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Abstract. To explore issuesof developmental structure, physical em-
bodiment, integration of multiple sensoryand motor systems,and social
interaction, we have constructed an upper-torso humanoid robot called
Cog. The robot has twenty-one degreesof freedom and a variety of sen-
sory systems, including visual, auditory , vestibular, kinesthetic, and tac-
tile senses.This chapter gives a background on the methodology that
we have used in our investigations, highlights the research issues that
have been raised during this project, and provides a summary of both
the current state of the project and our long-term goals. We report on
a variety of implemented visual-motor routines (smooth-pursuit track-
ing, saccades,binocular vergence,and vestibular-ocular and opto-kinetic
re
exes), orientation behaviors, motor control techniques, and social be-
haviors (pointing to a visual target, recognizing joint attention through
face and eye �nding, imitation of head nods, and regulating interaction
through expressive feedback). We further outline a number of areas for
future research that will be necessaryto build a complete embodied sys-
tem.

1 In tro duction

Building an android, an autonomous robot with humanoid form and human-
like abilities, has been both a recurring theme in science�ction and a \Holy
Grail" for the Arti�cial Intelligence community. In the summer of 1993, our
group began the construction of a humanoid robot. This research project has
two goals: an engineeringgoal of building a protot ype general purpose
exible
and dextrous autonomous robot and a scienti�c goal of understanding human
cognition (Brooks & Stein 1994).

Recently, many other research groupshave begunto construct integrated hu-
manoid robots (Hirai, Hirose, Haikawa & Takenaka 1998, Kanehiro, Mizuuchi,
Koyasako,Kakiuchi, Inaba & Inoue1998,Takanishi, Hirano & Sato1998,Morita,
Shibuya & Sugano1998).There are now conferencesdevoted solely to humanoid
systems,such as the International Symposium on Humanoid Robots (HURO)
which was �rst hosted by WasedaUniversity in October of 1996,as well as sec-
tions of more broadly-basedconferences,including a recent sessionat the 1998



IEEE International Conferenceon Robotics and Automation (ICRA-98) in Leu-
ven, Belgium. There hasalso beena special issueof the Journal of the Robotics
Society of Japan in October of 1997devoted solely to humanoid robotics.

Research in humanoid robotics has uncovered a variety of new problems
and a few solutions to classicalproblems in robotics, arti�cial intelligence, and
control theory. This research draws upon work in developmental psychology,
ethology, systemstheory, philosophy, and linguistics, and through the process
of implementing models and theories from these �elds has raised interesting
research issues.In this chapter, we review someof the methodology and results
from the �rst �v e yearsof our humanoid robotics project.

Sincethe inception of our research program, we have developed a methodol-
ogy that departs from the mainstreamof AI research (Brooks,Breazeal(Ferrell),
Irie, Kemp, Marjanovi�c, Scassellati& Williamson 1998).Section2 reviewssome
of the assumptionsof classicalAI that we have found lacking and concentrates
on four aspects of a new methodology that have greatly in
uenced our research
program: developmental structure, physical embodiment, integration of multi-
ple sensoryand motor systems,and social interaction. In section 3, we describe
the current hardware and software environments of our upper-torso humanoid
robot, including twenty-one mechanical degreesof freedom,a variety of sensory
systems,and a heterogeneousdistributed computation system.Section4 focuses
on someof the long-term research issuesthat membersof our group arecurrently
investigating, and Section 5 describes someof the current tasks and behaviors
that our robot is capableof performing. We concludein Section 6 with a few of
the open problems that have yet to be addressed.

2 Metho dology

In recent years, AI research has begun to move away from the assumptionsof
classicalAI: monolithic internal models,monolithic control, and generalpurpose
processing.However, theseconceptsare still prevalent in much current work and
are deeply ingrained in many architectures for intelligent systems.For example,
in the recent AAAI-97 proceedings,one seesa continuing interest in planning
(Littman 1997, Hauskrecht 1997, Boutilier & Brafman 1997, Blythe & Veloso
1997,Brafman 1997)and representation (McCain & Turner 1997,Costello 1997,
Lobo, Mendez& Taylor 1997), which build on theseassumptions.

Previously, we have presented a methodology that di�ers signi�cantly from
the standard assumptions of both classical and neo-classicalarti�cial intelli-
gence(Brooks et al. 1998). Our alternativ e methodology is basedon evidence
from cognitive scienceand neurosciencewhich focus on four alternativ e at-
tributes which we believe are critical attributes of human intelligence: devel-
opmental organization, social interaction, embodiment and physical coupling,
and multimo dal integration.

In this section,wesummarizesomeof the evidencethat hasled us to abandon
those assumptionsabout intelligence that classicalAI continues to uphold. We



then brie
y review the alternativ e methodology that we have been using in
constructing humanoid robotic systems.

2.1 False Assumptions about Human In telligence

In studying human intelligence,three commonconceptualerrors often occur: re-
liance on monolithic internal models,on monolithic control, and on generalpur-
poseprocessing.Theseand other errorsprimarily derive from naivemodelsbased
on subjective observation and introspection, and biasesfrom commoncomputa-
tional metaphors(mathematical logic, Von Neumannarchitectures, etc.)(Brooks
1991a, Brooks 1991b). A modern understanding of cognitive scienceand neuro-
sciencerefutes theseassumptions.

Humans have no full monolithic in ternal mo dels. There is evidencethat in
normal taskshumanstend to minimize their internal representation of the world.
Ballard, Hayhoe & Pelz (1995) have shown that in performing a complex task,
like building a copy of a display of blocks, humansdo not build an internal model
of the entire visible scene.By changing the display while subjects were looking
away, Ballard found that subjectsnoticed only the most drastic of changes;rather
than keepinga completemodel of the scene,they instead left that information in
the world and continued to refer back to the scenewhile performing the copying
task.

There is alsoevidencethat there are multiple internal representations, which
are not mutually consistent. For example, in the phenomenaof blindsight, cor-
tically blind patients can discriminate di�eren t visual stimuli, but report seeing
nothing (Weiskrantz 1986).This inconsistencywould not be a feature of a single
central model of visual space.

Theseexperiments and many others like it, e.g. Rensink, O'Regan & Clark
(1997) and Gazzaniga& LeDoux (1978), convincingly demonstratethat humans
do not construct a full, monolithic model of the environment. Instead humans
tend to only represent what is immediately relevant from the environment, and
those representations do not have full accessto one another.

Humans have no monolithic control. Naive introspection and observation
can lead one to believe in a neurological equivalent of the central processing
unit { something that makes the decisionsand controls the other functions of
the organism. While there are undoubtedly control structures, this model of
a single, unitary control system is not supported by evidence from cognitive
science.

One example comes from studies of split brain patients by Gazzaniga &
LeDoux (1978). As an experimental treatment for severe epilepsy in these pa-
tients, the corpus callosum (the main structure connecting the two hemispheres
of the brain) was surgically cut. The patients are surprisingly normal after the
operation, but with de�cits that are revealedby presenting di�eren t information
to either side of the (now unconnected)brain. Since each hemispherecontrols



one side of the body, the experimenters can probe the behavior of each hemi-
sphereindependently (for example,by observingthe subject picking up an object
appropriate to the scenethat they had viewed). In one example, a snow scene
was presented to the right hemisphereand the leg of a chicken to the left. The
subject selecteda chicken head to match the chicken leg, explaining with the
verbally dominant left hemispherethat \I saw the claw and picked the chicken".
When the right hemispherethen picked a shovel to correctly match the snow,
the left hemisphereexplained that you needa shovel to \clean out the chicken
shed" (Gazzaniga & LeDoux 1978, p.148). The separatehalves of the subject
independently acted appropriately, but one side falsely explained the choice of
the other. This suggeststhat there are multiple independent control systems,
rather than a single monolithic one.

Humans are not general purp ose. The brain is conventionally thought to
be a generalpurposemachine, acting with equal skill on any type of operation
that it performs by invoking a set of powerful rules. However, humans seemto
be pro�cien t only in particular setsof skills, at the expenseof other skills, often
in non-obvious ways. A good exampleof this is the Stroop e�ect (Stroop 1935).
When presented with a list of words written in a variety of colors,performancein
a color recognition and articulation task is dependent on the semantic content
of the words; the task is very di�cult if names of colors are printed in non-
corresponding colors. This experiment demonstrates the specialized nature of
human computational processesand interactions.

Even in the areasof deductive logic, humansoften perform extremely poorly
in di�eren t contexts. Wason(1966) found that subjects wereunable to apply the
negative rule of if-then inferencewhen four cardswere labeledwith single letters
and digits. However, with additional context|lab eling the cards such that they
wereunderstandableas namesand ages|sub jects could easily solve exactly the
sameproblem.

Further, humansoften do not usesubroutine-like rules for making decisions.
They are often more emotional than rational, and there is evidencethat this
emotional content is an important aspect of decisionmaking (Damasio 1994).

