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Abstract

Biological organismsdisplay an astonishingcapability
to learnnew skills andadaptto dynamicervironmeris
thatfaroutperformsarny computeror robotsystem.This
papempresentanapproacho robotskill acquisitiorthat
takes conceps from developmeral theoryto structure
thelearningproblemandprovidesa mechaismto gen-
eratedevelopmentalschedulegor arobotsystemsThe
approachusesa developmental assembleto construct
reusableindtemporallyextendel actionsin asequence.
All behaior is initially constructedrom a set of in-
natecontrollaws andeventsthatdelineatecontrol deci-
sionsarederived from the patternof (dis)equilibriaon
a working subsetof sensorimotompolicies. We shaov
how this architecturecan be usedto accomplishse-
quentialknowledge gatheringand representatioasks
andprovide examplesof developmental learningusing
aquadrupedl walking robot.

Intr oduction

Biologicd systemsxhibit capabilitiesto accuire new skills
and addressnovel tasksin comgdex ernvironmentsthat far
surpassxisting computerandrobottechndogies. We pro-
posethatpartof this successs their useof innate structures
anddevelopmental meclanismsto guidelearningwhile in-
teractingwith the ervironment. In particular we propcse
thatkinematic,dynamic,andneurolagical propertiesareex-
ploited to simplify and structurelearning. Developme-
tal processesconstrucincreasingy comple representations
from a sequene of tractablelearningtasksdriven by a set
of internal and ervironmental reinforcers. In this paper
we presentan appro@h to developnental organization in
robotic systemshat is aimedat providing similar learning
andskill acauisition capabilities.

Behavior in biologicd systemsis frequerily learnal in
stagesBy Piage'saccaintthesensorimotostagein human
infants,for example,lastsroughly 24 montts (Piaget1952.
In the rst four months,re exive resposesbeyin to orga-
nize into coherentmotor stratgies, and attentioral mecta-
nismsbegin to emepge. From four to six months, primary
circular reactionsare practical. Betweea six and eightea
months,theseprimary circular reactiors leadto behaioral
modéds of the world thatapdy to “classes”of interactiors.
A cornerstondo the theorydescribingsuchobsenrationsis
thepropasitionthatcortrol knowledgecanberepresentein
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amamerthatsuppats generéization. This pape exploresif
acommitmento such gur ativeschemgacanleadto theac-
quisitionof hierarchic&controlknowvledgethatcanbe used
to similar advantagein the organization of robotbehaior.

In this pape we presenanappro&h to developmentalor-
ganizationin robaic systemghatusesa developmental as-
sembleito constructaindre-usebehaioral schematdlL akoff
1984 Mandler1992. Startingfrom aninitial setof gura-
tive scheméa, correspoding looselyto innatere exes,this
apprach acquires new schenata throughinteractionwith
the world unde the guidarce of a developmental strateyy.
We shav how this apprach canyield not only improve-
mentsin learningcapailities alonga developmentaltrajec-
tory but alsoleadsto the acqusition of control knowledge
andabstracknowledgerepresentationgrourdedin behav-
ioral skills. The operationof this approachandits potential
benets areillustratedwith a sequene of experimentson a
quadupedrobotplatform.

Structur esfor Learning and Development-
Lessonsfrom Developmental Theory

Investigating developrrent in biology reveals a number of
con@ptsthat areimportantfor its sucessandthat, if cap-
turedin an appropiate computationalframework, canalso
be usedto constructrobot cortrol systems. In particulay
studiesin biology and psychdogy shov how the structure
of theorganismanddevelopmentalmechaismsareusedef-
fectively to reducethe compleity of skill acqusition.
Consideing, for example,aninfantasanadative system
in anopen ervironment,the problem of establishingamono-
lithic control systemis truly dawnting. However, studiesof
developmentshawr thatcomplex sensorimotoprocessesan
temporarily compromiseexpressive power to reducecom-
plexity. Managdng this tradedf effectively canleadto com-
putatioral tractability in the shortterm and grownth toward
optimal behaior in the long term. We adwocate the rel-
atively optimistic position that traditionsin robotics, con-
trol theory Al, andlearningareadegiatecompuationalac-
courts of someaspectof behaioral development andcan
thusform a basisfor a developmentalrobotcontrolsystems.

