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Abstract

This paperintroducesa theoryaboutmentallydevelop-
ing robots. The limitation of the traditional agent model
is raisedand a new SASEagentis proposedpasedon our
SAlLdevelopmentatobot. We formulatethe manualdevel-
opmentparadigmand autonomouslevelopmenparadigm.
The performanceof a developmentatobot is thenformu-
lated as reading the norm of a humanage group. The
frameavork of autonomouslyeneiting brain® representa-
tionis investigatedn mathematicaterms.Someedniques
of such a representatiorare providedbasedon our SAIL-2
developmentahlgorithm. We establishthe conceptualim-
itation of symbolicrepresentatiorand from the limitation
weproposethat no developmentatobotcanusea symbolic
representation Finally, the completenessf developmental
robotis investigatedconditionedon ve factors.

1 Intr oduction

In his pioneeringpaperpublishedin 1950titled “Com-
puting MachineryandIntelligence”[1], Alan Turing envi-
sioneda machinethatcanlearn,which hecalled“child ma-
chine’! Hewrote:

“Our hopeis thatthereis solittle mechanisnin
thechild brainthatsomethindik e it canbeeasily
programmed.The amountof work in the educa-
tion we canassumeasa rst approximationto
be muchthe sameasfor the humanchild”

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

1The term “brain” is usedfor a developmentalrobot, but we do not
claimthatthebrainof a developmentatobotis similarto abiologicalone.

“imitation game, now calledthe Turing Test,to testit. The
Turing Testhad greatlyin uenced the modernday Al re-
searctthatfollowed[2].

Not until the 1980's had the importanceof embod-
iment receved sufcient recognitionin the Al commu-
nity. Thebehaior-basedapproachpopularizedoy Rodnegy
Brooks[3] andothers[4][5], putsituatecembodimenback
tothe Al stageasit deseres.

However, themindandits autonomouslevelopmentdid
not recevve sufcient attentionin the arti cial intelligence
community until the late 1990's when SAIL robot [6][7]
andDarwinV robot[8] startedexperimenton autonomous
cognitive development.A 2001 articlein Sciencg9] sum-
marizedthe pivotal role that mental developmentshould
play in machineintelligence.

Traditionalresearciparadigmsn machindearninghave
been fruitfully informed by models of human learning.
However, existing behavior-basedearningtechniquesypi-
cally appliedto robotlearning(e.g.,[10]) differ fundamen-
tally from humanmentaldevelopment Suchdifferencesre
still notwidely understoodFurther thereis aneedfor basic
theoreticframework for the new developmentaparadigm.

This article intendsto take up theseissues. It doesnot
discusshow to designa developmentabrogram. The the-
oretical frameawork presentechereis hopefully bene cial
to answeringsomewidely concernedconceptuabjuestions
andprobablyusefulfor designingdevelopmentaprograms.

We rst introducea new kind of agentthe SASEagent,
for mental development. Next, we study paradigmsfor
constructingman-madesystemsmanualand autonomous.
Section4 discusses formulationfor cognitionandbehar-
ior. Section5 bringsup the centralissueof representation,
andestablisheshe inapplicability of symbolicrepresenta-
tion to mentaldevelopment. Section6 is dedicatedo the
completenesissueof the developmentaparadigmin light
of naturalintelligence. Section7 providesconcludingre-
marks.
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Figure 1. Theabstractodelof atraditionalagentwhich

percevesthe externalervironmentandactson it (adapted
from Russell& Norvig [11]). Thesourceof perceptiorand

thetamgetof actiondo notincludethe agentbrainrepresen-
tation.

2 SASEAgents

De ned in the standardAl literature (see,e.g., an ex-
cellenttextbookby Russell& Norvig [11] andanexcellent
suney by Franklin[13), anagentis somethingthatsenses
and acts, whose abstractmodel is shavn in Fig. 1. As
shawvn, theervironment of anagentis theworld outside
theagent.

