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Abstract

This paper raises the question of the connection
between embodiment and higher-level cognition
which has been eloquently addressed before, but
has not yet received much focus in the AI commu-
nity. The paper then proceeds to break the ques-
tion down into subparts, and address how each
can be approached and studied. Finally, the pa-
per briefly overviews two directions of our work:
group behavior and imitative behavior, and de-
scribes their relation to the issue of embodiment
and cognition.

Questions

The following summarizes the key question behind the
synthesis of various fields and lines of inquiry we are
pursuing in this paper:

Is higher-level cognition fundamentally different
from lower-level processing involved in spatial and
motor (and perhaps even social) interactions? 
not, then how can the spatial/Zmotor mechanisms
be used to construct/evolve and understand the
rest of cognition?

Motivation

The role of physical embodiment in cognition has long
been the subject of debate. In Artificial Intelligence
(AI) it is largely accepted that embodiment has strong
iinplications on the control strategies for generating
purposive and intelligent behavior in the world. How-
ever, some theories outside AI have proposed that em-
bodiment not only constrains but may also facilitate
certain types of higher-level cognition. Evidence from
neuroscience allows for postulating shared mechanisms
for low-level control of embodied action (e.g., motor
plans for limb movement) and higher-level cognition
(e.g., abstract plans). Work in animal behavior has
also addressed the potential links between the two sys-
tems, and linguistic theories have long recognized the
role of physical and spatial metaphors in language.

This paper raises the question of the connection be-
tween embodiment and higher-level cognition which
has been eloquently addressed before, but has not yet
received much focus in the AI community. The paper
then proceeds to break the question down into sub-
parts, and address how each can be approached and
studied. Finally, the paper briefly overviews two di-
rections of our work: group behavior and imitative
behavior, and describes their relation to the issue of
embodinlent and cognition.

~,’Ve believe that answering this question must in-
volve a combination of analysis of natural cognition in
its various forms and synthesis of artificially cognitive
systems. To study the critical, functional differences
between so-called low-level and higher-level cognition,
we must define those, within the context of the sys-
tems in question. Next we must somehow compare at
least two alternatives by controlling for the cognitive
processes in one over the other. Two paths toward
studying cognitive alternatives are at our disposal:

.

2.

analysis of e~sting species and/or developmental
stages and/or pathologies, in search of the key dif-
ferences that address our question.

synthesis of different alternatives to cognition, em-
bodied and otherwise, and the study of their com-
parative properties.

Valiant efforts have been made along both lines of
pursuit. We review some of them next.

Natural Systems

The study and analysis of natural embodied cogni-
tion,is the much older of the two approaches. It has
been undertaken by a variety of sciences ranging from
biology to psychology, and no-longer-sciences, such as
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phrenology (Gould 1981). Volumes of data on ani-
mal behavior allow us to perform comparative stud-
ies across species, including comparisons of close evo-
lutionary relatives such as humans and chimpanzees
(Goodall 1971) to more distant cousins like humans
and monkeys (Cheney & Seyfarth 1991, Cheney 
Seyfarth 1990) to many-times-removed family mem-
bers (Chase 1994, Chase & Rohwer 1987, McFarland
1987, Gould 1982).

While these studies can tell us much about cognition,
they cannot speak directly to the role embodiment
within a species. To address that, researchers have
endeavored to remove or at least diminish bodily ca-
pacities on a particular animal, and observe the results.
For obvious reasons, such studies are done on a small
set of species, none of which are typically considered
to be capable of so-called higher-level cognition. These
studies largely address mapping of neural functional-
ity rather than cognitive/behavioral questions even re-
motely as abstract as the one we have posed.

In contrast to animal work, where structure can be
ablated in a premeditated and controlled fashion but
the subjects’ cognitive capabilities are lacking, work on
human pathology offers no such control in the choice
of deficits, but provides more than sufficiently complex
subjects. Much of the human data on highly cognitive
deficits are, even today, anecdotal and sparse, but im-
portant strides have been made precisely in the direc-
tion of studying the mind-body connection ?).

Finally, human developmental research is an avenue
that allows for comparative studies of various deficits
and capacities related to the question of cognition. The
gradual development and acquisition of both motor
and cognitive skills in children provides perhaps the
largest corpus of data for addressing our question.

