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Abstract

Developmentalroboticsis anemerging�eld lo-
catedat the intersectionof developmentalpsy-
chology and robotics, that has lately attracted
quitesomeattention.Thispapergivesasurvey of
a variety of researchprojectsdealingwith or in-
spiredby developmentalissues,andoutlinespos-
siblefuturedirections.

1. Intr oduction

Judgingfrom thenumberof recentandforthcomingcon-
ferencesand symposia,there is an undeniableand in-
creasinginterestin a rapidly growing researcharealo-
catedat the intersectionof developmentalpsychology
androboticsthathascometo beknown asdevelopmen-
tal robotics.1 Developmentalroboticsconstitutesan in-
terdisciplinarytwo-prongedapproachto robotics,which
on one side employs robots to instantiateand investi-
gatemodelsoriginatingfrom developmentalpsychology
or developmentalneuroscience,and on the other hand,
seeksto designbetter robotic systemsby applying in-
sightsgainedfrom studieson ontogeneticdevelopment.
We believe thatthegrowth of theaf�nity betweendevel-
opmentalpsychologyandroboticshasbeenpromotedby
at leasttwo primarydriving forces:

� Engineersare seekingfor novel methodologiesori-
entedtoward the advancementof robotics, and the
constructionof better, that is, moreautonomous,and
moreadaptablerobotic systems.In that sense,stud-
ies on infantdevelopmentprovide a valuablesource
of inspiration(Asadaetal.,2001;Brooksetal.,1998;
Metta,2000).

� Robotscanbeemployedasresearchtools for the in-
vestigationof embodiedmodelsof actionandcogni-
tion (seeSporns,2002,for instance).Neuroscientists

1Developmentalroboticsand Epigeneticroboticsare very similar
researchendeavours. They shareproblemsand challenges,andhave
a commonvision. Epigeneticroboticsfocusesprimarily on cognitive
and social development(Zlatev and Balkenius,2001). Developmen-
tal roboticsencompassesabroaderspectrumof issues,andinvestigates
alsomorphologicaldevelopment,andtheacquisitionof motorskills.

anddevelopmentalpsychologists,but alsoengineers,
maygainconsiderableinsightsfrom trying to embed
theirmodelsinto robots.Thisapproachis alsoknown
as syntheticneuralmodelling (Reeke et al., 1990),
or syntheticmethodology(Pfeifer,2002;Pfeiferand
Scheier,1999).

In many aspectsdevelopmentalrobotics is similar to
biorobotics,which canbede�ned asthe“intersectionof
biologyandrobotics”(Webb,2001,p.1033).Biorobotics
addressesbiological questionsby building physicaland
biomimeticmodelsof animals,andstrivesto advanceen-
gineeringby integratingaspectsof animalbiomechanics
and neuralcontrol into the constructionof robotic sys-
tems.

Themaingoalsof this articleare: To survey thestate
of theart of developmentalrobotics,andto motivatethe
useof “robotsascognitive tools.” We maintainthaton-
togeneticdevelopmentcanbea sourceof inspiration,as
well asa valid designalternative for the roboticist,and
that robotsrepresenta new, andpowerful researchtool
for thecognitivescientist.

In the following section,we give an overview of the
variousconcurrentresearchthreads. After a discussion
of the implications of the developmentalapproachfor
roboticsresearch,we point to future researchdirections
andconclude.

2. Research Landscape

This sectionis a survey of a varietyof researchprojects
dealingwith or inspiredby developmentalissues.Table2
givesa representative samplingof studies,andis not in-
tendedto be fully comprehensive. For the inclusionof
studiesweadoptedthetwo following criteria:

� The studyhad to provide clearevidencefor robotic
experiments. Computer-basedmodelsof real sys-
tems,suchasavatars,or othersophisticatedsimula-
tors,werediscardeda priori . In otherwords,thesys-
temhadto besituatedin therealworld, sinceonly the
world crystallizesthe “really hard” issues(Brooks,
1991).



Figure1: Examplesof robotsusedin developmentalrobotics:
BabyBot (LiraLab), BabyBouncer(AIST), Infanoid (CRL),
COG(MIT).