To be precisein our further discussionwe needsome
mathematicahotation. A context of anagentis a stochas-
tic procesq13], denotedby . It consistsof two parts

, Where denoteghe sensoryector
attime which collectsall signals(values)sensedy the
sensorgf the agentattime the effectorvectorcon-
sisting of all the signalssentto the effectorsof the agent
attime . Thecontet of theagentfrom thetime (when
the agentis turnedon) up to a latertime is a realiza-
tion of the randomprocess . Simi-
larly, we call a sensorycontext and

anactioncontet.

The setof all the possiblecontexts of an ervironment

is calledthe context domain . As indicatedby Fig. 1,
ateachtime , the agentsensewector from the envi-
ronmentusingits sensorsandit sends asactionto its
effectors.Typically, atary time theagentusesonly asub-
setof the history representedn the context, sinceonly a
subseis mostlyrelatedto the currentaction.

Themodelin Fig. 1is for anagenthatpercevesonly the
externalervironmentandactson the externalervironment.
Suchagentsrangefrom a simplethermostato a comple
spaceshuttle. This well acceptednodelplayedan impor-
tantrole in agentresearchandapplications.Unfortunately
this modelhasa fundamentalaw: It doesnot senséts in-
ternal“brain” activities. In otherwords,its internaldecision
processs neitheratargetof its own cognitionnor a subject
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-avare self-efecting (SASE) agent. It
interactswith notonly the externalenvironmentbut alsoits
own internal(brain) environment: the representatioof the
brainitself.

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

De nition 1 A self-awae and self-efecting (SASE)agent
hasinternal sensos and internal effectors. In additionto

interactingwith the externalenvironmentjt sensesomeof

its internalrepresentatiorasa part of its perceptualprocess
and it genemtesactionsfor its internal effectors as a part

of its actionprocess.

Using this new agentmodel,the sensorycontext of a
SASEagentmustcontaininformationaboutnot only exter-
nal ervironment , but alsointernalrepresentation . Fur
ther, the actioncontext of a SASEagentmustinclude
internaleffectorsthatacton

A traditionalnon-SASEagentdoesuseinternal repre-
sentation to make decision. However, this decisionpro-
cessand the internal representation is not includedin
whatis to be sensedperceved,recognizeddiscriminated,
understoodandexplainedby the agentitself. Thus,a non-
SASE agentis not ableto understandvhatit is doing, or
in otherwords, it is not self-avare. Further the behaiors
thatit generategrefor the externalworld only, not for the
brainitself. Thus,it is notableto autonomouslyhangsts
internaldecisionstepseither For example,it is not ableto
modify its valuesystembasedon its experienceaboutwhat
is goodandwhatis bad.

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

3 Machine DevelopmentParadigms

The traditional paradigmfor developing human engi-
neeredsystemsis manual. The distinctionsbetweenthis
traditionalengineeringparadigmandthe new autonomous
developmenparadigmarestill notwell understoodHerea
mathematidormulationis proposedo delineatesuchdis-
tinctions.

An agentcanperformone, multiple or an opennumber
of tasks. The taskhereis not restrictedby type, scope,or
level. Therefore,a task canbe a subtaskof another For
example,makinga turn at a corneror navigating arounda
building canbothbeatask.

Fig. 3 illustrates the traditional manual development
paradigmandthe autonomouslevelopmentparadigm.

3.1 Manual development

Theterm“manual” refersto developingtask-speci car
chitecture representatiomndskills throughhumanhands.
Themanualparadigmhastwo phasesthe manualdevelop-
mentphaseandthe automaticexecutionphase.In the rst
phaseahumandeveloper isgivenaspeci ctask tobe
performeddy themachineanda setof ecologicalconditions

aboutoperationalervironment. The humandeveloper
rst understandshe task. Next, he designsa task-speci ¢

architectureandrepresentatioandthenprogramgheagent

In mathematicahotation, we considera humanas a
(time varying) functionthat mapsthe giventask andthe
setof ecologicalconditions  to agent :

1)

In the secondautomaticexecutionphasethe machineis
placedin the task-speci csetting. It operatesy sensing
andacting. It maylearn,usingsensorydatato changesome
of itsinternalparameterstHowever, it is thehumarnwho un-
derstandshe taskandprogramsts internalrepresentation.
Theagentustrunsthe program.

