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Abstract

In this paperwe presentour work on developinga sharedrepertoireof actioncategoriesthroughimitation.
A populationof robotic agentsinventsandsharesa repertoireof actioncategoriesby engagingin imitative
interactions.We presentanexperimentalset-upwhichenablesusto investigatewhatpropertiesagentsshould
have in orderto achieve this. Among thesepropertiesare: beingableto determinetheother's actionsfrom
visualobservationanddoingincrementalunsupervisedcategorisationof actions.

1 Intr oduction

Most of thework thathasbeenpublishedon imitation in
robotsfocuseson the learningof action categoriesin a
teacher- studentcontext (Vogt,2000;Billard andHayes,
1997;Alissandrakiset al., 2002) . In sucha set-upone
agentactingasteacheralreadyhasactioncategories.By
observingthe teacherwho is executingactions,the ac-
tion categoriescanbe passedon to the student:by imi-
tatingtheteacher'sactionusingfor instanceinversekine-
maticsandevaluatingthat action, the learnercan know
whetherhe correctly reconstructedthe observed action.
However, sucha set-updoesnot explain how actionca-
tegoriesemerge. How doesthe teacheracquireits ca-
tegorieswhen they arenot preprogrammedby a human
operator?

We proposea set-upin which new action categories
canemergewhenimitation of actionsfails. This is done
in a populationof agentsengagingin imitative interac-
tions,calledimitation games. Action categoriesareonly
learnedif they canbesuccessfullyimitated. If anaction
is hardto observe or to imitate, it will not be learnedby
otheragents.The experimentsareconductedboth in si-
mulationandon realrobots,however resultspresentedin
this article wereonly obtainedin simulation. Our con-
cept of imitation gamesstrongly resemblesthe concept
of imitation gamesusedin (deBoer,2000)in thecontext
of vowel systems.The imitation gamepresentedin this
paperis work in progress.

In sectiontwo, our experimentalset-upis proposed.
Sectionthreepresentstheactualimitation game,section
four proposesobjective measuresfor determininghow
successfultheimitation gameis andresultsarepresented
in sectionsix. Futurework is discussedin sectionseven.

Figure1: Theexperimentalset-up,consistingof a stereo
headanda robotarm.

2 Experimental set-up

An agentconsistsof astereocameraheadandarobotarm,
see�gure 1. With thearmit canmake differentkindsof
gestureswhich it can observe througha vision system.
Gesturesare restrictedto motion trajectoriesfrom one
point to another. Gesturesdo not involve manipulations
of otherobjectsanddonot carryany meaning,yet.

Usingthisset-up,weareinvestigatinghow arepertoire
of groundedaction categoriescan emerge. For investi-
gating how this repertoirecan be sharedthrougha po-
pulationof agents,we useseveralagentswhich interact.
However, at this stageof theprojectwe do not havemul-
tiple physicalinstallations.Onerobotarmandonevision
systemareusedby all agentsof the population. Agents
take turnsin usingthearmandstereohead1.

1A solution also used in a previous experiment investigating the
emergence of word-meaning lexicons on embodied agents (Steels and
Kaplan, 1999).



2.1 The robot arm

We usea readilyavailablecommercialrobotarm,called
Teach-robot2. It has six degreesof freedom and is
equippedwith a gripper. The forward andinversekine-
maticsareknown (De Vylder, 2002). The robot arm is
position-driven: onecansendgoal motor positionsto it
andqueryits currentpositionbut onecannotcontrol the
velocity of themovementnor querytherobot while it is
moving. At themomentthegesturestherobotmakesare
only interpretedon the basisof the gripper's trajectory.
No attentionis paid to movementsof other joints. The
gripperis clearlymarkedwith abright colourto facilitate
imageprocessing.