2.2 Essences of Human In telligence

In an attempt to simplify the problem of building complex intelligent systems,
classical AI approaches tended to ignore or avoid many aspects of human in-
telligence (Minsky & Papert 1970). We believe that many of these discarded
elements are essential to human intelligence. Our methodology exploits four
central aspects of human intelligence: development, social interaction, physical
interaction and integration. Development forms the framework by which humans
successfullyacquire increasingly more complex skills and competencies.Social
interaction allows humans to exploit other humans for assistance,teaching, and
knowledge.Embodiment and physical coupling allow humans to use the world
itself as a tool for organizing and manipulating knowledge. Integration allows



humans to maximize the e�cacy and accuracy of complementary sensoryand
motor systems.We believe that not only are these four themes critical to the
understanding of human intelligencebut also they actually simplify the problem
of creating human-like intelligence.

Dev elopmen t: Humans are not born with complete reasoningsystems,com-
plete motor systems,or even complete sensorysystems.Instead, they undergo
a processof development where they perform incrementally more di�cult tasks
in more complex environments en route to the adult state. Building systemsde-
velopmentally facilitates learning both by providing a structured decomposition
of skills and by gradually increasing the complexity of the task to match the
competency of the system.

Development is an incremental process.Behaviors and learned skills that
havealready beenmasteredprepareand enablethe acquisition of more advanced
behaviors by providing subskills and knowledgethat can be re-used,by placing
simplifying constraints on the acquisition, and by minimizing new information
that must be acquired.For example,Diamond (1990)shows that infants between
�v e and twelve months of age progress through a number of distinct phases
in the development of visually guided reaching. In this progression,infants in
later phasesconsistently demonstrate more sophisticated reaching strategies to
retrieve a toy in more challengingscenarios.As the infant's reaching competency
develops, later stagesincrementally improve upon the competency a�orded by
the previous stages.Within our group, Marjanovi�c, Scassellati& Williamson
(1996) applied a similar bootstrapping technique to enable the robot to learn
to point to a visual target. Scassellati (1996) has discussedhow a humanoid
robot might acquirebasicsocial competenciesthrough this sort of developmental
methodology. Other examplesof developmental learning that we have explored
can be found in (Ferrell 1996,Scassellati1998b).

By gradually increasingthe complexity of the required task, a developmen-
tal processoptimizes learning. For example, infants are born with low acuity
vision which simpli�es the visual input they must process.The infant's visual
performancedevelopsin step with their abilit y to processthe in
ux of stimula-
tion (Johnson 1993). The sameis true for the motor system. Newborn infants
do not have independent control over each degreeof freedomof their limbs, but
through a gradual increasein the granularit y of their motor control they learn
to coordinate the full complexity of their bodies. A processin which the acuity
of both sensoryand motor systemsare gradually increasedsigni�cantly reduces
the di�cult y of the learning problem (Thelen & Smith 1994).The caregiver also
acts to gradually increasethe task complexity by structuring and controlling
the complexity of the environment. By exploiting a gradual increasein complex-
it y both internal and external, while reusing structures and information gained
from previously learned behaviors, we hope to be able to learn increasingly so-
phisticated behaviors. We believe that thesemethods will allow us to construct
systemswhich scaleautonomously (Ferrell & Kemp 1996,Scassellati1998b).



Social In teraction: Human infants are extremely dependent on their care-
givers, relying upon them not only for basic necessitiesbut also as a guide to
their development. This relianceon social contact is sointegrated into our species
that it is hard to imagine a completely asocial human; developmental disorders
that e�ect social development, such as autism and Asperger's syndrome, are
extremely debilitating and can have far-reaching consequences(Cohen & Volk-
mar 1997). Building social skills into an arti�cial intelligence provides not only
a natural meansof human-machine interaction but also a mechanism for boot-
strapping more complex behavior. Our research program has investigatedsocial
interaction both as a means for bootstrapping and as an instance of develop-
mental progression.

Social interaction can be a meansto facilitate learning. New skills may be so-
cially transfered from caregiver to infant through mimicry or imitation, through
direct tutelage, or by meansof sca�olding, in which a more able adult manip-
ulates the infant's interactions with the environment to foster novel abilities.
Commonly sca�olding involvesreducing distractions, marking the task's critical
attributes, reducing the number of degreesof freedom in the target task, and
enabling the infant to experiencethe end or outcome before she is cognitively
or physically able of seekingand attaining it for herself (Wood, Bruner & Ross
1976). We are currently engagedin work studying bootstrapping new behav-
iors from social interactions (Breazeal& Scassellati1998,Breazeal& Velasquez
1998).

The social skills required to make use of sca�olding are complex. Infants
acquire these social skills through a developmental progression(Hobson 1993).
One of the earliest precursorsis the abilit y to shareattention with the caregiver.
This abilit y can take many forms, from the recognition of a pointing gestureto
maintaining eye contact (seechapter ??). In our work, we have also examined
social interaction from this developmental perspective,building systemsthat can
recognizeand respond to joint attention by �nding facesand eyes (Scassellati
1998c) and imitating head nods of the caregiver (Scassellati1998d).

Em bodimen t and Ph ysical Coupling: Perhapsthe most obvious, and most
overlooked, aspect of human intelligence is that it is embodied. A principle
tenet of our methodology is to build and test real robotic systems.We believe
that building human-like intelligence requires human-like interaction with the
world (Brooks & Stein 1994). Humanoid form is important both to allow hu-
mans to interact socially with the robot in a natural way and to provide similar
task constraints.

The direct physical coupling betweenaction and perception reducesthe need
for an intermediary representation. For an embodied system, internal repre-
sentations can be ultimately grounded in sensory-motor interactions with the
world (Lako� 1987).Our systemsare physically coupledwith the world and op-
erate directly in that world without any explicit representations of it (Brooks
1986,Brooks 1991b). There are representations, or accumulations of state, but
these only refer to the internal workings of the system; they are meaningless



without interaction with the outside world. The embedding of the systemwithin
the world enablesthe internal accumulations of state to provide usefulbehavior. 1

In addition we believe that building a real system is computationally less
complex than simulating such a system. The e�ects of gravit y, friction, and
natural human interaction are obtained for free, without any computation. Em-
bodied systemscan also perform somecomplex tasks in relatively simple ways
by exploiting the properties of the completesystem.For example,when putting
a jug of milk in the refrigerator, you can exploit the pendulum action of your
arm to move the milk (Greene1982). The swing of the jug doesnot needto be
explicitly planned or controlled, since it is the natural behavior of the system.
Instead of having to plan the whole motion, the system only has to modulate,
guide and correct the natural dynamics. We have implemented onesuch scheme
using self-adaptive oscillators to drive the joints of the robot's arm (Williamson
1998a, Williamson 1998b).

In tegration: Humanshave the capability to receive an enormousamount of in-
formation from the world. Visual, auditory, somatosensory, and olfactory cuesare
all processedsimultaneously to provide us with our view of the world. However,
there is evidencethat the sensorymodalities are not independent; stimuli from
onemodalit y can and do in
uence the perception of stimuli in another modalit y.
For example,Churchland, Ramachandran & Sejnowski (1994) demonstratedan
exampleof how audition can causeillusory visual motion. Vision can causeau-
ditory illusions too, such as the McGurk e�ect (Cohen & Massaro1990). These
studies demonstrate that sensorymodalities cannot be treated independently.

Sensoryintegration can simplify the computation necessaryfor a given task.
Attempting to perform the task using only one modalit y is sometimesawkward
and computationally intensive. Utilizing the complementary nature of separate
modalities can result in a reduction of overall computation. We have imple-
mented several mechanisms on Cog that use multimo dal integration to aid in
increasingperformanceor developingcompetencies.For example,Peskin& Scas-
sellati (1997) implemented a systemthat stabilized imagesfrom a moving camera
using vestibular feedback.

By integrating di�eren t sensorymodalities we can exploit the multimo dal
nature of stimuli to facilitate learning. For example,objects that makenoiseoften
move. This correlation can be exploited to facilitate perception. Wertheimer
(1961) hasshown that vision and audition interact from birth; even ten-minute-
old children will turn their eyestoward an auditory cue.This interaction between
the sensescontinuesto develop; visual stimuli greatly a�ect the development of
sound localization (Knudsen& Knudsen1985). In our work, Irie (1997) built an
auditory system that utilizes visual information to train auditory localization.
This work highlights not only the development of sensoryintegration, but also
the simpli�cation of computational requirements that can be obtained through
integration.

1 This was the fundamental approach taken by Ashby (1960) contemporaneously with
the development of early AI.



Fig. 1. Cog, an upper-torso humanoid robot. Cog has twenty-one degreesof freedom
to approximate human movement, and a variety of sensorysystems that approximate
human senses,including visual, vestibular, auditory , and tactile senses.

3 Hardw are

In pursuing the methodology outlined in the previous section, we have con-
structed an upper-torso humanoid robot called Cog (seeFigure 1). This section
describesthe computational, perceptual, and motor systemsthat have beenim-
plemented on Cog as well as the development platforms that have been con-
structed to test additional hardware and software components.