Artificial Systems

As discussed above, two key problems with biological
data are 1) their incompleteness, due to our inabil-
ity to experiment with arbitrary systems, and 2) their
abundance and disconnectedness.

The study of artificial systems allows us to deal with
both of the problems at once by giving us free reign
over what capabilities we include in the system and
what biological properties we choose to model. Indeed,
we have such unlimited freedom of what we study, that
we can be accused of irrelevance. In contrast to the first
approach, the study of natural systems, the second one
is relatively new, and mired with all the methodological
problems of a hopeful nascent science. Post-synthetic
analysis, i.e., studying systems one has built, presents
unlimited opportunities for bias, subjectivity, and un-
conscious cheating. As a "science of the artificial" (Si-

mon 1969), the second pursuit should borrow from the
first.

To focus in on specific questions to be addressed with
computational approaches, we can break down our ini-
tial inquiry about the role of embodiment into the fol-
lowing:

¯ Are the computational and representational struc-
tures necessary for motor control and spatial rea-
soning themselves sufficient for so-called higher-level
(more abstract) cognition or are fundamentally dif-
ferent computational capabilities necessary/present?

Those who would like to claim a positive answer to
this question unfortunately have no solid evidence to
support it, but nor do the opposers. Biology provides
no straightforward evidence we are currently capable
of understanding, although many eloquent arguments
for and against the claim have been made (Dennett
1995). Until we are better able to analyze the biological
evidence, a synthetic approach is the best first step
in attempting to answer at least the question of how
possible it is that higher-level reasoning can be a simple
extension of lower-level structures. Some branches of
AI have begun to address this problem, as discussed
below.

¯ Is human higher-level cognition based on so-called
lower-level metaphors and constructs including spa-
tial, motor, and social ones? What might human
non-spatial/non-motor representations come from
and look like?

The abundance of spatial and body-based metaphors
in human linguistic expressions (Lakoff & Johnson
1980, Johnson 1987, Lakoff 1992) can be used as evi-
dence for the body as the foundational system of ref-
erence for higher-level as well as lower-level reasoning.
One might ask if any representations, other than the
traditional symbolic ones used in AI and its spinoffs,
employ encodings that are not fundamentally based on
spatio-motor information (Jackendoff 1992). As above,
the most productive means of addressing this question
is through a synthetic approach, at least until nmch
more is known about biological cognition.

¯ Do current methods for modeling embodied insect
and animal behavior (including humanoid robots)
automatically assume a negative answer to the ques-
tions above by separating control and cognition?

Partially due to AI’s legacy of designer-imposed
modularity, almost all of today’s systems separate the
low and high levels of reasoning, even if the latter
are themselves none too high (Brooks & Stein 1994).
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The question of this separation has been a topic of
hot dispute for the past decade in the robot/agent
control community, where reactive, deliberative, hy-
brid, and behavior-based systems have all been pro-
posed, demonstrated, and debated as alternatives
(Matarid 1995, Matarid 1992a, Brooks 1991). Of those,
behavior-based systems may present a possible alter-
native to this separation, but empirical demonstrations
of several such systems, combining low and high-level
cognition, are still lacking. Meanwhile, the connection-
ist community has wholeheartedly embraced variations
of neural-network models that present a monolithic al-
ternative (McNaughton & Nadel 1990, l~umelhart 
James L. McClelland 1986). Historically not separated
into modules, these systems present, to many, the most
promising alternative. However, they are also yet to be
scaled up to contain both low-level control and high-
level cognition. Interestingly, many efforts in this di-
rection have resulted in less monolithic, more hierar-
chical variations that begin to resemble more modular,
M-style systems. Thus, while parts of the connection-
ist community are moving from monolithic to hierar-
chical, parts of the AI conmmnity are moving form the
hierarchical to the monolithic. Not surprisingly, var-
ious hybrid alternatives have been implemented, but
again largely for specialized systems.

In Pursuit of Answers

Having considered different lines of pursuit toward an-
swering the question of the role of embodiment, in this
section we briefly describe the specific research direc-
tions we are focusing on.