� The studyhadto show a clear intent to addresshy-
pothesesput forward in either developmentalpsy-
chologyor developmentalneuroscience.The useof
connectionistmodels,reinforcementor incremental
learningappliedto robotcontrolalone– without any
link to developmentaltheories,for instance– did not
ful�ll this requirement.

Despitethe admittedlyratherrestrictive natureof these
two requirements,we wereableto identify quitea num-
berof researchpaperssatisfyingthem.In ordertoprovide
somestructure,weproceededwith clusteringtheselected
papersaccordingto theirprimaryinterestareas:(1) social
interaction;(2) sensorimotorcontrol; (3) categorization;
(4) valuesystem;(5) developmentalplasticity;(6) motor
skill acquisitionandmorphologicalchanges.Thisgroup-
ing in

�

primaryinterestareasmayseemratherarbitrary.
As a matterof fact, thebordersof thevariouscategories
arenotasclearlyde�ned asthisclassi�cationmight sug-
gest. Nevertheless,we think that it is useful for the as-
sessmentof a rapidlygrowing researcharea.

2.1 Socialinteraction

Studiesin socialinteractionandacquisitionof socialbe-
haviors in roboticsystemshavelookedatawiderangeof

learningsituationsand techniques.Prominentresearch
areasaremechanismsof sharedor joint attention,low-
level imitation (reproductionof simpleandbasicmove-
ments),social regulation,anddevelopmentof language
– for a thoroughreview on “socially interactive robots”,
seeFonget al. (2003).

Scassellati(1998,2001), for instance,describedthe
early stagesof the implementationof a mechanismof
sharedattentionin a robotic systembasedon a model
suggestedby Baron-Cohen(1995). He advocateda de-
velopmentalmethodologyas a meansof providing a
structureddecompositionof complex tasksandfacilitat-
ing learning. Anotherdevelopmentalmodelof joint at-
tention was implementedby Nagai et al. (2002). The
model involved the developmentof the sensingcapa-
bilities of a robot from an immatureto a maturestate,
anda changeof the caregiver's taskevaluationcriteria.
The“rudimentary”or early typeof joint visualattention
displayedby infantswas investigatedby Kozima et al.
(2002).

An architecturefor amutuallyregulatoryhuman-robot
interaction was reported by Breazealand Scassellati
(2000).Thesuggestedframeworkstroveto integratevari-
ousfactorsinvolvedin socialexchanges,e.g.,perception,
attention,motivations,andexpressive displays,so as to
to createa suitablelearningcontext for a social infant-
like robot capableof regulating the intensity of the in-
teraction. Although the implementationdid not parallel
infantdevelopmentexactly, theauthorsclaimedthat“the
systemsdesignwasheavily inspiredby therole motiva-
tionsandfacialexpressionsplayin maintaininganappro-
priatelevel of stimulationduring social interactionwith
adults” (Breazealand Scassellati,2000, p. 51). Along
a similar line, DautenhahnandBillard (1999)discussed
theemergenceof global interactionpatternsthroughex-
ploitationof movementdynamicsin thecaseof human-
robotinteraction.Theauthorsbasedtheirexperimentson
an in�uential theoryof cognitive developmentproposed
by Vygotsky (1962),whichstatesthatsocialinteractions
areof essentialimportancefor the developmentof indi-
vidual intelligence.

Socially-situatedlearning guided by robot-directed
speechis discussedin (BreazealandAryananda,2002).
Therobot'saffectivestate– andasa consequenceits be-
havior – is in�uenced by meansof verbal communica-
tion with a humancaregiver. The paperexploresrecog-
nition of affectivecommunicativeintentwithout theneed
to associatea meaningto what is said, but just via the
extraction of particular cues typical of infant-directed
speech(Fernald,1985). Varshavskaya(2002)applieda
behavior-basedapproachto theproblemof earlyconcept
andvocal labelacquisitionin a sociablerobot. Thegoal
of the systemwas to generate“the kind of vocal out-
put that a prelinguistic infant may producein the age
rangebetween10and12months,namelyemotivegrunts,
canonicalbabblings,and a formulaic proto-language.”
The synthesisof a roboticproto-languagethroughinter-



