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Abstract

This paper explores the use of imitation in an on-going
research program aimed at enabling a humanoid robot to
communicate naturally with humans. Our group has con-
structed an upper-torso humanoid robot, called Cog, in part
to investigate how to build intelligent robotic systems by fol-
lowing a developmental progression of skills similar to that
observed in human development. Just as a child learns social
skills and conventions through interactions with its parents,
our robot will learn to interact with people using natural
social communication. Our models of social interaction are
drawn from developmental models of normal children, de-
velopmental models of autism, and on models of the evolu-
tionary development of social skills.

In this paper, we consider the role that imitation plays
in the development of a critical pre-cursor of normal human
social development, mechanisms of shared attention. Mech-
anisms of shared attention serve to direct two individuals
to attend to the same object in the environment, through
eye direction, pointing gestures, and other means. Imita-
tion serves a critical role in bootstrapping a system from
simple eye behaviors to more complex social skills. We will
present data from a face and eye finding system that serves
as the basis of this developmental chain, and a short exam-
ple of how this system can imitate the head movements of
an individual.

1 Motivation

While the past few decades have seen increasingly complex
machine learning systems, the systems we have constructed
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have failed to approach the flexibility, robustness, and ver-
satility that humans display. There have been successful
systems for extracting environmental invariants and explor-
ing static environments, but there have been few attempts
at building systems that learn by interacting with people
using natural, social cues. With the advances of embodied
systems research, we can now build systems that are robust
enough, safe enough, and stable enough to allow machines
to interact with humans in a learning environment.

One of the critical precursors to social learning in hu-
man development is the ability to selectively attend to an
object of mutual interest. Humans have a large repertoire
of social cues, such as gaze direction, pointing gestures, and
postural cues, that all indicate to an observer which object
is currently under consideration. These abilities, collectively
named mechanisms of shared (or joint) attention, are vital
to the normal development of social skills in children (Scaife
& Bruner 1975). The primary focus of the research reported
here is to investigate how individuals develop the skills to
recognize and produce these social cues by implementing
models of this developmental progression on a humanoid
robot (see Figure 1). A more detailed account of this project
can be found in (Scassellati 1996).

We are interested in shared attention as a precursor to
social communication for two reasons. First, we believe that
by using a developmental program to build social capabili-
ties we will be able to achieve a wide range of natural in-
teractions with untrained observers (Brooks, Ferrell, Irie,
Kemp, Marjanovic, Scassellati & Williamson 1998). Con-
structing a machine that can recognize the social cues from
a human observer allows for more natural human-machine
interaction and creates possibilities for machines to learn by
directly observing untrained human instructors. Second, by
building models from developmental psychology and from
studies of autism, we further these models by providing a
test bed for manipulating the behavioral progression. With
an implemented developmental model, we can test alterna-
tive learning conditions, environmental conditions, and eval-
uate alternative intervention and teaching techniques. This
investigation of shared attention asks questions about the
development and origins of the complex non-verbal commu-
nication skills that humans so easily master: What is the
progression of skills that humans must acquire to engage in
shared attention? When something goes wrong in this de-
velopment, as it seems to do in autism, what problems can
occur, and what hope do we have for correcting these prob-
lems? What parts of this complex interplay can be seen in
other primates, and what can we learn about the basis of
communication from these comparisons?



Figure 1: Cog, an upper-torso humanoid robot. Cog has
twenty-one degrees of freedom to approximate human move-
ment, and a variety of sensory systems that approximate hu-
man senses, including visual, vestibular, auditory, and tac-
tile senses.

A vo nta Mo o ar Attt ntion

ather than appealing to an introspective description of so-
cial skills, and rather than implementing an ad-hoc hier-
archy of skills, we instead rely upon studies from develop-
mental psychology, abnormal psychology, and evolutionary
psychology to provide insight into how nature has solved
the problems of social communication. By studying the way
that nature has decomposed this task, we hope not only to
find ways of breaking our computational problem into man-
ageable pieces, but also to explore some of the theories of
human development.

The most relevant studies to our purposes have occured
as developmental and evolutionary investigations of theory
of mind (see Whiten (1991) for a collection of these stud-
ies). The most important finding, repeated in many di erent
forms, is that the mechanisms of shared attention are not
a single monolithic system. vidence from childhood devel-
opment shows that not all mechanisms for shared attention
are present from birth, and there is a stereotypic progres-
sion of skills that occurs in all infants at roughly the same
rate (Hobson 199 ). There are also developmental disorders,
such as autism, that limit and fracture the components of
this system (Frith 199 ). Additionally, this same ontologi-
cal progression can be seen as an evolutionary progression in
which the increasingly complex set of skills can be mapped
to animals that are increasingly closer to humans on a phy-
logenetic scale ( ovinelli & reuss 1995).

