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Abstract

Thispaperintroducesa theoryaboutmentallydevelop-
ing robots. The limitation of the traditional agent model
is raisedanda new SASEagent is proposed,basedon our
SAILdevelopmentalrobot.We formulatethemanualdevel-
opmentparadigmandautonomousdevelopmentparadigm.
Theperformanceof a developmentalrobot is thenformu-
lated as reaching the norm of a humanage group. The
framework of autonomouslygenerating brain1 representa-
tion is investigatedin mathematicalterms.Sometechniques
of such a representationare providedbasedon our SAIL-2
developmentalalgorithm. We establishtheconceptuallim-
itation of symbolicrepresentationand from the limitation
weproposethatnodevelopmentalrobotcanusea symbolic
representation.Finally, thecompletenessof developmental
robotis investigatedconditionedon �ve factors.

1 Intr oduction

In his pioneeringpaperpublishedin 1950titled “Com-
putingMachineryandIntelligence”[1], Alan Turing envi-
sionedamachinethatcanlearn,whichhecalled“child ma-
chine.” He wrote:

“Our hopeis that thereis so little mechanismin
thechild brainthatsomethinglike it canbeeasily
programmed.Theamountof work in theeduca-
tion we canassume,asa �rst approximation,to
bemuchthesameasfor thehumanchild.”

However, therewas a severe lack of computercontrolled
machinery, during his time whenthe �rst electroniccom-
puterColossushadjust been�nished. Turing suggestedin
thatpaperadisembodiedabstractmachineandproposedan

1The term “brain” is usedfor a developmentalrobot, but we do not
claimthatthebrainof adevelopmentalrobotis similar to abiologicalone.

“imitation game,” now calledtheTuringTest,to testit. The
Turing Testhadgreatly in�uenced the modernday AI re-
searchthatfollowed[2].

Not until the 1980's had the importanceof embod-
iment received suf�cient recognition in the AI commu-
nity. Thebehavior-basedapproach,popularizedby Rodney
Brooks[3] andothers[4][5], putsituatedembodimentback
to theAI stageasit deserves.

However, themindandits autonomousdevelopment,did
not receive suf�cient attentionin the arti�cial intelligence
community, until the late 1990's whenSAIL robot [6][7]
andDarwinV robot[8] startedexperimentsonautonomous
cognitive development.A 2001article in Science[9] sum-
marizedthe pivotal role that mental developmentshould
play in machineintelligence.

Traditionalresearchparadigmsin machinelearninghave
been fruitfully informed by models of human learning.
However, existingbehavior-basedlearningtechniquestypi-
cally appliedto robotlearning(e.g.,[10]) differ fundamen-
tally from humanmentaldevelopment.Suchdifferencesare
still notwidely understood.Further, thereis aneedfor basic
theoreticframework for thenew developmentalparadigm.

This article intendsto take up theseissues.It doesnot
discusshow to designa developmentalprogram.The the-
oretical framework presentedhere is hopefully bene�cial
to answeringsomewidely concernedconceptualquestions
andprobablyusefulfor designingdevelopmentalprograms.

We �rst introducea new kind of agent,theSASEagent,
for mental development. Next, we study paradigmsfor
constructingman-madesystems,manualandautonomous.
Section4 discussesa formulationfor cognitionandbehav-
ior. Section5 bringsup thecentralissueof representation,
andestablishesthe inapplicability of symbolicrepresenta-
tion to mentaldevelopment.Section6 is dedicatedto the
completenessissueof thedevelopmentalparadigmin light
of naturalintelligence. Section7 providesconcludingre-
marks.
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Figure 1. Theabstractmodelof atraditionalagent,which
perceivestheexternalenvironmentandactson it (adapted
from Russell& Norvig [11]). Thesourceof perceptionand
thetargetof actiondo not includetheagentbrainrepresen-
tation.

2 SASEAgents

De�ned in the standardAI literature(see,e.g., an ex-
cellenttextbookby Russell& Norvig [11] andanexcellent
survey by Franklin[12]), an agentis somethingthatsenses
and acts, whoseabstractmodel is shown in Fig. 1. As
shown, theenvironment

�

of anagentis theworld outside
theagent.

