categoriesof the initiator more closely The
imitator continuesto adaptuntil it would perfectly imi-
tate the initiator. However, all agentscontinuouslyadd
new randomactioncateyories,which forcesthemto keep
on adapting.It is obviousthatonly a limited numberof
action categyoriescanbe learnt,asthe executionand ob-
senationof actioncategyoriesareboundedy therangeof
therobotarmandasthey arebothproneto noise.

As all agentsengageamary timesin imitation games—
bothin the role of initiator andimitator—action cateyo-
riesareadaptedaslong asagentsdo not successfullym-
itate all actions. The imitation of anactioncanonly be
successfulf the initiator's cateyorizationand the imita-
tor's categorizationof the sameactionare closeto each
other In thelong run, this leadsto a repertoireof action
catagories,sharedby all agents.

4 Measures

In orderto evaluatewhethera populationof agentscan
indeeddevelop a sharedrepertoireof action cateyories,
three measureshave beende ned : Imitative success
numberof categories and categgory variance None of
thosemeasureoperateson a single agent,they are all
de ned overtheentirepopulation.

Theimitative successs simply thefractionof success-
ful imitation games,averagedper 100 imitation games.
As such,this measureshovs how goodthe agentsareca-
pableof imitating eachother and thereforeit is a good
measuref the quality of the actioncateyoriesdeveloped

do-other-updates(A)
" actioncategory T Ado
if actioncategory.success/ actioncategory.usage < *throwawaytreshold* and
actioncategory.usage > * minuses*
A - A\ actioncategory
with probability *addprobability* do A= A E newactioncategory
update-feedback (are,01,signal,A)
Qrec.USAgE 1 ArgcSAgE + 1
if signal = positive
Bec.SUCCESS 71 Arec.SUCCESS + 1
shiftcloser (aye,01)
else
if ayec.SUCCESS/ ;ec.USAQE > *threshol d*
A- AE findaction(O1)
ese
shiftcloser (are, O1)
shiftcloser (a, O)
a.action = a.action + *shifttreshold* x [ Sinv(O) - a.action]
a.observation = S(a.action)
findaction(O)
a.action = Sinv(O)
a.observation = O
return a

Figure5: Pseudo-codtor thedifferentupdateprocedures

by all agentsHowever, if all agentsonly developasingle
action category, imitative succesgeachests maximum.
Therefore theimitative successnustbe comparedo the
numberof catggoriesthe agentsdevelopon average . Af-

ter every imitation game,the numberof categoriesof all

agentds averaged.Thoseaveragesare averagedper 100
imitation games.

Using both the imitative successand the numberof
categyories as measurespne can investigatewhetherall
agentsarecapableof developingarepertoireof actionca-
tegorieswhich is suitedfor playing successfulmitation
games.Althoughit is easyto understandhat successful
imitation is not possibleif the agentshave very differ-
entactioncateyories,it mustbe shavn thatthe categories
aresharedhroughouthe population.Thereforewe need
to de ne how similar the categoriesof two agentsare,
or—in general—hwv similar two setsof pointsarein an
N-dimensionalspace.Note that two agentscandevelop
a differentnumberof cateyories,so the setscancontain
differentnumberf points. Themetricusedhereis taken
from Belpaemg2002). The similarity measureof the ca-
tegoriesof two agentsCategory Distance(CD) is based
on the weightedsumof minimumdistancegnetric andis
givenin equationl.

1)
We cannow calculatethe Category Variance(CV) (see

equation2) of the populationof agents,indicating how
muchthe cateyoriesof all agentdeviatefrom eachother

)



As opposedto the imitation successand the number
of cateyories,the catayory varianceis not averagedover
100 games. In orderto reducecomputationtime in the
simulationsjt wasonly calculatedevery 100games.

5 Results

The resultspresentedn this sectionwere obtainedfrom
simulationandwill be validatedusing the experimental
set-updescribedin section2, however the resultspre-
sentecheresene asa proof of concept.

In the simulation,all generatedctiontrajectoriesare
taken within the reachableareaof the robot arm. New
action categorieswereaddedwith a small probability of
0.02. Action categoriesthatwereusedmorethan5 times
but had a success-ratitelon 0.7 were removed. Only
catgyorieswith asuccess-ratibelow 0.5canbeshiftedin
caseof afailing imitation game.Theseparametesettings
arethesameasthoseusedin thecontext of vowel systems
in (deBoer,2000).
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Figure 6: Imitative successand action catgoriesdevel-
opedover 10000imitation gamesplayedby two agents.
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Figure7: Catayory variancefor the samel0000imitation
gameplayedby two agents.

