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Abstract. Distributed Artificial Intelligence (DAI) has existed as a subfield of Al for less than two decades. DAl is
concerned with systems that consist of multiple independent entities that interact in adomain. Traditionally, DAl has
been divided into two sub-disciplines: Distributed Problem Solving (DPS) focuses on the information management
aspects of systems with several components working together towards a common goal; Multiagent Systems (MAS)
deals with behavior management in collections of several independent entities, or agents. This survey of MAS is
intended to serve as an introduction to the field and as an organizational framework. A series of general multiagent
scenarios are presented. For each scenario, the issues that arise are described along with a sampling of the techniques
that exist to deal with them. The presented techniques are not exhaustive, but they highlight how multiagent systems
can be and have been used to build complex systems. When options exist, the techniques presented are biased towards
machine learning approaches. Additional opportunities for applying machine learning to MAS are highlighted and
robotic soccer is presented as an appropriate test bed for MAS. This survey does not focus exclusively on robotic
systems. However, we believe that much of the prior research in non-robotic MAS is relevant to robotic MAS, and

we explicitly discuss several robotic MAS, including all of those presented in this issue.

Keywords: multiagent systems, machine learning, survey, robotics, intelligent agents, robotic soccer, pursuit
domain, homogeneous agents, heterogeneous agents, communicating agents

1. Introduction this and other such daunting challenges, Al researchers
have earned the right to start examining the implica-
Extending the realm of the social world to include tions of multiple autonomous “agents” interacting in
autonomous computer systems has always been arthe real world. In fact, they have rendered this exam-
awesome, if not frightening, prospect. However it is ination indispensable. If there is one self-steering car,
now becoming both possible and necessary through ad-there will surely be more. And although each may be
vances in the field of Atrtificial Intelligence (Al). Inthe  able to drive individually, if several autonomous ve-
past several years, Al techniques have become morehicles meet on the highway, we must know how their
and more robust and complex. To mention just one of behaviors interact.
the many exciting successes, a car steered itself more Multiagent Systems (MAS) is the subfield of Al
than 95% of the way across the United States using that aims to provide both principles for construction
the ALVINN system (Pormerleau, 1993). By meeting of complex systems involving multiple agents and
mechanisms for coordination of independent agents’

*This work was carried out while a member of the Computer Science bghawors. Wh".e there is no generally.accepted defi-
Department at Carnegie Mellon University. nition of “agent” in Al (Russell and Norvig, 1995), for
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the purposes of this article, we consider an agent to be non-robotic MAS is relevant to robotic MAS, and we
an entity, such as a robot, with goals, actions, and do- explicitly discuss several robotic MAS (referred to as
main knowledge, situated in an environment. The way multi-robot systen)sincluding all of those presented
it acts is called its “behavior.” (This is not intended in this issue.
as a general theory of agency.) Although the abilityto  Although there are many possible ways to divide
consider coordinating behaviors of autonomous agents MAS, the survey is organized along two main dimen-
is a new one, the field is advancing quickly by build- sions: agent heterogeneity and amount of communi-
ing upon pre-existing work in the field of Distributed cation among agents. Beginning with the simplest
Artificial Intelligence (DAI). multiagent scenario, homogeneous non-communica-
DAl has existed as a subfield of Al for less than ting agents, the full range of possible multiagent sys-
two decades. Traditionally, DAI is broken into two tems, through highly heterogeneous communicating
sub-disciplines: Distributed Problem Solving (DPS) agents, is considered.
and MAS (Bond and Gasser, 1988). The main topics For each multiagent scenario presented, a sin-
considered in DPS are information managementissuesgle example domain is presented in an appropriate
such as task decomposition and solution synthesis. Forinstantiation for the purpose of illustration. In this
example, a constraint satisfaction problem can often be extensively-studied domain, the Predator/Prey or “Pur-
decomposed into several not entirely independent sub-suit” domain (Benda et al., 1986), many MAS issues
problems that can be solved on different processors. arise. Nevertheless, it is a “toy” domain. At the end
Then these solutions can be synthesized into a solutionof the article, a much more complex domain—robotic
of the original problem. soccer—is presented in order to illustrate the full power
MAS allows the subproblems of a constraint satis- of MAS.
faction problem to be subcontracted to different prob-  The article is organized as follows. Section 2 in-
lem solvingagentswith their own interests and goals. troduces the field of MAS, listing several of its strong
Furthermore, domains with multiple agents of any type, points and presenting a taxonomy. The body of the
including autonomous vehicles and even some humanarticle, Sections 3—7, presents the various multiagent
agents, are beginning to be studied. scenarios, illustrates them using the pursuit domain,
This survey of MAS is intended as an introduction and describes existing work in the field. A domain that
to the field. The reader should come away with an ap- facilitates the study of most multiagent issues, robotic
preciation for the types of systems that are possible to soccer, is advocated as atestbed in Section 8. Section 9
build using MAS as well as a conceptual framework concludes.
with which to organize the different types of possible
systems.
The article is organized as a series of general multia- 2. Multiagent Systems
gent scenarios. For each scenario, the issues that arise
are described along with a sampling of the techniques Two obvious questions about any type of technology
that exist to deal with them. The techniques presented are:
are not exhaustive, but they highlight how multiagent
systems can be and have been used to build complexe What advantages does it offer over the alternatives?
systems. e In what circumstances is it useful?
Because of the inherent complexity of MAS, there
is much interest in using machine learning techniques It would be foolish to claim that MAS should be used
to help deal with this complexity (Wei and Sen, when designing all complex systems. Like any use-
1996; Sen, 1996). When several different systems exist ful approach, there are some situations for which it is
that could illustrate the same or similar MAS tech- particularly appropriate, and others for which it is not.
nigues, the systems presented here are biased toward3he goal of this section is to underscore the need for
those that use machine learning (ML) approaches. and usefulness of MAS while giving characteristics of
Furthermore, every effort is made to highlight addi- typical domains that can benefit from it. For a more
tional opportunities for applying ML to MAS. This extensive discussion, see Bond and Gasser (1988).
survey does not focus exclusively on robotic systems. Some domains require MAS. In particular, if there
However, we believe that much of the prior research in are different people or organizations with different
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(possibly conflicting) goals and proprietary informa- shared among different agents, the system can toler-
tion, then a multiagent system is needed to handle their ate failures by one or more of the agents. Domains
interactions. Even if each organization wants to model that must degrade gracefully are in particular need
its internal affairs with a single system, the organiza- of this feature of MAS: if a single entity—processor
tions will not give authority to any single person to or agent—controls everything, then the entire system
build a system that represents them all: the different could crash if there is a single failure. Although a mul-
organizations will need their own systems that reflect tiagent system need not be implemented on multiple
their capabilities and priorities. processors, to provide full robustness against failure, its
For example, consider a manufacturing scenario in agents should be distributed across several machines.
which company X produces tires, but subcontracts the  Another benefit of multiagent systems is their scal-
production of lug-nuts to company Y. In order to build  ability. Since they are inherently modular, it should be
a single system to automate (certain aspects of) theeasier to add new agents to a multiagent system than
production process, the internals of both companies X it is to add new capabilities to a monolithic system.
and Y must be modeled. However, neither company is Systems whose capabilities and parameters are likely
likely to want to relinquish information and/or control  to need to change over time or across agents can also
to a system designer representing the other company.benefit from this advantage of MAS.
Perhaps with just two companies involved, an agree- From a programmer’s perspective the modularity of
ment could be reached, but with several companies in- multiagent systems can lead to simpler programming.
volved, MAS is necessary. The only feasible solution Rather than tackling the whole task with a centralized
is to allow the various companies to create their own agent, programmers can identify subtasks and assign
agents that accurately represent their goals and inter-control of those subtasks to different agents. The dif-
ests. They must then be combined into a multiagent ficult problem of splitting a single agent’s time among
system with the aid of some of the techniques described different parts of a task solves itself. Thus, when the
in this article. choice is between using a multiagent system or a single-
Another example of a domain that requires MAS agent system, MAS may be the simpler option. Of
is hospital scheduling as presented in Decker (1996c¢). course there are some domains that are more naturally
This domain from an actual case study requires differ- approached from an omniscient perspective—because
ent agents to represent the interests of different peoplea global view is given—or with centralized control—
within the hospital. Hospital employees have differ- because no parallel actions are possible and there is
ent interests, from nurses who may want to minimize no action uncertainty (Decker, 1996b). Single-agent
the patient’s time in the hospital, to x-ray operators systems should be used in such cases.
who may want to maximize the throughput on their Multiagent systems can also be useful for their il-
machines. Since different people evaluate candidate lucidation of fundamental problems in the social sci-
schedules with different criteria, they must be repre- ences and life sciences (Cao et al., 1997), including
sented by separate agents if their interests are to beintelligence itself (Decker, 1987). As Weil3 putit: “In-
justly considered. telligence is deeply and inevitably coupled with inter-
Even in domains that could conceivably use systems action” (Weil3, 1996). In fact, it has been proposed that
that are not distributed, there are several possible rea-the bestway to develop intelligent machines at all might
sons to use MAS. Having multiple agents could speed be to start by creating “social” machines (Dautenhahn,
up a system’s operation by providing a method for par- 1995). This theory is based on the socio-biological
allel computation. For instance, a domain that is eas- theory that primate intelligence first evolved because
ily broken into components—severalindependenttasks of the need to deal with social interactions (Minsky,
that can be handled by separate agents—could benefit1 988).
from MAS. Furthermore, the parallelism of MAS can While all of the above reasons to use MAS apply
help deal with limitations imposed by time-bounded or generally, there are also some arguments in favor of
space-bounded reasoning requirements. multi-robot systems in particular. In tasks that require
While parallelism is achieved by assigning differ- robots to be in particular places, such as robot scouting,
ent tasks or abilities to different agents, robustness is a team of robots has an advantage over a single robot
a benefit of multiagent systems that have redundant in that it can take advantage of geographic distribution.
agents. If control and responsibilities are sufficiently While a single robot could only sense the world from a
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Tablel Reasonstouse
multiagent systems.

Some domains require it
Parallelism

Robustness

Scalability

Simpler programming
To study intelligence
Geographic distribution
Cost effectiveness

this perspective, the important characteristics of MAS
are:

e System function;

e Agentarchitecture (degree of heterogeneity, reactive
vs. deliberative);

e System architecture (communication,
human involvement).

protocaols,

A useful contribution is that the dimensions are divided
into agent and system characteristics. Other overviews
of DAI and/or MAS include Lesser (1995), Durfee
(1992), Durfee et al. (1989) and Bond and Gasser

single vantage point, a multi-robot system can observe (19gg),

and act from several locations simultaneously.
Finally, as argued in Jung and Zelinsky (2000),

multi-robot systems can exhibit benefits over single-

robot systems in terms of the “performance/cost ratio.”

There are also some existing surveys that are specific
to multi-robotsystems. Dudek et al. (1996) presented a
detailed taxonomy of multiagent robotics along seven
dimensions, including robot size, various communi-

By using heterogeneous robots each with a subset of cation parameters, reconfigurability, and unit process-

the capabilities necessary to accomplish a given task,

ing. Cao et al. (1997) presented a “taxonomy based

one can use simpler robots that are presumably less ex-gp, problems and solutions,” using the following five

pensive to engineer than a single monolithic robot with
all of the capabilities bundled together. Reasons pre-
sented above to use MAS are summarized in Table 1.

