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Abstract. In the last years the topic of adaptation and learning in
multi-agent systems has gained increasing attention in Artificial Intelli-
gence. This article is intended to provide a compact, introductory and
motivational guide to this topic. The article consists of two sections. In
the first section, “Remarks”; the range and complexity of this topic is
outlined by taking a general look at the concept of multi-agent systems
and at the notion of adaptation and learning in these systems. This in-
cludes a description of key dimensions for classifying multi-agent systems,
as well as a description of key criteria for characterizing single-agent and
multi-agent learning as the two principal categories of learning in multi-
agent systems. In the second section, “Bibliography”, an extensive list
of pointers to relevant and related work on multi-agent learning done in
(Distributed) Artificial Intelligence, economics, and other disciplines is
provided.

1. Remarks

Multi-Agent Systems

Multi-agent systems, that is, computational systems composed of several agents
capable of mutual and environmental interaction, establish a central research
and application area in Distributed Artificial Intelligence (DAT). There are four
major reasons for the broad interest in multi-agent systems:

— As distributed systems they offer useful features such as parallelism, robust-
ness and scalability, and therefore are applicable in many domains which
cannot be handled by centralized systems. In particular, they are well suited
for domains which require the integration of multiple sources of knowledge or
activity, the resolution of interest and goal conflicts, the time-bounded pro-
cessing of very large data sets, or the on-line interpretation of data arising
in different geographical locations.

— The concept of multi-agent systems is in accordance with the insight gained
over the past decade in disciplines like Al, psychology, and sociology that
intelligence and interaction are deeply and inevitably coupled to each other.
In particular, multi-agent systems realize this coupling in both directions:



on the one hand, interactivity allows the agents to increase their level of
intelligence; and on the other hand, intelligence allows the agents to increase
the efficiency of their interactivity.

— The study of multi-agent systems from the perspective of DAI can contribute
to our understanding of natural multi-agent systems like insect societies
or human teams in general, and to our understanding of complex social
phenomena like collective intelligence and emergent behavior in particular.

— Today powerful computers and advanced computing networks provide a solid
platform for the realization of multi-agent technology.

In the following, the concept of multi-agent systems will be described in more
detail.

Differencing Aspects and their Dimensions. In the DAI literature many multi-
agent systems have been described. Taking into consideration that a system
always has to be considered in its environmental context in order to really un-
derstand its functionality, it can be stated that these systems differ from each
other in three key aspects:

— the environment occupied by the multi-agent system,
— the agent-agent and agent-environment interaction, and
— the agents themselves.

For each of these differencing aspects several dimensions can be identified by
which multi-agent systems can be classified. With respect to the first differencing
aspect, the environment occupied by the multi-agent system, examples of such
classifying dimensions (together with attributes that illustrate their spectrum of
possible values) are

— the availability of environmental resources (ranging from restricted
to ample),

— the environmental diversity (ranging from poor to rich),

— the environmental uncertainty and predictability (ranging from pre-
dictable to unpredictable), and

— the environmental dynamics and status (ranging from fixed to vari-

able).

It is important to stress that it 1s not trivial to conclusively define the expression
“environment of a multi-agent system”. In particular, the widespread definition
of this expression as the “sum” of the environments of the individual agents
contained in the multi-agent system is problematic: because an agent’s environ-
ment usually contains other agents, this definition implies that the system itself
is contained in its environment. (Another problem results from the fact that
an agent’s environment containing other agents may be viewed as an agent on
its own.) With respect to the second differencing aspect, the agent-agent and
agent-environment interaction, examples of classifying dimensions are

— the frequency of interaction (ranging from low to high),



— the persistence of interaction (ranging from short-term to long-term);

— the level of interaction (ranging from signal passing to knowledge
exchange),

— the pattern of interaction (ranging from unstructured to structured),

— the variability of interaction (ranging from fixed to changeable),

— the type of interaction (ranging from competitive to cooperative),
and

— the purpose of interaction (ranging from random to goal-directed).

Finally, with respect to the third differencing aspect, the agents themselves,
examples of such classifying dimensions are

— the number of agents involved in the multi-agent system (ranging
from two upward),

— the number of goals an agent has (ranging from one upward),

— the compatibility of the goals (ranging from contradicting to compli-
mentary),

— the uniformity of the agents (ranging from homogeneous to hetero-
geneous), and

— the properties of the individual agents.