Developmental Theory

Epigeneticdevelopmentaltheay proposeshatprimitive re-
e xes,expressedsneuro-amatomicé structuresarethe ba-



sic building blocks of behaior. In this modd, behaior is

constructd from combirations of re exesin responseto

reinforcemat. Ontogeneticdevelopmental theorysuggests
that coardinatedbelavior appearsand subseqantly disap-
pearsin orderto sene adevelopmental function.

We cortendthatre exessene asanepiganeticcomputa-
tional basisandthat someare short-lived and sene an on-
togeretic knowledge formationrole. For example, the step-
ping re ex is likely the antecéentof walking, but no sim-
plere exive precusorhasbeen identi ed for reacting tasks
which require multiple coadinatedre exes (Asymmetric
Tonic NeckRe ex (ATNR), palmargraspre eX, distal-curl
re ex, Moro (clasp)re ex, startk, etc.). To understandde-
velopmentalprocessesve needthereforeto undestandhow
knowledgeandstructure interactover time to acauire skills.

Biologicd obsenations anddevelopmental theoriessug-
gesta numbe of essentialcompmentsof developmental
structure namdy the mechaismwhich moduatesphysical
behaior, re exesasthe building blocks of behaior, matu-
rationalmechaismsthatguidedevelopment,andalearning
systenthatencgsulatesandre-uses<ontrolknowledge.

Kinematic and Dynamic Structure In humars andother
biological orgarisms, kinematic propeties of the skeleton
andthe dynamicsof the musculatue stronglyin ue ncede-
velopment. For example, Bizzi et. al. suggesthatmuscle
dynamics in ue nce the suitability of motor control (Bizzi,
Chapple, & Hogan 1982).

Robdicists have similarly usedkinemdics and dynam-
ics to fashionmechanismswith apgropriatepropetiesto fa-
cilitate behavior. For instance,Salistury (Salistury 1982)
designe the Starford/JPL robot handto be kinemdically
isotropicwhengraspinga 1 inch sphere Similarly, intrinsic
dynamics hasbee usedto designpassve walking mecta-
nisms. However, our ability to addresgasksthrouch prop-
ertiesof the mechaismremainsadhoc As aconsegene,
a developnental robot control systemhasto appropiately
modd andcortrol the physical structureof the mectanism.

Re exesand Composaility The Central Nervous Sys-
tem (CNS)is organizednot in termsof andomic segmeris
but acoording to movement patterns(Aronson198l). The
basicform of packagedmovemer patternis there ex which
canresidein the certral andperipherénenous systemand
rangefrom involurtary responseso cortically mediaed vi-
sualre exes. Theseprocessesortributeto the organization
of behaior at the mostbasiclevel by corstituting a sen-
sorimotorinstructionsetfor the developing organism. The
so-calleddevelopnental re exes sene ontogenetic gods
by guiding skill acqusition and are not elicited in normal
adults.In addtion to providing sensorimotofunction these
re exesalsoexercisethe musculaturendfocuslearningon
condtions uncerlying developmental milestones.
Thecompsitionof re exescanleadto morecompehen-
sive belavior. For example,thereis evidencethata discrete
numter of individud force elds are superimpsedin the
frog's leg/spineto yield continwusly controllableleg posi-
tion (Mussa-haldi, Bizzi, & Giszter1991). Moreover, cer
tain motor patternsrepea in a regular pattern. Some,like
walking, swimming,or ying , aretheresultof CentralPat-

tern Generatos (CPGs). Wolff suggestsmethals for com-
posingoscillatorsin orderto addressovel initial conditions
andcortexts (Wolff 1991).

Similar ideas have also been used in the design of
robotic systems. For example, Williamson has demm-
stratedthe useof simple oscillatorsfor periodic maripula-
tion tasks(Williamson1999). In addtion, arangeof control
appracheshave beendeveloped which corstruct behaior
from a setof basicactions,including a rangeof behavior-
basedrobot control technigees (see (Arkin 1998 for an
overview), andBurridgeet. al's juggling robot (Burridge,
Rizzi, & Koditschek199).

Developmental Schedulesand Maturation

Behavior and knowledge acquisition in biological systems
usually occus in stagesfollowing a developmental sched-
ule. The schedle is hereenforcel largely by maturatioml

mechanismsthatlimit the setof available physicalandsen-
sory resources.As a consequene, behaior developmaent

tendsto initially focus on a limited setof degreesof free-

domandthenextendsto nally incorpaateall thekinematic

structures.For example,Berthieret. al. (Berthier Clifton,

McCall, & Rohin 1999 publishecconsistentnd ingsof lon-

gitudind studiesof infants(6-30weeks)duringthe onsetof

visually- and acoustically-guidedreacling tasks. Initially,

reacting movements appearto be focusedprimarily in the
shoulde andtorso. Large proximal degrees-of-feedm are
engaged rst while theintrinsic musclesof theforearmand
handstiffened via co-cantraction.