2.1. Taxonomy

Several taxonomies have been presented previously for

the related field of Distributed Artificial Intelligence
(DAI). For example, Decker presents four dimensions
of DAI (Decker, 1987):

1. Agent granularity (coarse vs. fine);

2. Heterogeneity of agent knowledge (redundant vs.
specialized);

3. Methods of distributing control (benevolent vs.
competitive, team vs. hierarchical, static vs. shift-
ing roles);

4. and Communication possibilities (blackboard vs.

messages, low-level vs. high-level, content).

Along dimensions 1 and 4, multiagent systems have
coarse agent granularity and high-level communica-
tion. Along the other dimensions, they can vary across
the whole ranges. In fact, the remaining dimensions
are very prominent in this article: degree of hetero-
geneity is a major MAS dimension and all the methods
of distributing control appear here as major issues.

More recently, Parunak (1996) has presented a tax-

onomy of MAS from an application perspective. From

axes: group architecture, resource conflicts, origins
of cooperation, learning, and geometric problems. It
specifically does not consider competitive multi-robot
scenarios. This article contributes a taxonomy that
encompasses MAS along with a detailed chronicle of
existing systems as they fit in to this taxonomy.

The taxonomy presented in this article is organized
along what we believe to be the most important as-
pects of agents (as opposed to domains): degree of
heterogeneity and degree of communication. Commu-
nication is presented as an agent aspect because itis the
degree to which the agents communicatevibether
they communicate), not the communication protocols
that are available to them, that is considered. Other
aspects of agents in MAS are touched upon within
the heterogeneity/communication framework. For ex-
ample, the degree to which different agents play dif-
ferent roles is certainly an important MAS issue, but
here it is framed within the scenario of heterogeneous
non-communicating agents (it arises in the other three
scenarios as well).

All four combinations of heterogeneity and
communication—homogeneous non-communicating
agents; heterogeneous non-communicating agents; ho-
mogeneous communicating agents; and heterogeneous
communicating agents—are considered in this article.
Our approach throughout the article is to categorize the
issues as they are reflected in the literature. Many of
the issues could apply in earlier scenarios, but do not
in the articles that we have come across. On the other



Table 2 Issues arising in the various scenarios as reflected
in the literature.

Homogeneous non-communicating agents
Reactive vs. deliberative agents
Local or global perspective
Modeling of other agents’ states
How to affect others

Homogeneous communicating agents
Distributed sensing
Communication content

Heterogeneous non-communicating agents
Benevolence vs. competitiveness
Fixed vs. learning agents (arms race, credit-assignment)
Modeling of others’ goals, actions, and knowledge
Resource management (interdependent actions)
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single-agent systems. Centralized systems have a sin-
gle agent which makes all the decisions, while the oth-
ers actas remote slaves. Forthe purposes of this survey,
a “single-agent system” should be thought of as a cen-
tralized system in a domain which also allows for a
multiagent approach.

A single-agent system might still have multiple
entities—several actuators, or even several physically
separated components. However, if each entity sends
its perceptions to and receives its actions from a sin-
gle central process, then there is only a single agent:
the central process. The central agent models all of the
entities as a single “self.” This section compares the
single-agent and multiagent approaches.

2.2.1. Single-Agent SystemslIn general, the agentin

Social conventions a single-agent system models itself, the environment,
and their interactions. Of course the agentis itself part
of the environment, but for the purposes of this arti-
cle, agents are considered to have extra-environmental
components as well. They are independent entities with
their own goals, actions, and knowledge. In a single-
agent system, no other such entities are recognized by
the agent. Thus, even if there are indeed other agents
in the world, they are not modeled as having goals,
etc.: they are just considered part of the environment.
The point being emphasized is that although agents are
alsoa part of the environment, they are explicitly mod-
eled as having their own goals, actions, and domain
knowledge (see Fig. 1).

Roles

Heterogeneous communicating agents
Understanding each other
Planning communicative acts
Benevolence vs. competitiveness
Negotiation
Resource management (schedule coordination)
Commitment/decommitment
Collaborative localization
Changing shape and size

hand, many of the issues that arise in the earlier sce-
narios also apply in the later scenarios. Nevertheless,
they are only mentioned again in the later scenarios to 2-2.2. Multiagent Systems. Multiagent systems dif-

the degree that they differ or become more complex. fer from single-agent systems in that several agents

The primary purpose of this taxonomy is as a frame-
work for considering and analyzing the challenges that
arise in MAS. This survey is designed to be useful to
researchers as a way of separating out the issues that
arise as a result of their decisions to use homogeneous
versus heterogeneous agents and communicating ver-
Sus non-communicating agents.

The multiagent scenarios along with the issues that
arise therein and the techniques that currently ex-
ist to address these issues are described in detail in
Sections 4-7. Table 2 gives a preview of these scenar-
ios and associated issues as presented in this article.

Environment

2.2. Single-Agent vs. Multiagent Systems

f dvi d .. fi Figure 1 A general single-agent framework. The agent models
Before studying and categorizing MAS, we must first itself, the environment, and their interactions. If other agents exist,

consider their most obvious alternative: centralized, they are considered part of the environment.
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existwhich model each other’s goals and actions. Inthe 3. Organization of Existing Work
fully general multiagent scenario, there may be direct
interaction among agents (communication). Although The following sections present many different MAS
this interaction could be viewed as environmental techniques that have been previously published. They
stimuli, we presentinter-agent communication as being present an extensive, but not exhaustive, list of work in
separate from the environment. the field. Space does not permit exhaustive coverage.

From an individual agent’'s perspective, multiagent Instead, the work mentioned is intended to illustrate the
systems differ from single-agent systems most signif- techniques that exist to deal with the issues that arise in
icantly in that the environment’s dynamics can be af- the various multiagent scenarios. When possible, ML
fected by other agents. In addition to the uncertainty approaches are emphasized.
that may be inherent in the domain, other agents inten-  All four multiagent scenarios are considered in the
tionally affect the environment in unpredictable ways. following order: homogeneous non-communicating
Thus, all multiagent systems can be viewed as having agents, heterogeneous non-communicating agents, ho-
dynamic environments. mogeneous communicating agents, and heterogeneous

Figure 2 illustrates the view that each agent is both communicating agents. For each of these scenarios, the
part of the environment and modeled as a separate entesearch issues that arise, the techniques that deal with
tity. There may be any number of agents, with differ- them, and additional ML opportunities are presented.
ent degrees of heterogeneity and with or without the The issues may appear across scenarios, but they are
ability to communicate directly. From the fully general presented and discussed in the first scenario to which
case depicted here, we begin by eliminating both the they apply.
communication and the heterogeneity to presenthomo-  In addition to the existing learning approaches de-
geneous non-communicating MAS (Section 4). Then, scribed in the sections entitled “Issues and Tech-
the possibilities of agent heterogeneity and inter-agent niques”, there are several previously unexplored learn-
communication are considered one atatime (Sections 5ing opportunities that apply in each of the multiagent
and 6). Finally, in Section 7, we arrive back at the fully scenarios. For each scenario, a few promising oppor-
general case by considering agents that can interacttunities for ML researchers are presented.
directly. Many existing ML techniques can be directly ap-
plied in multiagent scenarios by delimiting a part of
the domain that only involves a single agent. However
multiagent learnings more concerned with learning
issues that arise because of the multiagent aspect of
a given domain. As described by Weil3, multiagent
learning is “learning that is done by several agents
and that becomes possible only because several agents
are present” (Weil3, 1995). This type of learning is
emphasized in the sections entitled “Further Learning
Opportunities.”

For the purpose of illustration, each scenario is
accompanied by a suitable instantiation of the Predator/
Prey or “Pursuit” domain.

Environment

3.1. The Predator/Prey (“Pursuit”) Domain

e Goals

+ | ° Actions The Predator/Prey, or “Pursuit” domain (hereafter re-
:| ® Domain ferred to as the “pursuit domain”), is an appropriate
| knowledge

one for illustration of MAS because it has been studied

. . _ using a wide variety of approaches and because it has
Figure 2 The fully general multiagent scenario. Agents model . . L .
each other’s goals, actions, and domain knowledge, which may differ many qlﬁerent |nst§nt|at|ons that_ can b.e “S,ed_ to illus-
as indicated by the different fonts. They may also interact directly trate different multiagent scenarios. Since it involves
(communicate) as indicated by the arrows between the agents. agents moving around in a world, it is particularly
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Capture

® Predators see each other

® Predators can communicate

® Prey moves randomly

o Prey stays put 10% of time

o Simultaneous movements

1

Orthogonal Game in a Toroidal World

Figure 3 A particular instantiation of the pursuit domain. Predators are black and the prey is grey. The arrows on top of two of the predators

indicate possible moves.

appropriate as an abstraction of robotic MAS. The pur-
suit domain is not presented as a complex real-world

move diagonally instead of just horizontally and ver-
tically. The size of the world may also vary from an

domain, but rather as a toy domain that helps concretize infinite plane to a small, finite board with edges. The
many concepts. For discussion of a domain that has theworld pictured in Fig. 3 is a toroidal world: the preda-

full range of complexities characteristic of more real-
world domains, see Section 8.
The pursuit domain was introduced by Benda

tors and prey can move off one end of the board and
come back on the other end. Other parameters of the
game that must be specified are whether the players

et al. (1986). Over the years, researchers have studiednove simultaneously or in turns; how much of the

several variations of its original formulation. In this sec-
tion, a single instantiation of the domain is presented.

However, care is taken to point out the parameters that

can be varied.

The pursuit domain is usually studied with four
predatorsand oneprey. Traditionally, the predators are
blue and the prey is red (black and grey respectively in
Fig. 3). The domain can be varied by using different
numbers of predators and prey.

The goal of the predators is to “capture” the prey,
or surround it so that it cannot move to an unoccupied
position. A capture position is shown in Fig. 3. If the
world has boundaries, fewer than four predators can
capture the prey by trapping it against an edge or in a
corner. Another possible criterion for capture is that a
predator occupies the same position as the prey. Typi-
cally, however, no two players are allowed to occupy
the same position.

As depicted in Fig. 3, the predators and prey move
around in adiscrete, grid-like world with square spaces.
They can move to any adjacent square on a given turn.
Possible variations include grids with other shapes as
spaces (for instance hexagons) or continuous worlds.
Within the square game, players may be allowed to

world the predators can see; and whether and how the
predators can communicate.

Finally, in the original formulation of the domain,
and in most subsequent studies, the prey moves ran-
domly: on each turn it moves in a random direction,
staying still with a certain probability in order to simu-
late being slower than the predators. However, itis also
possible to allow the prey to actively try to escape cap-
ture. Asis discussed in Section 5, there has been some
research done to this effect, but there is stillmuch room
forimprovement. The parameters that can be varied in
the pursuit domain are summarized in Table 3.

Table 3 Variable parameters in the
pursuit domain.

Definition of capture

Size and shape of the world
Predators’ legal moves

Simultaneous or sequential movement
Visible objects and range

Predator communication

Prey movement
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Environment W D
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Figure 4 The pursuit domain with just a single agent. One agent controls all predators and the prey is considered part of the environment.