2.2 The vision system

Theobservationof anactionresultsin a seriesof gripper
coordinates.Thesethreedimensionaltime serieswill be
categorisedduring the imitation game. The vision sys-
temfocuseson �nding the3D grippercoordinatesin the
capturedimages.We usea MEGA-D stereoheadfor ac-
quiring both left andright imagesandthe Small Vision
System(SVS)from Konolige3 for obtainingadepthmap.
Usingcolour templates,the left imageis segmentedinto
gripperandnon-gripperregions,theright imageis left un-
processed.Using simpletrackingmechanisms,themost
probablegripperregionsareextracted.Fromthegripper
segment,a setof featuresis extracted,suchascolourand
size.Fromall gripperpixelsin theleft image,the3D co-
ordinatesareobtainedusingtheSVS.Finally, theposition
of thegripperis de�ned astheaverageof all coordinates
obtained.If thestereomatchingin theSVSfails,theright
imageis segmentedaswell. Thecentreof theleft image
gripper region and the centreof the right imagegripper
region arethenassumedto correspond.Usingthis corre-
spondence,the3D coordinatesof the grippercanbe ap-
proximated.Theentireprocessis repeatedapproximately
25 timespersecond.We assumeanagentknowswhenit
needsto startandstopobservingits own actionsandwe
explicitly tell theagentwhenit needsto observe another
agentwhich is executinganaction. In principle,thesec-
ondagentcoulddetermineon its own whena new action
begins, for instanceby splitting sequencesat the frames
in whichnochangeis observed.

Usingthemethodsdescribedabove,theobservationof
an actionresultsin a sequenceof 3D coordinatesrepre-
sentingthepositionof thegripperat differenttime steps
during executionof anaction. Thereis no restrictionon
thelengthof suchsequences.As conditionsof ourexper-
imental set-upare not tightly controlled, the calculated
gripper positionsare not accurateand subject to large
amountsof noise,causedby changinglight conditions,
peoplepassingby or thepresenceof otherdisturbingfac-
tors.Filteringcouldimprovethequalityof thetimeseries.

2Microelectronic Kalms, http://www.teach-robot.de/
3http://www.ai.sri.com/konolige/svs/Papers
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Figure2: Themotorspace,actionspaceandobservation
spaceandtheir relations

2.3 The agentarchitecture

An action category is a tuple containingan action and
an observation. The action is a sequenceof 3D points,
consistingof consecutive target coordinatesof the grip-
per. In our experiments,we useonly two points, i.e. a
startpoint andan endpoint. Theactionexecutedby the
robot is the movementof the gripperfrom startpoint to
endpoint. Thetargetcoordinatesarede�ned in anaction
space, de�ned by thecoordinatesystemof therobotarm.
Thedifferentspacesandthemappingsbetweenthemare
shown in �gure 2. Therobotarmis positiondriven,mean-
ing thatfor eachof thesix motors,a targetpositionneeds
to be speci�ed. So, the robot is controlledby sending
it 6-tuplesof target positions,called motor commands.
The motor commandsde�ne a motor space. The map-
ping from actionspaceto motor space(1) is de�ned by
the inversekinematicswhich is assumedto be known to
theagents.Notethatactioncategoriescontainactionsde-
�ned in theactionspaceandnot motorcommands.Both
approachesareequivalent,but it is easierto de�ne actions
in theactionspace,astheEuclideandistanceholdsin the
actionspace.

Using its vision system,therobotobservestheexecu-
tion of actionsas sequencesof 3D grippercoordinates,
calledobservations. The grippercoordinatesarede�ned
in thecameracoordinatesystem,de�ning anobservation
space. Thereis a mappingfrom points in the observa-
tion spaceto pointsin theactionspace(2), de�ned by a
ca-librationmatrix which is known to the agents. Note
that thereis also a direct mappingfrom motor spaceto
observation space(3). This mappingdoesnot neednot
to be preprogrammed,as the agentcan executea mo-
tor commandand observe the result of its own execu-
tion. Theagentcanobtaintheinversemappingsof (1),(2)
and(3) by concatenatingits known mappings.Usingthe
mappingsexplained above, an agentcan always know
whichobservationcorrespondsto agivenaction,by using
inversekinematicsand executingthe appropriatemotor
commands.In the pseudo-codeusedin this document,
this synthesisstepis calledS. From an observation, the
correspondingactioncanbe derived by the agentusing



the calibration. This stepis called ��� ��� in the pseudo-
code.It is ourgoalto show thatactioncategoriescaneven
be learntwithout inversekinematicsbeingknown to the
agentsandwithout inversekinematics.At thebeginning
of the imitation games,all agentsstartempty, they have
no preprogrammedactioncategories. During the imita-
tion games,agentslearnactioncategoriesfor theactions
they observe. Thoselearntactioncategoriesarestoredin
anactioncategorymemory.