Subjectarea Goal/Focus Robot References

Socialinteraction low-level imitation MR+AG Andry etal. (2002)
(Basicsocialcompetencies) socialregulation AVH BreazealandScassellati(2000)

regulationof affective communication AVH BreazealandAryananda(2002)
languagedevelopment MR DautenhahnandBillard (1999)
low-level imitation AVH Demiris(1999)
joint visualattention UTH Kozimaetal. (2002)
earlyimitation,self-learning UTH+MR Kuniyoshietal. (2003)
joint visualattention UTH+MR Nagaietal. (2002)
joint sharedattention UTH Scassellati(1998)
earlylanguagedevelopment AVH Varshavskaya(2002)

Sensorimotorcontrol saccading,gaze®xation AVH Berthouzeetal. (1996)
(Basicmotorcompetencies) visuo-hapticexploration HGS Coehloet al. (2001)

hand-eye coordination UTH Marjanovic et al. (1996)
visually-guidedreaching UTH Mettaet al. (1999)
visually-guidedmanipulation UTH MettaandFitzpatrick(2003)
eye-armcoordination RA Stoica(2001)
indoornavigation MR+AG Wenget al. (2000)

Valuesystem invariantobjectrecognition MR+AG KrichmarandEdelman(2002)
category learning MR+AG PfeiferandScheier(1997)
perceptualcategorization MR+AG Spornset al. (2000)
neuromodulation MR+AG SpornsandAlexander(2002)

Categorization sensorimotorcategorization AVH BerthouzeandKuniyoshi(1998)
invariantobjectrecognition MR+AG KrichmarandEdelman(2002)
sensorimotorcategorization MR+AG ScheierandLambrinos(1996)

Developmentalplasticity roleof behavioral interaction MR+AG Almassyet al. (1998)
obstacleavoidance,sensorydeprivation MR Elliott andShadbolt(2001)
perceptualcategorization MR+AG Spornset al. (2000)

Motor skill acquisition pendulation,morphologicalchanges HD LungarellaandBerthouze(2002b)
bouncing HD LungarellaandBerthouze(2003)

Figure2: Representative examplesof developmentallyinspiredroboticsresearch.AVH = Active Vision Head,UTH = Upper-Torso
Humanoid,MR = Mobile Robot,HD = Humanoid,HGS = Humanoidgraspingsystem,UTH+MR = Upper-TorsoHumanoidon
Mobile Platform,MR+AG = Mobile Robotequippedwith Arm andGripper.

actionof a robot eitherwith humanor a robotic teacher
wasalsoinvestigatedby DautenhahnandBillard (1999).

Recently, developmentally inspired approachesto
robot imitation have received considerable atten-
tion (Andry et al., 2002;Demiris,1999;Kuniyoshiet al.,
2003). Many authorssuggesteda relatively straightfor-
ward two-stageprocedure:First, associatepropriocep-
tiveor motorinformationto thecorrespondingvisualper-
ceptsandthen,while imitating,exploit thepreviouslyac-
quiredassociationsby queryingfor themotorcommands
that correspondto the observed visual percept. Learn-
ing by imitation offers many bene�ts (Demiris, 1999;
Schaal,1999). A human demonstrator, for instance,
canteacha robot to performcertaintype of movements
by simply performingthem in front of the robot. This
strategy reducesdrasticallythesearchspacefor the task
that the agent is trying to solve and speedsup learn-
ing (Schaal,1999). Furthermoreit is possibleto teach
new tasksto robotsby interactingnaturally with them.
This is appealing,andmight lead to open-endedlearn-
ing not constrainedby any particulartask-environment.
Inspiredby the Active IntermodalMatchinghypothesis
for early infant imitation (Meltzoff and Moore, 1989),
which proposesthat infantstry to matchvisual informa-

tion againstappropriatelytransformedproprioceptive in-
formation,Demiris(1999)developedacomputationalar-
chitectureof early imitation usedfor the control of an
active vision head.Theauthoralsogivesanoverview of
previouswork donein the �eld of robotic imitation (see
alsoBreazealandScassellati,2002). Usually the robot
imitatesthe humanteacher. Stoica(2001) reversedthis
relationship,and showed that imitation of the human
(teacher)by the robot, could lead naturally to eye-arm
coordinationaswell assensiblecontrolof thearm.