The pursuit domain is a good one for the purposes of designer, the characteristics of the domain are atleast as
illustration because it is simple to understand and be- important. Before moving on to the agent-based catego-
cause it is flexible enough to illustrate a variety of sce- rization of the field in Sections 4-7, a range of domain
narios. The possible actions of the predators and prey characteristics is considered.
are limited and the goal is well-defined. Interms ofthe ~ Relevantdomain characteristicsinclude: the number
reasons to use MAS as presented in Table 1, the pursuitof agents; the amount of time pressure for generating
domain does not necessarily require MAS. But in cer- actions (is it a real-time domain?); whether or not new
tain instantiations it can make use of the parallelism, goals arrive dynamically; the cost of communication;
robustness, and simpler programming offered by MAS. the cost of failure; user involvement; and environmen-

In the pursuit domain, a single-agent approach is tal uncertainty. The first four of these characteristics
possible: the agent can observe the positions of all are self-explanatory and do not need further mention.
four predators and decide how each of them should With respect to cost of failure, an example of a do-
move. Since the prey moves randomly rather than in- main with high cost of failure is air-traffic control (Rao
tentionally, it is not associated with any agent. Instead and Georgeff, 1995). On the other hand, the directed
it is considered part of the environment as shown in improvisation domain considered by Hayes-Roth et al.
Fig. 4. Itis also possible to consider DPS approaches (1995) has a very low cost of failure. In this domain,
tothe pursuitdomain by breaking the task into subprob- entertainment agents accept all improvisation sugges-
lems to be solved by each predator. However, most of tions from each other. The idea is that the agents should
the approaches described here model the predators asot be afraid to make mistakes, but rather should “just
independent agents with a common goal. Thus, they let the words flow” (Hayes-Roth et al., 1995).
comprise a multiagent system. Several multiagent systems include humans as one

For each of the multiagent scenarios presented or more of the agents. Inthis case, the issue of commu-
below, a new instantiation of the pursuit domain is de- nication between the human and computer agents must
fined. Their purpose is to illustrate the different sce- be considered (Sanchez et al., 1995). Another example
narios within a concrete framework. of user involvement is user feedback in an information

filtering domain (Ferguson and Karakoulas, 1996).
Decker (1995) distinguishes three different sources
3.2. Domain Issues of uncertainty in a domain. The state transitions in
the domain itself might be non-deterministic; agents
Throughout this survey, the focus is upon agent capa- might not know the actions of other agents; and agents
bilities. However, from the point of view of the system might not know the outcomes of their own actions. This
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Table 4 Domain characteristics that are ing among their actions. The only differences among
important when designing MAS. agents are their sensory inputs and the actual actions
Number of agents they take: they are situated differently in the world.
Amount of time pressure (real time?)

Dynamically arriving goals? 4.1. Homogeneous Non-Communicating

Cost of communication Multiagent Pursuit

Cost of failure

User involvement Inthe homogeneous non-communicating version of the

pursuit domain, rather than having one agent control-
ling all four predators, there is on@enticalagent per
predator. Although the agents have identical capabil-
ities and decision procedures, they have limited infor-
mation about each other’s internal state and sensory
inputs. Thusthey are not be able to predict each other’s
actions. The pursuit domain with homogeneous agents

and the other domain characteristics are summarized iNig illustrated in Fig. 5.

Environmental uncertainty (Decker, 1995):
a priori in the domain
in the actions of other agents
in outcomes of an agent’s own actions

Table 4. Within this framework, Stephens and Merx (1990)
propose a simple heuristic behavior for each agent that
4. Homogeneous Non-Communicating is based on local information. They deficapture po-
Multiagent Systems sitionsas the four positions adjacent to the prey. They

then propose a “local” strategy whereby each preda-
In homogeneous, non-communicating multiagent sys- tor agent determines the capture position to which it is
tems, all of the agents have the same internal structureclosest and moves towards that position. The preda-
including goals, domain knowledge, apdssibleac- tors cannot see each other, so they cannot aim at dif-
tions. They also have the same procedure for select-ferent capture positions. Of course a problem with this

Agent
)’ 4
o Agent

[
ki /
@
Agent

_

Figure 5 The pursuit domain with homogeneous agents. There is one identical agent per predator. Agents may have (the same amount of)
limited information about other agents’ internal states.
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heuristic is that two or more predators may move to- that the pursuit domain is easily solved with local
wards the same capture position, blocking each other asgreedy heuristics were true, there would be no point in
they approach. This strategy is not very successful, but studying the pursuit domain any further. Fortunately,
it serves as a basis for comparison with two other con- Haynes and Sen (1998) show that Korf’s heuristics do
trol strategies—"distributed” and “central”—that are not work for certain instantiations of the domain (see
discussed in Sections 6 and 7. Section 5).
Since the predators are identical, they can easily
predict each other’s actions given knowledge of each
other’s sensory input. Such prediction can be useful 4-2. General Homogeneous
when the agents move simultaneously and would like Non-Communicating MAS
to base their actions on where the other predators will be
at the next time step. Vidal and Durfee (1995) analyze In the general multiagent scenario with homogeneous
such a situation using the Recursive Modeling Method agents, there are several different agents with identi-
(RMM). RMM is discussed in more detail below, but cal structure (sensors, effectors, domain knowledge,
the basic idea is that predator A bases its move on the@nd decision functions), but they have different sen-
predicted move of predator B and vice versa. Since SOf input and effector output. That is to say, they are
the resulting reasoning can recurse indefinitely, it is Situated differently in the environment and they make
important for the agents to bound the amount of rea- their own decisions regarding which actions to take.
soning they use either in terms of time or in terms of Having different effector output is a necessary condi-
levels of recursion. Vidal and Durfee’s (1995) Limited  tion for MAS: if the agents all act as a unit, then they
Rationality RMM algorithm is designed to take such are essentially a single agent. In order to realize this
considerations into account. difference in output, homogeneous agents must have
Levy and Rosenschein (1992) use a game theoret-different sensor input as well. Otherwise they will act
ical approach to the pursuit domain. They use a pay- identically. For this scenario, in which we consider non-
off function that allows selfish agents to cooperate. A communicating agents, assume that the agents cannot
requirement for their model is that each predator has communicate directly. Figure 6 illustrates the homo-
full information about the location of other predators. 9€neous, non-communicating multiagent scenario, in-
Their game model mixes game-theoretical cooperative dicating that the agents’ goals, actions, and domain
and non-cooperative games. knowledge are the same by representing them with
Korf (1992) also takes the approach that each agentidentical fonts.
should try to greedily maximize its own local utility. He
introduces a policy for each predator based on an attrac-
tive force to the prey and arepulsive force fromthe other
Fr:)erg%ticf)fresr.e-l;ﬂiisdtss F.)I_rﬁgegg{ii;ﬁgié?yagﬁzggngg:faep;_eyEven in this most_restrictiv_e of multiagent scenarios,
R . . there are several issues with which to deal. The tech-
pecially in the diagonal (agents can move diagonally as . . .
well as orthogonally) and hexagonal (hexagonal grid) nigques prowded. here are representative examples of
games. Korf draws the conclusion that explicit cooper- ways to deal with the presented issues. The issues

ation is rarely necessary or useful, at least in the pursuit a_nd techniques, as well as Fhe I«_earnmg opportunities
) ] discussed later, are summarized in Table 5.
domain and perhaps more broadly:

4.3. Issues and Techniques

We view this work as additional support for the the- 4.3.1. Reactive vs. Deliberative agentsivhen
ory that much coordination and cooperation in both designing any agent-based system, it is important to
natural and man-made systems can be viewed as ardetermine how sophisticated the agents’ reasoning will
emergent property of the interaction of greedy agents be. Reactive agents simply retrieve pre-set behaviors
maximizing their particular utility functions in the ~ similar to reflexes without maintaining any internal
presence of environmental constraints. (Korf, 1992) state. On the other hand, deliberative agents behave
more like they are thinking, by searching through a
However, whether or not altruism occurs in nature, space of behaviors, maintaining internal state, and pre-
there is certainly some use for benevolent agents in dicting the effects of actions. Although the line be-
MAS, as shown below. More pressingly, if Korf’s claim  tween reactive and deliberative agents can be somewhat
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Figure 6. MAS with homogeneous agents. Only the sensor input and effector output of agents differ, as represented by the different arrow
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styles. The agents’ goals, actions, and/or domain knowledge are all identical as indicated by the identical fonts.

blurry, an agent with no internal state is certainly reac-

tenance in autonomous robots. The robots’ goal is to

tive, and one which bases its actions on the predicted move together in a military formation such as a di-
actions of other agents is deliberative. Here we describe amond, column, or wedge. They periodically come
one system at each extreme as well as two others thatacross obstacles which prevent one or more of the

mix reactive and deliberative reasoning.
Balch and Arkin (1995) use homogeneous, reactive,
non-communicating agents to study formation main-

Table 5 The issues, techniques, and learning opportunities for
homogeneous MAS as reflected in the literature.

Homogeneous non-communicating
Issues
Reactive vs. deliberative agents
Local or global perspective
Modeling of other agents’ states
How to affect others

Techniques

Reactive behaviors for formation maintenance (Balch and
Arkin, 1995)

Deliberative behaviors for pursuit (Levy and Rosenschein, 1992).

Mixed reactive and deliberative behaviors (Sahota, 1994; Rao
and Georgeff, 1995).

Local knowledge sometimes better (Sen et al., 1998).
(limited) Recursive Modeling Method (RMM) (Durfee, 1995).

Don't model others—just pay attention to reward (Schmidhuber,
1996).

Stigmergy (Goldman and Rosenschein, 1994; Holland, 1996).
Q-learning for behaviors like foraging, homing, etc.
(Mataric, 1994a)
Learning opportunities
Enable others’ actions
Sensor data> Other agent’s sensor data

robots from moving in a straight line. After passing the

obstacle, all robots must adjust in order to regain their
formation. The agents reactively convert their sensory
data (whichincludesthe positions of the other robots) to
motion vectors for avoiding obstacles, avoiding robots,
moving to a goal location, and formation maintenance.
The actual robot motion is a simple weighted sum of
these vectors.

At the deliberative end of the spectrum is the pursuit
domain work by Levy and Rosenschein (1992) that is
mentioned above. Their agents assume that each will
actin service of its own goals. They use game theoretic
techniques to find equilibrium points and thus to decide
how to act. These agents are clearly deliberative, con-
sidering that they search for actions rather than simply
retrieving them.