In gures 6 theimitative succesandthe numberof ca-
tegoriesfor a populationof two agentsare shavn. The
experimentsare averagedover 10 runs. In gure 7 the

catayory varianceis shovn for the samel0000imitation
games.Theseresultsshav thata sharedepertoireof ac-
tion categyoriescanindeedemege from a populationof
two agents.
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Figure 8: Imitative successaind action cateyoriesdevel-
opedover 10000imitation gamegplayedby ve agents.
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Figure9: Category variancefor the samel0000imitation
gamelayedby veagents.

More interestingis thatsimilar resultscanbe obtained
for largerpopulationsascanbe seenin the gures 8 and
9 for a populationconsistingof ve agents. Thesere-
sultsshav that agentsare capableof transmittingaction
catayoriesfrom oneagentto anotherusingimitation. We
have shawvn thatthis is possiblewithout the roles of ini-
tiator and imitator being prede ned and without prede-

ned actioncategories. All agentgake turnsin teaching
andlearning,which causesheactioncateyoriesto spread
into the entire population. Dueto the pressureof adding
randomaction cateyories and adaptingthosecategories
dependingntheoutcomeof thegame theactioncategjo-
ries canemepe while the agentsareinteracting. In this
gameit is assumedhattheagentknow theinversekine-
maticsof theirrobotarmandtherelationbetweertheob-
senation spaceand actionspace. In the next section,it
is investigatedvhetherimitatableactioncateyoriescould
belearntsuccessfullywithoutthosetwo assumptions.



model imitator
if AL £
a- randomfromA
ausage- a.usage+ 1
execute a.production

observe O1

ifA=A&
A= findaction(Oy)

ese
e~ action from A such that
3,ec.0bservation closest to O,
execute a.production

observe O,
Qe actioncategory from A such
that a.0bservation closest to O,
if a= &
a.success - a.success + 1
update-feedback(a, a e, SUcCess, A)
else
update-feedback(a, a refailure, A)

do-other-updates()

do-other -updates()
else A-~ AE random actioncategory

Figure10: Overview of thegamein which theinitiator is
learning.

do-other -updates(A)
" actioncategory 1 Ado
if actioncategory.success/ actioncategory.usage < *throwawaytreshold* and
actioncategory.usage > *minuses*
A - A\ actioncategory
with probability *addprobability* do A= A E newactioncategory
update-feedback(a, are, signal, A)
ausage- ausage+1
if signal = positive
a.success— a.success+ 1
shiftcloser (a, arec)
else
if a.success/ a.usage < *threshold*
shiftcloser (a, ared)
shiftcloser (a, ared)
a.action = a.action + *shifttreshold* x [ a.action - a.action]
a.observation = obser ve execute a.action

Figurell: Updateproceduregor the gamein which the
initiator is learning.

6 A variation onthe imitation game

In thegamedescribedn the previous sectiontheimitator
adaptdts repertoireof actioncategoriesby shiftingits ac-
tion cateyoriestowardsthoseof theinitiators, see gures
4 and5. This shifting is performedby calculatingthe ac-
tion thatresultedn theactualobseration. Theactionas-
sociatedwith theactioncategory theimitator usedis then
modi ed to resemblehis calculatedactionmoreclosely
Finally, a new obsenationis obtainedfor the shiftedac-
tion. The shifted action andthe shifted obsenation to-
getherconstitutethe shiftedactioncategory. This opera-
tion requirescalibrationbetweenactionand obsenation
space(for obtainingthe action correspondingo the ob-
senation) andrequiresinversekinematics(for executing
the shiftedaction).

In the modi ed imitation gamewe describehere,ac-
tion categoriesare not shifted towardsobsenations. A
new shift operationis introduced which shifts an action
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Figurel2: Imitative succesandnumberof cateyoriesde-
velopedover 100000imitation gamesn which theinitia-
tor learns.

catayory towardsanother This meanghatthe shift could
be performedin the action spacedirectly, which elimi-
natesthe requiremenbf calibrationbetweenactionand
obsenationspace.This works on conditionthatif anac-
tion ais closerto anactionb thanto anactionc, thesame
relationholdsfor the associate@bsenations. Thisis the
caseastheactionspaceandtheobsenationspacearere-
latedto eachotherby a rotationanda translation.Thus,
by introducinga modi ed shift operation the calibration
is no longerrequired. Themodi ed shift operationis not
applicableto the caseof thelearningimitator in thegame
describedabove, astheimitator cannever know the cate-
gory of theactionobsenedby theinitiator.