2.2 Sensorimotorcontrol

For embodiedsystemsto behave andinteractin the real
world, anappropriatecoordinationof actionandpercep-
tion is necessary. It is commonlyacceptedthat action
andperceptionaretightly intertwined,andthatthere�ne-
mentof thecouplingis the outcomeof a gradualdevel-
opmentalprocess.Accuratemotorcontrolwould not be
possiblewithoutperception,andviceversa,purposivevi-
sionwouldnotbefeasiblewithoutadequateactions.This
holdsfor thecoordinationof vision andmotorcontrol in
particular, andsensorimotorcoordinationin general.

Therearea few examplesof applicationof a develop-



mentalapproachto theacquisitionof visuo-motorcoor-
dinations: Marjanovic et al. (1996), for instance,were
ableto show how acquiredoculomotorcontrol (saccadic
movements)could be reusedfor learning to reachor
point towardavisually identi�ed target.A similar model
of developmentalcontrol of reachingwas investigated
by Mettaetal. (1999).Theirconclusionwasthatre�exes
might speedup learningand considerablysimplify the
problemof theexplorationof theworkspace.They also
pointedout thatcontrolandlearningshouldproceedcon-
currentlyratherthanseparately– asit is thecasein more
traditionalengineeringapproaches.

A slightlydifferentresearchdirectionwastakenbyCo-
ehlo et al. (2001). They proposeda systemarchitecture
thatemployedhapticcategoriesandtheintegrationof tac-
tile andvisualinformationto learnto predictthebesttype
of graspfor an observedobject. Of relevanceis theau-
tonomousdevelopmentof complex visual featuresstart-
ing from simpleprimitives.

Berthouzeetal. (1996)employedimitationto teachan
active vision headsimplevisualskills, that is, gazecon-
trol, andsaccadingmovements.Remarkably, the robot
even discoveredits “own vestibulo-ocularre�ex.” The
approachcapitalizedon the exploitation of the robot-
environment interactionand the emergenceof coordi-
natedbehavior. Interactionwasalsocentralin thestudy
performedby Metta and Fitzpatrick (2003). Starting
from aminimalsetof hypotheses,theirhumanoidsystem
learnedby actively poking andproddingobjects(e.g.,a
toy caror a bottle) thebehavior of theobjectassociated
with a particularmanipulationof it (e.g.,a toy car rolls
alongif pushedappropriately, while a bottletendsto roll
sideways).Their resultswerein accordancewith thethe-
ory of Gibsonianaffordances(Gibson,1977).

A developmentalalgorithmtestedon a robot thathad
to learnto navigateon its own in anunknown indooren-
vironmentis describedin Wenget al. (2000). Therobot
wastrainedinteractively, thatis, on-lineandin realtime,
via direct touch of oneof the ��� touch sensorslocated
on the robot's body. By receiving somehelp andguid-
ancefrom a humanteacher, the algorithm was able to
automaticallydeveloplow-level vision andtouch-guided
motorbehaviors.

2.3 Categorization

Traditionally, the problem of categorization has been
investigatedby employing disembodiedcategorization
models (for an overview on the issue, cf. Pfeifer and
Scheier,1999). However, a growing body of evidence
supportsamoreinteractive,dynamic,andembodiedview
of how categoriesareformed.Embodiedmodelsof cate-
gorizationarenot passively exposedto sensorydata,but
through movementsand interactionswith the environ-
ment,they areableto generate“good” sensorydata,for
exampleby inducingtime-lockedspatio-temporalcorre-
lationswithin onesensorymodalityor acrossvarioussen-
sory modalities(seeTe Boekhorstet al., 2003). In this

sense,this areaof researchrepresentsa subsetof theone
relatedto sensorimotorcontrol.

Categorization of objects via real-time correlation
of temporallycontingentinformation impinging on the
robot'shapticandvisualsensorswasachievedby Scheier
andLambrinos(1996). The suggestedrobot control ar-
chitectureemployedsensorimotorcoordinationatvarious
functionallevels– for saccadingon interestingregionsin
theenvironment,for attentionalsensorimotorloops,and
for categorylearning.Sensorimotoractivity wasalsocrit-
ical in workperformedby KrichmarandEdelman(2002),
whostudiedtheroleplayedby sensoryexperiencefor the
developmentof perceptualcategories. In particular, the
authorsshowedthatoverallfrequency andtemporalorder
of encounteredperceptualstimuli hadade�nite in�uence
on thenumberof neuralunitsdevotedto aspeci�c object
class.