There are also several existing systems and tech-
nigues that mix reactive and deliberative behaviors.
One example is the OASIS system which reasons about
when to be reactive and when to follow goal-directed
plans (Rao and Georgeff, 1995). Another example is
reactive deliberatiorfSahota, 1994). As the name im-
plies, it mixes reactive and deliberative behavior: an
agent reasons about which reactive behavior to follow
under the constraint that it must choose actions at a
rate of 60 Hz. Reactive deliberation was developed on
the first robotic soccer platform (Barman et al., 1993).
Reactive deliberation was not explicitly designed for
MAS, but because it was designed for real-time control
in dynamic environments, it is likely to be extendible
to multiagent scenarios.
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4.3.2. Local or Global Perspective.Another issue to Although it may be useful to build models of other
consider when building a multiagent system is how agents in the environment, agent modeling is not
much sensor information should be available to the done universally. A form of multiagent RL is defined
agents. Even if it is feasible within the domain to give in which agents do not model each other as agents
the agents a global perspectives of the world, it may be (Schmidhuber, 1996). Instead they consider each other
more effective to limit them to local views. as parts of the environment and affect each other’s poli-
Sen et al. consider a case of multiple agents shar- cies only as sensed objects. The agents pay attention
ing a set of identical resources in which they have to to the reward they receive using a given policy and
learn (adapt) their resource usage policies (Sen et al.,checkpoint their policies so they can return to success-
1998). Since the agents are identical and do not com- ful ones. Schmidhuber shows that the agents can learn
municate, if they all have a global view of the current to cooperate without modeling each other.
resource usage, they will all move simultaneously to the
most under-used resource. However, if they each see a )
partial picture of the world, then different agents grav- 4-3-4. How to Affect Others. When no communica-
itate towards different resources: a preferable effect. tiOn is possible, agents cannot interact with each other
Better performance by agents with less knowledge is directly. However, since they exist in the same envi-

occasionally summarized by the cliche “Ignorance is fonment, the agents can affect each other indirectly in
Bliss.” several ways. They can be sensed by other agents, or

they may be able to change the state of another agent

by, for example, pushing it. Agents can also affect
4.3.3. Modeling of Other Agents’ States.Durfee each other by one of two types sfigmergy(Beckers
(1995) provides another example of “Blissful Igno- et al., 1994). Firstactive stigmergyccurs when an
rance,” mentioning it explicitly in the title of his paper:  agent alters the environment so as to affect the sensory
“Blissful Ignorance: Knowing Just Enough to Coordi- input of another agent. For example, a robotic agent
nate Well.” Now rather than referring to resource usage, might leave a marker behind it for other agents to ob-
the saying applies to the limited recursive modeling serve. Goldman and Rosenschein (1994) demonstrate
method (RMM). When using RMM, agents explicitly an effective form of active stigmergy in which agents
model the belief states of other agents, including what heuristically alter the environment in order to facilitate
they know about each other’s beliefs. If agents have future unknown plans of other agents. Secqaksive
too much knowledge, RMM could recurse indefinitely. stigmergyinvolves altering the environment so that the
Even if further information can be obtained by reason- effects of another agent’s actions change. For example,
ing about what agent A thinks agent B thinks agent if one agent turns off the main water valve to a building,
A thinks ..., endless reasoning can lead to inaction. the effect of another agent subsequently turning on the
Durfee contends that for coordination to be possible, kitchen faucet is altered.
some potential knowledge must be ignored. As well  Holland (1996) illustrates the concept of passive stig-
as illustrating this concept in the pursuit domain (Vidal mergy with a robotic system designed to model the
and Durfee, 1995), Durfee goes into more detail and of- behavior of an ant colony confronted with many dead
fers more generally applicable methodology in Durfee ants around its nest. An ant from such a colony tends to
(1995). periodically pick up a dead ant, carry it for a short dis-

The point of the RMM is to model the internal state tance, and then drop it. Although the behavior appears

of another agent in order to predict its actions. Even to be random, after several hours, the dead ants are
though the agents know each other’s goals and struc-clustered in a small number of heaps. Over time, there
ture (they are homogeneous), they may not know each are fewer and fewer large piles until all the dead ants
other’s future actions. The missing pieces of informa- end up in one pile. Although the ants behave homoge-
tion are the internal states (for deliberative agents) and neously and, at least in this case, we have no evidence
sensory inputs of the other agents. How and whether that they communicate explicitly, the ants manage to
to model other agents is a ubiquitous issue in MAS. cooperate in achieving a task.
In the more complex multiagent scenarios presented in  Holland (1996) models this situation with a number
the next sections, agents may have to model not only of identical robots in a small area in which many pucks
the internal states of other agents, but also their goals, are scattered around. The robots are programmed reac-
actions, and abilities. tively to move straight (turning at walls) until they are
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pushing three or more pucks. At that point, the robots is known, RMM can be used to determine future ac-
back up and turn away, leaving the three pucks in a tions of agents. However, if the information is not
cluster. Although the robots do not communicate at directly available, it would be useful for an agent to
all, they are able to collect the pucks into a single pile learn it. Thus, the function mapping agent X’s sensor
over time. This effect occurs because when a robot data (which mightinclude a restricted view of agent Y)
approaches an existing pile directly, it adds the pucks to agent Y’s current sensor data is a useful function
it was already carrying to the pile and turns away. A to learn. If effectively learned, agent X can then use
robot approaching an existing pile obliquely mighttake (limited) RMM to predict agent Y's future actions.
a puck away from the pile, but over time the desired
result is accomplished. Like the ants, the robots use
passive stigmergy to affect each other’s behavior. 5. Heterogeneous Non-Communicating
A similar scenario with more deliberative robots Multiagent Systems
is explored by Mataric. In this case, the robots use
Q-learning to learn behaviors including foraging for To this point, we have only considered agents that
pucks as well as homing and following (Mataric, are homogeneous. Adding the possibility of heteroge-
1994a). The robots learn independent policies, deal- neous agents in a multiagent domain adds a great deal
ing with the high-dimensional state space with the aid of potential power at the price of added complexity.
of progress estimatorthat give intermediate rewards, Agents might be heterogeneous in any of a number of
and with the aid of boolean value predicates that con- ways, from having different goals to having different
dense many states into one. Mataric’s robots actively domain models and actions. An important subdimen-
affect each other through observation: a robot learn- sion of heterogeneous agent systems is whether agents
ing to follow another robot can base its action on the are benevolent or competitive. Even if they have dif-
relative location of the other robot. ferent goals, they may be friendly to each other’s goals
or they may actively try to inhibit each other. The de-
gree of heterogeneity within a MAS can be measured
4.4. Further Learning Opportunities in an information-theoretic way using Balchéscial

entropy(2000).
In addition to the existing learning approaches

described above, there are several unexplored learn-
ing opportunities that apply to homogeneous non- 5.1. Heterogeneous Non-Communicating
communicating systems (see Table 5). Multiagent Pursuit

One unexplored learning opportunity that could ap-
ply in domains with homogeneous non-communicating Before exploring the general multiagent scenario in-
agents is learning to enable others’ actions. Inspired volving heterogeneous non-communicating agents,
by the concept of stigmergy, an agent may try to learn consider how this scenario can be instantiated in
to take actions that will not directly helpitinits current the pursuit domain. As in the previous scenario, the
situation, but that may allow other similar agents to be predators are controlled by separate agents. But they
more effective in the future. Typical RL situations with  are no longer necessarily identical agents: their goals,
delayed reward encourage agents to learn to achieveactions and domain knowledge may differ. In addi-
their goals directly by propagating local reinforcement tion, the prey, which inherently has goals different from
back to past states and actions (Kaelbling et al., 1996). those of the predators, can now be modeled as an agent.
However if an action leads to areward by another agent, The pursuit domain with heterogeneous agents is illus-
the acting agent may have no way of reinforcing that trated in Fig. 7.
action. Techniques to deal with such a problem would  Haynes and colleagues have done various studies
be useful for building multiagent systems. with heterogeneous agents in the pursuitdomain (1995;

In terms of modeling other agents, there is much 1998; 1996). They have evolved teams of predators,
room for improvement in the situation that a given equipped predators with case bases, and competitively
agent does not know the internal state or sensory inputsevolved the predators and the prey.
of another agent (recall that in this homogeneous sce- First, Haynes et al. use genetic programming (GP)
nario, everything else about the other agent is known, to evolve teams of four predators (1995). Rather than
being identical across agents). When such information evolving predator agents in a single evolutionary pool
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a toroidal world and starting with predator behaviors
such as Korf’s greedy heuristic (Korf, 1992) and their
Agent own evolved GP predators, they then evolve the prey
to behave more effectively than randomly. Although
one might think that continuing this process would lead
to repeated improvement of the predator and prey be-
haviors with no convergence, a prey behavior emerges
that always succeeds: the prey simply moves in a con-
stant straight line. Even when allowed to re-adjust to
the “linear” prey behavior, the predators are unable to
reliably capture the prey. Haynes and Sen conclude
that Korf’s greedy solution to the pursuit domain relies
on random prey movement which guarantees locality
® of movement. Although there may yet be greedy solu-
Agent tions that can deal with different types of prey behavior,
they have not yet been discovered. Thus the predator
domain retains value for researchers in MAS.
Although Haynes and Sen (1996) show that the pur-
suit domain is still worth studying, the co-evolutionary
Figure 7. The pursuit domain with heterogeneous agents. Goals results are less than satisfying. As mentioned above,
and actions may differ among agents. Now the prey may also be gne would intuitively expect the predators to be able to
modeled as an agent. adapt to the linearly moving prey. For example, since
they operate in a toroidal world, a single predator could
. ) place itself in the prey’s line of movement and remain
and then combining them into teams to test perfor- g Then the remaining predators could surround the
mance, each individual in the population is actually ey at their leisure. The fact that the predators are
a_team of four agents already specifically assigned to ,naple to re-evolve to find such a solution suggests
different predators. Thus the predators can evolve 10 {4t either the predator evolution is not performed op-
cpoperate. This co-evolution of teammates_ls one pos- timally, or slightly more “capable” agents (e.g. agents
sible way around the absence of communication in & 4pje to reason more about past world states) would lead
domain. In place of communicating planned actions to 1 4 more interesting study. Nevertheless, the study of
each other, the predators can evolvkriow oratleast  competitive co-evolution in the pursuit domain started

act as if knowing, each other’s future actions. by Haynes and Sen is an intriguing open issue.
In a separate study, Haynes and Send use case-

based reasoning to allow predators to learn to coope-

rate (1998). They begin with identical agents con- 5.2. General Heterogeneous

trolling each of the predators. The predators move Non-Communicating MAS

simultaneously to their closest capture positions. But

because predators that try to occupy the same positionThe general multiagent scenario with heterogeneous

all remain stationary, cases of deadlock arise. When non-communicating agents is depicted in Fig. 8. As

deadlock occurs, the agents store the negative case san the homogeneous case (see Fig. 6), the agents are

as to avoid it in the future, and they try different ac- situated differently in the environment which causes

tions. Keeping track of which agents act in which way them to have different sensory inputs and necessitates

for given deadlock situations, the predators build up their taking different actions. However in this scenario,

different case bases and thus become heterogeneouthe agents have much more significant differences.

agents. Over time, the predators learn to stay out of They may have different goals, actions, and/or domain

each other’s way while approaching the prey. knowledge as indicated by the different fonts in Fig. 8.
Finally, Haynes and Sen (1996) explore the possi- In order to focus on the benefits (and complexity) of

bility of evolving both the predators and the prey so heterogeneity, the assumption of no communication is

that they all try to improve their behaviors. Working in  retained for this section.

Agent

Agent

el

-
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Figure 8 The general heterogeneous MAS scenario. Now agents’ goals, actions, and/or domain knowledge may differ as indicated by the
different fonts. The assumption of no direct interaction remains.

