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Abstract

This paper focuseson exploring how learn-
ing and dewelopmert canbe structured in syn-
thetic (robot) systems. We preseri a dewvel-
opmertal assemblerfor constructing reusable
and temporally extended actions in a se-
guence. The discussionadopts the traditions
of dynamic pattern theory in which behavior
is an artifact of coupled dynamical systems
with a number of cortrollable degreesof free-
dom. In our model, the everts that delineate
cortrol decisionsare derived from the pattern
of (dis)equilibria on a working subset of sen-
sorimotor policies. We shov how this archi-
tecture can be usedto accomplish sequetial
knowledgegathering and represenation tasks
and provide examples of the kind of devel-
opmertal milestonesthat this approac has
already producedin our lab.

1. Intro duction

Human infants display a tremendous assortmeri of
time-varying structure in their physiologicaland neu-
rological responsesto the world. We propose that
kinematic, dynamic, and neurological properties of a
dewelopinginfant are exploited to simplify and struc-
ture learning in the context of an on-going interac-
tion with the world. Developmenal processeson-
struct increasingly complex mental represetations
from a sequenceof tractable incremertal learning
tasks. Our goal is to provide computational medc-
anisms for modeling these aspects of developmenal
in order to program complex robot systems.

By Piaget's account, the sensorimotor stage in
human infants lasts roughly twernty four months
(Piaget, 1952 Piaget, 1954). In the Trst four
months, re°exive responsesbegin to organize into
coherert motor strategies, sensory modalities are
coordinated and attentional medanisms begin to
emerge. From four to six months, primary circular
reactions are practiced until the infant "nds it possi-
ble to prolong certain kinds of interactions. Between
six and eighteen months, these primary circular re-
actions lead to behavioral models of the world that

apply to \classes" of interactions and depend lesson
speci ¢ instances. This paper exploresthe possibil-
ity that a commitment to suc gurative schemata
explains some qualitativ e aspects of developmenal

processesand leadsto the excient acquisition of ab-
stract, hierarchical control knowledge that can be
usedto similar advantagein the organization of robot

behavior.

Two certral hypothesesunderlie our researt:

2 rich classesof behavior can be expressedin
terms of relatively few, schematic structures
that are groundedin physical activity that we
call physial schemata and

2 physical shemata are the sensorimotorfoun-
dation for re-usablecontrol knowledge.

The idea of physical schemata is not new in the be-
havioral sciences (Johnson, 1987 Lako®, 1984
Lako®and Johnson, 1980 Mandler, 1988
Mandler, 1992 Gibbs and Colston, 1995, but we
are proposing computational mecanismswherely a
robot can acquire hierarchies of physical schemata,
propose generalizations of such schema, and test
these propositions. We suggest that cumulative
cognitive models both de ne and explain a robot's
relationship to multiple goals in a non-stationary
ervironment.

Oneimplication of this hypothesisis that oncesta-
ble interactions with the world are discovered and
captured as physical schemata, an agert may predict
other instances of this type of interaction. This is
one form of metaphorical extension(Johnson, 1987,
whereby physical schemata are extended to other
physical examplesof that phenomena.We will intro-
ducethe notion of symmetriesin behavioral descrip-
tions that support the rapid adaptation of a schema
to speci ¢ run-time contexts. Homomorphisms of
physical schema provide a means of learning (or
being taught) under what conditions one may ex-
plore using parameterizedschemarather than learn-
ing from scratch. Thus, it can help us avoid brute
force, unstructured stochastic seard in related con-
texts and perhapsasa consequenceusedevelopmert
in part to defeatthe curse of dimensionality.



2. Structure
opment

for Learning and Devel-

An infant is an integrated, adaptive system- he/she
is a complexand °exible \plant" embeddedin a °uid
and open environment. As a cortrol problem, this is
truly daunting. But, we advocate a relatively opti-
mistic position - that traditions in robotics, cortrol
theory, Al, and learning are adequatecomputational
accourts of some critical aspects of deweloping hu-
man infants. An important lessonto learn from de-
velopmen is that embedded sensorimotor processes
can compromiseexpressive power temporarily to re-
duce complexity. Managing this tradeo® e®ectiely
can lead to computational tractabilit y in the short
term and growth toward optimal behavior in the long
term.

2.1 Kinematic, Dynamic, and Matura-

tional Structure

Traditions in macdine design have often applied
tools for predicting kinematic function and dynamic
e®ectsin the motion of an articulated structure.
Roboticists, in turn, have often used these tools
to fashion medanisms with appropriate kinematic
and dynamic properties. Howewer, our ability to
address open tasks in unstructured environments
remains ad hoc and limited to the ingeruity and
foresight of the designer. For instance, Salisbury
(Salisbury, 1982 designedrobot hands so as to be
kinematically isotropic in the region where individ-
ual ngers may collectively manipulate an object. In
an open domain, when object geometry and task are
unspeci ed, this heuristic placesall three ngers near
isotropic con gurations in the neighborhood of com-
monly usedhand postures.