A sensorimotor-related(notobject-related)typeof cat-
egorization is reported in (Berthouzeand Kuniyoshi,
1998). The authorsusedself-organizingKohonenmaps
to performanunsupervisedcategorizationof sensorimo-
tor patterns,which emergedfrom embodiedinteraction
of anactivevisionsystemwith its environment.Theself-
organizationprocessled to four sensorimotorcategories
consistingof horizontal,vertical,and“in-depth”motions,
andanintermediatenot clearlyde�ned category.

2.4 Valuesystem

There have been a number of explicit realizationsof
valuesystemsin robotics. In all thoseimplementations
the value systemplayed either the role of an internal
mediator of salient environmental stimuli and events,
or was used to guide some sort of exploration pro-
cess. A learningtechniquein which the output of the
valuesystemmodulatesthelearningitself is calledvalue-
basedor value-dependentlearning.Unlikereinforcement
learning,value-basedlearningschemesspecifythe neu-
ral mechanismsby which stimuli can modulatelearn-
ing (Pfeifer andScheier,1999;Sporns,2002). Another
differencebetweenthetwo learningparadigmsis thefact
that typically, in reinforcementlearning,learningis reg-
ulatedby a (reinforcement)signalgivenby theenviron-
ment,whereasin value-basedlearning,this(value)signal
is anoutputof theagent'svaluesystem.

Almassyet al. (1998)constructeda simulatedneural
model,oneof whosefour componentswasa“dif fuse(as-
cending)valuesystem”(p. 347),andembeddedit in au-
tonomousreal-worlddevice. Thevaluesignalswereused
to modify the strengthof the connectionsfrom the neu-
ronsof thevisualareato theonesof themotorarea.One
of theresultsof thesevalue-dependentmodi�cationswas
that without any supervision,appropriatebehavioral ac-
tionscouldbelinkedto particularresponsesof thevisual
system.A similarmodelsystemwasdescribedby Krich-
mar and Edelman(2002) (seeCategorization). Com-
paredto previouswork, themodeledvaluesignalhadtwo
additionalfeatures:(a) its prolongedeffect on synaptic



plasticity, and(b) thepresenceof time-delays(Krichmar
andEdelman,2002,p. 829). Another instantiationof a
valuesystem,whoseoutputwasusedasa gatingsignal
tomodulateHebbianlearning,is describedin (Pfeiferand
Scheier,1997;ScheierandLambrinos,1996)(seeCate-
gorization).

SpornsandAlexander(2002)testeda computational
modelof a neuromodulatorysystem2 in anautonomous
robot. Themodelcomprisedtwo neuromodulatorycom-
ponentsmediatingthe effect of rewardsandof aversive
stimuli. According to the authors,valuesignalsplay a
dual role in synapticplasticity, since(a) they modulate
thestrengthof theconnectionbetweensensoryandmo-
tor units, and(b) they areresponsiblefor the changeof
theresponsepropertiesof thevaluesystemitself.

In contrast to the previous cases,where the value
systemwas usedto modulatelearning,Lungarellaand
Berthouze(2002b)employed the valuesystemto direct
theexplorationof theparameterspaceassociatedwith the
actionsystemof a robotthathadto learnto pendulate.

2.5 Developmentalplasticity

The developing brain is plastic, and its plasticity is
experience-dependent.

Almassy et al. (1998) analyzedhow environmental
interactionsof a simulatedneural model embeddedin
a robot may in�uence the initial formation, the devel-
opmentand dynamicadjustmentof complex neuralre-
sponsesduring sensoryexperience.They observed that
therobot'sself-generatedmovementswerecrucialfor the
emergenceanddevelopmentof selective andtranslation-
invariant visual cortical responses,since they induced
correlationsin varioussensorymodalities. Another re-
sult wasthedevelopmentof a fovealpreference,that is,
“strongervisualresponsesto objectsthatwerepresented
closerto thevisualfovea”(Almassyet al., 1998,p. 358).