As the basis for our implementation of shared attention,
we turn to a developmental model from Baron-Cohen (1995).
Baron-Cohen s model gives a coherent account of the ob-
served developmental stages of shared attention behaviors
in both normal and blind children, the observed deficien-
cies in shared attention of autistic children, and a partial

hile the de cits of autism certainly cover many cognitive abili-
ties some researchers believe that the missing mechanisms of shared
attention may be critical to the other de ciencies ( aron- ohen

explanation of the observed abilities of primates on shared
attention tasks. Baron-Cohen describes four Fodorian mod-
ules: the eye-direction detector ( ), the intentionality
detector (I ), the shared attention module (SAM), and the
theory-of-mind module (TOMM). In brief, the eye-direction
detector locates eye-like shapes and extrapolates the object
that they are focused upon while the intentionality detector
attributes desires and goals to objects that appear to move
under their own volition. The outputs of these two modules
( and I ) are used by the shared attention module to
generate representations and behaviors that link attentional
states in the observer to attentional states in the observed.
Finally, the theory-of-mind module acts on the output of
SAM to predict the thoughts and actions of the observed
individual.

Baron-Cohen s model gives a theoretical framework that
accounts for both normal and abnormal development. What
the model does not provide is a task-level decomposition
of necessary skills and the developmental mechanisms that
provide for transition between his stages. Our current work
is on identifying and implementing a developmental account
of one possible skill decomposition, an account which relies
heavily upon imitation. The skill decomposition that we are
pursuing can be broken down into four stages: maintaining
eye contact, deictic gaze following, imperative pointing, and
declarative pointing. In terms of Baron-Cohen s model, we
are implementing a vertical slice of behaviors from parts of

,I , and SAM that additionally matches the observed
phylogeny of these skills.

The first step in producing mechanisms of shared at-
tention is the recognition and maintenance of eye contact.
Many animals have been shown to be extremely sensitive
to eyes that are directed at them, including reptiles like the
hognosed snake (Burghardt & reene 199 ), avians like the
chicken (Scaife 1976) and the plover ( istau 1991), and all
primates (Cheney & Seyfarth 199 ). Identifying whether or
not something is looking at you provides an obvious evolu-
tionary advantage in escaping predators, but in many mam-
mals, especially primates, the recognition that another is
looking at you carries social significance. In monkeys, eye
contact is significant for maintaining a social dominance hi-
erarchy (Cheney & Seyfarth 199 ). In humans, the reliance
on eye contact as a social cue is even more striking. Infants
have an innate preference for looking at human faces and
eyes, and maintain (and thus recognize) eye contact within
the first three months. Maintenance of eye contact will be
the behavioral goal for a system in this stage.

The second step is to engage in shared attention through
deictic gaze following. eictic gaze recognition is the capa-
bility to look not at an individual but at what that individ-
ual is attending to. aze following is the rapid alternation
between looking at the eyes of the individual and looking
at the distal object. While many animals are sensitive to
eyes that are gazing directly at them, only great apes show
the capability to extrapolate from the direction of gaze to
a distal object ( ovinelli & reuss 1995). This evolution-
ary progression is also mirrored in the ontogeny of social
skills. At least by the age of three months, human infants
display maintenance (and thus recognition) of eye contact.
However, it is not until nine months that children gener-

1995). In comparison to other mental retardation and developmental
disorders (li e illiams and Downs Syndromes) the de ciencies of
autism in this area are uite speci ¢ ( armilo -Smith lima el-
lugi Grant aron- ohen 1995).

The terms mon ey and ape are not to be used interchange-
ably. Apes include orangutans gorillas bonobos chimpan ees and
humans. All apes are mon eys but not all mon eys are apes.



ally exhibit deictic gaze following, and not until eighteen
months that children will follow gaze outside their field of
view (Baron-Cohen 1995).  eictic gaze following is an ex-
tremely useful imitative gesture which serves to focus the
child s attention on the same object that the caregiver is at-
tending to. This functional imitation appears simple, but a
complete implementation of deictic gaze following involves
many separate proficiencies, as we will discuss in the follow-
ing section.