3.2 Autonomousdevelopment

Theautonomouslevelopmeniparadigmhastwo phases,
rst the constructionand programmingphaseand second
theautonomouslevelopmentphase.

In the rst phasetasksthatthe agentwill endup learn-
ing areunknown to the robot programmer The program-
mermightspeculatessomepossibletasks put writing atask-
speci c representatiois notpossiblewithoutactuallygiven
a task. The ecologicalconditionsunderwhich the robot
will operateg.g.,land-basear underseasareprovidedto
the humandeveloperso that he candesignthe agentbody
appropriately He writes a task-nonspeci ¢qprogramcalled
developmentaprogram, which controlstheproces®f men-
tal development.Thusthenewbornagent is afunction
of asetof ecologicalconditionsonly, but not thetask:

(@)

whereweaddedhetimevariable tothetimevaryingagent
, assuminghatthebirth timeis at

After therobotis turnedon at time , therobotis
“born” andit startsto interactwith thephysicalervironment
in realtime by continuouslysensingandacting. This phase
is calledautonomouslevelopmentphase.Humanteachers
canaffect the developingrobot only asa part of the envi-
ronment,throughthe robot's sensorsand effectors. After
thebirth, theinternalrepresentatiors not accessibl¢o the
humanteacher

Variouslearningmodesareavailableto the teacherur-
ing autonomouslevelopmentHe canusesupervisedearn-
ing by directly manipulating(compliant) robot effectors
(see.e.q.,[7]), like how ateacheholdsthe handof a child
while teachinghim to write. He can use reinforcement
learningby letting therobottry onits own while theteacher
encourage®r discouragegertainactionsby pressingthe
“good” or “bad” buttonsin theright context (see.e.g.,[16]
[17]). Theervironmentitself canalsoproducereward di-
rectly. For example,a “sweet” objectanda “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 acquiredearlyareusedlater by therobotto facilitate
learningnew tasks.

4 Robot Cognition in Continuous Context

How doesa developmentalobot“know” thatit is given
ataskor it is performinga particulartask?“Knowing” has
adeggree,andit dependon mentalmaturity. For example,
at about8 monthsof age,babiesreachfor an objectin the
lastplacethey foundit evenwhenthey have seenit moved
to a new place. This is called A-not-B error [19]. Cogni-
tive and behavioral capabilitiesgraduallydevelop through
experience.

Aristotle (448-380BC) insistedthatthemindis a“blank
slate”atbirth, atabula rasa whichis, aswe know now, not
accurateaccordingo thestudiesin developmentapsychol-
ogy [20] [21]. He s right, however, in recognizingthatthe
experience®f the individual are of paramounimportance
andin hisidentifyingthebasicprinciple of associationDe-
cartess “rational approach”in the mid-18005s have been
discardedy modernscientistsjn favor of obsenationalor
empiricalmethodsf studyingthemind. How dowe de ne
andmeasureognitive capabilitiesof ourrobots?Following
thescienti ¢ traditionof carefulquanti cation,clearde ni-
tion and empirical obsenation, we proposethe following
frameawork for cognitionby developmentatobots.

First, cognitionrequiresa discriminationamongsensory
inputsanda display of the discriminationthroughactions.
Thus,we mustaddresghe conceptof discriminatve capa-
bility:

De nition 2 Givena developmentabgentat time , sup-
posethattheagentproducedifferentactioncontexts  and
, fromtwo differentcontexts
and , respectivelylf  and
are consideeddifferentby a socialgroup (humanor robot),
conditionedon  and , then,wesaythattheagentdis-
criminatestwo contexts  and  in the society Other
wise we saythat the agent doesnot discriminate  and
in thesociety

The above de nition allows variation of action contet
from the samecontext . In otherwords, evenif differ-
ent robotsproducedifferentactionsin the sametest, they
areconsidereatorrectif theactionsareconsideredocially
equivalent. For example,no two humanshave exactly the
samevoice but they canpronounceperceptuallyequivalent
words.