Agent Properties. There has been considerable discussion and fruitful contro-
versy on the last of these items, and the central question addressed is: “What are
the properties that let an object like a software program or an industry robot be
an agent?” Forming the intersection of the many answers which have been given
to this question, one obtains something like the following “essence” of kernel
properties:

— perceptual, cognitive and effectual skills;
— communicative and social abilities;
— autonomy (self-control).

With that, and in as far as the first two items constitute intelligence in its
intuitive meaning, this “essence” implies the concise definition of an agent as
an object which in some sense is intelligent and autonomous. Further properties
that are often considered to be essential for agency are the following:

— reactivity (i.e., the ability to respond to environmental changes in
reasonable time);

— situatedness (i.e., the ability to continuously interact with — or to be
embedded in - its environment);

— pro-activeness and deliberation (i.e., the ability to act in a foreseeing,
goal- or plan-oriented manner);

— rationality (i.e., the ability to always behave in a way which is suit-
able or even optimal for goal attainment);

— mobility (i.e., the ability to change the physical position);

— introspection (i.e., the ability to examine and self-reflect its own
thoughts, ideas, plans, etc);



— veracity (i.e., the property of not knowingly communicating false
information);
— benevolence (i.e., the property of always doing what is asked to do).

(Some of these terms are differently used by different authors, and the expla-
nations provided in brackets are only intended to approximately describe their
meanings.) In addition to the properties mentioned above, sometimes properties
are ascribed to agents which describe their internal states. Examples of such
properties or so-called mental attitudes are the following:

— belief, knowledge, etc, which describe information or cognitive states;

— intention, commitment, plan, etc, which describe deliberative or cona-
tive states;

— desire, goal, choice, preference, etc, which describe motivational or
affective states.

Each of the properties listed above concerns, in one way or another, a significant
aspect of agency and, with that, represents a classifying dimension for multi-
agent systems.

The System-Application Assignment Problem. Clearly, it is not the attribute
value of a single dimension but the combination of the attribute values of all
dimensions that characterizes a multi-agent system. An understanding of the
relationships between these dimensions would provide a valuable guideline for
deciding which type of multi-agent system 1s best or at least sufficiently well
suited to a given application task, and which type of application task can be
best solved by a given multi-agent system. The problem of making this decision
is sometimes called the (bidirectional) multi-agent system-application assignment
problem. To solve this problem is one of the most important long-term challenges

in DAI.

Topics of Current Research and Practice. There are many topics that are
of relevance to the specification, implementation, handling, and assessment of
multi-agent systems. These include, for instance, agent theories and architec-
tures, communication languages, coordination mechanisms, negotiation and co-
operation strategies, organization design, multi-agent planning and diagnosis,
and multi-agent problem decomposition and synthesis. To discuss these topics
and the specific 1ssues raised by them would be beyond the scope and intention
of this article. As a survey of the readings recommended below shows, current
research and practice on agents and multi-agent systems simultanously focusses
on these topics from different points of view and at different levels.

Adaptation and Learning

Adaptation and learning in multi-agent systems constitutes a further example
of such a relevant topic, and it 1s commonly agreed by the DAI as well as the
Machine Learning community that this topic deserves particular attention. As



the above considerations suggest, multi-agent systems typically are of consid-
erabe complexity with respect to both their structure and their functionality.
For most application tasks, and even in environments that appear to be more
or less simple, it is extremely difficult or even impossible to correctly determine
the behavioral repertoire and concrete activities of a multi-agent system a pri-
ori, that is; at the time of its design and prior to its use. This would require, for
instance, that i1t is known a priori which environmental requirements will emerge
in the future, which agents will be available at the time of emergence; and how
the available agents will have to interact in response to these requirements. This
kind of problems resulting from the complexity of multi-agent systems can be
avoided or at least reduced by endowing the agents with the ability to adapt and
to learn, that is, with the ability to improve the future performance of the total
system, of a part of it or of a single agent. The rest of this section takes a closer
look on the notion of adaptation and learning in multi-agent systems. In doing
80, no explicit distinction is made between adaptation and learning; instead, it
is assumed that “adaptation” is covered by “learning”. This is in accordance
with common usage, according to which the term “adaptation” is only applied
to those self-modifications that enable a system to survive in a changed environ-
ment. (In its most general meaning, the term “adaptation” denotes all changes
of a system so that it becomes suitable for a given situation or purpose. This
meaning, however, 1s too broad to be of value from the viewpoint of Machine
Learning.)