3 Building a repertoire of basic ac-
tion categories

Thegoalof theimitationgamepresentedin thissectionis
to developasharedrepertoireof actioncategories.As we
do not investigatehow imitation itself couldemerge,we
assumethatall agentshavethesamelearningmechanism
andengagein preprogrammedimitation games.

Theimitationgameis asimpleinteractionbetweentwo
agentscomprisingthreeessentialelementsof imitation:
(1) the observationof an action,(2) the classi�cationof
theobservedactionand(3) the imitation of theobserved
action.

How anagentobservesactionswasdescribedin section
two. Theobservationresultsin atimeseriesof 3D points.
In the memoryof action categories,the agent�nds the
actioncategory with anassociatedobservationclosestto
thenew observation.Thisactioncategory is therepresen-
tation of the observed action. Imitation is performedby
executingtheactionassociatedwith therecognizedaction
category.

For �nding theactioncategory with an associatedob-
servation closestto the observation just made,the agent
needsa methodto evaluatethe distancebetweenobser-
vations. We useDynamicTime Warping(DTW)(Myers
andRabiner, 1981)asdistancemetricon observationsof
actions.DTW wasfor instanceusedin (Corradini,2001).

Figure3: Theimitation game.In this exampleit fails, as
theimitation is categorisedasa��	��
 insteadof a.

For everygametwo agentsarerandomlyselectedfrom
the population.Oneagentwill take the role of initiator,
theotheragentwill be the imitator. Both agentsusethe

vision systemand the manipulator. In �gure 3 the ob-
servation spacefor both the initiator and the imitator is
depicted.The largerdotsindicatetheobservationsasso-
ciatedwith the actioncategories,the small dotsindicate
theactualobservations.Thegamestartswhenthe initia-
tor selectsa randomactioncategory a from its memory.
If its memoryis still empty, a randomactioncategory is
�rst added.The initiator executestheactionthat is asso-
ciatedwith theactioncategory a. The imitator observes
this actionandcalls its observation ��
 . Thenit tries to
categorisetheobservation ��
 . If it �nds a category, this
category will be called � �	��
 . If the imitator hasno cate-
goriesyet, a new category � �	��
 is addedfor theobserva-
tion ��
 . Theimitator now executestheactionassociated
with thecategory � �	��
 . Theinitiator observesthis action
andcallsits observation ��� . Theinitiator categorizesthis
observationandcalls thecategory ����	��
 . If the initial ca-
tegory andthe category of the imitatedactionareequal
( ��������	��
 ), thenthe initiator decidesthat thegamesuc-
ceeds,otherwiseit fails. The initiator sendsnon-verbal
feedbackabouttheoutcomeof the gameto the imitator.
If the gamesucceeded,the imitator shifts the category
it usedcloserto the observation ��
 of the initiators ac-
tion. If thegamefails, two differentupdatestrategiesare
considered.If thesuccess-ratioof thecategory theimita-
tor usedis above a certainthreshold(e.g. 0.5), it means
that the actioncategory itself hasbeensuccessfulin the
past. So, the failure in this gameis probablycausedbe-
causethe initiator executedan action the imitator does
not know yet. In this casea new category is constructed
for the observation. If the success-ratioof the category
usedis below the threshold,the category itself is prob-
ably not very good. In that case,the category is shifted
towardstheobservation. As a laststepof thegame,both
theinitiator andtheimitatorupdatetheir repertoireof ac-
tion categories.They remove actioncategoriesthathave
provennot to be successfulin the pastandwith a small
probability they addnew actioncategoriesto their reper-
toire. This forcesthe agentsto optimisetheir growing
repertoire.Thegeneraloutlineof thegamecanbeseenin
�gure 4 in pseudo-code.

Theadditionof a new actioncategory to theactionca-
tegory memoryis doneby generatinga randomaction.
The new actioncategory consistsof this randomaction
andits observation.