To be precisein our further discussion,we needsome
mathematicalnotation. A context of anagentis a stochas-
tic process[13], denotedby ������� . It consistsof two parts

���	����
���
��	���������	����� , where 
������ denotesthesensoryvector
at time � which collectsall signals(values)sensedby the
sensorsof theagentat time � , ���	��� theeffectorvectorcon-
sistingof all the signalssentto the effectorsof the agent
at time � . Thecontext of theagentfrom the time ��� (when
the agentis turnedon) up to a later time ��� is a realiza-
tion of the randomprocess������������������� ���!�#" . Simi-
larly, we call �$
������%�&���'�(�)�*�!�+" a sensorycontext and

�,�������-�.�
�

�/�0�1�
�

" anactioncontext.
The set of all the possiblecontexts of an environment

�

is calledthecontext domain 2 . As indicatedby Fig. 1,
at eachtime � , theagentsensesvector 
������ from theenvi-
ronmentusingits sensorsandit sends������� asactionto its
effectors.Typically, atany time � theagentusesonly asub-
setof the history representedin the context, sinceonly a
subsetis mostlyrelatedto thecurrentaction.

Themodelin Fig.1 is for anagentthatperceivesonly the
externalenvironmentandactson theexternalenvironment.
Suchagentsrangefrom a simplethermostatto a complex
spaceshuttle. This well acceptedmodelplayedan impor-
tantrole in agentresearchandapplications.Unfortunately,
this modelhasa fundamental�a w: It doesnot senseits in-
ternal“brain” activities. In otherwords,its internaldecision
processis neithera targetof its own cognitionnorasubject
for theagentto explain.

The humanbrain allows the thinker to sensewhat he
is thinking aboutwithout performingan overt action. For
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Figure 2. A self-awareself-effecting (SASE)agent. It
interactswith notonly theexternalenvironmentbut alsoits
own internal(brain)environment:therepresentationof the
brainitself.

example,visual attentionis a self-awareself-effecting in-
ternal action (see, e.g., Kandel et al. [14], pp. 396 -
403). Motivatedby neuroscience,it is proposedherethat
a highly intelligent being must be self-aware and self-
effecting (SASE).Fig. 2 shows an illustration of a SASE
agent.A formalde�nition of a SASEagentis asfollows:

De�nition 1 A self-aware and self-effecting(SASE)agent
hasinternal sensors and internal effectors. In addition to
interactingwith theexternalenvironment,it sensessomeof
its internalrepresentationasa part of its perceptualprocess
and it generatesactionsfor its internal effectors as a part
of its actionprocess.

Using this new agentmodel,thesensorycontext 
������ of a
SASEagentmustcontaininformationaboutnotonly exter-
nal environment

�

, but alsointernalrepresentation3 . Fur-
ther, theactioncontext ������� of a SASEagentmustinclude
internaleffectorsthatacton 3 .

A traditional non-SASEagentdoesuseinternal repre-
sentation3 to make decision.However, this decisionpro-
cessand the internal representation3 is not included in
what is to besensed,perceived,recognized,discriminated,
understoodandexplainedby theagentitself. Thus,a non-
SASEagentis not able to understandwhat it is doing, or
in otherwords,it is not self-aware. Further, thebehaviors
that it generatesarefor theexternalworld only, not for the
brainitself. Thus,it is not ableto autonomouslychangeits
internaldecisionstepseither. For example,it is not ableto
modify its valuesystembasedon its experienceaboutwhat
is goodandwhatis bad.

It is importantto notethatnot all the internalbrainrep-
resentationsaresensedby thebrainitself. For example,we
cannotsensewhy wehave interestingvisualillusions[15].
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Figure 3. Manual developmentparadigm(a) and au-
tonomousdevelopment(b) paradigm.

3 Machine DevelopmentParadigms

The traditional paradigmfor developing humanengi-
neeredsystemsis manual. The distinctionsbetweenthis
traditionalengineeringparadigmandthe new autonomous
developmentparadigmarestill notwell understood.Herea
mathematicformulationis proposedto delineatesuchdis-
tinctions.

An agentcanperformone,multiple or anopennumber
of tasks. The taskhereis not restrictedby type,scope,or
level. Therefore,a taskcanbe a subtaskof another. For
example,makinga turn at a corneror navigatingarounda
building canbothbea task.

Fig. 3 illustrates the traditional manual development
paradigmandtheautonomousdevelopmentparadigm.

3.1 Manual development

Theterm“manual” refersto developingtask-speci�car-
chitecture,representationandskills throughhumanhands.
Themanualparadigmhastwo phases,themanualdevelop-
mentphaseandtheautomaticexecutionphase.In the �rst
phase,ahumandeveloper

�

is givenaspeci�c task � to be
performedby themachineandasetof ecologicalconditions

���

aboutoperationalenvironment. The humandeveloper
�rst understandsthe task. Next, he designsa task-speci�c

architectureandrepresentationandthenprogramstheagent
�

. In mathematicalnotation,we considera humanas a
(time varying) function thatmapsthegiventask � andthe
setof ecologicalconditions

� �

to agent
�

:

�




�

�

� �

��� ��� (1)

In thesecondautomaticexecutionphase,themachineis
placedin the task-speci�csetting. It operatesby sensing
andacting.It maylearn,usingsensorydatato changesome
of its internalparameters.However, it is thehumanwhoun-
derstandsthetaskandprogramsits internalrepresentation.
Theagentjust runstheprogram.