The third step in our account is imperative pointing.
Imperative pointing is a gesture used to request an object
that is out of reach by pointing at that object. This behavior
is first seen in human children at about nine months of age
(Baron-Cohen 1995), and occurs in many monkeys (Cheney
& Seyfarth 199 ). From the child s perspective, imperative
pointing is a relatively simple extension of normal reaching
behavior. One can imagine the child learning this behavior
through simple reinforcement the reaching motion of the
infant is interpreted as a request by the adult for a specific
object, which the adult then acquires and provides to the
child. There is nothing particular to the infant s behavior
that is di erent from a simple reach it is the interpretation
of the caregiver that provides meaning. eneration of this
behavior is then a simple extension of primitive reaching
behavior.

The fourth step is the advent of declarative pointing.

eclarative pointing is characterized by an extended arm
and index finger designed to draw attention to a distal ob-
ject. nlike imperative pointing, it is not necessarily a re-
quest for an object, and thus requires more complex compu-
tational mechanisms. We propose that imitation is a crit-
ical factor in the ontogeny of declarative pointing. This is
an appealing speculation from both an ontological and a
phylogenetic standpoint. From an ontological perspective,
declarative pointing begins to emerge at approximately 1
months in human infants, which is also the same time that
other complex imitative behaviors such as pretend play be-
gin to emerge. From the phylogenetic perspective, declar-
ative pointing has not been identified in any non-human
primate ( remack 1988). This also corresponds to the phy-
logeny of imitation no non-human primate has ever been

documented to display true imitative behavior (Hauser 1996).

We propose that the child first learns to recognize the declar-
ative pointing gestures of the adult and then imitates those
gestures in order to produce declarative pointing. The recog-
nition of pointing gestures builds upon the competencies of
gaze following the infrastructure for extrapolation from a
body cue is already present from the first two stages, it need
only be applied to a new domain. The generation of declar-
ative pointing gestures requires the same motor capabilities
as imperative pointing, but it must be utilized in specific
social circumstances. By imitating the successful pointing
gestures of other individuals, the robot can learn to make
use of similar gestures.

rr nt s ts

In the past two years, we have focused on developing the
sensori-motor coordination and basic perceptual capabilities
for our humanoid robot. With a basic repertoire of sensori-
motor and perceptual skills, we can begin to construct the
developmental program outlined above. The hardware plat-
form that we use for vision is a binocular, foveated, active
vision system designed to mimic some of the capabilities of

the human visual system (Scassellati 1998 ). To allow for
both a wide field of view and high resolution vision, there are
two cameras per eye, one which captures a wide-angle view
of the periphery (approximately 11  field of view) and one
which captures a narrow-angle view of the central (foveal)
area (approximately field of view with the same resolu-
tion). The robot also has a three degree of freedom neck and
a pair of human-like arms. ach arm has six compliant de-
grees of freedom, each of which is powered by a series elastic
actuator ( ratt & Williamson 1995) which provides a sensi-
ble natural behavior: if it is disturbed, or hits an obstacle,
the arm simply deflects out of the way. Additional details
of the hardware implementation can be found in Brooks &
Stein (199 ).

1 ntin Maint nanc o ontact

Implementing the first stage in our developmental frame-
work, recognizing and responding to eye contact, requires
mostly perceptual abilities. We require that the robot be
capable of finding faces, of determining the location of the
eye within the face, and of determining if the eye is looking
at the robot. Many computational methods of face detection
on static images have been investigated by the machine vi-
sion community, for example (Sung & oggio 199 , owley,
Baluja & Kanade 1995). However, these methods are com-
putationally intensive, and current implementations do not
operate in real time. However, a simpler strategy for finding
faces can operate in real time and produce reasonably good
results.

The strategy that we use is based on the ratio-template
method of object detection reported by Sinha (199 ). In
summary, finding a face is accomplished with the following
five steps:

1. se a motion-based pre-filter to identify potential face
locations in the peripheral image

se a ratio-template based face detector to identify
target faces

. Saccade to the target using a learned sensori-motor
mapping

. Convert the location in the peripheral image to a foveal
location using a learned mapping

5. xtract the image of the eye from the foveal image

A short summary of these steps appears below, and addi-
tional details can be found in Scassellati (1998 ).