A further exampleof “synthetic neuralmodeling” is
illustrated in (Elliott and Shadbolt, 2001). The au-
thorsstudiedtheapplicationof a neuralmodel,featuring
“anatomical,activity-dependent,developmentalsynaptic
plasticity” (p. 167),to thegrowth of a sensorimotormap
in aobstacle-avoidingmobilerobot.They concludedthat
thedeprivationof oneor two receptorscanbetakencare
of by a mechanismof “developmentalplasticity”, which
accordingto theauthorswould“permit anervoussystems
to tuneitself to thebodyin which it �nds itself andto the
environmentin which thebodyresides”(p. 168).

2.6 Morphological changes and motor skill
acquisition

Morphologicalchanges(e.g.,bodygrowth) representone
of themostsalientandexplicit characteristicsof ongoing
developmentalprocesses.

2Neuromodulatorysystemsareinstantiationsvaluesystemsthat®nd
justi®cationin neurobiology. Examplesincludethe dopaminergic and
thenoradrenergic systems.

Lungarellaand Berthouze(2002a) investigatedthe
role playedby thosechangesfor the acquisitionof mo-
tor skills by using a small-sizedhumanoidrobot that
had to learn to pendulate,i.e., to swing like a pendu-
lum. Theauthorsattemptedto understandwhetherphys-
ical limitations and constraintsinherentto body devel-
opmentcould be bene�cial for the exploration and se-
lection of stablesensorimotorcon�gurations (seealso
BjorklundandGreen,1992;Turkewitz andKenny, 1982).
In (LungarellaandBerthouze,2002a),they report on a
comparativeanalysisbetweenoutrightuseof two bodily
DOFs,anda progressive releaseof thosetwo DOFsby
employing a mechanismof developmentalfreezingand
unfreezingof DOFs(Taga,1997). In a follow-up case-
study, LungarellaandBerthouze(2002b)investigatedthe
hypothesisthatinherentadaptivity of motordevelopment
leadsto behavioral characteristicsnotobtainableby mere
value-basedregulationof neuralparameters.Theauthors
wereableto show thattheoutrightuseof two of theavail-
able DOFs reducedthe likelihood for physicalentrain-
ment(i.e., mutualregulationof bodyandenvironmental
dynamics)to take place. This in turn led to a reduced
robustnessof thesystemagainstenvironmentalperturba-
tions.

Inspiredby aninvestigationconductedby thedevelop-
mentalpsychologistEugeneGold�eld andhis collabora-
tors (Gold�eld et al., 1993), LungarellaandBerthouze
(2003)performedaseriesof experimentsby employing a
humanoidrobot, which wasstrappedin a Jolly Jumper
infant bouncer(seeFig.1) – a popular toy for infants.
In the authors'own words, the main motivation for the
study was the exploration of the mechanismsunderly-
ing the emergenceof movementpatternfrom the self-
explorationof the sensorimotorspace,startingoff with
seeminglyrandom,spontaneousmovements.Theresults
presentedin thestudyareof preliminarynatureonly.

3. Developmental robotics: existing theo-
ries

Early theorization of developmental robotics can be
traced back to Brooks (1991) and Brooks and Stein
(1994). Sandiniet al. (1997) were amongthe �rst to
recognizehow crucial it is to take into accountdevelop-
ment if we our goal is to understandhow to construct
“intelligent” roboticsystems.They calledtheir approach
DevelopmentalEngineering. As in theengineeringtradi-
tion of building things,it wasdirectedtowardthede�ni-
tion of a theoryfor theconstructionof complex systems.
The main objective wasto show that “the adoptionof a
framework of biological developmentwould be suitable
for the constructionof arti�cial systems”(Metta et al.,
1999, p. 1). In (Metta, 2000), the authorpointedout
that this activity canbe envisagedasa new tool for ex-
ploring developmentalcognitive sciences.Sucha “new
tool” hasa similar role to what systemandcontrol the-
ory hadfor the analysisof humanmovements.The au-



thorsexploredsomeof theaspectsof visuo-motorcoor-
dinationin a humanoidrobotcalledBabybot(seeFig.1).
Issues,suchasthe autonomousacquisitionof the train-
ing data,theprogressive increaseof the taskcomplexity
(by increasingthe visual resolutionof the system),and
the integrationof varioussensorymodalities,have been
explored (seeNataleet al., 2002; Paneraiet al., 2002,
for instance).They alsoproduceda manifestoof devel-
opmentalroboticswherevariousaspectsrelevant to the
constructionof complex autonomoussystemswere de-
scribed(Metta et al., 2001). In their view, the ability
of recognizinglonger and more complicatedchainsof
cause-effect relationshipsmight characterizelearningin
anecologicalcontext. In a naturalsettingno teachercan
possiblyprovide a detailedlearningsignal and enough
training data(e.g., in motor learningthe correctactiva-
tion of all muscles,propertorquevalues,andsoon).