3.2 Autonomousdevelopment

Theautonomousdevelopmentparadigmhastwo phases,
�rst the constructionandprogrammingphaseand second
theautonomousdevelopmentphase.

In the �rst phase,tasksthat theagentwill endup learn-
ing areunknown to the robot programmer. The program-
mermightspeculatesomepossibletasks,but writing atask-
speci�c representationis notpossiblewithoutactuallygiven
a task. The ecologicalconditionsunderwhich the robot
will operate,e.g.,land-basedor underseas,areprovidedto
thehumandeveloperso thathe candesignthe agentbody
appropriately. He writesa task-nonspeci�cprogramcalled
developmentalprogram, whichcontrolstheprocessof men-
tal development.Thusthenewbornagent

�

�	��� is a function
of asetof ecologicalconditionsonly, but not thetask:

�

�	� � 


�

�

�
�

� � (2)

whereweaddedthetimevariable� to thetimevaryingagent
�

�	��� , assumingthatthebirth time is at � 

� .
After the robot is turnedon at time � 
�� , the robot is

“born” andit startsto interactwith thephysicalenvironment
in realtimeby continuouslysensingandacting.This phase
is calledautonomousdevelopmentphase.Humanteachers
canaffect the developingrobot only asa part of the envi-
ronment,throughthe robot's sensorsandeffectors. After
thebirth, theinternalrepresentationis not accessibleto the
humanteacher.

Variouslearningmodesareavailableto theteacherdur-
ing autonomousdevelopment.Hecanusesupervisedlearn-
ing by directly manipulating(compliant) robot effectors
(see,e.g.,[7]), like how a teacherholdsthehandof a child
while teachinghim to write. He can use reinforcement
learningby lettingtherobottry onits own while theteacher
encouragesor discouragescertainactionsby pressingthe
“good” or “bad” buttonsin theright context (see,e.g.,[16]
[17]). The environmentitself canalsoproducereward di-
rectly. For example,a “sweet” object and a “bitter” one
(see,e.g., [18]). With multiple tasksin mind, the human



teacher�gures out which learningmodeis more suitable
and ef�cient and he typically teachesone task at a time.
Skills acquiredearlyareusedlaterby therobotto facilitate
learningnew tasks.

4 Robot Cognition in ContinuousContext

How doesa developmentalrobot“know” thatit is given
a taskor it is performinga particulartask?“Knowing” has
a degree,andit dependson mentalmaturity. For example,
at about8 monthsof age,babiesreachfor anobjectin the
lastplacethey foundit evenwhenthey have seenit moved
to a new place. This is calledA-not-B error [19]. Cogni-
tive andbehavioral capabilitiesgraduallydevelop through
experience.

Aristotle (448-380BC) insistedthatthemind is a“blank
slate”atbirth, a tabula rasa, which is, asweknow now, not
accurateaccordingto thestudiesin developmentalpsychol-
ogy [20] [21]. He is right, however, in recognizingthatthe
experiencesof the individual areof paramountimportance
andin his identifyingthebasicprincipleof association.De-
cartes's “rational approach”in the mid-1800's have been
discardedby modernscientists,in favor of observationalor
empiricalmethodsof studyingthemind. How dowede�ne
andmeasurecognitivecapabilitiesof ourrobots?Following
thescienti�c traditionof carefulquanti�cation,clearde�ni-
tion andempirical observation, we proposethe following
framework for cognitionby developmentalrobots.

First,cognitionrequiresadiscriminationamongsensory
inputsanda displayof thediscriminationthroughactions.
Thus,we mustaddresstheconceptof discriminative capa-
bility:

De�nition 2 Givena developmentalagentat time �
� , sup-

posethattheagentproducesdifferentactioncontexts �
� and

�
� , fromtwo differentcontexts

�

�

 ��������� � �

�
� � � �

�
"

and
�

� 
 ��������� � ��� � � � ���#" , respectively. If � � and � �

areconsidereddifferentbya socialgroup(humanor robot),
conditionedon

�

� and
�

� , then,wesaythat theagentdis-
criminatestwo contexts

�

� and
�

� in the society. Other-
wise, we say that the agent doesnot discriminate

�

� and
�

� in thesociety.