3.1 Computational System

The computational control for Cog is a heterogeneousnetwork of many di�er-
ent processorstypesoperating at di�eren t levels in the control hierarchy, rang-
ing from small microcontrollers for joint-level control to digital signal processor
(DSP) networks for audio and visual preprocessing.

Cog's \brain" hasundergonea seriesof revisions.The original wasa network
of 16 MHz Motorola 68332microcontrollers on custom-built boards, connected
through dual-port RAM. Each of thesenodesran L, a multithreading subsetof
Common Lisp. The current core is a network of 200 MHz industrial PC com-
puters running the QNX real-time operating system and connectedby 100VG
ethernet. The network currently contains 4 nodes,but can be expandedat will
by plugging new nodes into the network hub. QNX provides transparent and
fault-tolerant interprocesscommunication over the network. The PC backplanes
provide ample room for installing commercial or custom I/O boards and con-
troller cards. The \old" and \new" brains can inter-operate, communicating via
a custom-built sharedmemory ISA interface card.



Video and audio preprocessingis performed by a separatenetwork of Texas
Instruments C40digital signalprocessorswhich communicate via the proprietary
C40 communications port interface.The network includesC40-basedframegrab-
bers, display boards,and audio I/O ports. The processorsrelay data to the core
processornetwork via ISA and PCI interface cards.

Each joint on the robot has a dedicated local motor controller, a custom-
built board with a Motorola HC11 microcontroller, which processesencoder and
analoginputs, performs servo calculations, and drivesthe motor via pulse-width
modulation. For the arms, the microcontroller generatesa virtual spring behavior
at 1kHz, basedon torque feedback from strain gaugesin the joints.

3.2 Perceptual Systems

To obtain information about the environment, Cog has a variety of sensory
systemsincluding visual, vestibular, auditory, tactile, and kinesthetic senses.

Visual System: Cog's visual system is designedto mimic someof the capa-
bilities of the human visual system, including binocularit y and space-variant
sensing(Scassellati1998a). Each eye can rotate about an independent vertical
axis (pan) and a coupled horizontal axis (tilt). To allow for both a wide �eld
of view and high resolution vision, there are two grayscalecamerasper eye, one
which captures a wide-angleview of the periphery (88:6� (V ) � 115:8� (H ) �eld
of view) and onewhich capturesa narrow-angleview of the central (foveal) area
(18:4� (V ) � 24:4� (H ) �eld of view with the sameresolution). Each camerapro-
duces an NTSC signal that is digitized by a frame grabber connected to the
digital signal processornetwork.

Vestibular System: The human vestibular system plays a critical role in the
coordination of motor responses,eye movement, posture, and balance.The hu-
man vestibular sensoryorgan consistsof the three semi-circular canals, which
measurethe acceleration of head rotation, and the two otolith organs, which
measurelinear movements of the head and the orientation of the head relative
to gravit y. To mimic the human vestibular system,Coghasthree rate gyroscopes
mounted on orthogonal axes(corresponding to the semi-circular canals)and two
linear accelerometers(corresponding to the otolith organs).Each of thesedevices
is mounted in the headof the robot, slightly below eye level. Analog signalsfrom
each of these sensorsis ampli�ed on-board the robot, and processedo�-b oard
by a commercial A/D converter attached to one of the PC brain nodes.

Auditory System: To provide auditory information, two electret omni-directional
microphoneswere mounted on the head of the robot. To facilitate localization,
crude pinnae wereconstructed around the microphones.Analog auditory signals
are processedby a commercial A/D board that interfaces to the digital signal
processornetwork.



Tactile System: We have begunexperimenting with providing tactile feedback
from the robot using resistive forcesensors.Each sensorprovidesa measurement
of the force applied to its sensingsurface. As an initial experiment, we have
mounted an 6 � 4 array of these sensorsto the front of the robot's torso. The
signalsfrom thesesensorsare multiplexed through a single6811microcontroller,
thus giving measurements of both force and position. A similar systemhasbeen
usedto mount tactile sensorson someof the hands that we have usedwith the
robot.

Kinesthetic System: Feedback concerningthe state of Cog's motor systemis
provided by a variety of sensorslocated at each joint. The eye axesutilize only
the simplest form of feedback; each actuator has a single digital encoder which
givesposition information. The neck and torso joints have encoders, as well as
motor current sensing(for crude torque feedback), temperature sensorson the
motors and driver chips, and limit switchesat the extremesof joint movement.
The arms joints have the most involvedkinesthetic sensing.In addition to all the
previous sensors,each of the 12 arm joints also has strain gaugesfor accurate
torque sensing,and potentiometers for absolute position feedback.

3.3 Motor Systems

Cog has a total of twenty-one mechanical degrees-of-freedom(DOF); two six
DOF arms, a torso with a two degree-of-freedom(DOF) waist, a oneDOF torso
twist, a three DOF neck, and three DOF in the eyes.

Arms: Each arm is loosely basedon the dimensionsof a human arm with 6
degrees-of-freedom,each poweredby a DC electric motor through a seriesspring
(a serieselastic actuator, see(Pratt & Williamson 1995)). The spring provides
accurate torque feedback at each joint, and protects the motor gearbox from
shock loads. A low gain position control loop is implemented so that each joint
acts asif it werea virtual spring with variable sti�ness, damping and equilibrium
position. These spring parameters can be changed,both to move the arm and
to alter its dynamic behavior. Motion of the arm is achieved by changing the
equilibrium positions of the joints, not by commandingthe joint anglesdirectly.
There is considerablebiological evidencefor this spring-like property of arms
(Zajac 1989, Cannon & Zahalak 1982, MacKay, Crammond, Kwan & Murphy
1986).

The spring-like property givesthe arm a sensible\natural" behavior: if it is
disturbed, or hits an obstacle, the arm simply de
ects out of the way. The dis-
turbance is absorbed by the compliant characteristics of the system, and needs
no explicit sensingor computation. The system also has a low frequency char-
acteristic (large massesand soft springs) which allows for smooth arm motion
at a slower command rate. This allows more time for computation, and makes
possible the use of control systemswith substantial delay (a condition akin to
biological systems).The spring-like behavior also guaranteesa stable system if
the joint set-points are fed-forward to the arm.
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Fig. 2. Range of motion for the neck and torso. Not shown are the neck twist (180
degrees)and body twist (120 degrees)

Neck and Torso: Cog's body hassix degreesof freedom:the waist bendsside-
to-side and front-to-back, the \spine" can twist, and the neck tilts side-to-side,
nods front-to-back, and twists left-to-righ t. Mechanical stops on the body and
neck give a human-like range of motion, as shown in Figure 2 (Not shown are
the neck twist (180 degrees)and body twist (120 degrees)).

3.4 Dev elopmen t Platforms

In addition to the humanoid robot, we have also built three development plat-
forms, similar in mechanical designto Cog's head,with identical computational
systems;the samecodecanberun on all platforms. Thesedevelopment platforms
allow us to test and debug new behaviors before integrating them on Cog.

Vision Platform: The vision development platform (shown at the left of Figure
3) is a copy of Cog'sactivevision system.The development platform hasidentical
degreesof freedom, similar design characteristics, and identical computational
environment. The development platform di�ers from Cog'svision systemin only
three ways. First, to explore issuesof color vision and saliency, the development
platform hascolor cameras.Second,the mechanical designof the cameramounts
hasbeenmodi�ed for the speci�cations of the color cameras.Third, becausethe
color camerasare signi�cantly lighter than the grayscalecamerasusedon Cog,
we wereable to usesmaller motors for the development platform while obtaining
similar eye movement speeds.Additional details on the development platform
designcan be found in Scassellati(1998a).

Vision and Emotiv e Resp onse Platform: To explore ideas in social inter-
action betweenrobots and humans, we have constructed a platform with capa-



Fig. 3. Two of the vision development platforms used in this work. These desktop
systems match the design of the Cog head and are used as development platforms for
visual-motor routines. The system on the right has been modi�ed to investigate how
expressive facial gesturescan regulate social learning.

bilities for emotive facial expressions(shown at the right of Figure 3). This sys-
tem, called Kismet, consistsof the active stereovision system(described above)
embellished with facial features for emotive expression.Currently, these facial
featuresinclude eyebrows (each with two degrees-of-freedom:lift and arch), ears
(each with two degrees-of-freedom:lift and rotate), eyelids (each with onedegree
of freedom:open/close), and a mouth (with onedegreeof freedom:open/close).
The robot is able to show expressionsanalogousto anger, fatigue, fear, disgust,
excitement, happiness,interest, sadness,and surprise (shown in Figure 4) which
are easily interpreted by an untrained human observer.

A pair of Motorola 68332-basedmicrocontrollers are also connectedto the
robot. One controller implements the motor systemfor driving the robot's facial
motors. The secondcontroller implements the motivational system (emotions
and drives)and the behavior system.This nodereceivespre-processedperceptual
information from the DSP network through a dual-ported RAM, and converts
this information into a behavior-speci�c percept which is then fed into the rest
of the behavior engine.