Shiftinganactioncategoryc towardsanobservationO
meansthat theactioncategory c is slightly changedsuch
that the associatedobservation � 
 resemblesthe obser-
vation O moreclosely. First the actionA corresponding
to the observation O andthe differencebetweenthe ac-
tions A and � 
 arecalculated.The actionassociatedto
theshiftedactioncategory ��� will be theoriginal action
� 
 addedto a small portion of this difference,suchthat
the actionsA and � 
 are now closerto eachother. By
executingthis shifted action ��� the shifted observation
��� canbeobtained.

A new actioncategory for anobservationis calculated



model imitator
if A ¹ Æ

a ¬ random from A
a.usage ¬ a.usage + 1
execute S(a.production)

observe O1

if A = Æ
A ¬ new random action

else
arec ¬ action from A such that
arec.observation closest to O1

execute S(arec.production)
observe O2
a’

rec ¬ action from A such that
a’

rec.observation closest to O2

if arec = a’
rec

a.success ¬ a.success + 1

send non-verbal feedback : success

update-feedback(arec, O1, success, A)

else
send non-verbal feedback : failure

update-feedback(arec, O1, failure, A)

do-other-updates()

else A ¬ A È a new random action

do-other-updates()

Figure4: Theoutlineof theimitationgame

usinga similar technique.Thepseudocodefor thesedif-
ferentupdateproceduresis givenin �gure 5.

Theresultof asingleimitationgameis thattheimitator
adaptsits actioncategory memorysuchthat it resembles
the action categoriesof the initiator more closely. The
imitator continuesto adaptuntil it would perfectly imi-
tate the initiator. However, all agentscontinuouslyadd
new randomactioncategories,which forcesthemto keep
on adapting.It is obvious that only a limited numberof
actioncategoriescanbe learnt,astheexecutionandob-
servationof actioncategoriesareboundedby therangeof
therobotarmandasthey arebothproneto noise.

As all agentsengagemany timesin imitation games—
both in the role of initiator andimitator—actioncatego-
riesareadaptedaslong asagentsdonot successfullyim-
itate all actions. The imitation of an actioncanonly be
successfulif the initiator's categorizationandthe imita-
tor's categorizationof the sameactionarecloseto each
other. In the long run, this leadsto a repertoireof action
categories,sharedby all agents.

4 Measures

In order to evaluatewhethera populationof agentscan
indeeddevelop a sharedrepertoireof action categories,
three measureshave beende�ned : Imitative success,
numberof categories and category variance. None of
thosemeasuresoperateson a single agent,they are all
de�ned over theentirepopulation.

Theimitativesuccessis simply thefractionof success-
ful imitation games,averagedper 100 imitation games.
As such,this measureshowshow goodtheagentsareca-
pableof imitating eachother and thereforeit is a good
measureof thequality of theactioncategoriesdeveloped

do-other-updates(A)
" actioncategory Î A do

if actioncategory.success / actioncategory.usage < *throwawaytreshold* and
actioncategory.usage > *minuses*
A ¬ A \ actioncategory

with probability *addprobability* do A ¬ A È newactioncategory
update-feedback(arec,O1,signal,A)
arec.usage ¬ arec.usage + 1
if signal = positive

arec.success¬ arec.success+ 1
shiftcloser(arec,O1)

else
if arec.success / arec.usage > *threshold*

A ¬ A È findaction(O1)
else

shiftcloser(arec, 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-codefor thedifferentupdateprocedures

by all agents.However, if all agentsonly developasingle
actioncategory, imitative successreachesits maximum.
Therefore,theimitative successmustbecomparedto the
numberof categoriestheagentsdevelopon average.Af-
ter every imitation game,thenumberof categoriesof all
agentsis averaged.Thoseaveragesareaveragedper100
imitation games.