The above de�nition allows variation of action context �

from the samecontext
�

. In other words, even if differ-
ent robotsproducedifferentactionsin the sametest, they
areconsideredcorrectif theactionsareconsideredsocially
equivalent. For example,no two humanshave exactly the
samevoicebut they canpronounceperceptuallyequivalent
words.

It is not too dif�cult to discriminatejust two particular
contexts. We desireanagentto produceonly equivalentac-
tionsfrom all theequivalentcontexts. Thereis aspecialbut

very large classcalled the unknownclasswhich includes
all the contexts that the agentat this ageis not expected
to understand.Unlike a traditionalclassi�er, we requirea
developmentalrobotto beableto dealwith all possiblecon-
texts. That is, a developmentagentis supposedto produce
a correct action even for contexts in � that it cannotdeal
with con�dently. For example,if thecontext means“what
is this?” the correctaction for a baby robot can be “do-
ing nothing” or, for a morematurerobot,saying“I do not
know” or anything elsethat is equivalentsocially. There-
fore, theextentof thecontext domain � is very important
to thesuccessof mentaldevelopment.If therobotenviron-
ment

�

is constrainedsigni�cantly, the resultingcontext
domain � might not be able to develop highly intelligent
robots.

De�nition 3 Givena context domain2 anda setof possi-
bleactioncontexts � , a normis a mapping� from � to � ,
denotedby

���#2	� 
�� �

and it is de�ned by a social group. Theagentmappingof
anagentat time � is alsoa mappingdenotedby

�

�������+2
� 
�� � (3)

A testfor an agent
�

����� is to let theagentexperiencemul-
tiple contexts. An evaluationof theperformanceis a mea-
sure that characterizestheagreementof the two mappings

� and
�

�	��� throughtests.

Sincetasksareunknown during therobotprogramming
time, during later mental development,a developmental
programmustgenerateaninternalrepresentationandsome
architecture“on the�y” for any taskthattherobotis learn-
ing, asshown in Fig. 3.

A mentallydevelopingrobot,or developmentalrobotfor
short, is an embodied,SASE agentthat runs a develop-
mentalprogramfollowing the autonomousdevelopmental
paradigm.

Differentagegroupsof developmentalrobothavecorre-
spondingnorms. If a developmentalrobothasreachedthe
norm of a humangroup of age � , we can say that it has
reachedequivalenthumanmentalage � .

5 Inter nal Representation

Autonomousgenerationof internalrepresentationis cen-
tral to mentaldevelopment.The mapping

�

����� in Eq. (3)
canbedecomposedinto threemappings:Oneis time vary-
ing representationmapping ��� , which generatesinternal
representation3)����� , from context ���	��� :

3)����� 
������ ����������� (4)



Therepresentation3 �	��� is generatedbasedonwhatwecall
developmentalprinciples,from theexperienceindicatedby

���	��� . Some�ne architectureis also representedin 3)�	��� .
3 �	��� includes,for example,neurons(or equivalently, �lters
or featuredetectors)and connectionsamongthe neurons.
Well organizedneuronsform corticeswhich in turn form
brainareasandregions(or equivalently, regressiontreesor
mappings).In theSAIL-2 developmentalprogram,the in-
ternalrepresentationincludessensorymappingswhich use
thestaggeredlocal PCA (principal componentanalysis)to
approximatethefunctionof earlysensorycortices[22], and
cognitive mappingsthat useincrementalhierarchicaldis-
criminantregression(IHDR) [23] to approximatethefunc-
tion of laterprocessingcortices.

Theresponsecomputationfunction 3 � computesthere-
sponseof neuronsin the representation3)�	��� for the input
context ������� :

�

�	��� 
 3
�

�����	������3)�	�������

Theresponsecorrespondsto the�ring signalsof neuronsin
thecortices.If therepresentationchanges,thedimensionof
responsealsodoesaccordingly.

Thetime varyingactionmapping
�

� mapscontext ������� ,
response�

����� of therepresentation3)����� ontoactioncontext:

���

����� 


�

�
�

�

����� ��3)��������� (5)

Theactionmappingincludesa hierarchyof valuesystems,
whichselectsanactionamongmultipleactioncandidates.