The value of intrinsic dynamics in robot de-
sign is perhaps most cornvincingly demonstrated in
the dewelopmen of passiwe bipedal walkers. Re-
searders have built passive medanisms based on
human morphology that rely almost ertirely on the
passive dynamics of the mecdanism (McGeer, 1992
McGeer, 1993.

In humans, kinematic properties of the skeleton
and the dynamics of the musculature strongly in°u-
encethe way in which developmert proceeds. For
instance, Bernstein seminal work obsened periods
of kinematic engagemen followed by the formation
of strategiesto exploit non-muscular (inertial) forces
during movemert(Bernstein, 1967).

In addition to a \kinematic-then-dynamic" strat-
egy, the dimensionality of the initial kinematic
problem can be addressedin a staged manner
as well. Berthier, Clifton, McCall, and Robin
(Berthier et al., 1999 conducted longitudinal stud-
ies of infants (6 - 30 weeks) during the onset of
visually- and acoustically-guidedreaching tasks. Ini-

tially , reaching movemerts appear to be focusedpri-
marily in the shoulder and torso. Large proximal
degrees-of-freedonare engagedrst while the intrin-
sic musclesof the forearm and hand sti®enedvia co-
cortraction. Researbers (Kuyp ers, 1981) propose
that patterns of maturation in the corticospinal tract
are responsible for this kind of structured learning.

Bril and Brenigre (Bril and Brenigre, 1992 make
similar obsenations in the dewvelopmen of bipedal
gaits. In the “rst 5months, infants integrate postural
constraints into gait generation. A coordinated gait
can be elicited immediately after birth in the form of
the gait re°ex (Thelen and Smith, 1994. Howewer,
the re°ex is segmemal and not integrated with other
skills required for upright locomotion. During anim-
portant developmertal period, a conjunction of in°u-
encesinhibits or suppresseghe gait re°ex in order
to permit the sti®-legged (or distal co-cortracted)
infant to focus on postural stability. These walking
strategiesare focusedprimarily in the hip, with rela-
tively wide stance. Once musclestrength is adequate
and policies for balance and equilibrium are estab-
lished, then distal degreesof freedomare enlisted. A
co-conraction heuristic appearsto beacommonmo-
tor policy during the acquisition of new motor skills
evenin adults (notice how adults approac skiing or
ice skating as novices).

2.2 Re°exesand Composability

The CNS is organized, not in terms of

anatomic segmerts, but according to movement
patterns(Aronson, 1981). The basic form of padk-

aged movemen pattern is the re°ex. A re°ex can

reside at many levels of the certral and peripheral

nervous system ranging from involuntary responses
to trigger stimuli, i.e. muscle stretch, the so-called
simple segmetal re°exes mediated in the spinal

cord and brain stem, postural re°exes mediated

in the cerekellum, and ewven cortically mediated

visual re°ex. These processescorntribute to the

organization of behavior at the most basic levels -

they constitute a kind of sensorimotor instruction

set for the dewveloping organism. The so-calleddevel-

opmertal re°exes, whoseonsetand persistencehave

been meticulously documerted, serwe ontogenetic
dewvelopmertal goals and are not elicited in normal

adults. In addition to providing basic sensorimotor
function, it is generally understood that they

exercisethe musculature and sere to increasethe

exposure of learning and dewvelopmertal processes
to conditions underlying important developmertal

milestones.

Composition of sud sensorimotor systems gives
rise to more comprehensie behavior, For example,
in (Mussa-lvaldi et al., 199]) it is obsened that in-
dividual force "elds are superimposedin the frog's
leg/spine that yield cortinuously cortrollable leg po-



sition from a discrete set of composableforce "elds.
Moreover, in humansit is generally understood that
certain motor patterns repeat in a regular pattern.
Some, like walking, swimming, or °ying, are the
result of specialized ensenbles of cells in the CNS
called Central Pattern Generators (CPGs). Wol®
(Wol®, 1991 suggestsmethods for composing oscil-
lators in order to addressnovel initial conditions and
contexts. For example, infant breathing rhythms
vary between 30-40 cycles per minute in a rough
balanced inhale/exhale episades. When an infant
is startled a repeatable change in the amplitude
and frequency can be obsened that disappears 3-
4 breathing cycles after the stimulation disappears.
Biological rhythms can thus be perturb ed by super-
imposing other such rhythms and can return spon-
taneously from neighboring trajectories to the same
\attractor basin" when the perturbation is removed
(Wol®, 1991). Similar ideasunderlie recert work by
Williamson (Williamson, 1999 who demonstrated
oscillators that couple acrosskinematic structures.