Visual-Auditory Platform: A third development platform was constructed
to investigate the relationships between vision and audition. The development
platform has an auditory system similar to that used on Cog, with two micro-
phones and a set of simpli�ed pinnae. As a simpli�ed visual system, a single
color camerawas mounted at the midline of the head.



Fig. 4. Static extremesof Kismet's facial expressions.During operation, the 11 degrees-
of-freedom for the ears, eyebrows, mouth, and eyelids vary contin uously with the cur-
rent emotional state of the robot.

4 Curren t Long-T erm Pro jects

This section describes a few of the long-term research issuesthat our group is
currently addressing.Although each project is still in progress, initial results
from each of theseareaswill be presented in Section 5.

4.1 Join t A tten tion and Theory of Mind

One critical milestone in a child's development is the recognition of others as
agents that have beliefs, desires,and perceptions that are independent of the
child's own beliefs, desires,and perceptions. The abilit y to recognizewhat an-
other personcan see,the abilit y to know that another personmaintains a false
belief, and the abilit y to recognizethat another person likes gamesthat di�er
from thosethat the child enjoys areall part of this developmental chain. Further,
the abilit y to recognizeoneselfin the mirror, the abilit y to ground words in per-
ceptual experiences,and the skills involved in creative and imaginative play may



alsobe related to this developmental advance.Theseabilities are also central to
what de�nes human interactions. Normal social interactions depend upon the
recognition of other points of view, the understanding of other mental states,
and the recognition of complex non-verbal signals of attention and emotional
state.

If we are to build a system that can recognizeand produce these complex
social behaviors, we must �nd a skill decomposition that maintains the com-
plexity and richnessof the behaviors represented while still remaining simple
to implement and construct. Evidence from the development of these \theory
of mind" skills in normal children, as well as the abnormal development seen
in pervasive developmental disorderssuch as Asperger's syndrome and autism,
demonstrate that a critical precursor is the abilit y to engagein joint attention
(Baron-Cohen 1995,Frith 1990). Joint attention refers to those preverbal social
behaviors that allow the infant to sharewith another personthe experienceof a
third object (Wood et al. 1976). For example, the child might laugh and point
to a toy, alternating betweenlooking at the caregiver and the toy.

From a robotics standpoint, even the simplest of joint attention behaviors
require the coordination of a large number of perceptual, sensory-motor,atten-
tional, and cognitive processes.Our current research is the implementation of
one possibleskill decomposition that has received support from developmental
psychology, neuroscience,and abnormal psychology, and is consistent with evi-
dencefrom evolutionary studiesof the development of joint attention behaviors.
This decomposition is described in detail in Chapter ??, and requiresmany ca-
pabilities from our robotic system including basic eye motor skills, faceand eye
detection, determination of eye direction, gesture recognition, attentional sys-
tems that allow for social behavior selection at appropriate moments, emotive
responses,arm motor control, image stabilization, and many others.

A robotic system that can recognizeand engagein joint attention behav-
iors will allow for social interactions between the robot and humans that have
previously not been possible.The robot would be capable of learning from an
observer using normal social signals in the sameway that human infants learn;
no specializedtraining of the observer would be necessary. The robot would also
be capableof expressingits internal state (emotions,desires,goals,etc.) through
social interactions without relying upon an arti�cial vocabulary. Further, a robot
that can recognizethe goalsand desiresof others will allow for systemsthat can
more accurately react to the emotional, attentional, and cognitive states of the
observer, can learn to anticipate the reactionsof the observer, and canmodify its
own behavior accordingly. The construction of thesesystemsmay alsoprovide a
new tool for investigating the predictive power and validit y of the models from
natural systemsthat serve as the basis. An implemented model can be tested
in ways that are not possible to test on humans, using alternate developmen-
tal conditions, alternate experiences,and alternate educational and intervention
approaches.



4.2 Social In teraction between an Infan t and a Caretak er

Other ongoingwork focuseson altricial learning in a social context (Breazeal(Fer-
rell) 1998,Breazeal& Scassellati1998,Breazeal& Velasquez1998).By treating
the robot as an altricial system whose learning is assistedand guided by the
human caretaker, this approach exploits the environment and social interactions
that are critical to infant development.

An infant's motivations (emotions, drives,and pain) play an important role
in generating meaningful interactions with the caretaker (Bullowa 1979). The
infant's emotional responsesprovide important cues which the caretaker uses
to assesshow to satiate the infant's drives, and how to carefully regulate the
complexity of the interaction. The former is critical for the infant to learn how
its actions in
uence the caretaker, and the latter is critical for establishing and
maintaining a suitable learning environment for the infant. Similarly, the care-
taker's emotive responsesto the infant shape the continuing interaction and can
guide the learning process.

An infant's motivations are vital to regulating social interactions with his
mother (Kaye 1979).Soon after birth, an infant is able to display a wide variety
of facial expressions(Trevarthen 1979). As such, he responds to events in the
world with expressive cuesthat his mother can read, interpret, and act upon.
She interprets them as indicators of his internal state (how he feelsand why),
and modi�es her actions to promote his well being (Tronick, Als & Adamson
1979,Chappell & Sander1979).For example,whenheappearscontent shetends
to maintain the current level of interaction, but when he appears disinterested
sheintensi�es or changesthe interaction to try to re-engagehim. In this manner,
the infant can regulate the intensity of interaction with his mother by displaying
appropriate emotive and expressive cues.

An important function for a robot's motivational system is not only to es-
tablish appropriate interactions with the caretaker, but also to regulate their in-
tensity so that the robot is neither overwhelmednor under stimulated by them.
When designedproperly, the intensity of the robot's expressionsprovide appro-
priate cuesfor the caretaker to increasethe intensity of the interaction, tone it
down, or maintain it at the current level. By doing so, both parties can modify
their own behavior and the behavior of the other to maintain the intensity of
interaction that the robot requires.

The useof emotional expressionsand gesturesfacilitates and biaseslearning
during social exchanges.Parents take an active role in shapingand guiding how
and what infants learn by meansof sca�olding . As the word implies, the parent
provides a supportiv e framework for the infant by manipulating the infant's
interactions with the environment to foster novel abilities. The emotive cuesthe
parent receivesduring social exchangesserveasfeedback sothe parent canadjust
the nature and intensity of the structured learning episode to maintain a suitable
learning environment where the infant is neither bored nor overwhelmed.

In addition, an infant's motivations and emotional displays are critical in
establishing the context for learning shared meanings of communicative acts
(Halliday 1975). An infant displays a wide assortment of emotive cuessuch as



coos, smiles,waves,and kicks. At such an early age, the mother imparts a con-
sistent meaning to her infant's expressive gesturesand expressions,interpreting
them as meaningful responsesto her mothering and as indications of his inter-
nal state. Curiously, experiments by Kaye (1979) arguethat the mother actually
suppliesmost if not all the meaningto the exchangewhen the infant is soyoung.
The infant doesnot know the signi�cance his expressiveactshave for his mother,
nor how to usethem to evoke speci�c responsesfrom her. However, becausethe
mother assumesher infant sharesthe samemeaningsfor emotive acts, her con-
sistencyallows the infant to discover what sorts of activities on his part will get
speci�c responsesfrom her. Routine sequencesof a predictable nature can be
built up which serve as the basisof learning episodes(Newson1979).

Combining these ideas one can design a robot that is biased to learn how
its emotive acts in
uence the caretaker in order to satisfy its own drives. To-
ward this end, we endow the robot with a motivational system that works to
maintain its driveswithin homeostaticbounds and motivates the robot to learn
behaviors that satiate them. For our purposes,we further provide the robot with
a set of emotive expressionsthat are easily interpreted by a naive observer as
analoguesof the typesof emotive expressionsthat human infants display. This
allows the caretaker to observe the robot's emotive expressionsand interpret
them as communicative acts. This establishesthe requisite routine interactions
for the robot to learn how its emotive acts in
uence the behavior of the care-
taker, which ultimately serves to satiate the robot's own drives. By doing so,
both parties can modify both their own behavior and the behavior of the other
in order to maintain an interaction that the robot can learn from and use to
satisfy its drives.

4.3 Dynamic Human-lik e Arm Motion

Another research goal is to build a system that can move with the speed, pre-
cision, dexterity, and graceof a human to physically interact with the world in
human-like ways. Our current research focuseson control methods that exploit
the natural dynamics of the robot to obtain 
exible and robust motion without
complex computation.

Control methods that exploit physical dynamicsare not commonin robotics.
Traditional methods are often kinematically based,requiring accurate calibra-
tion of the robot's dimensions and mechanical properties. However, even for
systemsthat utilize only a few degreesof freedom, kinematic solutions can be
computationally expensive. For this reason,researchers have adopted a number
of strategies to simplify the control problems by reducing the e�ects of sys-
tem dynamics including careful calibration and intensive modeling (An, Atke-
son& Hollerbach 1988),using lightweight robots with little dynamics(Salisbury,
Townsend,Eberman& DiPietro 1988),or simply by moving slowly. Research em-
phasizing dynamic manipulation either exploits clever mechanical mechanisms
which simplify control schemes(Schaal & Atkeson1993,McGeer1990)or results
in computationally complex methods (Mason & Salisbury 1985).