Thereforeamodi ed gameis introducedn whichthe
initiator andnottheimitator adaptsts cateyories.As will
be seenthis enablesisto performthe shift operationdi-
rectlyin theactionspace .The pseudo-codéor thisgame
is givenin gure 6. Again, two agentsarerandomlyse-
lectedfrom a populationof agentsandstartanimitation
game.Theinitiator randomlyselectsanactioncateyory a
fromits repertoireandexecutegheassociatedction. The
imitator obseresthis and cateyorizesits obsenation as

. Theimitator executegheactionassociateavith this

cataory. Thisis obsenedandcateyorizedby theinitiator
as . If theinitial actioncategory choserby theinitia-
tor equalsthe category of the imitatedaction( ),
the gamesucceedsptherwiseit fails. In this game,the
initiator andnot the imitator updatesdts repertoireof ac-
tions, so no feedbackaboutthe outcomeof the gameis
required.In caseof successtheinitiator shiftstheaction
catgyory a towardsthe action category . In caseof
failure, the updatedependsagainon the success-ratiof
theactioncategorya. If awasnotsuccessfuin thepast.a
will beshiftedtowards . If awassuccessfulpothing
is done.Inthe rst game anew actioncategoryis created
in that case. This cannot be donein this game,because
the newly createdcategory would be equalto . This
would confusetheagent.

Now onecould askwhetherit is possibleto adaptthe
gameeven further suchthat no inversekinematicsis re-
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Figure13: Catayory variancefor the same100000imita-
tion games.

quired.It is possibleto modify the actionspacesuchthat
it containsdirectmotor commandsnsteadof targetposi-

tions. In thatcase the shift operationmustbe performed
on the motor space.However, if onemotor commanda

is closerto a motor commandb thanto a motor com-
mandc, the samerelationis not guaranteedo hold for

theassociatedbsenations.So, it is notsurewhetherthis

would work. However, ascanbe seenin gures 12 and
13,two agentsareactuallycapableof developingashared
repertoireof action categyoriesplaying imitation games.
The initiator usesthe imitation of its own actionby the
imitator to updateits actioncateyoriesto resemblemore
closelyto thoseof theimitator. This gameappearsotto

work for populationsf morethantwo agentslt needgo

beinvestigatechow this gamecouldbemodi ed in order
to overcomethis.

7 Parallel and Futur e work

In parallelwith the work on the experimentalset-up,in-
cludingthe vision systemandthe work on unsupervised
incrementalclusteringof action cateyories,we are also
studying batch unsupervisectlustering of action cate-
gories. We usedDTW as a distancemetric in the ob-
senation space. Hierarchicalagglomeratre clustering
(Everitt, 1993)wasusedto extractclustersin theagents'
obsenation space.Both a stop criterion basedon the t-
test (Oateset al., 1999) and one basedon the Hartman
(Tibshiranietal.,2000)criterionwerefoundto givefairly
goodresults. This clusteringis however not incremental
andthe categyoriesdevelopedby eachindividual agentdo
notresemblesachother Thismeanghatthis methodcan-
not be useddirectly andmustbe adaptecbeforeit canbe
usefulin unsupervisedctioncategorization.

Threeimportantresearchssueshouldbeaddresseh
thenearfuture usingthe experimentabket-updescribedn
this paper

1. Whatarethe exactconditionsrequiredfor imitation
to emepge? As arguedin this paper we believe that

agentsandevelop sharedactioncateyoriesthrough
imitation without prede nedactioncateyories.

2. How canmore complex actionsbe learned?At the
moment, actionsare movementsfrom one coordi-
nateto another Oneof the mostnaturalextensions
is thatactionsaretrajectoriesde ned by a sequence
of coordinates.This will leadto morecomplex ob-
senations,requiringadwanceddistancemetricsand
clusteringmethods.

3. In the long run, the most challengingresearchis-
sueis the questionon how actionsthat carry mean-
ing could emepge. We believe this questioncanbe
answeredf actionsinvolving objectmanipulations
couldemenpge.

8 Conclusion

In this paperwe proposean experimentalset-up,based
on imitation, suitedfor conductingexperimentson the
exact conditionsrequiredfor sharedaction cateyoriesto

emege in a populationof real-world agents. We have

shawvn that thesecategories can be sharedin the popu-
lation without a x ed teacher- studentpatternof imi-

tation wherethe teacheralreadyhasfully developedca-
tegories. Instead,the action cateyoriescan emege and
becomesharedhroughmultiple imitation gamesn a po-

pulationof agentswvhereall agentcanactasateacheior

student. The learntactionscanbe obsenred, categyorized
andimitatedby otheragentswhich is not guaranteedh

set-upswvhereateachesstartswith built-in actioncateyo-
riesandtransferghosecatayoriesto the student(s).