3. A Developmental Assembler

The epigenetic developmenal theory proposesthat

primitiv e re°exes, expressedas neuro-anatomical
structures, are the basis building blocks of behav-
ior. In this model, complex behavior is constructed
from combinations of primitiv e re°exes in response
to reinforcemer. Ontogenetic developmenal the-
ory suggeststhat coordinated behavior appearsand
subsequetly disappearsin order to serve somevital

dewvelopmenal function. After these developmenal

roles are ful'lled, the neural substrate of the behav-
ior is eliminated aswell - it doesnot grow or other-
wise changeinto a mature form of the re°ex. This
implies that sometypesof behavior do not have an
anteceden in a re°exive repertoire.

We contend that re°exes serve as an epigenetic
computational basis and that some are short-lived
and serne an ontogenetic knowledge formation role.
For example, the stepping re°ex is likely the an-
teceden of walking, but no such simple re°exive pre-
cursor has beenidentied for reading tasks. The
latter being a discrete task, requiring multiple co-
ordinated re°exes (Asymmetric Tonic Nedk Re°ex
(ATNR), palmar graspre’ex, distal-curl re°ex, Moro
(clasp) re°ex, startle, etc.). To understand develop-
mental processestherefore, we needto understand
how knowledge and structure interact over time to
acquire skill in a manner that is robust with re-
spect to variation in the world. Furthermore, to im-
plemert dewvelopmertal processeshere must exist a
generative basis for behavior that coordinates sim-
ple re°ex to serwe both epigenetic and ontogenetic
dewelopmenal goals,there must be an internal rep-
reseriation for cortrol knowledge, and a principled
framework for reusing that knowledge in novel cir-

cumstances.

Figure 1 is a sketch of a computational framework
that addressesboth learning and dewvelopmert and
that incorporates someof the principles of structure
discussedearlier. One dimension of dewvelopmert is
viewed as a scheduling problem in which a strat-
egy for engaging sensor, motor and computational
resourcesis sough to satisfy a task speci cation in-
cremenally. Each stage of this processis charac-
terized by dewelopmertal parameters;the tasks, the
participating cortrol objectives,the sensorand e®ec-
tor resourcesallocated, and axioms that de ne legal
combinations of behavior. The overall objective is
to progressthrough a sequenceof sudh designsto
assenble new behavior, which in turn, becomesa
precursor for successie stagesof developmert.

The rest of Section3. will intro ducethe main parts
of the architecture in Figure 1. After this introduc-
tion, we will review a dewelopmenal sequencere-
alized on platforms in our lab and speculate about
what's next.

3.1 Action

Our framework is designed to learn a hierar-
chy of actions by composing more primitiv e ac-
tions. The Control-Basis (Huber et al., 1996
Coelho and Grupen, 1997 in Figure 1 is designedto
provide a combinatoric basis for cortrol that sup-
ports the represenation of declarative and procedu-
ral control knowledge. The most primitiv e actions
are closed-lap cortrol processegonstructed by com-
bining an arti cial potential, A 2 ©, with a subset
of the available \sensors," s 2 - 5, and \e®ectors,"
e 2 - .. The e®ectof action plays out over an ex-
tended period of time as a pattern of systemcortrol
inputs act to descenahe potential function usingthe
available resources. The \control basis" terminol-
ogy highlights the fact that there are many possible
sensor/e®ectorassignmetts for ead type of arti cial
potential.

Modeling primitiv e actions as controllers has sev-
eral important related consequences:

2 actions are asymptotically stable and tend to-
ward Xxed points that represen locally opti-
mal conditions with respect to the objective
function;

2 cortrollers suppress local perturbations by
virtue of their closed-lmp structure;

2 the dynamics of the corntrolled system pro-
vides a variety of useful discrete abstractions
of the underlying contin uous state space;and

2 time is metered by discrete obsenable events
in the transient responseof the cortrolled sys-
tem rather than by an arbitrary continuous
clock.

Sincedynamicsreveal events that depend on the op-
erational corntext, hierarchies of actors are likewise
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Figure 1: Nativ e Structure, Learning, and Behavior in an Integrated Developmertal Assemnbler.

hierarchies of special purposeobservers

Arti cial potentials also share critical properties
with value functions employed by the macdhine learn-
ing community to make optimal cortrol decisions.In
particular, value functions presene all the properties
of admissiblecortrollers, leading to naturally hierar-
chical organizations of cortrollers de ned in terms
of other cortrollers. These hierarchies expressob-
jectives at many temporal scalesso that an agen
can adjust its level of discourseabout activities by
ascendingand descendingthe hierarchy. Moreover,
when a robot receivwes procedural instruction from
another agert (human), it can estimate the purpose
of these instructions in light of its own hierarchy of
objectives, aswell.

This perspective is inspired by somerecert trends
in robotics and the relationship of theseideasto epi-
genetictheoriesof developmen. In 1989,Koditschek
et. al. argued that robot designersshould focus
on \'nding cortrollers" with inherent dynamical
properties that produce valuable artifacts in the
world rather than computing the artifacts directly
(Rimon and Koditschek, 1989. Assertions about
the stability of the coupled system have been used
to form the state space for such systems as in
the attractor landscape proposed by Huber et. al.
(Huber and Grupen, 1997 or the limit cycles pro-
posedby Schaal et. al. (Schaal and Sternad, 1998.