It is not too dif cult to discriminatejust two particular
contets. We desireanagentto produceonly equivalentac-
tionsfrom all theequivalentcontexts. Thereis a specialbut

very large classcalled the unknownclasswhich includes
all the contets that the agentat this ageis not expected
to understand.Unlike a traditional classi er, we requirea
developmentatobotto beableto dealwith all possiblecon-
texts. Thatis, a developmentagentis supposedo produce
a correctaction evenfor contxtsin  thatit cannotdeal
with con dently. For example,if the context means‘what

is this?” the correctactionfor a baby robot can be “do-

ing nothing” or, for a morematurerobot, saying“l do not
know” or anything elsethatis equivalentsocially There-
fore, the extent of the context domain is very important
to the succes®f mentaldevelopment.If theroboternviron-

ment is constrainedsigni cantly, the resulting context
domain might not be ableto develop highly intelligent
robots.

De nition 3 Givena contet domain
bleactioncontts , anormisamapping
denotedby

anda setof possi-
from to ,

andit is de ned by a social group. Theagentmappingof
anagentattime is alsoa mappingdenotecdby

(3)

A testfor an agent is to let the agent experiencemul-

tiple contets. An evaluationof the performanceds a mea-

sure that characterizeghe agreemenbf the two mappings
and throughtests.

Sincetasksareunknownn during the robot programming
time, during later mental development,a developmental
programmustgenerateninternalrepresentatioandsome
architecturé'on the y” for ary taskthattherobotis learn-
ing, asshavn in Fig. 3.

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

Differentagegroupsof developmentatobothave corre-
spondingnorms. If a developmentarobothasreachedhe
norm of a humangroup of age , we cansaythatit has
reachecequivalenthumanmentalage .

5 Internal Representation

Autonomougeneratiorof internalrepresentatiois cen-
tral to mentaldevelopment. The mapping in Eq. (3)
canbe decomposeihto threemappings:Oneis time vary-
ing representationmapping , which generatesnternal
representation , from context

(4)



Therepresentation  is generatedasednwhatwe call
developmentaprinciples,from the experiencandicatedby
Some ne architectureis also representedn

includesfor example,neurongor equivalently, lters
or featuredetectors)and connectionsamongthe neurons.
Well organizedneuronsform corticeswhich in turn form
brainareasandregions(or equivalently, regressiortreesor
mappings).In the SAIL-2 developmentapbrogram thein-
ternalrepresentatioincludessensorymappingswhich use
the staggeredocal PCA (principal componeng@nalysis)to
approximatehefunctionof earlysensorycorticeg22], and
cognitive mappingsthat use incrementalhierarchicaldis-
criminantregression(IHDR) [23] to approximatehe func-
tion of later processingortices.

Theresponseomputatiorfunction

sponseof neuronsin the representation
context

computeghere-
for the input

Theresponseorrespondso the ring signalsof neurondn
thecortices.If therepresentationhangesthedimensiorof
responsalsodoesaccordingly

Thetime varyingactionmapping mapscontext ,
response oftherepresentation  ontoactioncontext:

(5)

The actionmappingincludesa hierarchyof valuesystems,
which selectsanactionamongmultiple actioncandidates.
For simplicity, the above notationwe usedis in a batch
fashion.Any practicaldevelopmentaprogrammustbein-
cremental.Eachsensorydata mustbe usedto update
the internal representation which in turn is usedfor
computingresponse  andaction . As soonasit is
done, is discardechndthenext sensonjinput is
receved. Thereforetheentirecontet from birth to current
time is not availableat time andthe developmental
programcannotafford to storeit either The internalrep-
resentation is crucialto keeponly necessarynforma-
tion aboutwhat hasbeenlearnedso far. The incremental
versionof a developmentaprogramcanbe representety
threemappinggwe usethe samemappingletters): Repre-
sentatiorupdatingfrom currentsensoryinput

Responseomputation:

andactiongeneration:

Fig. 4 showvs how internal representatioris incrementally
updatedand usedby threemappings and . The

Internal
representation

()

Figure 4. The three mappingsinside a developmental

agent: representatiorupdating , responsecomputation
, andactiongeneration .
action generatedby the agentaffectstheworld

and, thus, affects the sensoryinput in the next time
instant. It is importantto notethatit is desirablethat all
effectorshave adedicatedensosothattheagentcansense
whatit is doing.