Developmertal Milestones The maturationh processes
describedabove leadto a developmental trajectorythatoc-
cursin anumbe of stagesFiorertino presentsa coarsede-
scriptionof the developmental processduringthe rst year
of aninfant'slife (Fiorentino1981). A sequene of postural
stability tasksis identi ed thatstartswith theinfantacauir-
ing the ability to controlits heal. In this task,information
is assumedo be heavily weightedtowardvestikular, propri-
oceqive, and (later) vision orgars. Figure 1 illustratesan
early sequacein which a child learnsto raiseits headoff
the oor. Theinfantusesoptical-andlabyrinthinerighting
re exesthatdevelopoverthe rst few weeks. Thesemecta-
nisms,from the proneposition,interactwith the symmetric
tonic neckre ex to developa quadupedal position. A pro-
priocepive re ex calledthe "body-on-hea” re ex helpsto
rotatethetrunkin responséo a headangle Theinfantthus
acqures policiesfor rotatingthe trunk and headabaut the
bodyaxisto pantheheadandeyes. All of this leadstoward
stabilizingtheinfantin sitting andlater standingpostures.

As shovn throughoutthis section biological systemsely
consideably on re exive structuresthat not only geneate
behaior, but shapeheacquisitionof controlknowledge In
the following, we propcse a computationalmechaism to
implemen a similar form of stagedknowledge formation
and learning This approah hasalreadybe apgdied suc-
cessfullyto a number of robot platforms,including multi-
ngeredhards,mobilerobots,andwalking platforms to ac-
quire cortrol schem#éa. Someof theseschenataandtheir
potertial place in an“infant-like” developmentalsequace
areindicaedin captal namesin Figurel.
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Figure 1: Superimpsing a developmental sequene ob-
senedin humaninfantswith schenatadeveloped onrobotic
platforms.schemga areshavn in captal letters.

A Model for Developmert in Robots-
A Developmental Assenbler

Figure2 outlinesa computation& framework for robotsys-
temsthat addressetearningand development andthat in-
corpaatessomeof the principlesof structurediscusse@ar
lier. Thisframeavork corstructsbehaior from acompactset
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Figure2: Native structure)earning,andbehaior in aninte-
grateddevelopnentalassembler

of gurative schematan the control basisunder the guid-
ance of a developmental schedile. During this process,
the systemalso learnsmodels of the interactiondynam-
ics. Schemataare learnedusing a reinforcemat learning
commnert in a Semi-Marlov DecisionProcessframewvork
andcanbere-usedasadditionad elemens in the cortrol ba-
sis. Theseschem#a, togethe with their associatedlynamic
modds, sene as control knowledge for subsegent tasks.
During learning one dimensionof developrrentis viewed

asa schedling problemin which a strategyy for encaging
sensormotorandcomputationd resourcess sough to sat-
isfy a task. Eachstageof this processs chaacterizedby
developnental paraméers; the tasks,the participatingcon-
trol objedives,the sensorand effectar resourcesllocaed,
andaxiomsthatde nelega combirationsof behaior. The
overall objedive is to progresghrougha sequace of such
designgo assembl@ewn behaiors.

Action

The framavork presentechereis designe to learn a be-
havior hierarcty by compmsingmoreprimitive actions.The
ControlBasis(Huber MacDmald,& Grupen 199%; Coelto
Jr. & Grupen 1997 in Figure 2 is designé to provide a
comlinatoric basisfor cortrol that suppats the representa-
tion of dedarative and procediral control knowledge The
most primitive actiors, loosely correspading to re exes,
areclosedloop controlprocessesonstructed by combining
anarti cial potertial (or objedive), 2 , sensoryabstrac-
tions,s 2 4, andgroupsof effectas,e 2 .. Theef-
fectof anactionplaysout over time asthe controlleractsto
optimizethe action's cortrol objectve. Modeling primitive
actionsascontrollershereimpliesthati) actionsareasymp-
totically stableand geneatetrajectoriestoward locally op-
timal condtions with respectto the objedive function, ii)
controllerssuppressocal perturbatios, iii) thedynanics of
the controlled systemprovides useful discreteabstractions
of theunderlyirg continuousstatespaceandiv) time is me-
teredby discreteobsenable eventsin thetransientresponse
of the cortrolled systenmratherthanby anarbitraryclock