Humans, however, exploit the mechanical characteristics of their bodies. For
example, when humans swing their arms they choose comfortable frequencies
which are close to the natural resonant frequenciesof their limbs (Herr 1993,
Hatsopoulos& Warren 1996).Similarly, whenplacedin a jumper, infants bounce
at the natural frequency(Warren & Karrer 1984).Humansalsoexploit the active
dynamics of their arm when throwing a ball (Rosenbaum et al. 1993) and the
passive dynamics of their arm to allow stable interaction with objects (Mussa-
Ivaldi, Hogan & Bizzi 1985). When learning new motions, both infants and
adults quickly utilize the physical dynamics of their limbs (Thelen & Smith
1994,Schneider, Zernicke, Schmidt & Hart 1989).

On our robot, we have exploited the dynamics of the arms to perform a
variety of tasks. The complianceof the arm allows both stable motion and safe
interaction with objects. Local controllers at each joint are physically coupled
through the mechanics of the arm, allowing these controllers to interact and
producecoordinated motion such asswinging a pendulum, turning a crank, and
playing with a slinky. Our initial experiments suggestthat these solutions are
very robust to perturbations, do not require accurate calibration or parameter
tuning, and are computationally simple (Williamson 1998a, Williamson 1998b).

4.4 Multi-mo dal Co ordination

Our group has developed many behaviors and skills for Cog, each involving
one or two sensory and/or motor systems { i.e. face �nding, crank turning,
auditory localization. However, to be truly e�ectiv e as an embodied robot, Cog
requires a general mechanism for overall sensory-motorcoordination, a facilit y
for e�ectiv ely combining skills or at least preventing them from interfering with
each other.

A multi-mo dal coordination systemwill manifest itself in three di�eren t ways.
First, for interactions between sensorysystems,such a facilit y would provide
a basis for the combination of several sensory inputs into a more robust and
reliable view of the world. Second,interactions betweenmotor systemsproduce
synergisms| coactivation of motor systemsnot directly involved with a task
but which prepare the robot for more e�ectiv e execution overall. Third, for
interactions between sensoryand motor systems,this system would provide a
method for \sensory tuning," in which adjusting physical properties of the robot
can optimize the performance of a sensory system (foveation is a very basic
example).

The foundation for such a generalcoordination mechanismrestson two mod-
ules: a systemthat incorporates intrinsic performancemeasuresinto sensorimo-
tor processes,and a system for extracting correlations between sensorimotor
events. Combined, theseprovide su�cien t information for Cog to learn how its
internal systemsinteract with each other. Unfortunately, �nding this information
is by no meanstrivial.

Performancemeasuresare the most straightforward. For sensoryprocesses,
the performanceis estimatedby a con�dence measure,probably basedon a com-
bination of repeatibilit y, error estimates,etc. Motor performancemeasurements



would be basedupon criteria such aspower expenditure, fatigue measures,safety
limits, and actuator accuracy.

Extracting correlations between sensorimotor events is more complex. The
�rst step is segmentation, that is, determining what constitutes an \event" within
a stream of proprioceptive data and/or motor commands.Segmentation algo-
rithms and �lters can be hard-coded (but only for the most rudimentary enu-
meration of sensingand actuating processes)or created adaptively. Adaptiv e
segmentation creates and tunes �lters based on how well they contribute to
the correlation models. Segmentation is crucial becauseit reducesthe amount
of redundant information produced by con
uent data streams.Any correlation
routine must deal with both the combinatorial problem of looking for patterns
between many di�eren t data sourcesand the problem of �nding correlations
betweenevents with time delays.

A generalsystem for multimo dal coordination is too complex to implement
all at once. We plan to start on a small scale, coordinating between two and
�v e systems.The �rst goal is a mechanism for posture | to coordinate, �xate,
and properly sti�en or relax torso, neck, and limbs for a variety of reaching and
looking tasks. Posture is not merely a re
exiv e control; it has feed-forward com-
ponents which require knowledgeof impending taskssothat the robot can ready
itself. A postural system being so reactive and pervasive, requires a signi�cant
amount of multi-mo dal integration.

5 Curren t Tasks

In pursuing the long-term projects outlined in the previous section,we have im-
plemented many simple behaviors on our humanoid robot. This section brie
y
describesthe tasksand behaviors that the robot is currently capableof perform-
ing. For brevity, many of the technical details and referencesto similar work
have been excluded here, but are available from the original citations. In ad-
dition, video clips of Cog performing many of these tasks are available from
http://www.ai.mi t.e du/pr oj ects/ cog/ .

5.1 Visual-motor Routines

Human eye movements can be classi�ed into �v e categories: three voluntary
movements (saccades,smooth pursuit, and vergence)and two involuntary move-
ments (the vestibulo-ocular re
ex and the opto-kinetic response)(Goldberg, Eg-
gers & Gouras 1992). We have implemented mechanical analoguesof each of
theseeye motions.

Saccades: Saccadesare high-speedballistic motions that focus a salient object
on the high-resolution central area of the visual �eld (the fovea). In humans,
saccadesareextremely rapid, often up to 900� per second.To enableour machine
vision systemsto saccadeto a target, we require a saccadefunction S : (x; e) 7!
�e which producesa change in eye motor position (�e ) given the current eye



motor position (e) and the stimulus location in the image plane (x). To obtain
accurate saccadeswithout requiring an accurate model of the kinematics and
optics, an unsupervised learning algorithm estimatesthe saccadefunction. This
implementation can adapt to the non-linear optical and mechanical properties
of the vision system. Marjanovi�c et al. (1996) learned a saccadefunction for
this hardware platform using a 17� 17 interpolated lookup table. The map was
initialized with a linear set of values obtained from self-calibration. For each
learning trial, a visual target was randomly selected.The robot attempted to
saccadeto that location using the current map estimates.The target waslocated
in the post-saccadeimage using correlation, and the L 2 o�set of the target was
used as an error signal to train the map. The system learned to center pixel
patches in the peripheral �eld of view. The system converged to an averageof
< 1 pixel of error in a 128� 128 imageper saccadeafter 2000trials (1.5 hours).
With a trained saccadefunction S, the systemcansaccadeto any salient stimulus
in the imageplane. We have usedthis mapping for saccadingto moving targets,
bright colors, and salient matchesto static image templates.

Smo oth-Pursuit Tracking: Smooth pursuit movements maintain the image
of a moving object on the fovea at speedsbelow 100� per second.Our current
implementation of smooth pursuit tracking acquiresa visual target and attempts
to maintain the foveation of that target. The central 7 � 7 patch of the initial
64 � 64 image is installed as the target image. In this instance, we use a very
small image to reduce the computational load necessaryto track non-artifact
features of an object. For each successive image, the central 44 � 44 patch is
correlated with the 7 � 7 target image. The best correlation value gives the
location of the target within the new image, and the distance from the center
of the visual �eld to that location gives the motion vector. The length of the
motion vector is the pixel error. The motion vector is scaledby a constant (based
on the time betweeniterations) and usedas a velocity command to the motors.
This systemoperatesat 20 Hz. and can successfullytrack moving objects whose
image projection changesslowly.

Bino cular Vergence: Vergencemovements adjust the eyes for viewing ob-
jects at varying depth. While the recovery of absolutedepth may not be strictly
necessary, relative disparity betweenobjects are critical for tasks such as accu-
rate hand-eyecoordination, �gure-ground discrimination, and collision detection.
Yamato (1998) built a system that performs binocular vergenceand integrates
the saccadicand smooth-pursuit systemsdescribedpreviously. Building on mod-
elsof the development of binocularit y in infants, Yamato usedlocal correlations
to identify matching targets in a foveal region in both eyes,moving the eyes to
match the pixel locations of the targets in each eye. The systemwasalsocapable
of smoothly responding to changesof targets after saccadicmotions, and during
smooth pursuit.



Vestibular-o cular and Opto-kinetic Re
exes: The vestibulo-ocular re-

ex and the opto-kinetic nystigmus cooperate to stabilize the eyes when the
head moves.The vestibulo-ocular re
ex (VOR) stabilizes the eyesduring rapid
headmotions. Acceleration measurements from the semi-circular canalsand the
otolith organsin the inner ear are integrated to provide a measurement of head
velocity, which is usedto counter-rotate the eyesand maintain the direction of
gaze.The opto-kinetic nystigmus (OKN) compensatesfor slow, smooth motions
by measuringthe optic 
o w of the background on the retina (also known as the
visual slip). OKN operatesat much lower velocities than VOR (Goldberg et al.
1992). Many researchers have built accurate computational models and simula-
tions of the interplay betweenthesetwo stabilization mechanisms(Lisberger &
Sejnowski 1992,Panerai & Sandini 1998). To mimic the human vestibular sys-
tem, Cog has three rate gyroscopesmounted on orthogonal axis (corresponding
to the semi-circular canals)and two linear accelerometers(corresponding to the
otolith organs).