For simplicity, theabove notationwe usedis in a batch
fashion.Any practicaldevelopmentalprogrammustbe in-
cremental.Eachsensorydata 
������ mustbeusedto update
the internal representation3)����� which in turn is usedfor
computingresponse�

����� andaction ���	��� . As soonasit is
done,
������ is discardedandthenext sensoryinput 
��	�����,� is
received.Therefore,theentirecontext from birth to current
time ������� is not availableat time � andthe developmental
programcannotafford to storeit either. The internal rep-
resentation3)�	��� is crucial to keeponly necessaryinforma-
tion aboutwhat hasbeenlearnedso far. The incremental
versionof a developmentalprogramcanberepresentedby
threemappings(we usethesamemappingletters):Repre-
sentationupdatingfrom currentsensoryinput 
������ :

3
	 �	��� 
 �����	
������ ��3)���������

Responsecomputation:

�

����� 
 3
�

�	
��	������3
	

���������

andactiongeneration:

������� 


�

���

�

�	������3
	 ���������

Fig. 4 shows how internal representationis incrementally
updatedandusedby threemappings��� , 3 � and

�

� . The
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Figure 4. The three mappingsinside a developmental
agent: representationupdating ��� , responsecomputation




� , andactiongeneration� � .

action ���������

� �

�	��� generatedby theagentaffectstheworld
and, thus, affects the sensoryinput 
������ in the next time
instant. It is importantto note that it is desirablethat all
effectorshaveadedicatedsensorsothattheagentcansense
whatit is doing.

Next, we turn to the issueof the form of internal rep-
resentation.TraditionalAI systemsusesymbolicrepresen-
tation for internal representationanddecisionmaking. Is
symbolicrepresentationsuitedfor a developmentalrobot?
In theAI research,theissueof representationhasnot been
suf�ciently investigated,mainly dueto thetraditionalman-
ual developmentparadigm.Therehasbeena confusionof
conceptsin representation,especiallybetweenreality and
theobservationmadeby theagents.To beprecise,we �rst
de�ne someterms.

A world conceptis a conceptaboutobjectsin the ex-
ternal environmentof the agent,which includesboth the
environmentexternalto therobotandthephysicalbodyof
therobot. Themindconcept2 is internalwith respectto the
nervoussystem(includingthebrain).

De�nition 4 A world centeredrepresentationis such that
everyitemin therepresentationcorrespondsto a worldcon-
cept.A bodycenteredrepresentationis such thateveryitem
in therepresentationcorrespondsto a mindconcept.

A mind conceptis relatedto phenomenaobservablefrom
therealworld, but it doesnot necessarilyre�ect thereality
correctly. It canbeanillusion or totally false.

De�nition 5 A symbolicrepresentationis abouta concept
in theworld and,thus,it is world centered. It is in theform

�


 ���
�

���
�

� � � � ����� � where
�

(optional)is thenametokenof
theobjectand �

� , �
� , ..., ��� are theuniquesetof attributes

of theobjectwith prede�nedsymbolicmeanings.

For example,Apple 
 � weight� color� is a symbolic rep-
resentationof a classof objectscalledapple. Apple-1 


� 0.25g� red� is a symbolicrepresentationof a concreteob-
ject calledApple-1. The setof attributesis uniquein the
sensethat the object's weight is givenby the uniqueentry

2Theterm“mind” is usedfor easeof understanding.We do not claim
thatit is similar to thehumanmind.



� � . Of course,other attributessuchas con�denceof the
weightcanbeused.A typical symbolicrepresentationhas
thefollowing characteristics:

1. Eachcomponentin therepresentationhasaprede�ned
meaningabouttheobjectin theexternalworld.

2. Eachattribute is representedby a uniquevariablein
therepresentation.

3. Therepresentationis uniquefor asinglecorresponding
physicalobjectin theexternalenvironment.

World centeredsymbolic representationhas beenwidely
usedin symbolicknowledgerepresentation,databases,ex-
pertsystems,andtraditionalAI systems.

Another type of representationis motivatedby the dis-
tributedrepresentationin thebiologicalbrain:

De�nition 6 A distributedrepresentationis notnecessarily
aboutany particular objectin the environment.It is body
centered,grownfromthebody'ssensors andeffectors. It is
in a vector form

�


 ���
�

� �
�

� � � � ����� � , where
�

(optional)
denotesthe vector and �

� ,
�


 � ��� � � � � ��� correspondsto
eithera sensoryelement(e.g., pixelor receptor)in thesen-
soryinput,a motorcontrol terminalin theactionoutput,or
a functionof them.