Social Behavior and Cognition

One direction of our work pursues a research program
for synthesizing and analyzing group behavior and
learning in situated agents. The goal of the research
is to understand the types of simple local interactions
which produce complex and purposive group behav-
iors. We focus on a synthetic, bottom-up, behavior-
based approach that can be used to structure and sim-
plify the process of both designing and analyzing emer-
gent group behaviors.

Our approach utilizes a biologically-inspired notion
of basis behaviors as a substrate for control and learn-
ing, both at the individual and the collective level, and
for both the interactions within an individual agent’s
cognitive processes and between multiple agents in a
social context. We have tested the basis behavior con-
cept by developing a basis behavior set for embod-
ied, mobile agents interacting in complex domains.
We also introduced methods for selecting, formally
specifying, algorithmically implementing, and empir-

ically evaluating behaviors from the basis set (Matarid
1992b, Matarid 1994a).

We have also extended the basis behavior idea to
serve as a foundation for learning in the group do-
main. We first demonstrated that behaviors, coupled
with their triggering conditions, constitute an effec-
tively minimized learning space for multiple robots
automatically discovering strategies for group forag-
ing, through the use of a formulation of shaping in re-
inforcement learning (Matarid 1994c, Matarid 1996@
We then expanded the behavior set to include social
behaviors, and demonstrated that the same approach
to behavior representation can be successfully used to
learn a non-greedy social policy that included yielding
and information sharing (Matarid 1994b). Finally, 
demonstrated the ideas on a tightly-coupled coopera-
tive task in which a pair of robots had to learn to coop-
erate and comnmnicate (Simsarian & Matarid 1995).

Our work with embodied agents has shown that the
behaviors that served as a stable and effective ba-
sis for multi-agent interactions were firmly grounded
in the immediate, local, physical interactions between
the agents. The behaviors in the basis set included
safe-wandering, aggregating, dispersing, following, and
homing, all of which were spatial. Even the compara-
tively higher-level social behaviors, yielding and com-
municating, involved physical interaction. While it is
not surprising that learning to yield involved physical
interactions between the agents, it is perhaps more in-
teresting that learning to communicate did as well. In
order to learn to share information about the world,
the agents needed repeated physical interactions with
each other and with the objects in order for the dif-
ficult credit assignment problem to be resolved in the
multi-agent domain (Matarid 1996b).

Complementary to our efforts with physically em-
bodied multi-robot systems, we are also pursuing work
with disembodied multi-agent systems consisting of ab-
stract computational agents. For example, a 4,096-
agent simulation was developed to study resource shar-
ing between heterogeneous spatially distributed agents
to determine under what conditions cooperation would
emerge and when it would be the most effficient/stable
strategy (Kitts 1996). More abstract information
agents were also explored in a number of projects.
In one, a US economic model was used as a testbed
for exploring local and global multi-agent optimization
methods. In another, set of Fortune 500 companies
was modeled to study the effects global effects of local
trading patterns.

The embodied and disembodied nmlti-agent efforts
are being pursued in parallel in search of common
principles underlying group dynamics. Comparisons
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between the two domains also allow us to study
embodiment-specific questions.

Imitative Behavior and Cognition

Another active line of our research is into the mecha-
nislns underlying imitalion. As one of the most ubiq-
uitous forms of learning in nature, imitation presents
an important research problem in AI and machine
learning, as well as in the behavior and neural sci-
ences. As argued above, most adaptive systems in-
volve both cognitive and subcognitive processes. The
tension between what is typically referred to as low-
level control (e.g., motor control, obstacle avoidance,
navigation) and high-level cognition (e.g., planning)
is ubiquitous in adaptive systems ranging from path-
planning robots to information agents (Maes 1994).
One of the key aspects of such systems is the abstrac-
tion of data/information between different modules.
Fully reactive systems (Brooks 1986, Agre & Chapman
1987, Rosenschein & Kaelbling 1986), behavior-based
systems (Matarid 1991, Matarid 1992c, Maes 1989) and
hybrid systems (Firby 1987, Arkin 1989, Georgeff
Lansky 1987, Payton 1990, Connell 1991) have all been
proposed as alternatives to solving the data abstrac-
tion problem in control. However, not much work has
yet been done in scaling up such systems to problems
that require complex enough control and challenging
enough planning abilities to demand multiple interact-
ing representational systems.