Using both the imitative successand the numberof
categoriesas measures,one can investigatewhetherall
agentsarecapableof developingarepertoireof actionca-
tegorieswhich is suitedfor playing successfulimitation
games.Although it is easyto understandthat successful
imitation is not possibleif the agentshave very differ-
entactioncategories,it mustbeshown thatthecategories
aresharedthroughoutthepopulation.Thereforewe need
to de�ne how similar the categoriesof two agentsare,
or—in general—how similar two setsof pointsarein an
N-dimensionalspace.Note that two agentscandevelop
a differentnumberof categories,so the setscancontain
differentnumbersof points.Themetricusedhereis taken
from Belpaeme(2002).Thesimilarity measureof theca-
tegoriesof two agentsCategory Distance(CD) is based
on theweightedsumof minimumdistancesmetricandis
givenin equation1.

����� �����
	 �
�
��
������ �� 
���� � ������	�� �

� 
������ ���
�� � � ������	 
�
 !" �  (1)

We cannow calculatetheCategoryVariance(CV) (see
equation2) of the populationof agents,indicating how
muchthecategoriesof all agentsdeviatefrom eachother.
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As opposedto the imitation successand the number
of categories,thecategory varianceis not averagedover
100 games. In order to reducecomputationtime in the
simulations,it wasonly calculatedevery100games.

5 Results

The resultspresentedin this sectionwereobtainedfrom
simulationandwill be validatedusing the experimental
set-updescribedin section2, however the resultspre-
sentedhereserveasaproofof concept.

In the simulation,all generatedactiontrajectoriesare
taken within the reachableareaof the robot arm. New
actioncategorieswereaddedwith a small probabilityof
0.02.Action categoriesthatwereusedmorethan5 times
but hada success-ratiobelow 0.7 were removed. Only
categorieswith asuccess-ratiobelow 0.5canbeshiftedin
caseof afailing imitationgame.Theseparametersettings
arethesameasthoseusedin thecontext of vowel systems
in (deBoer,2000).
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Figure6: Imitative successandactioncategoriesdevel-
opedover10000imitationgamesplayedby two agents.
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Figure7: Categoryvariancefor thesame10000imitation
gamesplayedby two agents.

In �gures 6 theimitativesuccessandthenumberof ca-
tegoriesfor a populationof two agentsareshown. The
experimentsare averagedover 10 runs. In �gure 7 the

category varianceis shown for thesame10000imitation
games.Theseresultsshow thata sharedrepertoireof ac-
tion categoriescan indeedemerge from a populationof
two agents.
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Figure8: Imitative successandactioncategoriesdevel-
opedover10000imitation gamesplayedby � veagents.
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Figure9: Categoryvariancefor thesame10000imitation
gamesplayedby � veagents.

More interestingis thatsimilar resultscanbeobtained
for largerpopulations,ascanbeseenin the�gures 8 and
9 for a populationconsistingof � ve agents. Thesere-
sultsshow that agentsarecapableof transmittingaction
categoriesfrom oneagentto anotherusingimitation. We
have shown that this is possiblewithout the rolesof ini-
tiator and imitator being prede�nedand without prede-
�ned actioncategories.All agentstake turnsin teaching
andlearning,whichcausestheactioncategoriesto spread
into theentirepopulation.Dueto thepressureof adding
randomaction categoriesand adaptingthosecategories
dependingontheoutcomeof thegame,theactioncatego-
ries canemerge while the agentsareinteracting. In this
gameit is assumedthattheagentsknow theinversekine-
maticsof their robotarmandtherelationbetweentheob-
servation spaceandactionspace.In the next section,it
is investigatedwhetherimitatableactioncategoriescould
belearntsuccessfullywithout thosetwo assumptions.



model imitator
if A ¹ Æ

a ¬ random from A
a.usage ¬ a.usage + 1
execute a.production

observe O1
if A = Æ

A ¬ findaction(O1)
else

arec ¬ action from A such that
arec.observation closest to O1

execute arec.production
observe O2

a’
rec ¬ actioncategory from A such

that a’
rec.observation closest to O2

if a= a’
rec

a.success ¬ a.success+ 1
update-feedback(a, a’

rec, success, A)
else

update-feedback(a, a’
rec,failure, A)

do-other-updates()

else A ¬ A È random actioncategory
do-other-updates()

Figure10: Overview of thegamein which theinitiator is
learning.