For example,supposethat an imageproducedby a digital
camerais denotedby a columnvector � , whosedimension
is equalto thenumberof pixels in thedigital image.Then

� is a distributedrepresentation,andso is ����� � where � is
any function. A distributedrepresentationof dimension�

canrepresenttheresponseof � neurons.
The world centered and body centered representations

arethesameonly in thetrivial casewheretheentireexter-
nalworld is theonly singleobjectfor cognition.Thereis no
needto recognizedifferentobjectsin theworld. A thermo-
statis anexample.Thecomplex world aroundit is nothing
morethana tempratureto it. Sincecognitionmustinclude
discrimination,cognitionitself is not neededin sucha triv-
ial case. Otherwise,body centeredrepresentationis very
differentfrom a world centeredrepresentation.Somelater
(laterin processingsteps)bodycenteredrepresentationscan
have a morefocusedcorrespondenceto a world conceptin
amaturedevelopmentalrobot,but they will neverbeidenti-
cal. For example,therepresentationgeneratedby a view of
aredappleis distributedovermany corticalareasand,thus,
is not thesameasahumandesignedatomic,world centered
symbolicrepresentation.

A developmentalprogramis designedafter the robot
bodyhasbeendesigned.Thus,thesensorsandeffectorsof
therobotareknown, andsoaretheirsignalformats.There-
fore, thesensorsandeffectorsaretwo majorsourcesof in-
formationfor generatingdistributedrepresentation.

Another sourceof information is the internal sensors
andeffectorswhich may grow or die accordingto the au-
tonomouslygeneratedor deletedrepresentation.Examples
of internaleffectorsincludeattentioneffectorsin a sensory
cortex andrehearsaleffectorsin a premotorcortex. An in-
ternalattentioneffectorsareusedfor turningon or turning
off certainsignallinesfor, e.g.,internalvisualattention.Re-
hearsaleffectorsareusefulfor planningbeforeanactionis
actuallyreleasedto themotors.Theinternalsensorsinclude
thosethatsenseinternaleffectors.In fact,all theconscious
internaleffectorsshouldhave correspondinginternal sen-
sors.

It seemsthata developmentalprogramshouldusea dis-
tributed representation,becausethe tasksare unknown at
the robot programmingtime. It is natural that the repre-
sentationin earlierprocessingis verymuchsensorcentered
andthat in laterprocessingis very mucheffectorcentered.
Learnedassociationsmapperceptuallyvery differentsen-
sory inputsto thesameequivalentclassof actions.This is
becausea developmentalbeing is shapedby the environ-
mentto producesucha desiredbehavior.

On the other hand,an effector centeredrepresentation
cancorrespondto a world objectwell. For example,when
the eyesof a child sense(see)his father's portrait andhis
earssense(hear)a question“who is he?” The internally
primedactioncanbe any of the following actions:saying
“he is my father,” “my dad,” “my daddy,” etc. In this ex-
ample,the later actionrepresentationcancorrespondto a
world object,“f ather,” but it is still a (body centered)dis-
tributedrepresentation.Further, sincethegeneratedactions
are not uniquegiven differentsensoryinputsof the same
object, thereis no placefor the brain (humanor robot) to
arriveatauniquerepresentationfrom awidevarietyof sen-
sorycontexts that re�ects theworld thatcontainsthesame
singleobjectaswell asothers.For example,thereis noway
for thebrainto arriveatauniquerepresentationin theabove
“f ather” example. Therefore,a symbolicrepresentationis
not suitedfor a developmentalprogramwhile a distributed
representationis.

6 Completeness

The performanceof a practicaldevelopmentalrobot is
limited by the following � ve factors: (1) sensors,(2) ef-
fectors,(3) computationalresource,(4) developmentalpro-
gram, and (5) how the robot is taught. For example,al-
thoughtheDav robotbody, shown in Fig. 5, has43degrees
of freedom,it is far from a humanbody, even in just the
degreeof freedomalone.Furtherdiscussionof theseprac-
tical issuesis beyondthescopeof this paper(the readeris
referredto [6]). Here,we addresstheissueof fundamental
theoreticlimit of performance,assumingthattheabove� ve
factorscanimprovecontinuouslywithout a �x edbound.



Figure 5. Dav developmentalrobothouse-built at MSU.

Can a developmentalrobot understandany concept,
say, “left,” “right,” “good,” “bad,” and a future concept
“Internet-plus?” Any questionof this naturedoesnot en-
tail asimpleyesor noanswer. Understandinghasa degree.
Thehigherthenormthatanagent's mappingcanreachon
asubject,themoresophisticatedits understandingis.

A naturalquestionis: Cana developmentalrobot learn
all possiblenew concepts?This is thecompletenessissue.

De�nition 7 A typeof agent is conceptuallycompleteif it
canactuallyreach thehumanperformancenormof anyage
grouponanyconceptwithouthumanreprogramming.