Next, we turn to the issueof the form of internal rep-
resentationTraditional Al systemaisesymbolicrepresen-
tation for internal representatiomnd decisionmaking. Is
symbolicrepresentatiosuitedfor a developmentakobot?
In the Al researchtheissueof representatiohasnot been
sufciently investigatedmainly dueto thetraditionalman-
ual developmentparadigm. Therehasbeena confusionof
conceptsin representationespeciallybetweenreality and
the obsenationmadeby the agents.To be precisewe rst
de ne someterms.

A world conceptis a conceptaboutobjectsin the ex-
ternal environmentof the agent,which includesboth the
ervironmentexternalto the robotandthe physicalbody of
therobot. The mind concept is internalwith respecto the
nenoussystem(includingthebrain).

De nition 4 A world centeredrepresentations sud that
everyitemin therepresentatiorcorresponds$o a world con-
cept.A bodycenteredepresentationis suc thateveryitem
in therepresentatiorcorrespondgo a mindconcept.

A mind conceptis relatedto phenomenabsenablefrom
therealworld, but it doesnot necessarilye ect thereality
correctly It canbeanillusion or totally false.

De nition 5 A symbolicrepresentatioris abouta concept
in theworld and,thus,it is world centeredlt is in theform

where (optional)is thenametokenof
theobjectand , ..., aretheuniquesetof attributes
of the objectwith prede nedsymbolicmeanings.

For example, Apple weight color is a symbolicrep-
resentatiorof a classof objectscalledapple. Apple-1
0.25g red is a symbolicrepresentationf a concreteob-
ject called Apple-1. The setof attributesis uniquein the
sensehatthe object's weightis given by the uniqueentry

2Theterm“mind” is usedfor easeof understandingWe do not claim
thatit is similar to the humanmind.



. Of course,other attributes suchas con dence of the
weightcanbe used.A typical symbolicrepresentatiomas
thefollowing characteristics:

1. Eachcomponentn therepresentatiohasa prede ned
meaningaboutthe objectin the externalworld.

2. Eachattribute is representedyy a uniquevariablein
therepresentation.

3. Therepresentatiois uniquefor asinglecorresponding
physicalobjectin the externalervironment.

World centeredsymbolic representatiorhas beenwidely
usedin symbolicknowledgerepresentationjatabasesx-
pertsystemsandtraditional Al systems.

Anothertype of representatioms motivatedby the dis-
tributedrepresentatiom the biologicalbrain:

De nition 6 Adistributedrepresentations notnecessarily
aboutany particular objectin the ervironment. It is body
centeed,grownfromthe body's sensos and effectors. It is

in a vectorform , whee (optional)

denotesthe vectorand correspondgso

eithera sensoryelemente.g., pixel or receptor)in thesen-
soryinput,a motorcontrol terminalin theactionoutput,or

a functionof them.

For example,supposehat animageproducedby a digital
cameras denotedby a columnvector , whosedimension
is equalto the numberof pixelsin the digital image. Then
is a distributedrepresentatiorandsois where is
ary function. A distributedrepresentatioof dimension
canrepresentherespons@f neurons.

The world centeed and body centeed representations
arethe sameonly in thetrivial casewherethe entireexter-
nalworld is theonly singleobjectfor cognition. Thereis no
needto recognizedifferentobjectsin theworld. A thermo-
statis anexample.The complex world aroundit is nothing
morethanatempraturdo it. Sincecognitionmustinclude
discrimination,cognitionitself is not neededn suchatriv-
ial case. Otherwise,body centeredrepresentations very
differentfrom a world centeredepresentationSomelater
(laterin processingtepshodycenteredepresentationsan
have a morefocusedcorrespondence a world conceptin
amaturedevelopmentatobot,but they will neverbeidenti-
cal. For example therepresentatiogeneratedby a view of
aredappleis distributedover mary corticalareasand,thus,
is notthe sameasahumandesignedatomic,world centered
symbolicrepresentation.