3.2 State and SystemModeling

Considerthe casewhena dexterousrobot must grasp
an object. The dominant traditions in grasp plan-

ning require that the complete geometry of the ob-
ject be determined a priori so that a planner can
enumerate all possible grasps and sort them into
an order that re°ects their relative quality. At this
point, the robot will executethe solution at the top
of the list. In contrast, the cortrol basis approact
advocates searding for cortrol con gurations that
produce high quality equilibria. This is an on-line
processthat doesnot require a complete object ge-
ometry.

The Dynamic Mo deling componert of Fig-
ure 1 is responsible for modeling the signature dy-
namics of the controlled processin many opera-
tional cortexts. For example, Figure 2 plots the
potential (a candidate Lyapunov function) against
the time rate of change of the potential for a
graspcortroller that descendgoward wrench closure
grasp con gurations in a variety of grasp conexts
(Coelho and Grupen, 1997. The cortroller hasmul-
tiple equilibria becausethere are typically many ob-
jects that can be grasped and many di®erert grasp
solutions for any one object. When policy, %, is en-
gaged,the pattern of membership in theseempirical
models changesover time in a manner that iden-
ties the current control context. This perspective
has roots in methods like Hidden Markov Modeling
(HMM) where categoriescan be recognizedby pars-
ing a sequenceof everts according to a transition
model. Likewise, Takens's theorem describes how
patterns in the behavior of nonlinear dynamical sys-
tems are related to missingor hidden state variables.
In our architecture, closed-lmp cortrollers produce
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namic models serves to identify a discrete state for the
control policy.

mechanical artifacts and an evert stream that dis-
tinguishes certain cortrol cortexts.

As discussed previously, cortrollers are distin-
guished by their respective sensory and motor re-
source allocations. The goal for cortroller A; is to
achieve an equilibrium state whereits value function
is at an extremum. We want to determine whether
an estimate of the run-time context can be extracted
from the transient responseof A;. We de ne a predi-
cate vector & that describesthe status of A, by iden-
tifying the set of empirical models M;; that are con-
sistert with a seriesof run-time obsenations. For
instance, an elemert of § can represen corvergence
- assertingthat A has reaced equilibrium. Under
these circumstances, a particular stance of a walk-
ing machine is stable, or the robot arm has achieved
a referencecon guration. Other elemeris of g as-
sert that run-time obsenations match other Mj; . In
(Coelho, 2007, we found that a small set of sud
models can be usedto recover a wide variety of in-
teresting cortrol cortexts.

In general,an agert's predicate state ¢ re°ects the
current status of seweral active cortrollers. We de-
note by p(g; jA (g)) the probability that model M;

explainsthe obsenedtime history when cortrol A is
engagedin state §. The systemidenti ¢ ation task is
to learn p(g; jAi(8)) for all predicate states g These
probabilities constitute a physial model of the world
couched in the agert's interaction with it. The re-
sulting transition model describes the dynamics of
information gathering aswell as graspformation un-
der policy %.

3.3 DevelopmentalSchelule

The set of primitiv e actions that may be expressed,
©Ff 2s £ 2 ¢, is quite large. This is good from

the perspective of expressie power but bad from the

standpoint of computational complexity and policy

formation. So while the system may be capable of
assaiating novel combinations of featuresin the sen-
sordata with unorthodoxed combinations of e®ectors
to accomplisha speci ¢ stimulus-responseprocess,it

is not clear that these unlikely actions will ever be
explored by purely randomized seard. Therefore,
seweral aspectsof developmenal structure have been
implemerted in the Developmertal Schedule compo-
nent of Figure 1 to bias exploration toward computa-
tionally tractable subsetsof the action and state sets
in order to accurrulate critical control knowledge se-
quertially .

The resource mo del expressegonstraints on the
sensors, e®ectors, and potential functions/p olicies
that may be consideredwhen generating actions. It
is this kind of supervision that underlies the proxi-
mal to distal motor engagemen during the onset of
reaching movemens and bipedalism (Section 2.).

The sequenceof tasks that the robot addresses
can clearly in°uence the performanceof the develop-
ing system. We will presert and example in which
the right task sequencehas a signi cant impact on
learning performance and the asymptotic quality of
the policies acquired in Section4.3.

The Discrete Event Dynamic  Systems
(DEDS) speci cation providesthe nest grain con-
trol over the combinatorics of exploration. It con-
strains the range of interactions permitted with the
ervironment to those that:

2 satisfy real-time computing constraints;

2 guarantee safety speci cations; and

2 are consistert with kinematic and dynamic

limitations. .