To identify face locations, the peripheral image is con-
verted to grayscale and passed through a pre-filter stage.
The pre-filter allows us to search only locations that are
likely to contain a face, greatly improving the speed of the
detection step. The pre-filter selects a location as a poten-
tial target if it has had motion in the last frames, was a
detected face in the last 5 frames, or has not been evalu-
ated in  seconds. A combination of the pre-filter and some
early-rejection optimizations allows us to detect faces at
Hz with little accuracy loss.

Face detection is done with a method called ratio tem-
plates designed to recognize frontal views of faces under

Two additional copies of this platform e ist as des top devel-
opment platforms. hile there are minor di erences between the
platforms these di erences are not important to the wor reported
here. Some of the results in this section were obtained from those
platforms.



varying lighting conditions (Sinha 1996). A ratio template
is composed of a number of regions and a number of rela-
tions, as shown in Figure . Overlaying the template with a
grayscale image location, each region is convolved with the
grayscale image to give the average grayscale value for that
region.  elations are comparisons between region values,
such as the left forehead is brighter than the left temple.
In Figure , each arrow indicates a relation, with the head
of the arrow denoting the lesser value. The match metric
is the number of satisfied relations the more matches, the
higher the probability of a face.

Figure : A ratio template for face detection. The template
is composed of 16 regions (the gray boxes) and  relations
(shown by arrows).

Once a face has been detected, the face location is con-
verted into a motor command to center the face in the pe-
ripheral image using a learned saccade map. This map is
implemented as a 17 17 interpolated lookup table, which
is trained by the following algorithm:

1. Initialize with a linear map obtained from self-calibration

andomly select a visual target
. Saccade using the current map

. Find the target in the post-saccade image using corre-
lation

5. pdate the saccade map based on error
6. o to step

More information on this technique can be found in Mar-
janovic, Scassellati & Williamson (1996). The system con-
verges to an average of less than one pixel of error per sac-
cade after trials (1.5 hours).

After the active vision system has saccaded to the face,
the face and eye locations from the template in the periph-
eral camera are mapped into the foveal camera using a sec-
ond learned mapping. The mapping from foveal to periph-
eral pixel locations can be seen as an attempt to find both
the di erence in scales between the images and the di er-
ence in pixel o set. In other words, we need to estimate
four parameters: the row and column scale factor that we
must apply to the foveal image to match the scale of the

peripheral image, and the row and column o set that must
be applied to the foveal image within the peripheral image.
This mapping can be learned in two steps. First, the scale
factors are estimated using active vision techniques. While
moving the motor at a constant speed, we measure the optic
flow of both cameras. The ratio of the flow rates is the ratio
of the image sizes. Second, we use correlation to find the
o sets. The foveal image is scaled down by the discovered
scale factors, and then correlated with the peripheral image
to find the best match location.

Once this mapping has been learned, whenever a face
is foveated we can extract the image of the eye from the
foveal image. This extracted image is then ready for further
processing. Figure shows the result of the face detection
routines on a typical grayscale image before the saccade.
Figure shows the extracted image of the eye that was ob-
tained after saccading to the target face. Work on extracting
the location of the pupil within the eye has begun, but is
still in progress. In order to accurately recognize whether or
not the caregiver is looking at the robot, we must take into
account both the position of the eye within the head and the
position of the head with respect to the body. Additional
work on extracting the postural position of the head on the
body has begun.

Figure : An example of the face detector. The 1 8x1 8
grayscale image was captured by the active vision system,
and then processed by the pre-filtering and ratio template
detection routines. Ome face was found within the image,
and is shown outlined.

Figure xtracted image of the eye from the foveal image.



ntin ictic a 00 in

Once our system is capable of detecting eye contact, we
require three additional subskills to achieve deictic gaze fol-
lowing: extracting the angle of gaze, extrapolating the angle
of gaze to a distal object, and motor routines for alternat-
ing between the distal object and the caregiver. xtracting
angle of gaze is a generalization of detecting someone gaz-
ing at you. xtrapolation of the angle of gaze can be more
complex. By a geometric analysis of this task, we would
need to determine not only the angle of gaze, but also the
degree of vergence of the observer s eyes to find the distal
object. However, the ontogeny of gaze following in human
children points us to a somewhat simpler explanation. But-
terworth (1991) has shown that at approximately 6 months,
infants will begin to follow a caregiver s gaze to the correct
side (left right). Over the next three months, their accu-
racy increases so that they can determine the angle of gaze.
At 9 months, the child will track from the caregiver s eyes
along the angle of gaze until it encounters a salient object.