A developmentalprogramis designedafter the robot
bodyhasbeendesignedThus,the sensorandeffectorsof
therobotareknown, andsoaretheir signalformats.There-
fore, the sensorandeffectorsaretwo major sourcesof in-
formationfor generatinglistributedrepresentation.

Another sourceof information is the internal sensors
and effectorswhich may grow or die accordingto the au-
tonomouslygeneratear deletedrepresentationExamples
of internaleffectorsincludeattentioneffectorsin a sensory
cortex andrehearsakffectorsin a premotorcortex. An in-
ternalattentioneffectorsareusedfor turning on or turning
off certainsignallinesfor, e.g.internalvisualattention.Re-
hearsakffectorsareusefulfor planningbeforean actionis
actuallyreleasedo themotors.Theinternalsensorsnclude
thosethatsensenternaleffectors.In fact,all the conscious
internal effectors should have correspondingnternal sen-
sors.

It seemdhata developmentaprogramshoulduseadis-
tributed representationbecausedhe tasksare unknovn at
the robot programmingtime. It is naturalthat the repre-
sentationn earlierprocessings very muchsensorcentered
andthatin later processingds very mucheffector centered.
Learnedassociationsnap perceptuallyvery differentsen-
soryinputsto the sameequivalentclassof actions. This is
becausea developmentalbeing is shapedby the environ-
mentto producesucha desiredbehaior.

On the other hand, an effector centeredrepresentation
cancorrespondo a world objectwell. For example,when
the eyesof a child sensgsee)his fathers portrait and his
earssense(hear)a question“who is he?” The internally
primedactioncanbe ary of the following actions: saying
“he is my father” “my dad} “my daddy’ etc. In this ex-
ample,the later action representatiorcan correspondo a
world object,“fathey” but it is still a (body centereddis-
tributedrepresentationf-urther sincethe generatedctions
are not uniquegiven different sensoryinputs of the same
object, thereis no placefor the brain (humanor robot) to
arrive atauniguerepresentatiofrom awide varietyof sen-
sory contets thatre ects theworld that containsthe same
singleobjectaswell asothers.For example thereis noway
for thebrainto arriveatauniquerepresentatiom theabove
“father” example. Therefore,a symbolicrepresentatiotis
not suitedfor a developmentabrogramwhile a distributed
representatiois.

6 Completeness

The performanceof a practicaldevelopmentalrobot is
limited by the following ve factors: (1) sensors(2) ef-
fectors,(3) computationatesource(4) developmentapro-
gram, and (5) how the robot is taught. For example, al-
thoughthe Dav robotbody, shovnin Fig. 5, has43 degrees
of freedom,it is far from a humanbody, evenin just the
degreeof freedomalone. Furtherdiscussiorof theseprac-
tical issueds beyond the scopeof this paper(the readeris
referredto [6]). Here,we addresgheissueof fundamental
theoretidimit of performanceassuminghattheabove ve
factorscanimprove continuouslywithouta x edbound.



Figure 5. Dav developmentarobothouse-hilt atMSU.

Can a developmentalrobot understandary concept,
say “left,” “right,” “good; “bad; and a future concept
“Internet-plus?” Any questionof this naturedoesnot en-
tail asimpleyesor no answer Understandindpasa degree.
The higherthe normthatan agents mappingcanreachon
asubjectthe moresophisticatedts understandings.

A naturalquestionis: Cana developmentakobotlearn
all possiblenew concepts7his is the completenesissue.

De nition 7 A typeof agentis conceptuallycompleteif it
canactuallyreat thehumanperformancenormof anyage
groupon any conceptwithouthumanreprogramming

If arobotis not conceptuallycomplete,it cannotlearnall
the conceptsthat a humancan. We apply the restriction
“without reprogramming’sincehumanreprogrammingal-
lows the humanto understandhew conceptsandthenpro-
graminto amachine put themachinedoesnotreally under
standit.