Categories of Learning. Learning in multi-agent systems is more than a mere
magnification of learning in single-agent systems. On the one hand, learning
in multi-agent systems comprises learning in single-agent systems, because an
agent, although embedded in a multi-agent system, can learn in a solitary way
and completely independent of the other agents. This is what can be called
single-agent or isolated learning: learning that does not rely on the presence
of multiple agents. On the other hand, learning in multi-agent systems extends
learning in single-agent systems, because agents in a multi-agent system can
learn in a communal way inasmuch as their learning is influenced (e.g., initiated,
redirected, or made possible at all) by exchanged information, shared assump-
tions, commonly developed viewpoints of their environment, commonly accepted
social and cultural conventions and norms which regulate and constrain their be-
haviors and interaction, and so forth. This is what can be called multi-agent or
wnteractive learning: learning that relies on or even requires the presence of multi-
ple agents and their interaction. Single-agent and multi-agent learning constitute
the principal categories of learning in multi-agent systems. (There are borderline
situations which make 1t difficult to draw clear boundaries between these two
learning categories; for instance, one might think of an agent that learns about
or models other agents.)

When people talk about learning in multi-agent systems, they usually think
of multi-agent instead of single-agent learning. Two usages of the term “multi-
agent learning” can be distinguished:

— In its stronger and more specific meaning, “multi-agent learning” refers only



to situations in which several agents collectively pursue a common learning
goal.

— In 1ts weaker and less specific meaning, “multi-agent learning” additionally
refers to situations in which an agent pursues its own learning goal, but is
affected in its learning by other agents, their knowledge, beliefs, intentions,
and so forth.

Independent of its underlying meaning, multi-agent learning is a many-faceted
activity, and therefore it is not surprising that many synonyms of this term
can be found in the literature. Examples of such synonyms, each stressing an-
other facet, are mutual learning, cooperative learning, collaborative learning,
co-learning, shared learning, team learning, social learning, pluralistic learning,
and organizational learning. Whereas single-agent learning has been studied in
Al since decades, multi-agent learning constitutes a relatively young field of
study. Compared to its age, however, this field has already reached a consider-
able stage of development. Multi-agent learning is the subject of the bibliography
presented in the second section.

The Credit-Assignment Problem. The basic problem any learning system is
confronted with 1s the credit-assignment problem, that is, the problem of properly
assigning credit or blame for overall performance changes (increase and decrease)
to each of the system activities that contributed to that changes. Although this
problem has been traditionally considered in the context of single-agent learning,
it is also existent in the context of multi-agent learning. Taking the standard Al
view according to which the activities of an agent are given by the external
actions carried out by it and its internal decisions implying these actions, the
credit-assignment problem can be usefully decomposed into two subproblems:

— the assignment of credit or blame for an overall performance change
to external actions, and

— the assignment of credit or blame for an action to the corresponding
internal decisions.

The first subproblem, which might be called the inter-agent credit-assignment
problem is particularly difficult for multi-agent systems, because here an overall
performance change may be caused by external actions of several agents. This
subproblem requires that the agents answer the question “What action carried
out by what agent contributed to the performance change?” The second subprob-
lem, which might be called the intra-agent credit-assignment problem , 1s equally
difficult in single-agent and multi-agent systems. This sub-problem requires that
an agent answers the question “What decisions led to a contributing action?”
Any approach to multi-agent learning has to attack both the inter-agent and
the intra-agent subproblem in order to succeed. How difficult it is to solve these
subproblems and, with that, the total credit-assignment problem, depends on
the concrete learning situation.

Forms of Learning. There is a great variety in the possible forms of learning in
multi-agent systems, and there are several key criteria that may be applied in



order to structure this variety. Two standard examples of such criteria, which
are well known in the field of ML, are the following:

— The learning method or strategy used by a learning entity (a single
agent or several agents). The following methods are usually distin-
guished:

e rote learning (i.e., direct implantation of knowledge and skills
without requiring further inference or transformation from the
learner);

e learning from instruction and by advice taking (i.e., operational-
ization — transformation into an internal representation and in-
tegration with prior knowledge and skills — of new information
like an instruction or an advice that is not directly executable
by the learner);

e learning from examples and by practice (i.e., extraction and re-
finement of knowledge and skills like a general concept or a stan-
dardized pattern of motion from positive and negative examples
or from practical experience);

e learning by analogy (i.e., solution-preserving transformation of
knowledge and skills from a solved to a similar but unsolved
problem);

e learning by discovery (i.e., gathering new knowledge and skills
by making observations, conducting experiments, and generating
and testing hypotheses or theories on the basis of the observa-
tional and experimental results).