do-other-updates(A)
" actioncategory Î A do

if actioncategory.success / actioncategory.usage < *throwawaytreshold* and
actioncategory.usage > *minuses*
A ¬ A \ actioncategory

with probability *addprobability* do A ¬ A È newactioncategory
update-feedback(a, arec, signal, A)
a.usage ¬ a.usage + 1
if signal = positive

a.success ¬ a.success+ 1
shiftcloser(a, arec)

else
if a.success / a.usage < *threshold*

shiftcloser(a, arec)
shiftcloser(a, arec)
a.action = a.action + *shifttreshold* x [ a.action - arec.action ]
a.observation = observe execute a.action

Figure11: Updateproceduresfor thegamein which the
initiator is learning.

6 A variation on the imitation game

In thegamedescribedin theprevioussectiontheimitator
adaptsits repertoireof actioncategoriesby shiftingits ac-
tion categoriestowardsthoseof theinitiators,see�gures
4 and5. This shifting is performedby calculatingtheac-
tion thatresultedin theactualobservation.Theactionas-
sociatedwith theactioncategorytheimitatorusedis then
modi�ed to resemblethis calculatedactionmoreclosely.
Finally, a new observationis obtainedfor theshiftedac-
tion. The shifted actionand the shifted observation to-
getherconstitutetheshiftedactioncategory. This opera-
tion requirescalibrationbetweenactionandobservation
space(for obtainingthe actioncorrespondingto the ob-
servation)andrequiresinversekinematics(for executing
theshiftedaction).

In the modi�ed imitation gamewe describehere,ac-
tion categoriesare not shifted towardsobservations. A
new shift operationis introduced,which shifts an action
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Figure12: Imitativesuccessandnumberof categoriesde-
velopedover100000imitationgamesin which theinitia-
tor learns.

category towardsanother. Thismeansthattheshift could
be performedin the action spacedirectly, which elimi-
natesthe requirementof calibrationbetweenactionand
observationspace.This workson conditionthat if anac-
tion a is closerto anactionb thanto anactionc, thesame
relationholdsfor theassociatedobservations.This is the
case,astheactionspaceandtheobservationspacearere-
latedto eachotherby a rotationanda translation.Thus,
by introducinga modi�ed shift operation,thecalibration
is no longerrequired.Themodi�ed shift operationis not
applicableto thecaseof thelearningimitator in thegame
describedabove,astheimitator canneverknow thecate-
goryof theactionobservedby theinitiator.

Therefore,a modi�ed gameis introducedin which the
initiator andnot theimitatoradaptsits categories.As will
beseen,this enablesusto performtheshift operationdi-
rectly in theactionspace.Thepseudo-codefor thisgame
is given in �gure 6. Again, two agentsarerandomlyse-
lectedfrom a populationof agentsandstartan imitation
game.Theinitiator randomlyselectsanactioncategorya
from its repertoireandexecutestheassociatedaction.The
imitator observesthis andcategorizesits observation as
� �	��
 . Theimitatorexecutestheactionassociatedwith this
category. This is observedandcategorizedby theinitiator
as ����	��
 . If theinitial actioncategorychosenby theinitia-
tor equalsthecategory of the imitatedaction( � � � ��	��
 ),
the gamesucceeds,otherwiseit fails. In this game,the
initiator andnot the imitator updatesits repertoireof ac-
tions, so no feedbackaboutthe outcomeof the gameis
required.In caseof success,theinitiator shiftstheaction
category a towardsthe actioncategory � ��	��
 . In caseof
failure, theupdatedependsagainon thesuccess-ratioof
theactioncategorya. If a wasnotsuccessfulin thepast,a
will beshiftedtowards ����	��
 . If a wassuccessful,nothing
is done.In the�rst game,anew actioncategoryis created
in that case.This cannot be donein this game,because
thenewly createdcategory would beequalto � ��	��
 . This
would confusetheagent.

