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Abstract

We propose that one of the stumbling blocks
in scaling up learning (to real-world problems
and domains) has come from the emphasis of
mathematically pure rather than practical ap-
proaches. Striving for optimality has overshad-
owed the plight for efficiency, and the attempt
to avoid experimental bias has crippled the abil-
ity to focus on principled methods for building in
domain knowledge. In what we call ” great expec-
tation”, most have come to expect that a learn-
ing algorithm must achieve optimal performance
with little or no built in knowledge. To make
this possible, the algorithm is allowed to learn
from prohibitively many examples and/or for a
prohibitively long time. This trade-off between
a priori bias and learning time is impractical for
a great majority practical applications. Further-
more, it is counter to the way biological systems
learn.

We argue that taking inspiration from biology,
focusing on real-world domains and tasks, and
experimentally validating all algorithms in such
domains, will result in more scalable approaches.
In our own work, we pursue an experimental ap-
proach in two highly uncertain, dynamic, and
high-dimensional domains: multi-robot learning,
and learning by imitation. Both force us to
deal with perceptual and action uncertainty, non-
stationarity, and real-time constraints. As a
result, our approaches to learning, inspired by
learning in biology, strive for efficient solutions
that can cope with the challenges of real-world
domains.

Introduction

We propose that one of the stumbling blocks in scaling
up learning (to real-world problems and domains) has
come from the emphasis of mathematically pure rather
than practical and biologically-inspired approaches to
learning. Striving for optimality has overshadowed the
plight for efficiency, and the attempt to avoid experi-
mental bias has crippled the ability to focus on prin-
cipled methods for building in domain knowledge. In
what we call ”great expectation”, many have come to

demand that a learning algorithm achieve optimal per-
formance without any built in knowledge. To make
this possible, most have allowed the algorithms to learn
from vast examples and prohibitively numerous trials.
This trade-off has been largely impractical for real-
world domains, and it stands in sharp contrast to the
way biological systems learn.

We argue that paying more attention to learning in
biology, situating learning systems in real-world do-
mains, and experimentally validating of all algorithms
in such domains, will bring about a shift in focus to-
ward more scalable approaches. In our own work,
we take inspiration from biology, not only from its
strengths, but also from its limitations. Additionally,
we pursue an experimental approach in complex, chal-
lenging environments, to validate the learning systems
we develop. This has lead us to consider a number
of methods that have enabled efficient learning in do-
mains that are as yet theoretically un-addressed, due
to their complexity. We focus on multi-robot learning
and learning by imitation, both in physical robot sys-
tems, ridden with uncertainty, real-time constraints,
and non-stationarity. In the second part of this pa-
per we highlight some of the methods that have made
learning in those domains possible, and argue that
they, and other such approaches, deserve more atten-
tion, from both the practical and theoretical learning
communities.

Biological v. Synthetic Learning

Inspiration for learning in AI comes from biological
systems’ capability to adapt and learn in changing en-
vironments, conditions, situations, and for changing
goals, and tasks. Al strives for similar flexibility in ar-
tificial learning systems, but also adds some rigid (and
we argue unreasonable) constraints. Ideally, a learning
system should be able to start from tabula raza, with-
out built-in knowledge, thus removing domain-specific
and ad hoc bias. Additionally, once having learned, the
systems should perform optimally.

Biological systems are not capable of meeting those
expectations. They depend on a great deal of prior
knowledge, in the form of innate structure. Further-
more, they take advantage of environmental structure,
which includes various helpful features, such as percep-
tual invariances, patient teachers, and demonstrators.



Together, these provide so-called ”scaffolding” for the
learning system, as well as examples, feedback, shap-
ing, reward, and explicit and implicit knowledge (Mc-
Farland 1985, McFarland 1987, Piaget 1962, Piaget &
Inhendler 1967). Biological systems interleave learn-
ing with interaction, execution, and communication,
in addition to exploration and exploitation.

Perhaps more importantly, biological systems do not
behave optimally. Nor do they learn to do so. In-
stead, they strive for sufficiently good (satisficing) per-
formance in any given context (task or goal), and han-
dle a great variety of contexts, effectively transferring
and generalizing between them. While optimization
plays a role in simple, confined areas, such as trajectory
and path planning (in motor control and navigation),
it does not appear to scale up to more complex and
general behavior levels. This is likely due to the fact
that optimality, in the vast space of animal behavior,
drives, motivations, and changing environments, is ill
defined, and is also of little use given the transience of
most specific situations. The ability to adapt quickly
and generalize, on the other hand, plays a critical role.

Thus, we believe that while biology serves as inspira-
tion for machine learning, it does not serve as enough of
a model to guide learning methods toward more fruitful
approaches, ones that focus away from optimality and
toward faster adaptation and generalization in chal-
lenging domains.