In this formalism (Bzverenand Willsky, 199Q
Ramadgeand Wonham, 1989  Sobhet al., 1999,
the state of the underlying system is assumedto
ewlve with the occurrence of a set of discrete
everts, somesubsetof which are cortrollable. There
many tools for analyzing and interacting with suc
control processesOne may prove, for instance, that
certain states can't occur. Thesetools also provide
a means of investigating the role of constraints
as \b ootstraps" for a learning system. Sud a



medanism in°uences the occurrenceof cortrollable
everts such that no prohibited or uncontrollable
evert can violate functional constraints on the
system. A complete supervisor takes the form of
a nondeterministic nite state automaton in which
states are functional assertions about patterns of
membership in the empirical dynamic models that
must be either presened or excludedand transitions
represen possibleconcurrert cortrol situations.

Logical conditions on the predicate vector, in°u-
ence the range of cortrol options that the system
may explore. In a similar fashion, this DEDS super-
visor allows the introduction of additional domain
knowledge and preferencesinto the cortrol architec-
ture. Doing so can dramatically reduce the num-
ber of cortrol alternativesconsideredin the learning
phaseand can be usedto acceleratelearning or asa
shaping mechanism.

3.4 ReinforcementLearning

Dynamic programming-basedReinforcemen Learn-
ing (RL) (Barto et al., 1993 is a natural paradigm
for programming these systems since RL does not
require external supervision and encaes policies as
sequen@s of concurrert cortrol situations with asso-
ciated rewards. In general,theserewards canberare,
occurring infrequertly or after extendedsequencesf
actions. In the framework presened here,RL is used
to solve the temporal credit assignmem problem for
an optimal policy with respect to a given reinforcer.

One of the major drawbads of reinforcemert
learning methods is the large number of trials they
require in order to ‘rst 'nd and then improve a
given policy. A secondproblem in exploration-based
learning techniques is that they have to take ran-
dom actions in order to discover better cortrol poli-
cies. This can lead to catastrophic failures which
are not acceptablefor an autonomous system. The
mechanisms outlined in Section 3.3 are designedto
addressthese shortcomings and lead to high perfor-
mancelearning systems.

As useful policies for important tasks are con-
structed, they are incorporated into the cortrol ba-
sis. Therefore, subsequen policies may incorporate
temporally extenda actions if there is added value
to reasoningabout the problem at thesetime scales.
This approad is formalized in the Semi-Markov De-
cision Processe{SMDPs) as a recursive framework
for hierarchical cortrol that leadspotentially to large
expressie power depending on the sensors,motors,
the native value functions, and the dewvelopmertal
sequenceapplied to the agert.

4. Developmental Milestones

In (Fiorentino, 1981), a coarsedescription of the de-
velopmenal processduring the rst year of an in-
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Figure 3: Superimposing a developmenal sequenceob-
served in human infants with some of the Schemata de-
veloped on robotic platforms.

fant's life is preseried. The discussionfocuseson
tasks and re°exesthat facilitate motor cortrol and
perhapsthe acquisition of control knowledge. A se-
guenceof postural stability tasks are identi ed that
start with the infant acquiring the ability to con-
trol its head. In this kind of task, information is
assumedto be heavily weighted toward vestibular,
proprioceptive, and (later) vision organs. Figure 3
illustrates one sud early sequencein which a child
learnsto raiseits head o®the °oor (lik e a mast) into
a con guration where the axis of the headis aligned
with gravity. This occursduring a period of learning
about and strengthening musclesin the ned and the
bad that are asyet weak in extension. The infant
usesoptical- and labyrinthine-righting re°exes that
are not presen at birth but dewvelop instead over the
“rst few weeks. These mecanisms, from the prone
position, interact with the symmetric tonic ned re-
°ex to dewelop a guadrupedal position. A purely
proprioceptive re°ex called the \b ody-on-head" re-
°ex helpsto rotate the trunk in responseto a head
angle. The infant thus acquires policies for rotat-
ing the trunk and head about the body axis to pan
the head and eyes. All of this behavior leads to-
ward stabilizing the infant in sitting and later stand-
ing postures. The author describesa set of re°exes,
their onsetand persistence,that when elicited build
range of motion, strength, and compliance or that
causeimportant interactions (hand-eye interactions,
for instance).



With the foundations of the previous sections,we
will concludeby extrapolating from results generated
over the past decadein the Laboratory for Percep-
tual Robotics at UMasson several experimental plat-
forms to speculate about a stagedprogramming pro-
tocol for dexterous robots. The behavior discussed
is superimposedin capitals on Figure 3 in order to
emphasizethe sequetial developmert of sensorimo-
tor programming directed by tasks, resources,and
pre-requisite cortrol knowledge.