ven if the actual object of attention is further along the
angle of gaze, the child is somehow stuck on the first ob-
ject encountered along that path. Butterworth labels this
the ecological mechanism of joint visual attention, since
it is the nature of the environment itself that completes the
action. It is not until 1 months that the child will reliably
attend to the distal object regardless of its order in the scan
path. This geometric stage indicates that the infant suc-
cessfully can determine not only the angle of gaze but also
the vergence. However, at this stage, infants will only ex-
hibit gaze following if there are objects within their field of
view. They will not turn to look behind them, even if the
angle of gaze from the caretaker would warrant. Around
18 months, the infant begins to enter a representational
stage in which it will follow gaze angles outside its own field
of view, that is, it somehow represents the angle of gaze and
the presence of objects outside its own view.

Implementing this progression for a robotic system pro-
vides for a simple means of bootstrapping behaviors. The
capabilities used in detecting and maintaining eye contact
can be extended to provide a rough angle of gaze. By track-
ing along this angle of gaze, and watching for salient objects,
we can match the ecological conditions. From an ecological
mechanism, we can refine the algorithms for determining
gaze, and add mechanisms for determining vergence. With
feedback from the caregiver, this can be used to construct a
geometric mechanism, which in turn can be generalized into
a representational mechanism.

ntin rativ  ointin

Implementing imperative pointing is accomplished by imple-
menting the more generic task of reaching to a visual target.
Children pass through a developmental progression of reach-
ing skills ( iamond 199 ). The fist stage in this progression
appears around the fifth month and is characterized by a
very stereotyped reach which always initiates from a posi-
tion close to the child s eyes and moves ballistically along an
angle of gaze directly toward the target object. Should the
infant miss with the first attempt, the arm is withdrawn to
the starting position and the attempt is repeated.

To achieve this stage of reaching on our robotic system,
we utilize the foveation behavior obtained from the first step
in order to train the arm where to reach. To reach to a visual
target, the robot must learn the mapping from camera im-
age coordinates () to the head-centered coordinates
of the eye motors ( ) and then to the coordi-

nates of the arm motors ( ). The saccade map

: relates positions in the camera image with the
motor commands necessary to foveate the eye at that loca-
tion. Our task then becomes to learn the ballistic movement
mapping from head-centered coordinates to arm-centered
coordinates . To simplify the dimensionality problems in-
volved in controlling a six degree-of-freedom arm, arm posi-
tions are specified as a linear combination of basis posture
primitives. The ballistic mapping is constructed
by an on-line learning algorithm that compares motor com-
mand signals with visual motion feedback clues to localize
the arm in visual space.

A single learning trial proceeds as follows:

1. ocate a visual target.
. Saccade to that target using the learned saccade map.

. Convert the eye position to a ballistic arm using the
ballistic map.

each out the arm.
5. se motion detection to locate the end of the arm.

6. se the saccade map to convert the error signal from
image coordinates into gaze positions, which can be
used to train the ballistic map.

7. Withdraw the arm, and repeat.

This learning algorithm operates continually, in real time,
and in an unstructured real-world environment without
using explicit world coordinates or complex kinematics. This
technique successfully trains a reaching behavior within ap-
proximately three hours of self-supervised training. Addi-
tional details on this method can be found in Marjanovic et
al. (1996).

ntin c arativ  ointin

The task of recognizing a declarative pointing gesture can be
seen as the application of the geometric and representational
mechanisms for deictic gaze following to a new initial stim-
ulus. Instead of extrapolating from the vector formed by
the angle of gaze to achieve a distal object, we extrapolate
the vector formed by the position of the arm with respect to
the body. This requires a rudimentary gesture recognition
system, but otherwise utilizes the same mechanisms.

We have proposed that producing declarative pointing
gestures relies upon the imitation of declarative pointing in
an appropriate social context. We have not yet begun to
focus on the problems involved in recognizing these con-
texts, but we have begun to build systems capable of simple
mimicry. 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. As the caregiver shakes his head yes, the
robot will also shake its head yes. While this is a very sim-
ple form of imitation, it is highly selective. Merely produc-
ing horizontal or vertical movement is not su cient for the
head to mimic the action the movement must come from
a face-like object. ideo clips of this imitation are avail-
able from http: www.ai.mit.edu projects cog Text video-
index.html.
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