Preliminary simulationresultsshowv that using imita-
tion gamessharedepertoiref actioncatgyoriescanbe
obtained.Theserepertoiresarenon-trivial, asthey consist
of multiple actioncateyories.They arealsovery success-
ful: for populationsof only two agentamitation success
is alwaysin the 90% rangeeventhoughnoiseis present.
In larger populationsthe imitation successs lower, but
still betterthanrandomrepertoiresvould achieve. Imita-
tion gamesin this setupare basedon the imitator of the
imitation gameupdatingits actioncategories.In this case
calibration, inversekinematicsand non-verbalfeedback
arerequired.

If thepopulationis restrictedo only two agentsaction
catgoriescan emege and be sharedwithout the action
spaceandthe obsenration spaceare calibrated(1), with-
outfeedbaclbetweertheagentsabouttheoutcomeof the
game(2) andwithouttheagentsave built-in notionof the
inversekinematicsof their manipulator(3).

Acknowledgments

Bart Jansens sponsoredby a grantfrom the Institutefor
the Promotionof Innovationby Scienceand Technology



in Flanderg(IWT). Tony Belpaemds a postdoctorafel-
low of the FlemishFundfor Scienti c Researcl{FWO -
Vlaanderen).

References

Alissandrakis,A., Nehanv, C. L., and DautenhahnK.
(2002). Do as| do: Correspondenceacrossdiffer-
entrobotic embodiments.In Polani,D., Kim, J., and
Martinetz,T., editors,Proceeding®f the Fifth German
Workshopon Arti cial Life (GWALS5), pagesl43-152.
18-20March2002,Lubeck,Germayy.

Belpaeme,T. (2002). Factors in uencing the origins of
colour catggories PhD thesis,Arti cial Intelligence
Lab, Vrije UniversiteitBrussel.

Billard, A. andHayes,G. (1997). Transmittingcommu-
nicationskills throughimitationin autonomousobots.
In Birk, A. and Demiris, Y., editors, Proceedings
of EWLR97, Sixth EuropeanWorkshopon Learning
Robots,Lectue Noteson Arti cial Intelligence vol-
ume1545,pages’9-95.Springer Brighton, UK, July
1997.

Corradini, A. (2001). Dynamic time warping for off-
line recognition of a small gesturevocahulary. In
IEEE ICCV Workshopon Recanition, Analysis,and
Tracking of Facesand Gestuesin Real-Tme Systems
(RATFG-RTS'01) pages32 — 90. IEEE ComputerSo-
ciety. Vancouer, B.C., CanadaJuly 13 - August13,
2001.

de Boer, B. (2000). Self organizationin vowel systems.
Journal of Phonetics28:441-465.

De Vylder, B. (2002). Forwardandinversekinematicsof
the teach-robot. TechnicalReportAl MEMO 02-02,
Arti cial IntelligencelLab, Vrije UniversiteitBrussel,
Brussels.

Everitt, B. (1993). Cluster Analysis Edward Arnold,
London.

Myers, C. S. andRabiner L. R. (1981). A comparatie
study of several dynamictime-warpingalgorithmsfor
connectedvordrecognition.TheBell SystenTechnical
Journal, 60:1389-1409.

Oates,T., Firoiu, L., and Cohen,P. (1999). Clustering
time serieswith hiddenmarkov modelsand dynamic
time warping. In Proceedingof the IJCAI-99 Work-
shopon Neural, Symbolicand Reinfocement_earning
Methodsfor Sequencéearning pagesl7-21.

SteelsL. andKaplan,F. (1999). Bootstrappingyrounded
word semantics.In Briscoe,T., editor, Linguistic evo-
lution throughlanguage acquisition: formal and com-
putationalmodels page$3-73.CambridgdJniversity
PressCambridge UK.

Tibshirani, R., Walther G., and Hastie, T. (2000). Es-
timating the numberof clustersin a datasetvia the
gapstatistic. TechnicalReport208, Dept. of Statistics,
StanfordUniversity.

Vogt, P. (2000). Grounding languageabout actions:
Mobile robots playing follow me games. In Meyer,
Bertholz, Floreano, Roitblat, and Wilson, editors,
SAB200@ProceedingsSupplemenBook International
Societyfor Adaptive Behavior.