4.1 localize Schemata

Two closerelativesin the cortrol basiswere con ¢-
ured that employ the same arti cial potential and
e®ectorresources. The only di®erenceis the source
of the position reference.In Figure 4, saccade , A,
acceptsa referenceheading in spaceand directs the
sensor's eld-of-view to that heading. f oveate , As,
is similar except that it acceptsheading references
determined by the sensor'ssignal. The saccade-
foveate scema has been applied to scanning in-
frared sensors, distributed sensor arrays, acoustic
sensors,binocular heads,and panoramic visual sen-
sors. The state in the nodes of Figure 4 is just the

context
R: resource
report allocation
I ' |
MEM state
—  estimation Resource
> Manager

Figure 4: saccade-f oveate - A Physical Schema for
Detecting and Tracking a Feature.

convergencestatus of A; and A; . That is, if As is con-
vergedand A; is not, then the state of the saccade-

foveate schemais 10. An X in the state repre-
sentation represerts a \don't care" or \don't know"
condition.

The saccade-f oveate sthemabeginsby direct-
ing asensorr 2 R to saccadeo an interesting region
of space. A transition from state X X back to state
X X is presumably an error in the motor componert
for the sensor. If the sensorachievesstate 1X, then
the closed-lop processA; is engagedwhosegoal it

is to bring the certroid of the response of a local
feature detector to the certer or fovea of sensorr's
image plane. A transition from 1X to X 0 via con-
troller A; cansignify that the expectedtarget feature
is not presen. If the target feature is detected and
foveated,then the sensorachievesstate X 1 wherethe
feature is actively tracked. As long asthe actions of
the foveation cortroller presene this state, a heading
to the feature is reported. If a transition from X 1 to
X 0is obsened under action A; , then a target feature
may have eluded the sensor. This rich semaric de-
scription of the behavior is derived exclusively from
the transition dynamics in the saccade-f oveate

schema.

When at least two instances of the saccade-
foveate sdiema are simultaneously in state X 1,
and they are driven by features derived from the
same subject, then there is suzcient information
for triangulating the subject. Figure 5 illustrates a
sthemathat managesa multiple saccade-f oveate
schemata hierarchically. The localize scema re-

report T l R
LOCALIZE T ]
MEM  state

T

[
report | ]

Resource
Manager

report | l
I I I

MEM  state MEM  state

—— estimation  Resource — estimation Resource
—— — ™ Manager —— —— Manager

Figure 5: localize
features in space.

- A Physical Schema for localizing

ceives event streams generated by multiple subor-
dinate saccade-f oveate scemata under its man-
agemen and producesa report regarding the loca-
tion of the subject. If the subject is human, then
they may at times be moving, stationary, speaking
or quiet, possessingoiometric features that are ro-
bust over time and somethat change (lik e clothing).
The localize schemamust con gure a processthat
is adequate for this purpose. Each unique resource
allocation ry;r, 2 R produceshypothesesof varying
quality depending on the cortext of the localization
query.

We anticipate that the localize resource man-
ager must learn when and how to passthe tracking
task onto other sensors.In fact, the hand-o® might
exploit the resourcepool by instantiating redundant
tracking modes and using their feedba& to re ne
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Figure 6: A hierarchical controller developedin stagesfor
grasping unknown objects from the set of convex poly-
topes.

the cortrol cortext. This context caninclude visual,
acoustic, and thermal signatures of the subject, but
it can also entail, perhaps, partially \recognizing"
the subject. We're asking alot of this resourceman-
ager- but we're askingthesehard questionsin a very
speci ¢ behavioral context.

4.2 grasp Schemata

In (Coelho and Grupen, 1997, we proposeda closed
loop grasp cortroller that generates xed points in
cortact con guration space based solely on tactile
feedbak. The C® cortroller is actually a combina-
tion of two arti cial potentials derived from cortact
positions and normals and assuming uniform unit
magnitude contact forces. The rst potential mea-
suresa quadratic force residual and the secondmea-
suresa quadratic momert residual. We showed that
a descem on the forceresidual surfaceto corvergence
followed by descen on the momert residual surface
producesoptimal wrench closure graspson regular,
corvex geometries. This policy is captured in the
transition diagram in the middle of Figure 6. In sub-
sequem work (Grupenet al., 1992 Coelho, 200)),
the \regular/con vex" grasppolicy wasextendedhier-
archically to accoun for varying numbers of contact
resourcesand to tolerate boundedirregularity within
the classof corvex objects. For example,given 3 n-
gers and the performance metric employed, the op-

timal number of contacts for grasping a triangle is
3, for a rectangle 2 cortacts are optimal, and for the
cylinder, both 2 and 3 contacts are optimal. More-
over, grasp con gurations that are ewlving toward
suboptimal equilibria canbe shunted toward optimal
“xed points by descendingalternate potential “elds.

We preseried a variety of irregular triangular,
cylindrical, and rectangular prisms to the system.
A total of 61 models (like those illustrated in Fig-
ure 2) of the behavior of C® were generatedfor these
objects. The pattern of membership in these mod-
elsconstitute the state of a Markov DecisionProcess
(MDP). A cortrol decisionto reallocate resourcesy,
is consideredwhenewer membership in these models
changesduring grasp formation. There are four dis-
tinct such parameterizationsinvolving setsof ngers
-[123] [12] [23] and, [2 3].