A major difference between these methods lies in the amount of
learning efforts required by them (increasing from top to bottom).

— The learning feedback that is available to a learning entity and that
indicates the performance level achieved so far. This criterion leads
to the following usual distinction:

o supervised learning (i.e., the feedback specifies the desired activ-
ity of the learner and the objective of learning is to match this
desired action as closely as possible);

o reinforcement learning (i.e., the feedback only specifies the util-
ity of the actual activity of the learner and the objective is to
maximize this utility);

e unsupervised learning (i.e., no explicit feedback is provided and
the objective is to find out useful and desired activities on the
basis of trial-and-error and self-organization processes).

In all three cases the learning feedback is assumed to be provided by
the system environment or the agents themselves. This means that
the environment or an agent providing feedback acts as a “teacher”
in the case of supervised learning and as a “critic” in the case of
reinforcement learning; in the case of unsupervised learning, the en-
vironment and the agents just act as passive “observers”.



It is important to see that different agents do not necessarily have to learn on
the basis of the same learning method or the same type of learning feedback.
Moreover, in the course of learning an agent may employ different learning meth-
ods and types of learning feedback. Both criteria directly or indirectly lead to
the distinction between learning and teaching agents, and they show the close
relationship between multi-agent learning on the one hand and teaching and tu-
toring on the other. Examples of other than these two standard criteria, together
with a brief description of their extreme values, are the following:

— The purpose and goal of learning. This criterion allows to distin-
guish between the following two extremes (and many graduations in
between them):

e Learning that aims at an improvement with respect to one single
agent, its skills and abilities.

e Learning that aims at an improvement with respect to the agents
as a unit, their coherence and coordination.

This criterion could be refined with respect to the number and com-
patibility of the learning goals pursued by the agents. Generally, an
agent may pursue several learning goals at the same time, and some
of the learning goals pursued by the agents may be incompatible
while others are complementary.

— The decentralization of a learning process (where a learning process
consists of all activities carried out by one or more agents in order to
achieve a particular learning goal). This criterion concerns the degree
of distribution and parallelism, and there are two obvious extremes:

e only one of the available agents is involved in the learning pro-
cess, and the learning steps are neither distributed nor paral-
lelized;

e all available agents are involved, and the learning steps are “max-
imally” distributed and parallelized.

Of course, the degree of dentralization may vary for different learning
processes.

— An agent’s involvement in a learning process. With respect to the
importance of involvement, one can identify the following two ex-
tremes:

e the involvement of the agent under consideration is not a nec-
essary condition for achieving the pursued learning goal (e.g.,
because it can be replaced by another equivalent agent);

e the learning goal cannot be achieved without the involvement of
exactly this agent.

Other aspects of involvement that could be applied in order to refine
this criterion are its duration and intensity. It also has to be taken
into consideration that an agent may be involved in several learning
processes; because it may pursue several learning goals.

— The agent-agent and agent-environment interaction required for re-
alizing a learning process. Two obvious extremes are the following:



e learning requires only a minimal degree of interaction;

e learning would not be possible without extensive interaction.
This criterion could be further refined with respect to the frequency,
persistence, level, pattern and type of interaction.

Many combinations of different values for these criteria are possible. For in-
stance, one might think of a small group of agents that intensively interact (by
discussing, negotiating, etc) in order to understand why the overall system per-
formance has decreased in the past, or of a large group of agents that loosly
interact (by sometimes giving advices, sharing insights, etc) in order to enhance
the knowledge base of one of the group members.

Challenging Research Issues. The above criteria characterize learning in multi-
agent systems at the single-agent and the total-system level, and they define a
large space of possible forms of multi-agent learning. Each point in this space
represents a form of multi-agent learning having its specific characteristics and
its specific demands on the skills and abilities of the individual agents. Research
and practice in DAT and ML has just started to explore this space. Considerable
progress has been made especially in the last few years, but there are still many
open questions and unsolved problems. Examples of challenging issues for future
research are the following:

— requirements for learning in multi-agent systems;

— principles and concepts of learning in multi-agent systems;

— models and architectures of multi-agent systems capable of learning;

— extension and transformation of single-agent learning approaches to
multi-agent learning approaches;

— parallel and distributed inductive learning in multi-agent systems;

— multi-strategy and multi-perspective learning in multi-agent systems;

— learning in multi-agent systems as organizational self-design;

— theoretical analysis of learning in multi-agent systems.