Aroundthesametime,in AlternativeEssencesof Intel-
ligence, Brookset al. (1998)exploredfour “intertwined
key attributes” of human-like intelligent systems: de-
velopment,embodiment,social interaction,and multi-
sensoryintegration. Negatingthreecentralimplicit be-
liefs of classicalAI, they madethe following assump-
tions: (a) humanintelligenceis not as generalpurpose
asusually thought; (b) it doesnot requirea monolithic
controlsystem(for theexistenceof which thereis noev-
idence);and (c) intelligent behavior doesnot requirea
centrallystoredmodelof realworld. Theauthors,draw-
ing inspiration from developmentalneuroscienceand
psychology, performeda seriesof experiments,in which
theirhumanoidrobothadto learnsomefundamentalsen-
sorimotorandsocialbehaviors. More to thepoint of our
review, Scassellati(2001) proposedthat a developmen-
tal approach– in humansas well as in robots– might
providea usefulstructureddecompositionwhenlearning
complex tasks,or in his own words: “Building systems
developmentallyfacilitateslearningboth by providing a
structureddecompositionof skills and by graduallyin-
creasingthe complexity of the task to matchthe com-
petency of the system”(Scassellati,2001, p. 29). The
samegroupat MIT tried to capitalizeon the conceptof
bootstrappingof skills, i.e., the layeringof new skills on
top of existing ones.Also, thegradualincreasein com-
plexity bothof task-environment,sensoryinput (through
thesimulationof maturationalprocesses),andmotorcon-
trol wasexploredin taskssuchaslearningto saccadeand
to reachtoward a visually identi�ed target (Marjanovic
etal., 1996)(seeprevioussection).

Another example of this novel and developmentally
inspiredapproachto roboticsis given by (Asadaet al.,
2001).Theauthorsproposeda theoryfor thedesignand
constructionof humanoidsystemscalledCognitive De-
velopmentalRobotics(CDR). Thekey aspectof CDR is
to avoid implementingthe robot's control structure“ac-
cording to the designer's understandingof the robot's
physics” (Asadaet al., 2001),but to have the robot ac-
quireits own “understandingthroughinteractionwith the

environment”(p. 185).Thisdepartsfrom traditionalcon-
trol engineering,wherethe designerof the systemim-
posesthe structureof the controller. In CDR in partic-
ular, andin developmentalroboticsin general,the robot
hasto get to grips with thestructureof theenvironment
andbehavior, ratherthanbeingendowed with an exter-
nally designedstructure. CDR also points out at how
to “prepare”therobot'senvironmentin orderto progres-
sively teachtherobotnew andmorecomplex taskswith-
out overwhelmingits arti�cial cognitive structure. This
is scaffolding, i.e., theprocessby which parentssupport
andguidethedevelopmentof infants.

A last example of “existing theories” in develop-
mental robotics is AutonomousMental Development
(AMD) (Wengetal.,2001).Inspirationalalsoin thiscase
washumandevelopment.The main differencefrom the
traditionalapproachis the fact that in the �rst case,the
taskis “understoodby theengineer”,whereasin thesec-
ond case,it is the machinethat hasto develop its own
understandingof it. AMD relegatesthehumanto therole
of teachingandsupportingthe robot throughreinforce-
mentsignals.Therequirementsfor a truly mentaldevel-
opmentincludebeingnon-taskspeci�c, becausethetask
is generallyunknown at designtime. For the samerea-
son,thearti�cial “brain” hasto developa representation
of thetaskwhich couldnot bepossiblyembeddeda pri-
ori by thedesigner. It is foreseenthatopen-endedlearn-
ing mightbeobtainedif algorithmsaredevisedfollowing
theseguidelines.