Developmental Psychology Insights

A great deal of insight can be gleaned from what is
known about developmental stages in children, as they
learn about their complex environments. Nowhere is
the lesson of innate structure more obvious than in in-
fants, who arrive into their massively complex environ-
ment equipped with a great deal of innate knowledge,
as well as strong motivation for observation, exper-
imentation, and imitation. In addition, psychological
evidence clearly shows that it is the structure of the en-
vironment that is critical in allowing children to learn
about their complex world, including helpful caretakers
who provide just the right scaffolding upon which reg-
ularity of information and knowledge can be built. Ev-
idence also clearly points toward staged learning, pro-
ceeding in clear developmental steps, whose attainment
cannot be achieved prematurely, until the proper foun-
dation is laid down. But once reached, the new stage
clearly surpasses its predecessors and permanently ex-
pands the child’s behavioral and knowledge repertoire.
There is a reason why we are born with reflexive crawl-
ing and clinging, but those are lost to be replaced by
true volitional motor skills. There is good reason for
our tendency to grasp and handle objects insatiably in
the early years, while equipped with innate expecta-
tions about objects and trajectories and even gravity.
There is useful staging to our inability to walk or talk
until the age of one, by which time many other more
basic skills are in place. And so on.

The very basic lessons of developmental psychology
we highlight here are the wealth of innate structure,
skill, and implicit knowledge, as well as a staged pro-
gression of increasingly more complex learning, sup-

ported by environmental structure. While a handful
of research projects are aimed at addressing one of the
above principles, machine learning would greatly ben-
efit if these were to find their way into our culture of
what constitutes a rich learning system.

Task and Domain Complexity

Biological systems function in their environmental
niches, which provide both helpful structure and chal-
lenging stumbling blocks. Synthetic systems, on the
other hand, are typically not situated as realistically,
and thus provided little if any of either. Consequently,
they are not given enough to work with, against, or
toward.

By embedding systems in complex environments, we
are forced to address real problems and are not allowed
to accidentally abstract them away. As the history of
AT has amply shown, dividing problems into isolated
subareas tends to produce highly specialized solutions
that do not generalize to realistic, integrated domains.

A commonly used counter argument is that complex
environments force one to cut corners and develop ad
hoc solutions that do not provide general insight. How-
ever, as practice has demonstrated, being faced with
more complex domains not only forced us to adopt
realistic assumptions, but also produces relevant solu-
tions which, when taken together, provide consistent
insights on which to build and test principles and for
which to eventually develop formal theories. It is our
belief that it is more fruitful to address complex prob-
lems and learn from partial solutions and even failures
than to spend time on simpler ones based on assump-
tions that do not scale up.

Ideally, the complex problem of learning should be
addressed from all of these vantage points, from both
theory and practice, from both abstract and applied
contexts. In reality, this happens to a certain degree,
but the results of the different approaches rarely in-
form each other, thus failing to build on each other’s
strength and lessons learned.

Our Approach

In the early stages of our work with multi-robot sys-
tems, in the early 1990s, we often encountered the
following reductionist argument: ”control of a single
robot is poorly understood, so why make the prob-
lem worse by considering the multi-robot case? It will
tell us nothing, it is too hard!” Our answer was always
that the multi-robot case tells us about a wholly differ-
ent problem, with fundamentally novel dynamics and
challenges, as well as some facilitating aspects. Now, a
decade later, multi-robot control is a fast-growing and
popular area of research, and this growth cannot be at-
tributed to our complete understanding of the single-
robot case, but rather to a recognition of the relevance
of a new and independent research area.

We follow the same philosophy in our research in
learning. By considering complex tasks and environ-
ments, and embracing the full realism of uncertainty
and non-stationarity, we believe we are addressing a
fundamentally different (as well as more pertinent)



learning problem, which should yield key insights as
well as more direct practical applications.

Tasks and Environments

Our work is focused on learning on physical agents,
with local on-board sensing and action, real-time con-
straints, and inherent uncertainty and non-stationarity
that abound in such domains. We have addressed the
following questions in learning so far:

e How can a behavior-based robot (i.e, one that does
not employ a centralized planning capability) learn
from its past experience in order to improve its per-
formance in a multi-robot domain? Tasks: dis-
tributed object collection, distributed mapping, dis-
tributed pox pushing.

e How can a group of behavior-based robots learn so-
cial rules, so as to improve group-level performance
based only on local sensing and control? Tasks: dis-
tributed object collection.

e How can a pair of identical robots learn a coopera-
tive tightly-coupled task? Tasks: box pushing, for-
mations, object manipulation.

e How can a behavior-based robot learn the interac-
tion dynamics of its environment, in order to build a
light-weight model that can be used for achieving a
variety of tasks? Task: distributed object collection
and manipulation.

e How can a robot learn a new skill by imitation, from
observing a human? Tasks: arbitrary movement se-
quences, dance, manipulating objects, doors.