In attacking these and other issues, it 1s likely to be very useful and inspiring to
take also related work from other disciplines than (D)AT into consideration. A
number of references to such work are given in the “Bibliography” section.

Selected Pointers to Related Literature

In the following, some standard pointers to the literature on DAI, agency, multi-
agent systems, and single-agent learning are provided.

There is wealth of literature on DAI in general. Standard DAI books are
(Bond & Gasser, 1988; Huhns, 1987; Gasser & Huhns, 1989). The first chapter
of (Bond & Gasser, 1988) offers a broad overview of important aspects and
problems in DAI. Traditionally, two types of DAI systems are distinguished,
namely, multi-agent systems and distributed problem solving systems (see, e.g.,
Durfee & Rosenschein, 1994).

Those specifically interested in the various aspects of agency are referred to

(Wooldridge & Jennings, 1995). The first chapter of this book, written by the



book editors, provides a valuable survey of the state of the art in (D)AI research
on intelligent agents. A recent agent-oriented introductory textbook on Al is
presented in (Russell & Norvig, 1995).

Work on multi-agent systems can be found, e.g., in the Proceedings of the
First International Conference on Multi-Agent Systems (ICMAS, 1995) as well
as in the Proceedings of the European Workshops on Modelling Autonomous
Agents in a Multi-Agent World (Demazeau & Miiller, 1990, 1991; Werner &
Demazeau, 1992; Castelfranchi & Werner, 1994; Castelfranchi & Miiller, 1995).

There are many books on single-agent ML; see, e.g., the established se-
ries (Kodratoff & Michalski, 1990; Michalski, Carbonell & Mitchell, 1983, 1986;
Michalski & Tecuci, 1994). A recent textbook on ML is (Langley, 1995). Actual
work on ML can be found, e.g., in the Proceedings of the European and the
International Conferences on Machine Learning. The credit-assignment problem
of learning was first mentioned in (Minsky, 1961).
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2. Bibliography

This is a bibliography of multi-agent learning. It contains a number of references
to relevant reports, articles, and books, and is intended to be an aid and service
to those interested in this field.

Providing a bibliography of multi-agent learning is not without problems for
three major reasons. First, multi-agent learning constitutes a relatively young
but rapidly developing field of research and application. As a response to this,
not only pointers to completed work, but also to work on novel ideas and of
exploratory content have been included. Second, multi-agent learning constitutes
a field without clear boundaries, and there are very close relationships to several
other fields like single-agent learning, organizational design and adaptive systems
theory. As a consequence, and apart from a few exceptions, only pointers to
work that primarily deals with multi-agent learning or essential aspects of it
have been included. And third, multi-agent learning constitutes a field of highly
interdisciplinary nature. Therefore, not only pointers to work in (D)AI, but also
to related work conducted in other disciplines have been included.

The bibliography consists of three parts. Part I contains references to work
in (D)AI. (In order to avoid unnecessary redundancy, the papers in this volume
are not referenced.) This part is roughly divided into two categories: “Princi-
ples, Algorithms, Applications, Tools” and “Theory”. The first category contains
references to work concentrating on multi-agent learning from a more practical
point of view and being centered, in one or another way, around the question how
learning and interaction (cooperation, communication, and so forth) in multi-
agent systems are related to each other. The second category contains references
to work dealing with the computational theory of team learning, which addresses
the questions of efficiency and complexity of multi-agent learning from a theo-
retical point of view.

Part II contains references to work in economics. In this discipline multi-
agent learning constitutes a traditional and well-established subject of study,
where the focus of attention is on learning in organizations like business compa-
nies and state institutions. Learning in organizations, or organizational learning,



is seen as a fundamental requirement for an organization’s competitiveness, pro-
ductivity, and innovativeness in uncertain and changing technological and market
circumstances. With that, organizational learning is considered to be essential
to the flexibility and sustained existence of an organization. It is likely that Al
can considerably profit from the extensive knowledge about and experience with
multi-agent learning that 1s available in economics.

Finally, part III contains a few references to work on multi-agent learning

steeming from disciplines like psychology and sociology. This part is by no means
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