Concurrent Control Composition To further increase
the expressveness,the Cortrol Basisframewnork permitsto
activate multiple cortrollers conaurrently To obtan a pre-
dictablebehavior thecompositionusedhereutilizesthehier
archica subject-tcoperato, , which, similarto theMoore-
Penrse pseudinverse(Yoshikava 1990), limits actiors of
the subordnate cortroller to stepswhich do not counteact
the objedives of the dominant controller For example, a
pair of controllers, syp sup » Will desced the potential
of the superiorcontroller ¢, , andwill superimpseonly
those action compmentsfrom the subordinge controller
sub, thatdo not increasethe value of the superiorpoten-
tial. Exampes of this approachto multi-objective control
includepostureoptimizationwhile reacting for agoal.
Learnirg, in thisframework, is focusedon nding comb-
nationsof cortrollers that createfavoralde dynamics. New
policiescanbefoundin termsof existing controllers.

Stateand SystemModeling

The Dynamic Modelingcompmentof Figure2 is responsi-
ble for modelingthe signaturedynamics of the cortrolled
process. For example, Figure 3 plots the potential, (t),
agginst its rate of charge for a graspcontroller asit posi-
tions ngers on an unknown objed (CoelhoJr. & Grupen
1997). As canbeseenthe controllerhasmultiple equlibria
becaisethereare mary control contets, i.e. mary differ-
entobjectsandgraspsolutions.Whenpolicy ; is engaged,
thepatternof memlershipin theseemgrical modds, A F,



Figure3: The patternof memkershipin governingdynanic
modéds senesto identify a discretestatefor the policy.

chargesover timein amanrerthatiderti es thecurrert con-
trol context. Modd F is a specialmodé signifying corver-

gene,i.e. & 0. Model F is the only mode native to
every controller- all othermodds arecortroller-speci c.

Thisperspectie hasrootsin methoddik e HiddenMarkov
Modds (HMM) wherecateyoriesarefoundby parsinga se-
guerceof events.Lik ewise, Takensstheorendescribes how
patternsin nonlinear dynamical systemsarerelatedto hid-
denstates.In our archited¢ure, closed-loopcontrollerspro-
ducemechanical artifactsthat distinguishcortrol cortexts.
Assertionsabou the systems stability have been usedto
form thestatespacdor suchsystemsasin theattractorgro-
posedby Huber et. al. (Huber& Grupenl1997) or the limit
cyclespropesedby Schal et. al. (Schaa& Sternadl998.

Controllersaredistinguishedoy their sensoryand motor
resourcallocatiors. Thedynamicstateof thecortroller can
beexpressedy apredicaevecta g 2 Z* thatdescribeshe
statusof ; by idertifying the subsetof emgrical modds
Mj ;j = 1.k thatareconsistenivith the run-timeobser
vatiors. For instance,an elemen of g canrepresenton-
vergence,implying that, for example,a particularstanceof
a walking machineis stable. We found that a small set of
suchmodelsis sufcient to recorer awide variety of control
contexts (Coelho2001).

In gereral, an agen's predicde stateq re ects the cur
rent statusof several active cortrollers. We derote by
p(Mj j i(d)) the probaility that modd M; explains the
obsened time historywhencortroller ; is engggedin state
g. The systemidenti cation taskis to learnp(Mj; j ()
for all predicde stateq.

ReinforcementLearning

Reinforcenent Learning (RL) is a natural paradgm for
programning thesesystemssince it does not require ex-
ternal supervisionand learnsfrom potentially delayed re-
wards(Barto, Bradtke, & Singh1993. Here,RL is usedto
solvethetempaal creditassignmenproblemfor anoptimal
policy with respetto a given reinforcer

Q-learningis usedto compue the discounted sumof fu-
turerewardsfor ead state-actiorpair, Q(s; a). Thecontrol
policy speci eswhichaction,a, is to beselectedrom every
state s. Initially, actionsarechosenrandonty to explorethe
conseguenes of control decisions. Over time the rewards
obtainel areconsolidaed by updatingthe valuesof Q(s; a)
asthe systentransitionsfrom states; to states;.; :

Q(si;a) = (1 )Q(s;a)+ (ress + mg\xQ(sm;b))

wherer, is the reward receved at time t, is a learning
rate,and isthediscouring factor As thelearningprocess
progresseghecontrolpolicy becanesincreasinglyfocusel
on exploiting high-qudity actiors.