4. Discussionand Future Dir ections

A numberof observationscannow bemade.Almost60�

of the reviewed studies( �

�

out of ��� ) fell either in the
category social interactionor theonerelatedto sensori-
motor control (as is evident from Table 2). Thesetwo
categoriesconstitutesprimary directionsof researchin
developmentalrobotics.

As amatterof fact,quitesomestudieshavelatelybeen
directedtowarddesigningsocially interactive robots. In
a very recentandbroadoverview of the�eld, Fonget al.
(2003) – trying to seekfor an answerto the question:
“why sociallyinteractiverobots?”– maintainedthat“so-
cial interactionis desirablein the caserobotsmediate
human-human[peer-to-peer]interactionsor in the case
robotsfunction asa representationof, or representative
for, thehuman3 ” (p. 4). We believe that in orderto ac-
quiremoreadvancedsocialcompetencies(e.g.,deferred
imitation), it may be desirableto endow the robot with
mechanismsthatenableit to go throughaprocessof pro-
gressive developmentof social skills. This opinion is
sharedby Fonget al. (2003).

Brooks (2003)emphasizedthe “crucial” importance
of basicsocialcompetencesfor peer-to-peerinteractions,
suchasgaze-directionor determinationof gaze-direction.

3Accordingto (Brooks,2003,p.135),remote-presencerobotsmay
bethekiller applicationfor robotsin theshortterm.



Early motor competenciesarea naturalprerequisitefor
thedevelopmentof basicsocialcompetencies.Henceit
is not surprisingthat anotherareaof big interestis the
onerelatedto sensorimotorcontrol, in particular, basic
visuo-motorcompetencies,suchassaccading,gaze�x-
ation, hand-eye coordination,visually-guidedreaching,
and so on. However, we were able to single out only
a few studieson motor skill acquisition that have at-
temptedto gobeyondgazing, pointing, andreaching, i.e.,
early motor competencies.In many ways,the spectrum
of outstandingresearchissues,aswell asthecomplexity
of our robots,have considerablyincreasedover the past
few years,but notmany “developmental”reconnaissance
tours into unexplored researchdirectionshave beenat-
tempted.

The problemof learningto control many degreesof
freedom,for instance,is important,andimitation learn-
ing may be indeedthebestrouteto its solution(Schaal,
1999). From a developmentalperspective, learning
multi-joint coordinationsor the acquisitionof complex
motor skills may bene�t from the introductionof initial
morphologicalconstraints,whichovertimearegradually
released(LungarellaandBerthouze,2002b;Scassellati,
2001). In thesamecontext, mechanismsof physicaland
neuralentrainment,thatis,mutualregulationbetweenen-
vironmentandtherobot's neuralandbodydynamics,as
well asvalue-basedself-explorationof body andneural
parameters,alsodeservefurtherinvestigation.A promis-
ing approachthatattemptedto capitalizeon theinterplay
betweenneural plasticity, morphological changes, and
entrainmentto the intrinsic dynamicsof body andtask,
waspromotedby LungarellaandBerthouze(2002b).

Another researchissuethat needsfurther attentionis
autonomy, i.e., throughself-supervision(independently
from humanprogrammingand intervention), the robot
shouldforgeits own motivationalandvaluesystems.For
an arti�cial systemto be truly autonomous,“the mech-
anismsthat mold local structureto yield global func-
tion mustresidewholly within thesystemitself” (Sporns,
2002).In otherwords,thesystemmustbeself-contained.
We believe that the adoption of value-basedlearning
schemesmay be a step in the right direction. Metta
andFitzpatrick (2003), for instance,wereable to show
thatamirror neurons-likestructureinvolving basicobject
recognitionis of relevancefor an arti�cial systemwhen
it hasto collecttrainingdataautonomously.

Categorization(thoughtto be oneof the cornerstones
of cognitive development)hasalsoproven to be a hard
problem.And castingit in a developmentallight maybe
advantageous,asshown by Almassyetal. (1998);Krich-
marandEdelman(2002);SpornsandAlexander(2002).

To concludethe paper, we believe that the big chal-
lengefor thefuturewill beto gobeyondgazing, pointing,
and reaching. In order to guaranteetruly autonomous
behavior, the robots of the future will have to be en-
dowedwith bettersensoryandmotorapparata,morere-
�ned value-basedlearningmechanisms,andmeansof ex-

ploiting neuralandbodydynamics.
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