A simple OKN can be constructed using a rough approximation of the optic

o w on the background image.BecauseOKN needsonly to function at relatively
slow speeds(5 Hz is su�cien t), and becauseOKN only requiresa measurement
of optic 
o w of the entire �eld, our computational load is manageable.The
optic 
o w routine calculatesthe full-�eld background motion betweensuccessive
frames, giving a single estimate of cameramotion. The optic 
o w estimate is a
displacement vector for the entire scene.Using the saccademap that we have
learned previously, we can obtain an estimate of the amount of eye motion we
require to compensatefor the visual displacement.

A simple VOR can be constructed by integrating the velocity signal from
the rate gyroscopes, scaling that signal, and using it to drive the eye motors.
This technique works well for transient and rapid headmotions, but fails for two
reasons.First, becausethe gyroscopesignalmust be integrated, the systemtends
to accumulate drift. Second,the scaling constant must be selectedempirically.
Both of thesede�cits can be eliminated by combining VOR with OKN.

Combining VOR with OKN provides a more stable, robust system (Peskin
& Scassellati1997). The OKN system can be usedto train the VOR scalecon-
stant. The training routine movesthe neck at a constant velocity with the VOR
enabled.While the neck is in motion, the OKN monitors the optical slip. If the
VOR constant is accurate for short neck motions, then the optical slip should
be zero. If the optical slip is non-zero,the VOR constant can be modi�ed in the
appropriate direction. This on-line technique can adapt the VOR constant to an
appropriate value whenever the robot movesthe neck at constant velocity over
short distances.The combination of VOR and OKN can also eliminate gradual
drift. The OKN will correct not only for slow head motions but also for slow
drift from the VOR. We are currently working on implementing modelsof VOR
and OKN coordination to allow both systemsto operate simultaneously.



Fig. 5. Orientation to a salient stimulus. Once a salient stimulus (a moving hand) has
been detected, the robot �rst saccadesto that target and then orients the head and
neck to that target.

5.2 Ey e/Nec k Orien tation

Orienting the head and neck along the angle of gazecan maximize the range of
the next eye motion while giving the robot a more life-like appearance.Oncethe
eyeshave foveateda salient stimulus, the neck should move to point the head in
the direction of the stimulus while the eyescounter-rotate to maintain �xation
on the target (seeFigure 5). To move the neck the appropriate distance,we must
construct a mapping N : (n; e) 7! �n which producesa change in neck motor
positions (�n ) given the current neck position (n) and the initial eye position
(e). Becausewe are mapping motor positions to motor positions with axesthat
are roughly parallel, a simple linear mapping has su�ced: �n = (k _e � n) for
someconstant k.2

There are two possiblemechanisms for counter-rotating the eyes while the
neck is in motion: the vestibulo-ocular re
ex or an e�erence copy signal of the
neck motion. VOR can be used to compensate for neck motion without any
additions necessary. Becausethe re
ex usesgyroscope feedback to maintain the
eye position, no communication betweenthe neck motor controller and the eye
motor controller is necessary. This can be desirableif there is limited bandwith
betweenthe processorsresponsiblefor neck and eyecontrol. However, usingVOR
to compensate for neck motion can becomeunstable. Becausethe gyroscopes
are mounted very close to the neck motors, motion of the neck can result in
additional vibrational noiseon the gyroscopes.However, since the neck motion
is a voluntary movement, our systemcan utilize additional information in order
to counter-rotate the eyes,much as humans do (Ghez 1992). An e�erence copy
signalcanbe usedto move the eyemotors while the neck motors aremoving. The
neck motion signal can be scaledand sent to the eye motors to compensatefor
the neck motion. The scalingconstant is simply 1

k , wherek is the sameconstant
that was used to determine �n . Just as with the vestibulo-ocular re
ex, the
scaling constants can be obtained using controlled motion and feedback from
the opto-kinetic nystigmus. Using e�erence copy with constants obtained from
OKN training results in a stable system for neck orientation.

2 This linear mapping has only been possible with motor-motor mappings and not
sensory-motor mappings becauseof non-linearities in the sensors.
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Fig. 6. Schematic of the oscillator. Black circles correspond to inhibitory connections,
open circles to excitatory . The � vi connections correspond to self-inhibition, and the
! yi connectionsgive the mutual inhibition. The positive and negative parts of the input
gj are weighted by the gain hj before being applied to the neurons. The two outputs
yi are combined to give the oscillator output yout .

5.3 Dynamic Oscillator Motor Con trol

Neural oscillators have beenusedto generaterepetitiv e arm motions. The cou-
pling between a set of oscillators and the physical arm of the robot achieves
many di�eren t tasks using the samesoftware architecture and without explicit
models of the arm or environment. The tasks include swinging pendulums at
their resonant frequencies,turning cranks, and playing with a slinky.

Using a proportional-derivative control law, the torque at the i th joint can
be described by:

ui = ki (� vi � � i ) � bi
_� i (1)

where ki is the sti�ness of the joint, bi the damping, � i the joint angle, and
� vi the equilibrium point. By altering the sti�ness and damping of the arm, the
dynamical characteristics of the arm can be changed. The posture of the arm
can be changedby altering the equilibrium points (Williamson 1996).This type
of control preservesstabilit y of motion. The elastic elements of the arm produce
a systemthat is both compliant and shock resistant, allowing the arm to operate
in unstructured environments.

Two simulated neuronswith mutually inhibitory connectionsdrive each arm
joint, as shown in Figure 6. The neuron model describes the �ring rate of a
biological neuron with self-inhibition (Matsuoka 1985). The �ring rate of each
neuron is governed by the following equations:

� 1 _x1 = � x1 � � v1 � ! [x2]+ � � j = n
j =1 hj [gj ]+ + c (2)

� 2 _v1 = � v1 + [x1]+ (3)

� 1 _x2 = � x2 � � v2 � ! [x1]+ � � j = n
j =1 hj [gj ]� + c (4)



� 2 _v2 = � v2 + [x2]+ (5)

yi = [x i ]
+ = max(x i ; 0) (6)

yout = y1 � y2 (7)

where x i is the �ring rate, vi is the self-inhibition of the neuron (modulated by
the adaption constant � ), and ! controls the mutual inhibition. The output of
each neuron yi is the positive portion of the �ring rate, and the output of the
whole oscillator is yout . Any number of inputs gj can be applied to the oscilla-
tor, including proprioceptive signalsand signalsfrom other neurons.Each input
is scaledby a gain hj and arranged to excite one neuron while inhibiting the
other by applying the positive portion of the input ([gj ]+ ) to oneneuron and the
negative portion to the other. The amplitude of the oscillation is proportional
to the tonic excitation c. The speed and shape of the oscillator output are de-
termined by the time constants � 1 and � 2. For stable oscillations, � 1=�2 should
be between 0.1 and 0.5. The stabilit y and properties of this oscillator system
and more complex networks of neurons are analyzed in Matsuoka (1985) and
Matsuoka (1987).

The output of the oscillator yout is connectedto the equilibrium point � v .
One neuron 
exes the joint and the other extends it about a �xed posture � p,
making the equilibrium point � v = yout + � p. The inputs to the oscillators are
either the force (� ) or the position (� ) of the joint. 3 The interaction of the
oscillator dynamicsand the physical dynamicsof the arm form a tightly coupled
dynamical system.Unlike a conventional control system, there is no \set-point"
for the motion. The interaction of the two coupleddynamical systemsdetermines
the overall arm motion.

The oscillators have two properties which make them suitable for certain
types of repetitiv e motions. First, they can entrain an input signal over a wide
range of frequencies.In the entrained state, the oscillator provides an output at
exactly the samefrequencyas the input, with a phasedi�erence betweeninput
and output which depends on frequency. Second, the oscillator also becomes
entrained very rapidly, typically within onecycle.Figure 7 showsthe entrainment
of an oscillator at the elbow joint as the shoulder of the robot is moved. The
movement of the shoulder inducesforcesat the elbow which drive the elbow in
synchrony with the shoulder.

Slinky: The entrainment property can be exploited to manipulate objects, such
as a slinky. As the slinky is passedfrom hand to hand, the weight of the slinky
is usedto entrain oscillators at both elbow joints. The oscillators are completely
independent, and unsynchronized, in software. With the slinky forming a physi-
cal connectionbetweenthe two systems,the oscillators work in phaseto produce
the correct motion. The adaptive nature of the oscillators allows them to quickly

3 These signals in general have an o�set (due to gravit y loading, or other factors).
When the positive and negative parts are extracted and applied to the oscillators, a
low-pass �lter is used to �nd and remove the DC component.
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Fig. 7. Entrainment of an oscillator at the elbow as the shoulder is moved. The joints
are connected only through the physical structure of the arm. Both plots show the
angle of the shoulder (solid) and the elbow (dashed) as the speed of the shoulder is
changed (speed parameter dash-dot). The top graph shows the response of the arm
without proprio ception, and the bottom with proprio ception. Synchronization occurs
only with the proprio ceptive feedback.

recover from interruptions of motion and changesin speed. An example of the
coordination is shown in Figure 8.