One of the major drawbaclks of reinforcemat learning
method is thelarge numter of trialsrequiredto nd agiven
policy. A seconl problemin exploration-basedearningis
the neda to take randomactionswhich canleadto catas-
trophic failures. The developmentalmectanismdescribé
in thefollowing section is designe to addesstheseshort-
comings andleadto high performarce learningsystems.

As policiesareconstructedschenatathatcaptue reward-
ing behaior are extraded and incorporaté into the con-
trol basis. Subsegentpolicies may explore re-usingthese
schemé& which provide a temporalabstractiorof the prob-
lem doman. This hierarclical appro&h is formalizedhere
asa Semi-Marlov DecisionProcess(SMDP).

Developmental Schedule

The set of primitive actiors from a given cortrol basis,
2 s 2 e isquitelarge. Thisis goodfrom the per

spectve of expressve power but badfor computationalcom-
plexity. Thereforeaspets of developmentalstructurehave
beenimplemenedto biasexplorationtoward compuation-
ally tractablesubsetof the actionandstatesetsin orderto
accunulatecritical cortrol knowledgesequetially.

Theresourcemodel expressesonstraintson the sensors,
effectors,andpotertial functions/policie that may be con-
sideredwhengeneating actiors. As suchit modéds the ef-
fect of the maturationa metanismsdiscussedoreviously.
To incorporatethe “maturatioral” constraintsnto the con-
trol system the apprach presentechereusesthe Discrete
Event Dynamic Systems(DEDS) formalism (Sobh et al.
1994 to constrainthe rangeof legal interactionsto those
thati) satis¥ real-timecompuing constraintsji) guaantee
safetyspeci cations, andiii) areconsistenwith kinematic
anddynanmic limitations. In this formalismthe stateof the
systemis assumedo evolve with the ocaurrenceof discrete
eventsanda supervisottakes theform of anondeterministic
nite stateautamatonin which statesare patternsof mem-
bershipin dynamicmodelsandtransitionsgepresentoncu-
rent control situations. Logical conditions on the predicde
vedor in u encetherangeof controloptiors.

Example: Learning Quadrupedal Gaits

To denonstratehe presenteadontrolapgoachandto illus-
trateits benets, this sectionpresents sequece of experi-
mentsusingthewalking platform“Thing” (Figure4).

Figure4: Thing a12degreeof freedan quadrupeddesigne
to learnwalking gaitsusingthe developmental assembler



Thingis asmall,12 degreeof freedomquadrypedthatwas
“born” with threeprimitive controlobjedives, 2 ,inthe
controlbasis;namay, force, position,andkinematic cond-
tioning objedives. Controllersare constructedy associat-
ing objediveswith resourcesindconairrentcontrollersare
constructd using subjed-to compaitions (Hube & Gru-
pen1997. A developnentalsequenewasimplemertedin
which Thing learnssimple policies and then usesthem as
abstractctiorsin abehavioral hierarcly.

Developmental Constraints

Thedevelopmental sequacewasimplemertedin thedevel-
opmaental assemblerstime-varying constraintswvhich rep-
resent'maturdional” processesanddoman requiremets.

“Matura tional” ResouceConstraints Thesimplestgait

in Thing's repertoireachieves reward by accunulating a
headng change. The resourcemodel for this ROTATE
schemaconsides recruitingthree-lggedtripod stancsinto
controllers. Objective type 1 is a Zero Momert Point
(ZMP) controllerparamérized by the sensorsandeffectors
with which it is implemened. Sersorsdesign#e the posi-
tion of threefoot placenentsandoneof thesethreelegswill

be controlledto minimizedthe netmomen aroundthe plat-
form's cente of mass.

1:ZMP controller Mput U ipod

activ e leg
Therearefour unique tripod stancedor a quadryped,ead
of which canelectto apply ZMP controlto oneof thelegs.
Thisrecruitmentmodelyields 12 uniquecontrollers.
Further the resourcemodelincludes a single kinematic
condtioning controllerthatlooks atthe con gurationof all
4 legs and executesmovemerts to rotatethe robot's body
while leaving thefoot placament x ed. Objectve , isthus
a kinematiccorditioning (KC) controllerthatoptimizes the
condtion of thelegsby rotatingtherobot's headng, ' .

input tetr apod

2 1 K C controller pg,ging

Theresourcenodd, thereforeprovidesa rst layerof de-
velopmentalstructure,organizing a setof 13 unique primi-
tive controllersfor therotatetask.