One hundred trials were executedfor ead of three
object types within the cornvex class (a rectangle,
a cylinder, and a triangular prism). In ead trial,
an unknown object was preseried and one of the
4 grasp controllers was executed until corvergence
at which point the grasp con guration was evalu-
ated. Figure 7(a) preserns the distribution of grasp
scoresobtained. Then, a reinforcemert learning al-
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Figure 7: Distribution of grasp scores, over 100 trials;
(a) baseline performance using nativ e controllers, (b) im-
pact of policy for resourceallocation basedon patterns of
membership in the empirical models of error dynamics.

gorithm was usedto construct a policy for allocat-
ing cortact resources. Figure 7(b) shows that the
mean grasp performance improves and the variance



in performance decreasesas result of learning. In
the processof grasping, often the type of object was
determined, although this was not the goal of the
cortrol process. Similar results were obsened when
we examined performanceon ead object. It should
be possibleto generalizethis approad to non-corvex
objects aswell, although we have not yet attempted
to do so.

4.3 locomote Schemata

Multi-legged locomotion platforms presert similar
challenges to those of multi- ngered robot hands
when it comesto coordinated motion planning. Co-
ordinated limb movemeris must sere both stabil-
ity and mobility concernsby sequencingthe move-
ment of seweral independert kinematic chains. There
are active communities consideringgait synthesisfor
walking platforms and now for manipulation aswell,
but sofar there hasnot emergeda uni ed framework
for solving these problems.

Our walking platform, \Thing," is a small, twelve
degree of freedom, four legged walking robot built
to explore whether ideasdesignedfor quasistatic n-
ger gaits could be applied to quasistatic locomotion
gaits. Initially , it was given three typesof motor ac-
tions A2 ©, in the cortrol basis;force, position, and
kinematic conditioning cortrollers. Thing learned
simple sensorimotorpolicies rst and then usesthem
as abstract actions in a behavioral hierarchy. These
policies are represetted as nondeterministic Finite
State Automata (FSA) where actions are con ned
to belongto well-de ned subsetsof the control basis
that are provably consistert with policy speci ca-
tions.

The ‘rst policy Thing learned was how to ro-
tate in place(Huber and Grupen, 1997. By impos-
ing a resourcemodel on the actions available to our
guadruped, the size of the functional state space
was limited 2'° states with 1885 possible concur-
rent cortrol actions from ead of these states. A
guasistatic stability constraint is implemented in the
DEDS speci cation asa logical disjunction over four
cortrollers that stabilize di®eren trip od stancesand
certi es that at least one must be near equilibrium
at all times. Togetherwith another kinematic feasi-
bility constraint, the number of relevant states was
reducedto just 32 with an averageof 157 available
concurrert cortrol options available from ead state.
Theseconstraints are expressedas logical conditions
on the pattern of equilibria in the active cortrollers.
Any states (or actions that produce future states)
that violate these constraints are disallowed. In ad-
dition to producing performance guaranees, con-
straint satisfaction has a dramatic in°uence on the
complexity of learning.

Our walking platform acquired policiesfor rotation
gaits in the structured seard spacedescribed above

in as little as 11 minutes, on-line, in a single trial
using a standard Q-learning algorithm. The nal
policy appearsin Figure 8.
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Figure 8: A Walking Gait - the policy responds to a
variety of sensorimotor contexts. The certral cycle has
transition probabilities of greater that 95%in the training
context.

Knowledge of the motor synergies involved in
rotating under varying conditions signi cantly im-
proved the acquisition of other behavior. For in-
stance, Thing learnedto translate in roughly half the
time giventhe prior rotate policy than it did without
it, and ultimately, the averageamount of translation
per action wasroughly double aswell (Huber, 2007).
We beliewve that this phenomenonis consistert with
the kind of staged, sequettial developmert that hu-
man neonatesexhibit as obsened by developmenal
psydologists like Piaget.

Once sthemata for rotating and translating are in
place, navigating in a cluttered environment can be
formulated asa policy for decidingwhento translate
and when to rotate in responseto obsened obsta-
cles. We demonstrated that Thing can nd a path
from point A to point B with no prior knowledge
of the intervening obstaclesusing a forward-looking
IR proximity detector to obsene obstaclesenroute
and map them into an ewolving con guration space.
The locomotion plan follows a streamline in a har-



monic function path cortroller by selecting one of
two temporally extended actions (r ot ate-gait , or
transla te-gait ) in a 4 state nite state automa-
ton. The state is derived from a 2 bit "interaction-
based" state descriptor. One bit describesthe con-
vergence status of the rot ate-gait action, and
the other describes the corvergence status of the
transla te-gait action with respect to the current
path plan. The control knowledge represerted in
these two actions and this FSA are adequate for
“nding paths in any cluttered world provided that
a path exists at the resolution of our con guration
spacemap.