5.3. Issues and Techniques and similarly, Levy and Rosenschein (1992) use Game
Theory to study how the predators can cooperate de-
Even without communication, numerous issues that spite maximizing their own utilities. Some advocates
were not present in the homogeneous agent scenarioof selfish agents point to nature for their justification,
(Section 4) arise in this scenario. Some have already claiming that animals are not altruistic, but rather act
been touched upon above in the context of the pursuit always in their own self-interest (Korf, 1992). On the
domain. These issues and existing techniques to dealother hand, Ridley (1997) provides a detailed chronicle
with them, along with further learning opportunities, and explanation of apparent altruism in nature (usually

are described below and summarized in Table 6. explainable as kin selection) and cooperation in human
societies.
5.3.1. Benevolence vs. Competitivenes&@ne of the Whether or not altruism exists, in some situations

most important issues to consider in a multiagent sys- it may be in an animal’s (or agent’s) interest to coop-
tem is whether the different agents are benevolent or erate with other agents. Mor and Rosenschein (1995)
competitive. Even if they have different goals, the illustrate this possibility in the context of the prisoner’s
agents can be benevolent if they are willing to help dilemma, a standard problem in game theory. In the
each other achieve their respective goals (Goldman andprisoner’s dilemma, two agents try to act so as to max-
Rosenschein, 1994). On the other hand, the agents mayimize their own individual rewards. They are not ac-
be selfish and only consider their own goals when act- tively out to thwart each other since it is not a zero-sum
ing. In the extreme, the agents may be involved in a game, yet they place no inherent value on the other re-
zero-sum situation so that they must actively oppose ceiving reward. The prisoner’s dilemma is constructed
other agents’ goals in order to achieve their own. This so that each agent is given two choices: defect or co-
last case describes competitive agents. operate. No matter what the other agent does, a given
Some people only consider using selfish agents, agent receives a greater reward if it defects. Yet if both
claiming that they are both more effective when build- agents cooperate, they receive a greater reward than if
ing real systems and more biologically plausible. Of they both defect. In any given play, an agent is bet-
course if agents have the same goals, they will help eachter off defecting. Nevertheless, Mor and Rosenschein
other, but people rarely consider agents that help eachshow that if the same agents come up against each other
other achieve different goals for no apparent reason: repeatedly (iterated prisoner’s dilemma), cooperative
when agents cooperate, they usually do so because it isbehavior can emerge. In effect, an agent can serve its
in their own best interest. As we have already seen in own self-interest by establishingraputationfor be-
the pursuitdomain, Korf (1992) advocates using greedy ing cooperative. Then when coming up against another
agents that minimize their own distance to the prey, cooperative agent, the two can benefit from a sense of
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Table 6 The issues, techniques, and learning opportunities for het- to move to the same space. Littman (1994) introduces

erogeneous MAS as reflected in the literature. a variant of Q-learning called Minimax-Q which is de-

Heterogeneous non-communicating signed to work on Markov games as opposed to Markov

Issues Decision Processes. The competitive agents learn prob-
Benevolence vs. competitiveness abilistic policies since any deterministic policy can be

completely counteracted by the opponent.

The issue of benevolence (willingness to cooperate)
vs. competitiveness comes up repeatedly inthe systems
described below. Were a third dimension to be added
to the categorization of MAS (in addition to degrees of
heterogeneity and communication), this issue would
Techniques be it.

Fixed vs. learning agents (arms race, credit-assignment)
Modeling of others’ goals, actions, and knowledge
Resource management (interdependent actions)

Social conventions

Roles

Game theory, iterative play (Mor and Rosenschein, 1995;
Sandholm and Crites, 1996).

Minimax-Q (Littman, 1994). 5.3.2. Fixed vs. Learning Agents. Another impor-
Competitive co-evolution (Rosin and Belew, 1995; Haynes and tant CharaCte”_St'C of mu_lt'agent systems is whether the
Sen, 1996; Grefenstette and Daley, 1996; Stone, 2000). agents’ behaviors are fixed or whether they can learn
Deduce intentions, abilities through observation (Huber and from experience. Learning agents can be deswablle in
Durfee, 1995; Wang, 1996). dynamic environments. But particularly when using
Autoepistemic reasoning (ignorance) (Permpoontanalarp, 1995). COmpetitive agents, allowing them to alter their behav-
Model as a team (individual role) (Tambe, 1995, 1996) ior can lead to complications. We refer to such agents as
Social reasoning: depend on others for ggabame theory) competitive learninggents. Systems benevolentlearn-
(Sichman and Demazeau, 1995). ing agents are said to useoperative learning The
GAs to deal with Braes’ paradox (more resourseworse) evolution of both preQ_ator and prey agents by_ Haynes
(Glance and Hogg, 1995; Arora and Sen, 1996). and Sen (1996) qualifies as competitive learning.
Multiagent RL for adaptive load balancing (Schaerf et al., 1995). The robotic soccer domain also presents an oppor-
Focal points/emergent conventions (Fenster et al., 1995; tunity for b_O_th cooperative and competitive learning.
Walker and Wooldridge, 1995). Team-Partitioned, Opaque-Transition Reinforcement
Locker-room agreements (Stone and Veloso, 1999). Learning (TPOT-RL) (Stone, 2000) implements co-
Agents filling different roles (Prasad et al., 1998; operative |eam.|ng- |'T'd.|V|dU.a| soccer-playing agents
Tambe, 1997; Balch, 1998). learn ball-passing policies simultaneously, eventually

creating a compatible set of policies. Using a learned
feature space that aggressively compacts a very large
state space, agents are able to learn to alter their behav-
iors based on the opponents’ perceived strategy.
Grefenstette and Daley (1996) conduct a preliminary
study of competitive and cooperative learning in a do-
main thatis loosely related to the pursuitdomain. Their
domain has two robots that can move continuously and
trust for each other: they both cooperate rather than one morsel of (stationary) food that appears randomly
both defecting. Only with repeated play can coopera- in the world. In the cooperative task, both robots must
tion emerge among the selfish agents in the prisoner’s be at the food in order to “capture” it. In a competitive
dilemma. task in the same domain, agents try to be the first to
In the prisoner’s dilemma, the agents are selfish but reach the food (Grefenstette and Daley, 1996).
not inherently competitive: in specific circumstances,  One problem to contend with in competitive rather
they are willing to act benevolently. However, when than cooperative learning is the possibility of an es-
the agents are actually competitive (such as in zero- calating “arms race” with no end. Competing agents
sum games), cooperation is no longer sensible. For might continually adaptto each otherin more and more
instance, Littman considers a zero-sum game in which specialized ways, never stabilizing at a good behavior.
two players try to reach opposite ends of a small dis- Of course in a dynamic environment, it may not be
crete world. The players can block each other by trying feasible or even desirable to learn a stable behavior.

Learning opportunities
Credit-assignment in competitive scenarios
Behaviors that blend well with team
Prediction of others’ actions
Dynamic role assumption
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Applying RL to the iterated prisoner's dilemma, observingtheiractions. In particular, each robot triesto
Sandholm and Crites (1996) find that a learning agent figure out the destinations of the other robots by watch-
is able to perform optimally against a fixed opponent. ing how they move. Plan recognition of this type is also
But when both agents are learning, there is no stable useful in competitive domains, since knowing an op-
solution. ponent’s goals or intentions can make it significantly
Another issue in competitive learning is the credit- easier to defeat.
assignment problem. When performance of an agent In addition to modeling agents’ goals through ob-
improves, it is not necessarily clear whether the im- servation, it is also possible to learn their actions. The
provement is due to an improvement in that agent's OBSERVER system (Wang, 1996) allows an agent to
behavior or a negative change in the opponent’s behav-incrementally learn the preconditions and effects of
ior. Similarly, if an agent’s performance gets worse, planning actions by observing domain experts. After
the blame or credit could belong to that agent or to the observing for a time, the agent can then experimentally

opponent.
One way to deal with the credit-assignment prob-
lem is to fix one agent while allowing the other to

refine its model by practicing the actions itself.
When modeling other agents, it may be useful to
reason not only about what is true and what is false,

learn and then to switch. This method encourages the but also about what is not known. Such reasoning
arms race more than ever. Nevertheless, Rosin andabout ignorances is calledutoepistemic reasoning

Belew (1995) use this technique, along with an in-
teresting method for maintaining diversity in genetic

(Permpoontanalarp, 1995).
Just as RMM is useful for modeling the states of ho-

populations, to evolve agents that can play TicTacToe, mogeneous agents, it can be used in the heterogeneous
Nim, and a simple version of Go. When it is a given scenario as well. Tambe (1995) takes it one step fur-
agent’s turn to evolve, it executes a standard genetic al- ther, studying how agents cearnmodels of teams of
gorithm (GA) generation. Individuals are tested against agents. In an air combat domain, agents can use RMM
individuals from the competing population, but atech- to try to deduce an opponents’ plan based on its ob-
nique called “competitive fitness sharing” is used to servable actions. For example, a fired missile may not
maintain diversity. When using this technique, indi- be visible, but the observation of a preparatory maneu-
viduals from agent X’s population are given more ver commonly used before firing could indicate that a
credit for beating opponents (individuals from agent missile has been launched.

Y’s population) that are not beaten by other individu-
als from agent X’s population. More specifically, the
reward to an individual for beating individuglis di-
vided by the number of other individuals in agent X’s
population that also beat individugl. Competitive

When teams of agents are involved, the situation
becomes more complicated. In this case, an opponent’s
actions may not make sense except in the context of a
team maneuver. Then the agemtte within the team
must be modeled (Tambe, 1996).

fithess sharing shows much promise for competitive
learning.

One reason that modeling other agents might be use-
ful is that agents sometimes depend on each other for
achieving their goals. Unlike in the prisoner’s dilemma
. ) where agents can cooperate or not depending on their
5.3.3. Modeling of Others’ goals, Actions, and ility estimation, there may be actions theguireco-
Knowledge. For the case of homogeneous agents, it gperation for successful execution. For example, two
was useful for agents to model the internal states of qotg may be needed to successfully push a box, or, as
other agents in order to predict their actions. With het- i, the pursuit domain, several agents may be needed to
erogeneous agents, the problem of modeling others c4nyre an opponent. Sichman and Demazeau (1995)
is much more complex. Now the goals, actions, and 4najyze how the case of conflicting mutual models of

domain knowledge of the other agents may also be giferent co-dependent agents can arise and be dealt
unknown and thus need modeling. with.