Methods

Built-In Structure and Knowledge

Our approach is based on behavior-based control, in
which a collection of distributed, concurrent behaviors
controls an agent or robot. Each behavior can take
inputs from the sensors and/or other behaviors and
send outputs to the effectors and/or other behaviors.
This framework has been shown to be highly robust
and effective in robot control and multi-robot coordi-
nation (Arkin 1998, Matari¢ 1997a). It has also been
shown to support distributing representations (Brooks
1991, Matari¢ 1992), so its expressive power is not lim-
ited.

The aspect of the behavior-based approach that is
most relevant to our learning work is the built-in struc-
ture that is afforded by the existence of behaviors.
Since they are time-extended procedure that encap-
sulate low-level details of control, behaviors serve as
a rich substrate for learning. They enable learning at
various levels:

e adaptation within behaviors (e.g., parameters)

e behavior selection and coordination (though switch-
ing or fusion)

e new behaviors

e collections of behaviors

In all cases, the behavioral structure elevates the
representation of the system. Consider the case of
learning behavior selection, which can be directly
mapped to the reinforcement learning framework. Our
work (Matari¢ 1997b) demonstrated that reinforce-
ment learning, when applied to learning policies that
map behavior activation conditions and behaviors
themselves, was highly effective even in uncertain, dy-
namic domains. The conditions can be viewed as gen-
eralized input states, but can be obtained by off-line
computation, so on-line generalization is not required.
This reduces the state space of the system significantly,
and enables real-time learning, particularly pertinent
in robotics. We demonstrated this idea on learning to
forage in a group (Matari¢ 1994).

We have also used the behavior substrate to facil-
itate learning by imitation (Matari¢ 1999). The no-
tion of encapsulating control into behavioral primitives
comes from neuroscience evidence (Bizzi, Mussa-Ivaldi
& Giszter 1991, Mussa-Ivaldi, Giszter & Bizzi 1994);
we have argued that it is also critical in facilitating
imitation learning, by allowing the learner a more di-
rect mapping between the observed and the executed,
a reduced state space, and a predictive capability.

Behaviors are just one type of structure that can be
principally provided to a system in order to facilitate
the learning process. Some others have been explored,
but the problem of how to encode a priori knowledge
and bias in a principled way, in order to facilitate learn-
ing, is not well studied. We suggest that biology gives
us a strong impetus that it should be given more at-
tention.

Shaping

In the last decade, reinforcement learning has gained
a great deal of attention and popularity. It is cur-
rently the paradigm of choice for robot learning, due
to its convenient unsupervised nature. However, in-
consistency of feedback, and the uncertainty and the
delayed nature of credit assignment in complex (espe-
cially multi-agent) environments, strongly suggest the
need for a richer paradigm.

The notion of shaping, providing intermediate re-
ward for behaviors that gradually get the learner closer
to the desired goal or skill, comes from psychology. It
requires an informed and helpful teacher, but still by-
passes full supervision. This notion has been effectively
applied in robot learning. Our own work demonstrated
that reinforcement learning, when applied to a group
of robots, fails due to the sparsity and inconsistency
of the learning signal (Matari¢ 1997b). By introducing
shaping, even in the simple form of progress estima-
tors, a richer learning signal is devised, which enables
the learner to statistically separate transient noise and
events from the more permanent ones, without the
need for explicit models.

Shaping was also successfully applied by others in
single-robot learning experiments (Dorigo & Colom-
betti 1997), and is gaining popularity. However, be-
cause of the bias introduced by the teacher, it is not
as widely accepted as we feel it should be, given its



effectiveness. Furthermore, it has received no formal
treatment, which relegates it, in the views of the the
theoretical learning community, to a ”short-cut” rather
than a powerful mechanism worth exploring.

Imitation/Demonstration

We have already argued that starting out with tab-
ula raza systems is unreasonable for real world tasks.
Bootstrapping the system with a good initial pol-
icy/controller is an excellent way to accelerate its adap-
tive capabilities, but coming up with such a policy may
be almost as difficult as programming the system by
hand. One alternative is to provide it by demonstra-
tion, by showing the learner what to do and how to do
it.

Imitation learning has grown in popularity in the
last few years (Schaal 1999, Matari¢ 1999). While it is
in itself a difficult learning problem, not a simplifying
step, it addresses an important form of skill acquisi-
tion, ubiquitous in human intelligence. The challenges
of imitation involve selecting a teacher, distinguish-
ing salient features of what is to be learned, selecting
an appropriate internal representation of the observed
behaviors, mapping it to the learner’s own behavior
repertoire, and adapting/tuning the repertoire based
on the difference between the observed and executed
movement, if an error signal is provided. Since each of
these set-ups is a research challenge in itself, the imita-
tion learning problem as a whole is quite a formidable
one. However, since it is an important and powerful
means of skill acquisition in nature, it merits investi-
gation.