Why is this questionimportant? The traditional Al

is basedon formal logic with a symbolic representation.

Godel [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 ary program  with input
will halt or run forever. PhilosophersuchasLucas[26]
have claimedthatmachinesareinferior to humanshecause
a humancan“step outside”the limitation of logic. Math-
ematicianRogersPenrosg27][28] usedGodel theoremto

supporthis view thatary algorithmicprocedurehasa fun-

damentallimit becausenathematicalinsight” that math-
ematiciansuseis not algorithmic. Sincea developmental
programcannotavoid beingalgorithmicin somesenseary

developmentaflobotcouldruninto a fundamentaproblem
if Penrosevascorrect.

Canamachinego beyondformal logic? Thefactthatan
algorithmis basedon formal logic doesnot preventit from
“steppingoutside”the formal logic. Humansarebasedon
biology but thatdoesnot preventhumandrom understand-
ing biology from outside.

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

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 programmedn. Thus,sucharepre-
sentationgivesonly programmedvorld conceptswhether
learningis usedateror not. Typically, aprogrammedvorld
concept correspondgo the output from a humanpro-
grammedorocedure thattake sensonandeffectorsignals
asinputandthe attributesof  asoutput. The humanpro-
grammemustknow the meaningof , otherwisethereis
no way for him to program

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

, sothat all the attributesof internal repre-
sentationare functionsof theconceptsn  only.

In other words, includes all the dependent“vari-
ables” of internal representation. For example, if
apple banana. The the internalrepresentatioran con-
strainary function of “apple” and“banand, but it cannot
createanew conceptsay “pear”
We have thefollowing theorem:

Theorem1 Any agent developedby the manualdevelop-
mentparadigmis conceptuallypounded.

Proof. In the manualdevelopmentparadigm the concepts
are designedby the programmetbasedon the given task.
During alimited time of programminghe canonly design
a nite conceptset . All the internal resultsgenerated
by the robot during the automaticexecutionstagemustbe
dependenbn  only. Thus, ary robot from the manual
developmeniparadigmis conceptuallypounded.

Obviously, a conceptuallyboundedobotis not concep-
tually completesinceit cannotlearnary new conceptthat
is notincludedin the world conceptset . This resultis
statedasthefollowing theorem:



Theorem2 Any agent developedby the manualdevelop-
mentparadigmis not conceptuallycomplete

As RogerPenroseointedout, humanscaninvent new
mathematics. They do so basedon new obsenations,and
new conceptshat are basedon nen obsenations. When
they make new obsenationsand discusswith colleagues,
they are mentally developing They form new concepts
basedn nenv phenomenandnamethemusingnew words
or new word combinationghatwe have not usedyet. They
dousealgorithmicrules,but thoseruleshave new meanings
whenthey areappliedto new concepts.

Now, a questionthatis somavhat more dif cult to an-
sweris: “Is a developmentafkobot conceptuallycomplete,
if thecapabilityof the vefactorsis notlimited?” Notethat
we do not de ne a conceptin termsa meaningunderstood
by a developmentakobot. The way a developmentarobot
treatsa conceptis by generatingoehaiors externally from
the contet that relatedto the concept. Thus, the concept
hereincludesarything, correctandfalse,known by human
now andthosethatwill beknown later.

Theorem3 A developmentalrobot is conceptuallycom-
plete if all requiredalbeit nite capabilitiesof the ve fac-
tors are satis ed.

Proof. The proposednew paradigmfor a developmental
agentaimsto realizeamappingof anembodiecagentfrom
contt space to action space To prove the theo-
rem, we realizethat a humanbeingis a time varying (bi-
ological) mapping asthatin Eg. (3). An agentis
conceptuallycompleteif it canreachthe norm of human
performanceof ary agegroup. Supposehat human-leel
sensorshuman-leel effectors,human-le&el computational
resource human-leel developmentalprogramand human
teachingervironmentare all given. If humanagentscan
reachthe performanceabouta given concept,a robot can
too, providedthatthe ve factorscollectively give a setof
sufcient conditions. In fact, they do, sincethey partition
thespaceandtime of anagentinto ve parts,nothingis left
out: at the birth time, the robotis divided into four parts:
sensorseffectors,computationatesourceanddevelopmen-
tal program.After thebirth time, theexperienceof therobot
isincludedin the fth factor:how therobotwastaught.