Without communication, agents are forced to model
each other strictly through observation. Huber and
Durfee (1995) consider a case of coordinated motion 5.3.4. Resource Management. Heterogeneous
control among multiple mobile robots under the as- agents may have interdependent actions due to lim-
sumption that communication is prohibitively expen- ited resources needed by several of the agents. Exam-
sive. Thusthe agentstryto deduce each other’s plans byple domains include network traffic problems in which
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several different agents must send information through Apparently features that have been seen or used often
the same network; and load balancing in which several present themselves as obvious choices.
computer processes or users have a limited amount of Inthe contextof MAS, Fenster etal. (1995) define the
computing power to share among them. Focal Point method. They discuss the phenomenon of
One interesting network traffic problem called cultural (or programmed) preferences allowing agents
Braess’ paradox has been studied from a multiagent to “meet” without communicating. They propose that,
perspective using GAs (Glance and Hogg, 1995). all else being equal, agents who need to meet should
Braess’ paradox is the phenomenon of adding more choose rare or extreme options.
resources to a network but getting worse performance. Rather than coming from pre-analysis of the options
When using a particular GA representation to repre- as in the focal point method, conventions can emerge
sent different parts of a sample network that has usage-over time if agents are biased towards options that have
dependent resource costs, agents that are sharing thdeen chosen, for example, most recently or most fre-
network and reasoning separately about which path quently in the past (Walker and Wooldridge, 1995).
of the network to use cannot achieve global optimal  Locker-room agreements (Stone and Veloso, 1999)
performance (Glance and Hogg, 1995). When the GA are another convention-based mechanism for agents to
representation is improved, the system is able to find coordinate without communication. Protocols and task
the globally optimal traffic flow (Arora and Sen, 1996). decompositions are pre-defined. Agents rely on each
TPOT-RL, mentioned above as having been applied in other to follow the protocols so that they can anticipate
a robotic soccer domain, has also been applied in a each other’s actions and resolve conflicts without com-
network traffic flow scenario (Stone, 2000). munication. Locker-room agreements have been used
Adaptive load balancing has been studied as a multi- in the robotic soccer domain, both in simulation (Stone
agent problem by allowing different agents to decide et al., 1999) and on real robots (Veloso et al., 1998b).
which processor to use at a given time. Using RL, het-
erogeneous agents can achieve reasonable load balance o
without any central control and without communication °-3:6- Roles. When agents have similar goals, they
among agents (Schaerf et al., 1995). The agents keeg@n be organized into a team. Each agent then plays a
track of how long a job takes when it is scheduled on separateole within the team. Wlth such a benevolent
a given resource, and they are given some incentive to (88m of agents, one must provide some method for as-

explore untried processors or processors that did poorly Signing different agents to different roles. This assign-
in the past. ment might be obvious if the agents are very specific

and can each only do one thing. However in some do-
5.3.5. Social Conventions.Although the current ~ Mains, the agents are flexible enough to interchange
multiagent scenario does not allow for communica- foles.
tion, there has been some very interesting work done Prasad et al. (1998) study design agents that can
on how heterogeneous agents can nonetheless reacKither initiate or extend a design of a steam pump. In
“agreements,” or make coinciding choices, if neces- different situations, different agents are more effective
sary. Humans are able to reach tacit agreements agt initiation and at extension. Thus a supervised learn-
illustrated by the following scenario: ing technique is used to help agents learn what roles
they should fill in different situations.
Imagine that you and a friend need to meet today. = STEAM (Tambe, 1997) allows ateam of agents tofill
You both arrived in Paris yesterday, but you were and switch roles dynamically. Particularly if a critical
unable to get in touch to set a time and place. Never- agent fails, another agent is able to replace itin its role
theless, it is essential that you meet today. Where SO thatthe team can carry on with its mission. Similarly,
will you go, and when? Stone and Veloso’s (1999) flexible teamwork structure
allows agents to seamlessly switch roles based upon
Vohra posed this question to an audience of roughly globally sensed trigger conditions.
40 people at the AAAI-95 Fall Symposium on Ac- If allowed to learn independently, a group of agents
tive Learning: roughly 75% of the people wrote down might end up filling different roles in the domain or all
(with no prior communication) that they would go to end up with the same behavior. Balch (1998) investi-
the Eifel tower at noon. Thus even without communica- gates methods of encouraging behavioral diversity in a
ting, people are sometimes able to coordinate actions.team of agents.
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5.4. Further Learning Opportunities different situations. In a dynamic environment, these
flexible agents are more effective if they can switch
Throughout the above investigation of issues and roles dynamically. For example, if an agent finds itself
techniques in the heterogeneous non-communicatingin a position to easily perform a useful action that is
multiagent scenario, many learning approaches are de-not usually considered a part of its current role, it may
scribed. A few of the other most obvious future ML  switch roles and leave its old role available for another
applications to this scenario are described here andagent. A challenging possible approach to this problem
summarized in Table 6. is to enable the agents to learn which roles they should
One challenge when using learning agents is deal- assume in what situations. Dynamic role assumption
ing with the credit-assignment problem. When several is a particularly good opportunity for ML researchers
different agents are learning at the same time, changesin MAS.
in an agent’s fitness could be due to its own behavior or
due to the behavior of others. Yet if agents are to learn
effectively, they must have areasonable idea of whether 6. Homogeneous Communicating
a given change in behavior is beneficial or detrimen- Multiagent Systems
tal. Methods of objective fithess measurement are also
needed for testing various evolution techniques. In To this point, we have not considered MAS in which
competitive (especially zero-sum) situations, it is dif- agents can communicate with each other directly. Ad-
ficult to provide adequate performance measurementsmittedly, communication could be viewed as simply
over time. Even if all agents improve drastically (as part of an agent’s interaction with the environment.
measured by testing against common fixed agents), However just as agents are considered special parts
if they all improve the same amount, the actual re- of the environment for the purposes of this survey,
sults when interacting with each other could remain the so is communication among agents considered extra-
same. One possible way around this problem is to test environmental. With the aid of communication, agents
agents against past agents in order to measure improvecan coordinate much more effectively than they have
ment. However this solution is not ideal: the current been able to up to this point. However, communication
agent may have adapted to the current opponent ratheralso introduces several challenges. In this scenario, we
than past opponents. A reliable measurement methodconsider homogeneous agents that can communicate
would be a valuable contribution to ML in MAS. with one another.
In cooperative situations, agents ideally learn to be-
have in such a way that they can help each other. Un-
fortunately, most existing ML techniques focus on ex- 6.1. Homogeneous Communicating
ploring behaviors that are likely to help an agent with Multiagent Pursuit
its own “personal” deficiencies. An interesting con-
tribution would be a method for introducing into the Inthe pursuit domain, communication creates new pos-
learning space a bias towards behaviors that are likely sibilities for predator behavior. Since the prey acts on
to interact favorably with the behaviors of other agents. its own in the pursuit domain, it has no other agents
Many of the techniques described for heteroge- with which to communicate. However the predators
neous non-communicating agents pertained to mod- can freely exchange information in order to help them
eling other agents. However the true end is not just capture the prey more effectively. The current situation
knowledge of another agent’s current situation, but is illustrated in Fig. 9.
rather the ability to predict its future actions. For ex- Recall the “local” strategy defined by Stephens and
ample, the reason it is useful to deduce another mobile Merx in which each predator simply moved to its clos-
robot’s goal location is that its path to the goal may then est “capture position” (see Sections 4). In their in-
be predicted and collision avoided. There is still much stantiation of the domain, the predators can see the
room for improvement of existing techniques and for prey, but not each other. With communication pos-
new techniques that allow agents to predict each other’s sible, they define another possible strategy for the
future actions. predators (Stephens and Merx, 1990). When using
In the context of teams of agents, it has been men- a “distributed” strategy, the agents are still homoge-
tioned that agents might be suited to different roles in neous, but they communicate to insure that each moves
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Figure 9. The pursuit domain with homogeneous communicating agents. Now the predators can communicate with one another.
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Figure 10 MAS with homogeneous, communicating agents. Only the sensor input and effector output of agents differ. Information can be
transmitted directly among agents as indicated by the arrows between agents. Communication can either be broadcast or transmitted point-to-
point.

toward a different capture position. In particular, the local policy and does not require very much communi-
predator farthest from the prey chooses the capture po-cation. However there are situations in which it does
sition closest to it, and announces that it will approach not succeed.

that position. Then the next farthest predator chooses

the closest capture position from the remaining three, 6.2. General Homogeneous Communicating MAS
and so on. This simple protocol encourages the preda-

tors to close in on the prey from different sides. A The multiagent scenario with homogeneous, com-
distributed strategy, it is much more effective than the municating agents is depicted in Fig. 10. As in the
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homogeneous, non-communicating case (Fig. 6), the it probably looks different in the two cases (i.e. it is
agents are identical except that they are situated dif- driving away from one camera and towards the other).
ferently in the environment. However in this scenario, The project combines active sensing—the ability to
the agents can communicate directly as indicated by shift attention towards an area of higher uncertainty or
the arrows connecting the agents in Fig. 10. From a interest—and communication among multiple sensing
practical point of view, the communication might be agents.

broadcast or posted on a “blackboard” for all to in- Another distributed sensing projectis the trafficopter
terpret, or it might be targeted point-to-point from an system (Moukas and Maes, 1997). In trafficopter, cars
agent to another specific agent. themselves collect and propagate traffic information to
help each other decide on the best route to a given loca-
tion. For example, a car driving in one direction might
guery an oncoming vehicle about traffic conditions up

_ . . he road. By propagating such queries among vehicles,
Communication raises several issues to be addresse - . : "
he original car can build a map of traffic conditions

in multiagent systems. However, in most cases, the is- . :

. . : along different routes to its goal.
sues are addressed in the literature with heterogeneous,
communicating agents. In this section, we consider 6.3.2.C ication Content. One | anti
a limited number of issues which are addressed with f. - 0mm_un;pa lon otn gnh. ttr;]elmphor a|3 ISsue
homogeneous, communicating agents as indicated in or communicating agents isnhat they should com-

Table 7. Many more communication-related issues are municate. In the distributed sensing applications men-
addressed in Section 7, which is devotedhéeroge- tioned above, agents communicated with each other
neous communicating rr’1ultiagent systems regarding their sensed states of the world. However, it

is also possible for agents to share information regard-
o ] ) ) ing their individual goals.

6.3.1. Distributed Sensing. The cooperative dis- In three multi-robot applications, Balch and Arkin
tributed vision project (Matsuyama, 1997) aims to con- (1994) study the effects of allowing agents to communi-
struct and monitor a broad visual scene for dynamic cate their states and their goals with one another. They
three dimensional scene understanding by using multi- fond that agents that communicated goal information
ple cameras, either stationary or on mobile robots. For performed slightly better than those that communicated
example, consider the problem of tracking an individ-  giate information. Both conditions exhibited far supe-
ual car using cameras mounted at urban intersections.ior pehavior when compared with non-communicating
When the car leaves one camera’s range and entersagents.
another's, there needs to be a way of identifying the |t has also been observed that allowing agents to
two images as representing the same car, even thoughcommunicate internal state information can be very
effective in the robotic soccer domain (Stone and
Veloso, 1999). In this application, opponent and ball
locations are communicated among agents that can
therefore increase their knowledge via communication.

6.3. Issues and Techniques

Table 7 The issues and techniques for homogeneous,
communicating multiagent systems as reflected in the
literature.

Homogeneous, communicating MAS

Issues 6.4. Further Learning Opportunities

Distributed sensing

Communication content While it has been demonstrated that communicating

Techniques
Active sensing (Matsuyama, 1997)

Query propagation for distributed traffic mapping
(Moukas and Maes, 1997)

State vs. goal communication (Balch and Arkin, 1994;
Stone and Veloso, 1999)

Learning opportunities
What and when to communicate

state information can be advantageousin MAS, in many
domains, bandwidth considerations do not allow for
constant, complete exchange of such information. In
addition, if communications are delayed, as opposed to
being instantaneous, they may become obsolete before
arriving at their intended destinations. In such cases,
it may be possible for agents to learn what and when
to communicate with other agents based on observed
affects of utterances on group performance.
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7. Heterogeneous Communicating Tan (1993) uses communicating agents in the pur-
Multiagent Systems suit domain to conduct some interesting multiagent
Q-learning experiments. In his instantiation of the do-
The scenario examined in Section 5 included agents main, there are several prey agents and the preda-
that differ in any number of ways, including their sen- tors have limited vision so that they may not always
sory data, their goals, their actions, and their domain know where the prey are. Thus the predators can help
knowledge. Such heterogeneous multiagent systemseach other by informing each other of their sensory
can be very complex and powerful. However the full input. Tan shows that they might also help each other
power of MAS can be realized when adding the abil- by exchanging reinforcement episodes and/or control
ity for heterogeneous agents to communicate with one policies.
another. In fact, combining communication and het-  Stephens and Merx (1990) present one more strat-
erogeneity introduces the possibility of having a multi- egy that always succeeds but requires much more
agent system operate similarly to a single-agent systemcommunication than the distributed approach pre-
in terms of control. By sending their sensor inputs to sented in Section 6.1: the “central” strategy. The cen-
and receiving their commands from one agent, all the tral strategy is effectively a single control agent with
other agents can surrender control to that single agent.distributed actuators. Three predators transmit all of

In this case, control is no longer distributed. their sensory inputs to one central agent which then
decides where all the predators should move and trans-
7.1. Heterogeneous Communicating mits its decision back to them. In this case, there is
Multiagent Pursuit really only one intelligent controlling agent and three
executors.