Quasistatic Constraints If therearek modds of control
dynamicsfor eachcortroller, thentherecanbeatmost2®2 «
unigue membershipatterns However, mary of thesestates
areunreachalle. Moreover, Bernsteinsuggatedthat much
canbe learnedin a quasistaticallystableappoximation of
the uncastrainedstatespace In this case,we requre that
therobotalwaysmaintainsat leastonestablestance.If we
de nethecornvergencecondition(modelF in Figure3) to be
satis edwhenthetripod s stablethenno additiona modds
arenecssary Moreover, for eachZMP controller the sta-
bility assertionis independent of which leg is assignedas
the effector. Therefore,the statusof the 12 ZMP controllers
canbe capuredin 4 binary predicdes, p;, ead indicating
thecorvergerceof aZMP cortroller to astableequlibrium.
With the kinemdic condtioning cortrol, thisleads to 5 bits
of stateinformationfor the quasisiatic cordition.

state= pp 1°% pp 198 pp 1B

013 0123
Pz 1 Pa 2

In the experimentsreported,we allowed up to threeob-
jectives to beaddessedsimultaneosly, leadingto 1885ac-
tions. To guaranteethatthe robotwill not fall, it is neces-
sarythatat leastone ZMP cortroller is nearequilibrium at
all times. This speci cation is expressedas a logicd dis-
junction po _ p1 _ p2 _ ps3. Thisstructuralaxiomis usedas
a Iter during exploration,redudng the average numter of
legal actionsto just157.

Compiling Control Knowledge

Using the developmentalmechaism describe here,a rst

experimentwasusedto learntwo basicwalking schenata,
namdy a ROTATE schemdor rotationin placeanda STEP
schemacorrespadingto a simplesteppingpattern.

The ROTATE Schema In the rst learningtask,the de-
velopmentalconstraintdntroducel in the previous sections
wereapgied anda reward structurewasprovidedto reward
controlsequenesthatacawmulateanguar rotations:

r= ="'k k1

Index k heredesignéescorsecutve corvergerceeventsand
' k isthehealing following corvergerce of actionax . The
rotationgait illustratedin Figure6, wherethe bit vedorsin
the statesindicatethe values of the ve cornvergerce pred-
icates,was acqured reliably in abou 11 minutes,on-line,
in asingletrial. Figure5 shaws the averagelearningcurve
over 10learningtrials for the ROTATE Schema.
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Figure5: Performane of the ROTATE gait duringlearning
(left) andduring execution (right).

Figure6: The ROTATE policy with cortingendesfor ava-
riety of run-time contets. The certral cycle hastransition
probailities greder that 95%.

The STEP Schana After the ROTATE gait waslearned,
the resourcemodé waselabgatedto suppat resourceen-
gagemerts that coud translatethe robot's cente of mass.



Thenew designcortains10 statepredicate and175actions
on averageperstate.A rewardsignalwasprovidedthatwas
propational to the forward motionof therobot, resultingin
a STEP schena that representa simple forward stepping
pattern.Figure7 shaws the correspoding learningcurve.
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Figure 7: Performawe of the STEP gait during learning
(left) andduring execution (right).

Re-UsingSchemata- The TRANSLATE Schema

Oncethe ROTATE and STEP schemataare captued, they
canbeincludedin the cortrol basis,makingthemavailabe
for re-useastempaally extendedactions.

To evaluate the relative impact of thesebehaioral ab-
stractionsandthe associateaortrol knowledgein the con-
text of a new task,an addtional seriesof experimentswas
performed. For theseexperiments the resourcanodelwas

rst furtherenrichedo includethepositioncortroller, yield-
ing 12 statepredicats and an average of 231 actionsper
state. Then a reward signalproportionad to the redudion in
distanceto thegoalwasprovided.

re = de 1 dk

wheredy is therobot's distancefrom thegod afterevent k.