Yes, it takesalot of futurework in termsof the vefac-
torsto greatlyraisethe normof developmentalobots.The
most conceptuakhallengingfactoris probablythe devel-
opmentalprogram. Other four factorsare also extremely
challenging.Neverthelessa developmentakobot, theoret-
ically describechere,is conceptuallycomplete,compared
with human,in the sensaliscussedbove.

Therefore a developmentalobotis ableto stepoutside
theformallogic system.lt is alsoableto stepoutsideof ary
scienti ¢ subject.lt is ableto inventnew mathematicsif it

hasreachedhe normof the adulthumanagegroup. It can
do all thesebecauset canform new representatiointer
nally basedn sensonjinputsandeffectorexperiencesjust
likewhatahumandoesn thesamesituation.Theessenceés
“mentally developing” for new obsenationsand concepts.
This is not realizableby just adjustingparametergrom a
statichumandesignedepresentatiomor by switchingsys-
temsfrom a x ed numberof humandesignedstaticformal
systemssincethey still correspondo asingle x ed
Designingand evaluatingtestsfor humanchildrenis a
major task of a eld called psychometrics. As Howard
Gardnerput in his book Multiple Intelligences[29], hu-
man intelligenceis multiple, including linguistic, logical
mathematicalmusical,bodily kinesthetic spatial,interper
sonalandintrapersonalWe arguedthat developmentakta-
pabilitiescansene asauni ed metricsfor machineintelli-
gencd30]. It is expectedhatpsychometritestsfor human
children,suchasBayley Scalesof Infant Developmen{31]
would beusedfor testingmentallydevelopingrobots.

7 Conclusions

This paperdoesnot describehow to constructa devel-
opmentalrobot, nor how to write a developmentalpro-
gram. Instead,it addressesomebasictheoreticalissues
thathave notbeensolvedby thetraditionalmentaldevelop-
ment paradigmand have not beenestablishedor the new
autonomougievelopmentparadigm. Startingfrom a new
SASE agentmodel, we proposethat a mentally develop-
ing robotis not a function of tasks,but only of ecological
conditions.Thistaskindependenpropertyallows usto for-
mulate mentaldevelopmentasincrementalapproximation
for mappingfrom the spaceof contexts to the spaceof ac-
tion contexts. This embodied task-independerde nition
of the goal of mentaldevelopmentis consistentwith that
of biological mentaldevelopment. We are careful not to
introducea valuefunction sinceary suchfunction hasun-
avoidablefundamentalimitations. The goal of life varies
from persorto person.lt is hardfor mary peopleto accept
thatthe goal of life is to spreacdgened32].

In the past,the differencebetweersymbolicrepresenta-
tion anddistributedrepresentatiomsedby neuralnetwork
modelsand regressionmethods(suchas SAIL [23]) was
consideredy mary researcherassimply a matterof style
or preference We arguedin this paperthatin the new au-
tonomousdevelopmentparadigm,the symbolic represen-
tation is not suitable,giving a supportfor the use of bi-
ologically motivated,non-symbolic,non-logic, non-world
semantiaypeof representatiornwhichwe calleddistributed
representatiohere.

Finally, we discussedhe completenessf developmen-
tal robotsandwe establishedhat any agentresultedfrom
the traditional manual developmentparadigmis concept



boundedut the modelof developmentatobotshasnothe-
oreticallimit in reachingthe humanperformancenormin
the future. It is expectedthat future humanteacherawill
play animportantrule in teachingthe future developmen-
tal robots,sincethe robot developmentalearningwill de-
pendon the vastamountof humanknowledgeaccumulated
through mary generationsof humanhistory. Of course,
practicalissuesof the ve factorsareof greatchallengeto
our futureresearchers.
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