Allowing for both heterogeneity and communication in Benda et al. (1986), in the original presentation of
the pursuit domain opens up new control possibilities. the pursuit domain, also consider the full range of com-
The current situation is illustrated in Fig. 11. munication possibilities. They consider the possible
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Figure 11 The pursuit domain with heterogeneous communicating agents. Agents can be fully heterogeneous as well as being able to
communicate with one another.
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organizations of the four predators when any pair can 7.3. Issues and Techniques
either exchange data, exchange data and goals, or have
one make the decisions of the other. The tradeoff be- Since heterogeneous communicating agents can
tween lower communication costs and better decisions choose not to communicate, and in some cases can
is described. Communication costs might come in the also choose to be homogeneous or at least to minimize
form of limited bandwidth or consumption of reasoning their heterogeneity, most of the issues discussed in the
time. previous three scenarios apply in this one as well. Two
Another way to frame this tradeoff is as one be- of the most studied issues are communication proto-
tween cost and freedom: as communication cost (time) cols and theories of commitment. Already discussed in
increases, freedom decreases. Osawa suggests thdahe context of the heterogeneous, non-communicating
the predators should move through four phases. In MAS scenario, the issue of benevolence vs. competi-
increasing order of cost (decreasing freedom), they tiveness becomes more complicated in the current con-
are: autonomy, communication, negotiation, and con- text. These issues and others along with some of the
trol (Osawa, 1995). When the predators stop making existing techniques to deal with them are described be-
sufficient progress toward the prey using one strategy, low and summarized in Table 8.
they should move to the next most expensive strat-
egy. Thus they can close in on the prey efficiently and 7.3.1. Understanding Each Other. In all communi-
effectively. cating multiagent systems, and particularly in domains
with agents built by different designers, there must be
some set language and protocol for the agents to use
7.2. General Heterogeneous Communicating MAS when interacting. Independent aspects of protocols are
information content, message format, and coordina-
The fully general multiagent scenario appears in tion conventions. Among others, existing protocols for
Fig. 12. In this scenario, we allow the agents to be these three levels are: KIF for content (Genesereth and
heterogeneous to any degree from homogeneity to full Fikes, 1992), KQML for message format (Finin et al.,

heterogeneity. 1994), and COOL for coordination (Barbuceanu and
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Figure 12 The general communicating MAS scenario. Agents can be heterogeneous to any degree. Information can be transmitted directly

among agents as indicated by the arrows between agents. Communication can either be broadcast or transmitted point-to-point.
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Table 8 The issues, techniques, and learning opportunities for

heterogeneous, communicating multiagent systems as reflected in

the literature.

Heterogeneous communicating
Issues
Understanding each other
Planning communicative acts
Benevolence vs. competitiveness
Negotiation
Resource management (schedule coordination)
Commitment/decommitment
Collaborative localization
Changing shape and size

Techniques

Language protocols: KIF (Genesereth and Fikes, 1992),
KQML (Finin et al., 1994), COOL
(Barbuceanu and Fox, 1995).

Grounding meaning via shared experience
(Jung and Zelinsky, 2000).

Legacy systems integration (Jennings and Wittig, 1992).
Language learning (Grand and Cliff, 1998).

Speech acts (Cohen and Levesque, 1995;
Lux and Steiner, 1995).

Learning social behaviors (Mataric, 1994b).

Reasoning about truthfulness (Rosenschein and Zlotkin, 1994;

Sandholm and Lesser, 1996).
Multiagent Q-learning (Tan, 1993; Weil3, 1995).

Training other agents’ Q-functions (track driving)
(Clouse, 1996).

Minimize the need for training (Potter et al., 1995).
Cooperative co-evolution (Bull et al., 1995).

Contract nets for electronic commerce
(Sandholm and Lesser, 1995).

Market-based systems (Huberman nd Clearwater, 1995).

Bayesian learning in negotiation: model others
(Zeng and Sycara, 1998).

Market-based methods for distributed constraints
(Parunak et al., 1998).

Generalized partial global planning (GPGP)
(Decker and Lesser, 1995; Lesser, 1998).

Learning to choose among coordination methods
(Sugawara and Lesser, 1995).

Query response in information networks (Sycara et al., 1996).
Division of independent tasks (Parker, 1994, 2000).

Internal, social, and collective (role) commitments
(Castelfranchi, 1995).

Commitment states (potential, pre, and actual) as planning
states (Haddadi, 1995).

Belief/desire/intention (BDI) model: OASIS
(Rao and Georgeff, 1995).

(Continueg.

Table 8 (Continued.

BDI commitments only over intentions
(Rao and Georgeff, 1995).

Coalitions (Zlotkin and Rosenschein, 1994;
Shehory and Kraus, 1995; Sandholm and Lesser, 1995a).

Fusing uncertain sensor data
(Fox et al., 2000; Grabowski et al., 2000).

Inter-component communication in metamorphic robots
(Castdo et al., 2000).

Learning opportunities
Evolving language
Effects of speech acts on global dynamics
Communication utility and truthfulness
Commitment utility

Fox, 1995). There has been a lot of research done on
refining these and other communication protocols.

One challenge that arises in using symbolic commu-
nication among agents is making sure that the symbols
are grounded similarly in the internal representations
of the different agents. In an approach related to the
social conventions discussed in Section 5, it is possi-
ble to use shared past experiences to ground a sym-
bolic representation. This technique has been usedina
heterogeneous multi-robot vacuum cleaning task (Jung
and Zelinsky, 2000).

One of the first industrial multiagent systems,
ARCHON (Jennings and Wittig, 1992) successfully
integrated several legacy systems. Applied in five
different industrial settings, ARCHON successfully
allows independently developed, heterogeneous com-
puter systems to communicate in order to create
collaborative, process control systems.

Creatures (Grand and CIiff, 1998) is a multiagent
computer game based on sophisticated biological mod-
els, such as genetic codes, hormones, and energy
systems. Agents have the ability to grow and learn,
including a simple verb-object language, based on in-
teractions with a human user or other agents in the
environment.

7.3.2. Planning Communicative Acts.When an
agent transmits information to another agent, it has
an effect just like any other action would have. Thus
within a planning framework, one can define precondi-
tions and effects for communicative acts. When com-
bined with a model of other agents, the effect of a
communication act might be to alter an agent’s belief
aboutthe state of another agent or agents. The theory of
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communication as action is callegeech actéCohen the system designer develops simple behaviors and
and Levesque, 1995; Lux and Steiner, 1995). slowly builds them into more complex ones, popula-

Mataric adds a learning dimension to the idea of tionsappropriately seeded for competitive co-evolution
speech acts. Starting with the foraging behavior men- can reduce the amount of designer effort. Potter and
tioned above (Mataric, 1994a), the agents can then Grefenstette (1995) illustrate this effectin their domain
learn to choose from among a set of social behav- described above in which two robots compete for a sta-
iors that includes broadcasting and listening (Mataric, tionary pellet of food. Subpopulations of rules used by
1994b). Q-learning is extended so that reinforcement GAs are seeded to be more effective in different situa-
can be received for direct rewards obtained by the agenttions. Thus specialized subpopulations of rules corre-
itself or for rewards obtained by other agents. sponding to shaped behaviors tend to emerge.

When using communication as a planning action,  GAs have also been used to evolve separate com-
the possibility arises of communicating misinforma- municating agents to control different legs of a
tionin order to satisfy a particular goal. For instance, an quadrapedal robot using cooperative co-evolution (Bull
agent may want another agent to believe that somethinget al., 1995).
is true. Rather than actually making it true, the agent
might justsaythat it is true. For example, Sandholm 7.3.4. Negotiation. Drawing inspiration from com-
and Lesser (1996) analyze aframework in which agents petition in human societies, several researchers have
are allowed to “decommit” from agreements with other designed negotiating multiagent systems based on the
agents by paying a penalty to these other agents. Theylaw of supply and demand. In tle®ntract netsrame-
consider the case in which an agent might not be work (Smith, 1980), agents all have their own goals, are
truthful in its decommitment, hoping that the other self-interested, and have limited reasoning resources.
agent will decommit first. In such situations, agents They bid to accept tasks from other agents and then
must also consider what communications to believe can either perform the tasks (if they have the proper

(Rosenschein and Zlotkin, 1994). resources) or subcontract them to other agents. Agents
must pay to contract their tasks out and thus shop
7.3.3. Benevolence vs. CompetitivenesSome stud- around for the lowest bidder. Many multiagent issues

ies involving competitive agents were described in arise when using contract nets (Sandholm and Lesser,
the heterogeneous non-communicating scenario (seel995b).
Section 5). In the current scenario, there are many more In a similar spirit is an implemented multiagent sys-
examples of competitive agents. tem that controls air temperature in different rooms of
Similarto Tan’s work on multiagent RLinthe pursuit  a building (Huberman and Clearwater, 1995). A per-
domain (Tan, 1993) is Weil3’'s work with competing son can set one’s thermostat to any temperature. Then
Q-learners. The agents compete with each other to earndepending on the actual air temperature, the agent for
the right to control a single system (Weif3, 1995). The that room tries to “buy” either hot or cold air from an-
highest bidder pays a certain amount to be allowed other room that has an excess. At the same time, the
to act, then receives any reward that results from the agent can sell the excess air at the current temperature
action. to other rooms. Modeling the loss of heat in the trans-
Another Q-learning approach, this time with benev- fer from one room to another, the agents try to buy and
olent agents, has been to explore the interesting idea ofsell at the best possible prices. The market regulates
having one agent teach another agent through commu-itself to provide equitable usage of a shared resource.
nication (Clouse, 1996). Starting witlrainerthat has Zeng and Sycara (1998) study a competitive negoti-
moderate expertise in a task, a learner can be rewardedation scenario in which agents use Bayesian Learning
for mimicking the trainer. Furthermore, the trainer can techniques to update models of each other based on
recommend to the learner what action to take in a given bids and counter bids in a negotiation process.
situation so as to direct the learner towards a reward The MarCon system (Parunak et al., 1998) uses
state. Eventually, the learner is able to perform the task market-based methods for distributed constraint prob-
without any guidance. lems. Designers at different points along a supply chain
While training is a useful concept, some research is negotiate the characteristics of the overall design by
driven by the goal of reducing the role of the human buying and selling characteristics and propagating the
trainer. As opposed to the processbaping in which resulting constraints.
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7.3.5. Resource ManagementMarCon is an exam-  another agent involves agreeing to pursue a given goal,
ple of multiagent resource management: the design possibly in a given manner, regardless of how much
characteristics desired by one agent may consume theit serves one’s own interests. Commitments can make
resources of another. systems run much more smoothly by providing a way
Similarly, generalized partial global planning for agents to “trust” each other, yet it is not obvious
(GPGP) allows several heterogeneous agents to posthow to get self-interested agents to commit to others
constraints, or commitments to do a task by some time, in a reasonable way. The theory of commitment and
to each other’s local schedulers and thus coordinate decommitment (when the commitment terminates) has
without the aid of any centralized agent (Decker and consequently drawn considerable attention.
Lesser, 1995). Aproposed general multiagentarchitec- Castelfranchi (1995) defines three types of commit-
ture based on GPGP contains five components: “local ment: internal commitment—an agent binds itself to
agent scheduling, multiagent coordination, organiza- do something; social commitment—an agent commits
tional design, detection, and diagnosis (Lesser, 1998).” to another agent; and collective commitment—an agent
In a heterogeneous, communicating multiagent sys- agrees to fill a certain role. Setting an alarm clock is
tem applied to diagnosis of a local area network, agents an example of internal commitment to wake up at a
learn to choose among different coordination strategies certain time.
based on the current situation (Sugawara and Lesser, Commitment states have been used as planning
1993, 1995). Less sophisticated coordination methods states: potential cooperation, pre-commitment, and
require fewer network and time resources, but may lead commitment (Haddadi, 1995). Agents can then use
to tasks failing to be executed or to redundant actions means-ends analysis to plan for goals in terms of

by multiple agents.