If a robot is not conceptuallycomplete,it cannotlearnall
the conceptsthat a humancan. We apply the restriction
“without reprogramming”sincehumanreprogrammingal-
lows thehumanto understandnew conceptsandthenpro-
graminto amachine,but themachinedoesnotreallyunder-
standit.

Why is this questionimportant? The traditional AI
is basedon formal logic with a symbolic representation.
Gödel [24] proved that certain questionscannot be an-
sweredcorrectlyby any formal system.Turing [25] proved
that thereexists no programcan decidecorrectly, in a �-
nite numberof steps,that any program

�

with input �

will halt or run forever. Philosopherssuchas Lucas[26]
have claimedthatmachinesareinferior to humansbecause
a humancan“step outside”the limitation of logic. Math-
ematicianRogersPenrose[27][28] usedGödel theoremto

supporthis view thatany algorithmicprocedurehasa fun-
damentallimit becausemathematical“insight” that math-
ematiciansuseis not algorithmic. Sincea developmental
programcannotavoid beingalgorithmicin somesense,any
developmentalrobotcouldrun into a fundamentalproblem
if Penrosewascorrect.

Canamachinegobeyondformal logic?Thefactthatan
algorithmis basedon formal logic doesnot preventit from
“steppingoutside”the formal logic. Humansarebasedon
biology but thatdoesnotpreventhumansfrom understand-
ing biology from outside.

A major problemwith the traditional manualdevelop-
mentparadigmis that any machinefrom this paradigmis
world conceptbounded.

De�nition 8 A programmedworld conceptis a symbolic
representation

�


 ��� � � � � � � � � ����� � , where the meaningof
someor all the attributesare de�ned by the humanpro-
grammer.

In the manualdevelopmentparadigm,internal representa-
tion abouttheworld is programmedin. Thus,sucha repre-
sentationgivesonly programmedworld concepts,whether
learningis usedlateror not. Typically, aprogrammedworld
concept

�

correspondsto the output from a humanpro-
grammedprocedure

�

thattakesensoryandeffectorsignals
asinput andtheattributesof

�

asoutput. Thehumanpro-
grammermustknow themeaningof

�

, otherwise,thereis
noway for him to program

�

.

De�nition 9 An agent is conceptuallyboundedif there
exists a �nite set of programmedworld concepts� 


�

�

�+�

�

� � � � � �

�

�
" , so that all the attributesof internal repre-

sentationare functionsof theconceptsin � only.

In other words, � includes all the dependent“vari-
ables” of internal representation.For example, if � 


� apple� banana" . The the internal representationcancon-
strainany function of “apple” and“banana,” but it cannot
createanew concept,say, “pear.”

We havethefollowing theorem:

Theorem1 Any agent developedby the manualdevelop-
mentparadigmis conceptuallybounded.

Proof. In themanualdevelopmentparadigm,theconcepts
aredesignedby the programmerbasedon the given task.
During a limited time of programming,hecanonly design
a �nite conceptset � . All the internal resultsgenerated
by the robot during theautomaticexecutionstagemustbe
dependenton � only. Thus, any robot from the manual
developmentparadigmis conceptuallybounded.�

Obviously, a conceptuallyboundedrobot is not concep-
tually completesinceit cannotlearnany new conceptthat
is not includedin the world conceptset � . This result is
statedasthefollowing theorem:



Theorem2 Any agent developedby the manualdevelop-
mentparadigmis not conceptuallycomplete. �

As RogerPenrosepointedout, humanscaninventnew
mathematics.They do so basedon new observations,and
new conceptsthat are basedon new observations. When
they make new observationsand discusswith colleagues,
they are mentally developing. They form new concepts
basedon new phenomenaandnamethemusingnew words
or new word combinationsthatwe have notusedyet. They
dousealgorithmicrules,but thoseruleshavenew meanings
whenthey areappliedto new concepts.

Now, a questionthat is somewhat moredif�cult to an-
sweris: “Is a developmentalrobot conceptuallycomplete,
if thecapabilityof the� vefactorsis not limited?” Notethat
we do not de�ne a conceptin termsa meaningunderstood
by a developmentalrobot. Theway a developmentalrobot
treatsa conceptis by generatingbehaviors externally from
the context that relatedto the concept. Thus, the concept
hereincludesanything,correctandfalse,known by human
now andthosethatwill beknown later.

Theorem3 A developmentalrobot is conceptuallycom-
plete, if all requiredalbeit �nite capabilitiesof the�ve fac-
torsaresatis�ed.