We are using the problem of learning by imitation to
study the interaction between multiple data represen-
tations. Imitation involves the interaction of percep-
tion, memory, and motor control, subsystems which
typically utilize very different representations, which
in this task must interact to produce and learn novel
behavior patterns. Gaining insight into the mecha-
nisms of imitation is compelling from the standpoint
of AI and behavioral sciences, since the propensity for
it appears to be innate (McFarland 1985, McFarland
1987, Gould 1982) and the mechanism is phylogeneti-
cally old, found in some invertebrates (Fiority & Scotto
1992), many birds (Moore 1992), aquatic mammals
(Mitchell 1987), and finally primates and humans. 
all cases, it is a faster and more efficient form of acquir-
ing new behaviors than its traditional classical condi-
tioning counterpart; it is critical during development
and remains an important aspect of social interaction
and adaptation throughout life.

Consequently, learning by imitation presents a rich
domain for studying multi-representational interac-
tion, a crucial aspect of embodiment. We are devel-
oping a model of learning by imitation and testing it
empirically on multiple systems in three different ex-

perimental domains: on a dynamical simulation of a
human body, on a group of mobile robots, and on a
collection of software agents. To keep the model be-
haviorally relevant, we base and constrain it with data
from cognitive neuroscience, psychophysics, and ethol-
ogy.

For the purposes of this paper, one of the most in-
teresting aspects of the imitation work is the role of
embodiment. Psychophysical experiments have shown
that people tend to a limited part of a. demonstrated
behavior and are still capable of successful imitation
(Matarid 1996a). For exaple, when shown complex arm
movements, subjects fixate on the hand, but can ac-
curately reconstruct the entire posture. The resulted
imitated behavior tends to depend more on what the
subjects are told (i.e., primed with) than on their ob-
servations prior to imitation. This guides us to postu-
late two testable theories:

1. The specification of a "task" or "behavior" to be im-
itated is typically much more abstract than the par-
ticular demonstrated model, with the exception of
specific motor skills, and thus may involve higher-
level cognitive interpretation. This would explain
the surprising lack of true imitative behavior in
species other than humans, chimpanzees, and dol-
phins (Tomasello, Kruger & Rather 1993, Mitchell
1987, Davis 1973).

2. The performance of imitation invokes various previ-
ously learned and possibly innate capabilities that
simplify, and likely guide, the observational process.
For example the human capability to accurately re-
construct posture from only a single saccade implies
that complete internal kinematic and dynamic mod-
els are involved. At a more abstract level, the mis-
takes children make in being overly specific in imi-
tation (i.e., imitating superfluous details) and con-
versely the mistakes adults make in being overly gen-
eral in imitation (i.e., leaving out what they consider
to be superfluous details) both point to imitation-
specific computational processes that 1) develop over
time, and 2) involve a transition from purely embod-
ied and spatial to the more abstract representations.

Toward the end goal of modeling imitation and
studying the role of embodiment and its interaction
with higher-level aspects of the imitative task, we are
beginning to address the many facets of the imita-
tion system: the perceptual component, the nmlti-
representational transforms, the motor system, and the
learning component. Just as our nmlti-agent work is
organized around the principle of basis behaviors, our
imitation work also involves the use of such behav-
iors, both in the perceptual and in the motor compo-
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nents of the system. We are exploring the possibil-
ity that the perceptual and motor systems develop in
parallel, aided though the imitative process. The mo-
tor primitives that provide the complex and growing
motor repertoire affect and are affected by perceptual
primitives which allow for parsing a complex contin-
uous stream of visual and other sensory inputs. One
of the projects currently under way develops methods
that automatically extract perceptual primitives using
biases imposed by the motor system.

We hope that our parallel efforts in the two domains,
group behavior and imitative behavior, will yield re-
sults we can use for comparative studies toward the
goal of studying embodiment.

Summary

This paper has explored the pursuit of the role of em-
bodiment in cognition. We have proposed a general
question, broken it into more specific subquestions,
enumerated ways of pursuing research programs aimed
at answering parts of the inquiry, and reviewed some
work in several related disciplines. In the last part of
the paper we described two directions of our research,
the study of group behavior and imitative behavior,
aimed at the general question relating embodiment and
cognition.
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