Imitation learning is a major area of our current re-
search, applied to the domain of motor skill learning in
humanoid robots. This involves a high degree of free-
dom control system (currently 20 DOF), with sensory
input from vision and joint angle measurements, which
effectively put to the test any learning approaches we
develop.

Communication

The environment, including other agents/robots, pro-
vides valuable information to the learning system. Be-
sides direct sensing, communication is the primary
means of acquiring such information. Although a pow-
erful way of information sharing, communication is all
but dismissed as a ”crutch” in the context of learn-
ing. While in biological systems in plays a crucial role,
in synthetic ones it has not yet been legitimized as a
principled element of a learning system, nor treated
formally.

Our work on learning tightly-coupled cooperation
has employed simple communication techniques to ef-
fectively cope with both the partial observability prob-
lem and the credit assignment problems in learning.
In a box pushing scenario, we used communication to
share sensory information, thus enabling the robots to
expand their outlook, but by considering the shared
aspect of the information, without expanding the joint
state space. The communication messages also enabled
the robots to synchronize their actions, which resulted

in turn-taking being learned as a part of the stable
cooperative policy (Matarié¢ 1996).

We also employed communication in a social learning
framework, to effectively combat the adverse effects of
the greedy nature of reinforcement learning. By com-
municating the reinforcement received by each robot to
the ones near by (in space and time), and sharing the
reinforcement, the group as a whole was able to learn
social rules (for example yielding/giving way) that a
collection of greedy individuals could not.

Another important but overlooked form of commu-
nication is stigmergy, the ability to react to the ef-
fects of actions of others in the environment. This
principle is the foundation of ant trails, termite nests,
and other complex structures and behaviors resulting
from simple individual interactions (?). This notion
can be applied to learning as well; not only what
the system does, but what it stores/learns, can be
based on environmentally-encoded effects. Our work
has explored stigmergy in the context of coordinated
movement (Werger & Matari¢ 1996, Werger & Matari¢
1999), and we are considering it in the context of learn-
ing.

Besides its uses in biology, communication has been
demonstrated to be critical for superliner performance
in group domains, and it has a similar effect on dis-
tributed learning. Thus, we believe that it deserves
more careful attention in machine learning research.

Anytime Learning

As discussed earlier, optimal performance is the typical
goal of learning systems. However, in many complex
domains, and in particular in non-stationary ones, op-
timality is not well defined, or is prohibitively slow to
achieve.

Much like anytime planning, learning in complex en-
vironments must exhibit anytime properties. A learn-
ing system situated in a dynamic environment cannot
have the luxury of a slow training/exploration/learning
process. What is needed is the ability to provide in-
crementally improved solutions which, even based on
a small amount of data, can provide incremental im-
provement of performance. Biology abounds with ex-
amples of one-shot and staged learning as inspirations
for this pursuit.

The ability to learn incrementally and over short
time periods is critical in non-stationary environments,
such as those with multiple agents, or harder still,
multiple learners. Our work has addressed both of
these domains (Michaud & Matarié¢ 1998, Goldberg &
Matari¢ 1999) by developing an approach to on-line
learning of models of agent-environment interactions.
These can be quickly acquired, incrementally refined,
and used for in variety of tasks (Goldberg & Matarié
1999).

Evaluating learning performance is a difficult prob-
lem, and notions of satisficing (Simon 1969), and effi-
ciency are not nearly as accepted as that of optimality.
However, we believe that these, in conjunction with the
others listed above, are critical to scaling up learning to
make it comparative to biological system capabilities
and to real-world demands.



Summary

We have argued that the important factors in the way
of scaling up the complexity and effectiveness of ma-
chine learning are: 1) the emphasis on optimality, 2)
the lack of built-in knowledge and structure, and 3) the
lack of realistic test domains and relevant experimen-
tal validation, 4) the lack of cross-fertilization between
theoretical and applied learning work. We then out-
lined inspiration and insights from biological systems,
which demonstrate how efficient adaptive behavior can
be achieved in a very different way. Finally, we pro-
posed a set of possible research topics that are cur-
rently underemphasized, but should prove to be fruitful
for making machine learning more robust and scalable,
as well as relevant to real-world tasks and domains.
This list is not meant to be exhaustive, but rather re-
flective of the areas we feel are critical and on which
we have focused our own efforts. We briefly described
our own relevant research with respect to those topic
areas, in hopes of instigating discussion and further in-
terest in turning a few research spotlights toward these
important issues.
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