Policies built using this framework for perceiving
state and executing control are very robust to chang-
ing conditions. Essetially the same policy is used
when our 4- ngered Utah/MIT hand rotates a cylin-
der and screwsin a light bulbs. A recert extension
(Huber and Grupen, 2002,

4.4 acquire Schemata
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Figure 9: acquire - A Physical Schema for acquiring
objects distributed about the environment.

By combining instances of the schemata already
preseried, more interesting behavior can be con-
structed. In this example, we use a special form
of the locomote sdema called reach - it can
thought of asan appropriately parameterizedloco-
mote that employs degreesof freedom in the arm
to move ngers and tactile sensorsto the object
sough. Sthemata for localize |, rea ch, and grasp
are much more appealing constructs for program-
ming acquire becausehey ead encade a great deal
of control knowledgeand eat will take actions based
on the dynamics of the run-time ernvironment to
achieve their respective goals. The acquire scema
may exploit state and context returned in ead of
the componerts to manageresourcesin the compos-
ite cortroller more e®ectiely.

5. Conclusions

5.1 Software Infrastructure

There appearsto be a great deal of similar structure
common to the schemata we have presered. For
instance, eat of these examplesuseslocal memory
to estimate the cortrol context from a time seriesof
obsenations and a learning componert to assciate
the categoriesobsened in eady domain into cortrol
decisionsregarding actions and resources. The im-
plemenation of atruly autonomousdevelopingrobot
will require that much attention is paid to a recur-
sive and self organizing software structure. While
processesand structure in these hypothetical soft-
ware structures are shared, the corntrol knowledge
and policies for resource managemem will be spe-
ci ¢ to the domain of interaction represeried by the
schema.

5.2 Relativized Actions

The problem is that policies are acquired over time
by addressingtasks in particular cortrol contexts.
Given enough experience, policies can approac op-
timal in the training set, but we would like to achieve
a degreeof abstraction that extendsthis policy to an
erntire classof behavior without having to train the
agert uniformly over the ertire domain. To scale
well, lifelong learning tasks must use related expe-
rience to inform exploration during future learning
tasks.

The control basisgeneratesclosed-lmp cortrollers
by sampling combinations of f ©jA 2 (F £ 2 s £
2 ¢) g, where F is the set of value functions both
native and derived, - ¢ is the stream of obsenable
everts (\sensor outputs"™) generatedduring training,
and - ¢ is the \e®ector" designation. When a policy
is acquired, it is expressedn the form of a sequence
of control con gurations drawn from this set.

Physical schemata focus speci cally on the mix-
ture and sequenceof objectives F that collectively
solve a particular classof tasks. From this view, eath
instance of a controller is a schema that has been
decoratedwith sensorand e®ectorresourcesto solve
a particular elemen of the class. Physical Schemata
form a declarative basisfor this behavioral classthat
can be learned from ewery training episade drawn
from this class.

5.3 Homomorphismand Re°ection

Our medanism for generalization generatesoppor-
tunities to apply a policy dewveloped in one context
to another (related) context. We take our lead here,
from techniques originally deweloped for "nding
minimal Markov models (Dean and Givan, 1997,
Ravindran and Barto, 2001). These graph re-



duction techniques involve identifying topo-
logical structure in an MDP that can ex-
ploit symmetry (Popplestoneand Grupen, 200Q
Ravindran and Barto, 200)) to reducethe complex-
ity of the model. We obsene that the generalization
of an existing policy can be de ned by groups of
homomorphisms. These transformations are used
to hypothesize symmetries in the MDP and create
re°ections of existing policies in other (related) do-
mains. For example, homomorphic transformations
can involve permuting the resourcesemployed in
an otherwise constart cortrol policy. Such a trans-
formation presenes the sequenceand combination
of objectives underlying the task but executesthe
schema using a di®eren suite of sensorand motor
resources.

5.4 Human-Rolot Interaction (HRI)

Parents have a great deal of input into the dewel-
opmertal growth of their children. Interfaces will
be required to accomplishthis for robot systemsas
well. For example, we can try to explain teleoper-
ator inputs by searting for elemens of the con-
trol basisthat produce similar actions in this con-
text. Further exploration can be focusedexclusively
on suc plausible controllers to generatean internal
represenation of the teleoperated task expressedin
terms of value functions native to the device. Per-
haps constraints expressedin the DEDS-basedtask
description and/or the resourcemodel can be used
to \teach" the systemhow to explain new concepts
incrementally as in classical approacesto shaping
and maturation.

Additional researd in this areais likely to yield
techniques for deweloping physical schema derived
from teleoperator input that expressthe policy using
native value functions. A generalizationto such an
approach can be usedto negotiate a shared mean-
ing between robots, humans, and the adaptive in-
terface, eath of which employ customized internal
modelstuned to their particular task that ultimately
describe the samephysical phenomena.
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