Usingthis setup,a baselineexperimentwasperformedn
which noneof the schematavas available. Subsegently,
two more experimentswere performed the rst usingonly
theROTATE schemandthesecondisingboththeROTATE
andtheSTEPscheméa. Figure8 comparesthe performane
of thethreeTRANSLATE designs.
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Control Actions Control Actions
Figure 8: Performaie of the TRANSLATE schema The
left parel compares learning performarme without ary
schemawith the ROTATE schemaandwith the ROTATE
andthe STEPschem#a. Theright panelshows the percett
ageof executedstepsfrom aschema

Each10,000cortrol actionshererequiredabou 2 hous
of run-timein a singletrial. After rougHy 2 hours,the per
formanceof both larger problemdesignsexceedthe more
ecoromical basesystem.Moreover, it canbe seenthatthe
systemwith both scheméa easilyoutperformshe onewith

only theROTATE schemdalthoughthegaits learnedn both
casegeachthe sameasymptdic performancefterapprox-
mately110,0® steps).

The graphon theright of Figure 8 shaws the percetiage
of timesthatanactionexecutedin the TRANSLATE schena
was eitherfrom the ROTATE or the STEPschena. These
cunes show thatin the caseof the TRANSLATE gait with
only theROTATE schemahe nal gait usegheschemanly
apprximately 2% of the time. However, even this limited
usepermitsthe systemto successfullyorientitself with re-
specto thegoalandthusindirectlyfocuseghelearningpro-
cesonacquring awalking patternwithout having to worry
abou alignmen. In the caseof the TRANSLATE gait with
both, the ROTATE andthe STEPschemé#a, schemausag
increasego morethan50%, indicatinga signi cant re-use
of the basicsteppingpatternen@mdedin the STEPschema.
The learning processcan herefocus on the acqusition of
transition gaits and on the improvement of the basic step
patterninto arobust TRANSLATE gait.

Hierarchy - The MAZE-SOL VE Schema

Onceschemgafor rotatingandtranslatingarein place nav-
igating in a clutteredenvironment can be formulatedas a
policy for decidng whento engage thesetemporally ex-
tendal actiors, one at a time in responsdo obsered ob-
stacles. We demamstratedthat Thing can nd a pathfrom
point A to point B with no prior knowledgeof the interven-
ing obstaclesisingaforward-lookng IR proximity detector
to obsene obstacleenrouteand maptheminto its con g-
urationspace.Thelocomotion planfollows a streanine in
a harmanic function pathcortroller by selectingone of two
temporallyextendedactiors (ROTATE, or TRANSLATE) in
a4 state nite stateautomato. The stateis derived from a
2 bit “interactionbased’statedescriptor Onebit describes
the corvergencestatusof the rotatecontroller andthe other
describeghe convergence statusof the translatecortroller.
Figure9 shavs anexamplerun of therobot.

Conclusionsand Futur e Work

This pape presentsan appoachto robot control that uti-
lizes developmental mechaismsto automdically geneate
controlknowledgein termsof behaioral scheméathatcan
bere-usedn subseqanttasks.Taking guidarcefrom devel-
opmental theoryin biological systemsthis apprachbuilds
behaior from a setof closed-loopcortrollers, correspon-
ing looselyto re exesin biological systemsSkill learningis
guided within thedevelopmental assembleusinga develop-
mentalschedile thatimposesconstraintsn a DEDSframe-
work to simulatethe effectsof maturatioml mectanismsin
biological systems. In particula, it imposestime-varying
constraintson the setof sensorand effector resourceghat
canberecruitedby the controlelements.

A sequaceof experimentsvasperformedhatillustrated
the potertial of the proposeé approah in the context of
a developmental trajectoryfor a quadrupedrobot. These
experimentsclearly demorstratethe benet of incorpaat-
ing learnedcornrol knowledgein the form of behaioral
scheméga andillustratesthe potertial for reductiors in state
spacecomplexity oncecompetentschenataarelearned.We



Figure9: The MAZE-SOLVE schemahas3 actiors - RO-
TATE, TRANSLATE, and a harmoric function path con-
troller. The MAZE-SOLVE schemadescedsthe harmoric
potertial usingTRANSLATE subjecto ROTATE andsolves
all mazedor whichthereexistsa pathattheresolutionof the
con gurationspacqillustratedon theleft).

are currently in the processof investigating tecmiquesto
further genealize learnedschemé#a into gurative forms
which can be instantiatedwith different resourceassign-
ments. Such cambilities to predid other instancesof a
schemain turn, coud leadto signi cantly more adwanced
representatical abstractionsndpotertially to metaphaoical
extensionswherebyschematareextendel to otherphysical
examplesof thatphenomeron.
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