Proof. The proposednew paradigmfor a developmental
agentaimsto realizeamappingof anembodiedagent,from
context space 2 to action space � . To prove the theo-
rem, we realizethat a humanbeing is a time varying (bi-
ological) mapping

�

����� as that in Eq. (3). An agent is
conceptuallycompleteif it can reachthe norm of human
performanceof any agegroup. Supposethat human-level
sensors,human-level effectors,human-level computational
resource,human-level developmentalprogramandhuman
teachingenvironmentare all given. If humanagentscan
reachthe performanceabouta given concept,a robot can
too, providedthat the � ve factorscollectively give a setof
suf�cient conditions. In fact, they do, sincethey partition
thespaceandtimeof anagentinto � veparts,nothingis left
out: at the birth time, the robot is divided into four parts:
sensors,effectors,computationalresourceanddevelopmen-
tal program.After thebirth time,theexperienceof therobot
is includedin the�fth factor:how therobotwastaught. � .

Yes,it takesa lot of futurework in termsof the� ve fac-
torsto greatlyraisethenormof developmentalrobots.The
mostconceptualchallengingfactor is probablythe devel-
opmentalprogram. Other four factorsare also extremely
challenging.Nevertheless,a developmentalrobot, theoret-
ically describedhere,is conceptuallycomplete,compared
with human,in thesensediscussedabove.

Therefore,a developmentalrobot is ableto stepoutside
theformal logic system.It is alsoableto stepoutsideof any
scienti�c subject.It is ableto inventnew mathematics,if it

hasreachedthenormof theadulthumanagegroup. It can
do all thesebecauseit can form new representationinter-
nally basedonsensoryinputsandeffectorexperiences,just
likewhatahumandoesin thesamesituation.Theessenceis
“mentally developing” for new observationsandconcepts.
This is not realizableby just adjustingparametersfrom a
statichumandesignedrepresentation,norby switchingsys-
temsfrom a �x ednumberof humandesignedstaticformal
systems,sincethey still correspondto a single�x ed � .

Designingandevaluatingtestsfor humanchildren is a
major task of a �eld called psychometrics. As Howard
Gardnerput in his book Multiple Intelligences[29], hu-
man intelligenceis multiple, including linguistic, logical
mathematical,musical,bodily kinesthetic,spatial,interper-
sonalandintrapersonal.We arguedthatdevelopmentalca-
pabilitiescanserveasa uni�ed metricsfor machineintelli-
gence[30]. It is expectedthatpsychometrictestsfor human
children,suchasBayley Scalesof Infant Development[31]
wouldbeusedfor testingmentallydevelopingrobots.

7 Conclusions

This paperdoesnot describehow to constructa devel-
opmentalrobot, nor how to write a developmentalpro-
gram. Instead,it addressessomebasic theoreticalissues
thathavenotbeensolvedby thetraditionalmentaldevelop-
mentparadigmandhave not beenestablishedfor the new
autonomousdevelopmentparadigm. Startingfrom a new
SASE agentmodel, we proposethat a mentally develop-
ing robot is not a function of tasks,but only of ecological
conditions.This taskindependentpropertyallowsusto for-
mulatementaldevelopmentas incrementalapproximation
for mappingfrom thespaceof contexts to thespaceof ac-
tion contexts. This embodied,task-independentde�nition
of the goal of mentaldevelopmentis consistentwith that
of biological mentaldevelopment. We are careful not to
introducea valuefunctionsinceany suchfunctionhasun-
avoidablefundamentallimitations. The goal of life varies
from personto person.It is hardfor many peopleto accept
thatthegoalof life is to spreadgenes[32].

In thepast,thedifferencebetweensymbolicrepresenta-
tion anddistributedrepresentationusedby neuralnetwork
modelsand regressionmethods(suchas SAIL [23]) was
consideredby many researchersassimply a matterof style
or preference.We arguedin this paperthat in thenew au-
tonomousdevelopmentparadigm,the symbolic represen-
tation is not suitable,giving a supportfor the useof bi-
ologically motivated,non-symbolic,non-logic, non-world
semantictypeof representation,whichwecalleddistributed
representationhere.

Finally, we discussedthe completenessof developmen-
tal robotsandwe establishedthat any agentresultedfrom
the traditional manualdevelopmentparadigmis concept



boundedbut themodelof developmentalrobotshasno the-
oretical limit in reachingthe humanperformancenorm in
the future. It is expectedthat future humanteacherswill
play an importantrule in teachingthe future developmen-
tal robots,sincethe robot developmentallearningwill de-
pendon thevastamountof humanknowledgeaccumulated
throughmany generationsof humanhistory. Of course,
practicalissuesof the � ve factorsareof greatchallengeto
our futureresearchers.
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