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In a world inhabited by multiple agents, an agent will attempt to coordinate its actions with the actions being taken by other agents.  Depending on the various actions being taken the agents will each be more or less satisfied with the outcomes of their actions.  As designers of agents, and of multi-agent systems, one of our objectives is to devise computational mechanisms to improve coordination - to increase the satisfaction that all or some of the agents have in the outcomes of their choices.

In relatively stable domains, general-purpose coordination mechanisms can take the form of negotiation protocols, organizational structures, behavioral constraints, etc.  In open, dynamic environments, however, agents must adapt their coordination strategies to changing demands and opportunities. This is where learning comes in.  To utilize opportunities and avoid pitfalls, each agent should learn about other agents and adapt its behavior, basing the adaptation on group composition and dynamics, interagent relationships, and environmental demands.  Specifically, learning in multi-agent systems differs from single-agent learning in ways such as:

· The need to learn what commitments/restrictions on mappings from situations to actions are “socially appropriate”

· The need to learn how actions being undertaken by others affect choice of actions

· The need to learn how to anticipate the actions of others (their mappings from situations to actions)

An isolated agent learns for reasons such as to benefit from experience, to resolve impasses among alternative courses of action, and to prepare for future potentialities.  Learning in a multi-agent world achieves the nonlocal versions of these: to benefit from collective experience, to resolve impasses among alternative group actions, and to prepare as a group for future potentialities.  Thus, in some ways learning in a multi-agent environment can be easier. (1) Agents can learn from (and therefore teach) each other. (2) Each agent might need to learn less since it can count on others to learn complementary knowledge.  (3) To the degree agents can influence each other’s behavior, they have some control over the environment and thus their learning experiences in it.  In other respects, multi-agent learning is more challenging than the isolated agent case.  For example, different agents might be learning simultaneously, and therefore common machine-learning assumptions about a stationary environment are violated.

Therefore, we need to develop learning techniques that allow agents to make better decisions, and that learn faster than the reward criteria evolve as others are learning simultaneously.  These learning techniques should exploit the particular features of the multi-agent environment, and especially cooperative environments, such as encouraging agents to coordinate learning and action, such as one agent holding its decision criteria stable to help another learn the criteria.  The mechanisms will use new modalities and address computational concerns particular to multi-agent environments.  As such, we believe that research in multi-agent learning can provide a two-fold benefit:

· improve the performance of multi-agent systems,
· develop new machine learning techniques targeted specifically for use in multi-agent environments.
One fundamental hypothesis behind new multi-agent learning techniques is that agents should explicitly learn about other agents, rather than treating them as just other environmental artifacts:

Hypothesis 1: The key to multi-agent learning is that the environment is not passive, but consists of other agents with intentions.  An agent has a more effective environmental model when it models and learns the intentions of other agents.  An agent can capture more of the regularity and structure of the world when it constructs explicit models of other agents separately from its model of the rest of the environment.


Some of the ramifications of recognizing the intentions in an environment are

· conflicts can be reduced

· opportunities can be exploited

· an agent can rely on others to know and learn things—it can choose not to learn.

Of course, learning models of agents is easier said than done, requiring agents to decide:

· which models to build and in what detail (Vidal & Durfee, 1998)
· what local aspects to treat as stationary (for example, can an agent assume it has stable individual preferences?)
· what global aspects to treat as stationary (for example, can an agent assume others are rational?)
In situations where all agents benefit from each of them learning about the others, agents can “supervise” the learning done by each other by engaging in interactions that provide more modeling information to become better “acquainted.”  By recognizing each other as agents with explicit (communicable) models, moreover, agents can adopt communication protocols to support mutual modeling (such as exchanging plan, goal, or capability descriptions).  

By manipulating interactions and engaging in communications, agents become “teachers” as well as learners in the multi-agent environment.  Interactions and communications become more effective moreover if:

· teachers model their students

· students model their teachers!

Mutual modeling between students and teachers reduces the information that needs to be communicated.  Such models can also a allow teacher to more effectively select problems and examples to be presented to the student and for the student to understand the intent of the teacher in providing these materials.

Of course, communicating to learn assumes that agents can understand each other. The learning of communication languages is a relatively unexplored area that ultimately will be of central concern. Moreover, agents need to learn which aspects of themselves are worthy of being communicated to other agents, depending on the kinds of coordination relationships that are important.

Hypothesis 2: It is easier to recognize conflicts than to recognize opportunities—learning facilitates both but predominantly the latter.  Conflicts are comparatively easier to detect because they result in problem-solving inefficiencies or impasses.  That is, they lead to unsatisfactory outcomes.  But cooperation opportunities can go unnoticed because failure to recognize them will often still result in satisfactory system performance - the performance just isn’t as good as it could be.  Since most learning mechanism contain an exploration component,  new behaviors are tried out which can lead to the identification of more coordinated behaviors than were being used before.
Hypothesis 3: There is a relationship between an individual adapting within a society (learning) versus the society adapting as a whole (evolution).  However, these different levels of adaptation, while related, are not the same.  It is possible that a group knows things that no individual knows (such as the group knowing which leader is preferred by the majority while no individual knows).  Therefore, it follows that the group might learn new knowledge that no individual can learn.

Some of the research problems that needs to be addressed in the immediate future to make significant advances in the multi-agent learning research area are the following:

· Creating agent designs that can evolve by itself based on experience

· Building agents that can track changes in the behavior of other agents separately from changes in the dynamics of the environment they inhabit 

· Develop agent behaviors that can use experience to

· avoid repeating situations that lead to conflicts

· construct and reason with models of other agents to recognize new opportunities

· adapt problem solving protocols, negotiation strategies, local preferences for goals, world states, etc. with changing environment and group composition

Some of the mechanisms and techniques that have been used and possibly can be used to address the above research problems include the following:

· Learning to communicate, and communicating to learn

· the use of communication as a tool to aid learning from other agents opens up a vista of new learning opportunities; learning to communicate, however, is likely to be more of a challenge

· A first-order model of another agent is to assume that it is just like oneself, then learn refinements

· building agent models will often need a default or “strawman” model to begin with; assume the agent to be modeled is similar to oneself is often a good place to start

The following are some of the most significant contributions that multi-agent learning technology can make to build successful, cost-effective multi-agent systems:

· Agents that can learn to communicate with others will enable distributed information systems to be constructed and operated more easily and cheaply (legacy systems can be integrated)

· Agent groups that can learn to adapt to changing environments and group composition, e.g., due to network or component failures, will be less brittle and more flexible and robust in operation

For a variety of papers on learning in multiagent systems, see (Weiss & Sen, 1996; Sen, 1996; Weiss, 1997; Sen, 1997).
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