Now onecouldaskwhetherit is possibleto adaptthe
gameeven further suchthat no inversekinematicsis re-
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Figure13: Category variancefor thesame100000imita-
tion games.

quired.It is possibleto modify theactionspacesuchthat
it containsdirectmotorcommandsinsteadof targetposi-
tions. In thatcase,theshift operationmustbeperformed
on the motor space.However, if onemotor commanda
is closer to a motor commandb than to a motor com-
mandc, the samerelation is not guaranteedto hold for
theassociatedobservations.So,it is notsurewhetherthis
would work. However, ascanbe seenin �gures 12 and
13,two agentsareactuallycapableof developingashared
repertoireof action categoriesplaying imitation games.
The initiator usesthe imitation of its own actionby the
imitator to updateits actioncategoriesto resemblemore
closelyto thoseof theimitator. This gameappearsnot to
work for populationsof morethantwo agents.It needsto
beinvestigatedhow this gamecouldbemodi�ed in order
to overcomethis.

7 Parallel and Futur ework

In parallelwith thework on theexperimentalset-up,in-
cludingthevision system,andthework on unsupervised
incrementalclusteringof action categories,we are also
studying batch unsupervisedclusteringof action cate-
gories. We usedDTW as a distancemetric in the ob-
servation space. Hierarchicalagglomerative clustering
(Everitt, 1993)wasusedto extractclustersin theagents'
observation space.Both a stopcriterion basedon the t-
test (Oateset al., 1999) and one basedon the Hartman
(Tibshiranietal.,2000)criterionwerefoundto givefairly
goodresults.This clusteringis however not incremental
andthecategoriesdevelopedby eachindividualagentdo
notresembleeachother. Thismeansthatthismethodcan-
not beuseddirectly andmustbeadaptedbeforeit canbe
usefulin unsupervisedactioncategorization.

Threeimportantresearchissuesshouldbeaddressedin
thenearfutureusingtheexperimentalset-updescribedin
this paper.

1. Whataretheexactconditionsrequiredfor imitation
to emerge?As arguedin this paper, we believe that

agentscandevelopsharedactioncategoriesthrough
imitation withoutprede�nedactioncategories.

2. How canmorecomplex actionsbe learned?At the
moment,actionsare movementsfrom one coordi-
nateto another. Oneof themostnaturalextensions
is thatactionsaretrajectoriesde�ned by a sequence
of coordinates.This will leadto morecomplex ob-
servations,requiringadvanceddistancemetricsand
clusteringmethods.

3. In the long run, the most challengingresearchis-
sueis thequestionon how actionsthat carrymean-
ing could emerge. We believe this questioncanbe
answeredif actionsinvolving objectmanipulations
couldemerge.

8 Conclusion

In this paperwe proposean experimentalset-up,based
on imitation, suited for conductingexperimentson the
exact conditionsrequiredfor sharedactioncategoriesto
emerge in a populationof real-world agents. We have
shown that thesecategoriescan be sharedin the popu-
lation without a �x ed teacher- studentpatternof imi-
tation wherethe teacheralreadyhasfully developedca-
tegories. Instead,the action categoriescan emerge and
becomesharedthroughmultiple imitation gamesin a po-
pulationof agentswhereall agentscanactasa teacheror
student.The learntactionscanbe observed,categorized
andimitatedby otheragents,which is not guaranteedin
set-upswherea teacherstartswith built-in actioncatego-
riesandtransfersthosecategoriesto thestudent(s).

Preliminarysimulationresultsshow that using imita-
tion games,sharedrepertoiresof actioncategoriescanbe
obtained.Theserepertoiresarenon-trivial, asthey consist
of multipleactioncategories.They arealsoverysuccess-
ful: for populationsof only two agentsimitation success
is alwaysin the90%rangeeventhoughnoiseis present.
In larger populationsthe imitation successis lower, but
still betterthanrandomrepertoireswould achieve. Imita-
tion gamesin this setuparebasedon the imitator of the
imitationgameupdatingits actioncategories.In thiscase
calibration,inversekinematicsandnon-verbal feedback
arerequired.

If thepopulationis restrictedto only two agents,action
categoriescanemerge andbe sharedwithout the action
spaceandtheobservationspacearecalibrated(1), with-
out feedbackbetweentheagentsabouttheoutcomeof the
game(2)andwithouttheagentshavebuilt-in notionof the
inversekinematicsof theirmanipulator(3).
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