Cranks: The position constraint of a crank can also be usedto coordinate the
joints of the arm. If the arm is attached to the crank and someof the joints are
moved, then the other joints are constrained by the crank. The oscillators can
sensethe motion, adapt, and settle into a stable crank turning motion.

In the future, we will explore issuesof complex redundant actuation (such as
multi-join t muscles),utilize optimization techniques to tune the parameters of
the oscillator, producewhole-arm oscillations by connectingvarious joints into a
singleoscillator, and explore the useof postural primitiv esto move the set point
of the oscillations.

5.4 Poin ting to a Visual Target

We have implemented a pointing behavior which enablesCog to reach out its
arm to point to a visual target (Marjanovi�c et al. 1996).The behavior is learned
over many repeated trials without human supervision, using gradient descent
methods to train forward and inversemappingsbetweena visual parameterspace
and an arm position parameter space.This behavior usesa novel approach to
arm control, and the learning bootstraps from prior knowledgecontained within
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Fig. 8. The robot operating the slinky. Both plots show the outputs from the oscil-
lators as the proprio ception is turned on and o�. With proprio ception, the outputs
are synchronized. Without proprio ception, the oscillators move out of phase.The only
connection between the oscillators is through the physical structure of the slinky.

the saccadebehavior (discussedin Section 5.1). As implemented, the behavior
assumesthat the robot's neck remains in a �xed position.

From an external perspective, the behavior is quite rudimentary. Given a
visual stimulus, typically by a researcher waving an object in front of its cam-
eras, the robot saccadesto foveate on the target, and then reachesout its arm
toward the target. Early reachesare inaccurate, and often in the wrong direction
altogether, but after a few hours of practice the accuracy improvesdrastically.

The reaching algorithm involvesan amalgamof several subsystems.A motion
detection routine identi�es a salient stimulus, which serves as a target for the
saccademodule. This foveation guaranteesthat the target is always at the center
of the visual �eld; the coordinates of the target on the retina are always the
center of the visual �eld, and the position of the target relative to the robot is
wholly characterizedby the gazeangleof the eyes(only two degreesof freedom).
Once the target is foveated, the joint con�guration necessaryto point to that
target is generatedfrom the gazeangleof the eyesusing a \ballistic map." This
con�guration is usedby the arm controller to generatethe reach.

Training the ballistic map is complicated by the inappropriate coordinate
spaceof the error signal. When the arm is extended, the robot waves its hand.
This motion is usedto locate the end of the arm in the visual �eld. The distance
of the hand from the center of the visual �eld is the measureof the reach error.
However, this error signal is measured in units of pixels, yet the map being
trained relates gazeanglesto joint positions. The reach error measuredby the
visual system cannot be directly used to train the ballistic map. However, the
saccademap hasbeentrained to relate pixel positionsto gazeangles.The saccade



map converts the reach error, measuredas a pixel o�set on the retina, into an
o�set in the gazeanglesof the eyes(as if Cog were looking at a di�eren t target).

This is still not enoughto train the ballistic map. Our error is now in terms
of gazeangles,not joint positions | i.e. we know whereCog could have looked,
but not how it should have moved the arm. To train the ballistic map, we also
needa \forw ard map" | i.e. a forward kinematics function which givesthe gaze
angle of the hand in responseto a commandedset of joint positions. The error
in gazecoordinates can be back-propagated through this map, yielding a signal
appropriate for training the ballistic map.

The forward map is learned incrementally during every reach: after each
reach we know the commandedarm position, as well as the position measured
in eye gazecoordinates (even though that was not the target position). For the
ballistic map to train properly, the forward map must have the correct signs in
its derivative. Hence, training of the forward map begins �rst, during a \
ail-
ing" period in which Cog performs reachesto random arm positions distributed
through its workspace.

Although the arm has four joints active in moving the hand to a particular
position in space(the other two control the orientation of the hand), we re-
parameterize in such a way that we only control two degreesof freedom for a
reach. The position of the outstretched arm is governedby a normalized vector
of \p ostural primitiv es." A primitiv e is a �xed set joint angles,corresponding
to a static position of the arm, placed at a corner of the workspace.Three such
primitiv esform a basisfor the workspace.The joint spacecommandfor the arm is
calculated by interpolating the joint spacecomponents betweeneach primitiv e,
weighted by the coe�cien ts of the primitiv e-spacevector. Since the vector in
primitiv e spaceis normalized, three coe�cien ts give rise to only two degreesof
freedom. Hence, a mapping between eye gazeposition and arm position, and
vice versa, is a simple, non-degenerateR2 ! R2 function. This considerably
simpli�es learning.

Unfortunately, the notion of postural primitiv es as formulated is very brit-
tle: the primitiv es are chosenad-hoc to yield a reasonableworkspace.Finding
methods to adaptively generateprimitiv esand divide the workspaceis a subject
of active research.

5.5 Recognizing Join t A tten tion Through Face and Ey e Finding

The �rst joint attention behaviors that infants engagein involve maintaining
eye contact. To enableour robot to recognizeand maintain eye contact, we have
implemented a perceptual system capableof �nding facesand eyes (Scassellati
1998c). The system�rst locatespotential face locations in the peripheral image
using a template-basedmatching algorithm developed by Sinha (1996). Once a
potential facelocation hasbeenidenti�ed, the robot saccadesto that target using
the saccademapping S described earlier. The location of the face in peripheral
image coordinates (p(x;y ) ) is then mapped into foveal image coordinates (f (x;y ) )
using a secondlearnedmapping, the foveal map F : p(x;y ) 7! f (x;y ) . The location



of the facewithin the peripheral imagecan then be usedto extract the sub-image
containing the eye for further processing.

This techniquehasbeensuccessfulat locating and extracting sub-imagesthat
contain eyesunder a variety of conditions and from many di�eren t individuals.
Additional information on this task and its relevance to building systemsthat
recognizejoint attention can be found in Chapter ??.

5.6 Imitating head nods

By adding a tracking mechanism to the output of the face detector and then
classifying these outputs, we have been able to have the system mimic yes/no
head nods of the caregiver (that is, when the caretaker nods yes, the robot
responds by nodding yes). The facedetection module producesa stream of face
locations at 20Hz. An attentional marker is attached to the most salient face
stimulus, and the location of that marker is tracked from frame to frame. If
the position of the marker changesdrastically, or if no face is determined to be
salient, then the tracking routine resetsand waits for a new faceto be acquired.
Otherwise, the motion of the attentional marker for a �xed-duration window is
classi�ed into one of three static classes:the yes class, the no class,or the no-
motion class.Two metrics are used to classify the motion, the cumulativ e sum
of the displacements between frames (the relative displacement over the time
window) and the cumulativ e sum of the absolute values of the displacements
(the total distance traveled by the marker). If the horizontal total trip distance
exceedsa threshold (indicating somemotion), and if the horizontal cumulativ e
displacement is below a threshold (indicating that the motion was back and
forth around a mean), and if the horizontal total distance exceedsthe vertical
total distance, then we classify the motion as part of the no class.Otherwise,
if the vertical cumulativ e total trip distance exceedsa threshold (indicating
somemotion), and if the vertical cumulativ e displacement is below a threshold
(indicating that the motion was up and down around a mean), then we classify
the motion as part of the yes class.All other motion types default to the no-
motion class.These simple classesthen drive �xed-action patterns for moving
the head and eyes in a yes or no nodding motion. While this is a very simple
form of imitation, it is highly selective. Merely producing horizontal or vertical
movement is not su�cien t for the head to mimic the action { the movement
must comefrom a face-like object.

5.7 Regulating In teractions through Expressiv e Feedback

In Section 4.2, we described ongoing research toward building a robotic \in-
fant" capableof learning communicative behaviors with the assistanceof a hu-
man caretaker. For our purposes,the context for learning involves social ex-
changeswhere the robot learns how to manipulate the caretaker into satisfying
the robot's internal drives. Ultimately , the communication skills targeted for
learning are those exhibited by infants such as turn taking, shared attention,
and pre-linguistic vocalizations exhibiting sharedmeaning with the caretaker.



Towards this end, we have implemented a behavior engine for the develop-
ment platform Kismet that integrates perceptions,drives,emotions, behaviors,
and facial expressions.Thesesystemsin
uence each other to establishand main-
tain social interactions that canprovide suitable learning episodes,i.e., wherethe
robot is pro�cien t yet slightly challenged,and where the robot is neither under-
stimulated nor over-stimulated by its interaction with the human. Although we
do not claim that this system parallels infants exactly, its design is heavily in-
spired by the role motivations and facial expressionsplay in maintaining an
appropriate level of stimulation during social interaction with adults.

With a speci�c implementation, we demonstrated how the system engages
in a mutually regulatory interaction with a human while distinguishing between
stimuli that can be in
uenced socially (face stimuli) and thosethat cannot (mo-
tion stimuli) (Breazeal & Scassellati1998). The total system consistsof three
drives (fatigue , social , and stimulation ), three consummatory behaviors
(sleep , socialize , and play ), �v eemotions(anger, disgust , fear , happiness ,
sadness), two expressive states (tiredness and interest ), and their corre-
sponding facial expressions.A human interacts with the robot through direct
face-to-faceinteraction, by waving a hand at the robot, or using a toy to play
with the robot. The toys included a small plush black and white cow and an or-
angeplastic slinky. The perceptual system classi�es these interactions into two
classes:face stimuli and non-face stimuli . The face detection routine classi�es
both the human face and the face of the plush cow as face stimuli, while the
waving hand and the slinky are classi�ed as non-facestimuli. Additionally , the
motion generated by the object gives a rating of the stimulus intensity. The
robot's facial expressionsre
ect its ongoingmotivational state and provides the
human with visual cuesas to how to modify the interaction to keepthe robot's
drives within homeostatic ranges.

In general,as long as all the robot's drivesremain within their homeostatic
ranges, the robot displays interest . This cues the human that the interac-
tion is of appropriate intensity. If the human engagesthe robot in face-to-face
contact while its drivesare within their homeostatic regime, the robot displays
happiness . However, once any drive leaves its homeostatic range, the robot's
interest and/or happiness wane(s)as it grows increasinglydistressed.As this
occurs, the robot's expressionre
ects its distressedstate. In general, the facial
expressionsof the robot provide visual cueswhich tell whether the human should
switch the type of stimulus and whether the intensity of interaction should be
intensi�ed, diminished or maintained at its current level.

For instance, if the robot is under-stimulated for an extendedperiod of time,
it shows an expressionof sadness. This may occur either becauseits social
drive has migrated into the \lonely" regime due to a lack of social stimulation
(perceiving facesnear by), or becauseits stimulation drive has migrated into
the \b ored" regime due to a lack of non-facestimulation (which could be pro-
vided by slinky motion, for instance).The expressionof sadness upon the robot's
face tells the caretaker that the robot needsto be played with. In contrast, if
the robot receivesan overly-intensefacestimulus for an extendedperiod of time,
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Fig. 9. Experimental results for Kismet interacting with a person's face. When the
face is present and moving slowly, the robot looks interested and happy. When the face
begins to move too quickly, the robot begins to show disgust, which eventually leads
to anger.

the social drive movesinto the \asocial" regime and the robot displays an ex-
pressionof disgust . This expressiontells the caretaker that she is interacting
inappropriately with the robot { moving her face too rapidly and thereby over-
whelming the robot. Similarly, if the robot receives an overly-intense non-face
stimulus (e.g. perceiving large slinky motions) for an extended period of time,
the robot displays a look of fear . This expressionalso tells the caretaker that
she is interacting inappropriately with the robot, probably moving the slinky
too much and over stimulating the robot.

These interactions characterize the robot's behavior when interacting with
a human. Figure 9 demonstrateshow the robot's emotive cuesare usedto reg-
ulate the nature and intensity of social interaction, and how the nature of the
interaction in
uences the robot's social drives and behavior. The result is an
ongoing \dance" between robot and human aimed at maintaining the robot's
drives within homeostatic bounds. If the robot and human are good partners,
the robot remainsinterested and/or happymost of the time. Theseexpressions
indicate that the interaction is of appropriate intensity for learning.

6 Future Research Directions

Human beingsare the most complexmachinesthat our specieshasyet examined.
Clearly a small e�ort such as that described in this paper can only scratch the



surfaceof an understandingof how they work. Wehaveconcentrated on a number
of issuesthat are well beyond the purely mechatronic ambitions of many robotic
projects (humanoid and other). Our research has focusedon exploring research
issuesaimed at building a fully integrated humanoid, rather than concentrating
on building an integrated humanoid for its own sake.

Our ultimate goal is to understand human cognitive abilities well enoughto
build a humanoid robot that developsand acts similar to a person.To date, the
major missing pieceof our endeavor is demonstrating coherent global behavior
from the existing subsystemsand sub-behaviors. If all of these systems were
active at once,competition for actuators and unintended couplings through the
world would result in incoherenceand interferenceamong the subsystems.The
problem is deeper than simply that of multi-mo dal systemsdiscussedin section
4.4.

6.1 Coherence

We have usedsimple cues,such asvisual motion and sounds,to focus the visual
attention of Cog. However, each of these systemshas been designedindepen-
dently and assumescomplete control over system resourcessuch as actuator
positions, computational resources,and sensoryprocessing.We need to extend
our current emotional and motivational models (Breazeal& Scassellati1998)so
that Cog might exhibit both a wide range of qualitativ ely di�eren t behaviors,
and be coherent in the selectionand execution of those behaviors.

It is not acceptablefor Cog to be repeatedly distracted by the presenceof
a single person's face when trying to attend to other tasks such as grasping
or manipulating an object. Looking up at a face that has just appeared in the
visual �eld is important. Looking at what the object being manipulated is also
important. Neither stimulus should completely dominate the other, but perhaps
preferenceshould be given based upon the current goals and motivations of
the system.This simple example is multiplied with the squareof the number of
basicbehaviors available to Cog, and sothe problem grows rapidly. At this point
neither we, nor any other robotics researchers, have focusedon this problem in
a way which has produced any valid solutions.

6.2 Other Perceptual Systems

We have a small number of tactile sensorsmounted on Cog, but nothing near
the number that occur in biological systems.Furthermore, their capabilities are
quite limited when comparedto the mammalian somatosensorysystem.

Cog does have kinesthetic sensorson somejoints to provide a senseof how
hard it wasworking, but we have not yet found a usefulway to usethat informa-
tion. Nor have we madeuseof the forcesensingthat is available at every joint of
the arms beyond direct usein feedback control | there has beenno connection
of that information to other cognitive mechanisms.



Finally, we have completely ignored someof the primary sensesthat are used
by humans, especially infants; we have ignored the chemical sensesof smell and
taste.

Physical sensorsare available for all thesemodalities but they are very crude
comparedto those that are present in humans. It may not be instructiv e to try
to integrate thesesensorymodalities into Cog when the �delit y will be so much
lower than that of the, admittedly crude, current modalities.

6.3 Deep er Visual Perception

So far we have managedto operate with visual capabilities that are much sim-
pler than thoseof humans,although the performanceof thosethat we do useare
comparableto the best available in arti�cial systems.We have concentrated on
motion perception, facedetection and eye localization, and content-free sensory
motor routines, such as smooth pursuit, the vestibular-ocular re
ex, and ver-
gencecontrol. In addition to integrating all thesepiecesinto a coherent whole,
we must also give the system somesort of understanding of regularities in its
environment.

A conventional approach to this would be to build object recognition systems
and facerecognition systems(as opposedto our current facedetection systems).
We believe that these two demandsneed to be addressedseparately and that
neither is necessarilythe correct approach.

Facerecognition is an obvious step beyond simple facedetection. Cog should
be able to invoke previous interaction patterns with particular people or toys
with faceswhenever that personor toy is again present in its environment. Face
recognition systems typically record detailed shape or luminance information
about particular facesand compareobserved shape parametersagainst a stored
databaseof previously seendata. We question whether moving straight to such
a system is necessaryand whether it might not be possibleto build up a more
operational senseof face recognition that may be closer to the developmental
path taken by children.

In particular we suspect that rather simple measuresof color and contrast
patterns coupled with voice cuesare su�cien t to identify the handful of people
and toys with which a typical infant will interact. Characteristic motion cues
might alsohelp in the recognition, leading to a stored model that is much richer
than a face template for a particular person, and leading to more widespread
and robust recognition of the person(or toy) from a wider range of viewpoints.

We also believe that classical object recognition techniques from machine
vision are not the appropriate approach for our robot. Rather than forcing all
recognition to be basedon detailed shape extraction we think it is important
that a developmental path for object recognition be followed. This will include
development of vergenceand binocularit y, development of concepts of object
permanence,and the early development of color perception that is robust to
varied lighting.4

4 It is well known that the human visual system, at least in adults, is sensitive to
the actual pigmentation of surfacesrather than the frequency spectrum of the light



6.4 A Sense of Time

Currently, Cog has no senseof time. Everything is in the present, with the
exceptionof someshort term state implemented via the emotional levelspresent
in the Kismet platform. These emotional states can act as the keys to K-line
like indexing into associative memory, but this is not su�cien t to produce the
richnessof experienceand subsequent intelligence that humans exhibit.

A key technical problem is how to relate the essentially static and timeless
aspects of memory that are present in neural networks, registration maps, self-
organizing maps, nearestneighbor approximations, and associative memory, to
the 
o w of time we as human beingsexperience.

This is a real technical challenge. A conventional AI system has separate
program and data, and the program has a natural 
o w of time that it can then
record in a data structure. Our modelsdo not make this sort of distinction; there
is neither a sequential place in memory nor a processto capitalize on it. Given
that we have rejected the conventional approaches,we must �nd a solution to
the problem of how episodic memory might arise.

This chapter hasfocusedon the current capabilities of our humanoid robotic
systemsand the future directions that our research will address.Theseproblems
are simply the beginning of what we hope will be a rich source of both new
research questionsand innovative solutions to existing problems.
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