commitment opportunities. This work is conducted

RETSINA (Sycara et al., 1996) uses three classes within a model called belief/desire/intention, or BDI.

of heterogeneous, communicating agents to deliver in-
formation in response to specific user queries in in-
formation networks. RETSINA is able to satisfy the
information requests of multiple users by searching
multiple information sources, while considering net-

BDI is a popular technique for modeling other
agents. Other agents’ domain knowledge (beliefs) and
goals (desires) are modeled as well as their “intentions,”
or goals they are currently trying to achieve and the
methods by which they are trying to achieve them. The

work constraints and resource limitations of informa- BDI model is used to build a system for air-traffic con-
tion agents. RETSINA has been used to implement trol, OASIS (Rao and Georgeff, 1995), which has been
several distributed network applications including a fi- implemented for testing (in parallel with human oper-
nancial portfolio manager, a personal information man- ators who retain full control) at the airport in Sydney,
ager and meeting scheduler, and a satellite visibility Australia. Each aircraft is represented by a control-
forecaster. ling agent which deals with a global sequencing agent.
ALLIANCE and its learning variant L-ALLIANCE OASIS mixes reactive and deliberative actions in the
(Parker, 1994, 2000) use communication among het- agents: they can break out of planned sequences when
erogeneous robots to help divide independent taskscoming across situations that demand immediate reac-
among the robots. With an emphasis on fault toler- tion. Since agents cannot control their beliefs or de-
ance, agents only broadcast the task that they are cur-sires, they can only make commitments to each other

rently working on. Ifthe communication fails, multiple
robots might temporarily try to do the same task, but
they will eventually realize the conflict by observa-
tion and one will move on to a different task. In
L-ALLIANCE, robots learn to evaluate each other’s
abilities with respect to specific tasks in order to more
efficiently divide their tasks among the team.

7.3.6. Commitment/Decommitment.When agents

regarding their intentions.

Finally, groups of agents may decide to commit
to each other. Rather than the more usual two-agent
or all-agent commitment scenarios, there are certain
situations in which agents may want to form coali-
tions (Zlotkin and Rosenschein, 1994). Since this work
is conducted in a game theory framework, agents con-
sider the utility of joining a coalition in which they are
bound to try to advance the utility of other members

communicate, they may decide to cooperate on a givenin exchange for reciprocal consideration. Shehory and

task or for a given amount of time. In so doing,
they makecommitments$o each other. Committing to

Kraus (1995) present a distributed algorithm for task al-
location when coalitions are either needed to perform
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tasks or more efficient that single agents. Sandholm 7.4. Further Learning Opportunities

and Lesser (1995a) use a vehicle routing domain to

illustrate a method by which agents can form valuable Once again, there are many possible ways in the cur-

coalitions when it is intractable to discover the optimal rent scenario to enhance MAS with ML techniques.

coalitions. Within this heterogeneous communicating multiagent
scenario there is a clear need to pre-define a language
and communication protocol for use by the agents.

 However, an interesting alternative would be to allow

robotic tasks, a robot must know where it is situated in (e @gents tolearn for themselves what to communicate

the world before it can act effectively. One common ap- &nd how to interpret it. For example, an agent might

proach to localization is Markov localization, in which € given a small language of utterances and a small set

a robot maintains a probabilistic belief over its current ©f Meanings, but no mapping between the two. Agents
position based on its observations and a map of the would then have to learn both what to say and how to

environment. Recent work has extended this approachNt€rpret what they hear. A possible result would be
to multiple robots (Fox et al., 2000). When a rotft more efficient communications: they would need to be

detects another rob®y, it can useRy,’s current belief understandable only by the agents rather than by both
aboutR,'s position along with the detected relative po- 29€Nts and humans. o
sition of R to increase the data available fiét's own When considering communications as speech acts,

effort to localize. This approach was successfully im- agents could be allowed to learn the effects of speech on

plemented both on homogeneous robots and on robotsthe globaldynamics of the system. In domains with low
bandwidth or large time delays associated with com-

with different sensors. L » o .

Millibots (Grabowski et al., 2000) are the smallest- Munication, the utility of communicating at a given
scale components of another heterogeneous, commu Noment might be learned. In addition, if allowed to
nicating, multi-robot system that is able to perform €& to communicate, agents are more likely to avoid
collaborative localization and mapping. Each millibot 2€ing reliably conned by untruthfulness in communi-
(a robot with dimensions roughly 6 Gyis specialized cation: when another _agent says §ometh|ng thqt tL_lrns
with a subset of sensors that can collect data from the OUt NOt to be true, it will not be believed so readily in
environment. In order to maintain localization, three the future.

millibots from the group stay still so that they can be Fin",""y' commitment—the act.of taking'on another
used as reference points for the other robots. Period-29€nts goals—has both benefits and disadvantages.

ically, one of the three can move to a new location SYStém builders may wantto allow their agents to learn
(or be replaced by another robot) so that the group as a¥1€n to commit to others. The learning opportunities
whole can move. Meanwhile, the sensing robots broad- In this scenario are summarized in Table 8.

cast their sensory data to a larger robot, which acts as

ateam leader. The team leader can then fuse the datay  ropotic Soccer

from the exploring robots and send back tasks for them
to accomplish.

7.3.7. Collaborative Localization. Localization is a
common challenge for autonomous robots. For mos

Several multiagent domains have been mentioned
throughout the course of this survey, including design,
7.3.8. Changing Shape and Size CONRO, a “de- planning, entertainment, games, air-traffic control, air
ployable robot with inter-robot metamorphic capabil- combat, personal assistants, load-balancing, network
ities,” (Castad et al., 2000) is a particularly ambi- routing, and robotic leg control. In this section a sin-
tious project involving heterogeneous, communicating gle domain which embodies most multiagent issues is
robots. The goal is to create a robot that can change presented.

shape and size by reconfiguring its components, split- Robotic soccer is a particularly good domain for
ting into parts, or joining back together again. While studying MAS. Originated by Mackworth (1993), it
the project has thus far focussed on the considerablehas been gaining popularity in recent years, with sev-
challenge of creating the necessary hardware com- eral international competitions taking place (Kitano,
ponents, Casta et al. discuss the need for wireless 1996; Kim, 1996; Kitano, 1998; Asada and Kitano,
inter-component communication to support docking 1999; Veloso et al., 2000). It is also the subject of an
and remote sensing. official IJCAI-97 Challenge (Kitano et al., 1997b).
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It can be used to evaluate different MAS techniques simulator is realistic in many ways: the players’ vision
in a direct manner: teams implemented with different is limited; the players can communicate by posting to
technigues can play against each other. a blackboard that is visible to all players; all players
Although the pursuit domain serves us well for pur- are controlled by separate processes; each team has 11
poses of illustration, robotic soccer is much more com- players; each player has limited stamina; actions and
plex and interesting as a general test bed for MAS. sensors are noisy; and play occurs in real time. The
Even with many predators and several prey, the pur- simulator provides a domain and supports users who
suit domain is not complex enough to simulate the real wish to build their own agents. Furthermore, teams of
world. Although robotic soccer is a game, most real- agents can be evaluated by playing against each other,
world complexities are retained. A key aspect of soc- or perhaps against standard teams. The simulator was
cer's complexity is the need for agents not only to con- first used for a competition among twenty-nine teams
trol themselves, but also to control the ball which is a from around the world in 1997 (Kitano et al., 1997a)
passive part of the environment. and continues to be used for this purpose currently.
Thus robotic soccer satisfies Decker’s criteria for DAI
test beds (Decker, 1996a). The advantages of robotic

8.1. Overview soccer as atest bed for MAS are summarized in Table 9.

Robotic soccer can be played either with real robots or

in a simulator. The first robotic soccer system was the 8.2. MAS in Robotic Soccer

Dynamo system (Barman et al., 1993). Barman et al.

built a 1 vs. 1 version of the game. The main goal of any test bed is to facilitate the trial
Some robotic issues can only be studied in the real- and evaluation of ideas that have promise in the real

world instantiation, but there are also many issues that world. A wide variety of MAS issues can be studied

can be studied in simulation. A particularly good sim- in simulated robotic soccer. In fact, most of the MAS

ulator for this purpose is the “soccer server” devel- issues listed in Table 2 can be feasibly studied in the

oped by Noda (1998) and pictured in Fig. 13. This soccer simulator.

X| soccerserver

|italy:0

Figure 13 The soccer server system.



Table9 Advantages of (simulated)
robotic soccer as a MAS test bed.

Complex enough to be realistic
Easily accessible

Embodies most MAS issues
Direct comparisons possible
Good multiagent ML opportunities

Homogeneous, non-communicating MAScan be
studied in robotic soccer by fixing the behavior of the
opposing team and populating the team being studied
with identical, mute players. To keep within the ho-

mogeneous agent scenario, the opponents must not be

modeled as agents.

In this context, the players can beactive or delib-
erativeto any degree. The extremely reactive agent
might simply look for the ball and move straight at
it, shooting whenever possible. At this extreme, the
players may or may not have any knowledge that
they are part of a team.

On the other hand, players miginodel each other
thus enabling deliberative reasoning about whether
to approach the ball or whether to move to a different
part of the field in order to defend or to receive a pass.
With players modeling each other, they may also
reason about how taffect each othes behaviorsn

this inherently dynamic environment.

It is possible to study the relative merits lafcal

and global perspectivesn the world. Robots can
be given global views with the help of an overhead
camera, and the soccer server comes equipped with
an omniscient mode that permits global views. Simu-
lated robotic soccer is usually approached as a prob-
lem requiring local sensing.

Heterogeneous, non-communicating MASan also
be studied in the robotic soccer domain.

Since each player has several teammates with the
same global goal and several opponents with the
opposite goal, each player is badtkenevolent and
competitiveat the same time. This possibility for
combination of collaborative and adversarial reason-
ing is a major feature of the domain.

If the teams are learning during the course of a sin-
gle game or over several games, all the issues of
learning agentsincluding the “arms race” and the
credit-assignment problem, arise.
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In the soccer server, stamina is a resource assigned
to each individual agent. At the team level, stamina
is important forresource managemenif too many
agents are tired, the team as a whole will be inef-
fective. Therefore, it is to the team’s advantage to
distribute the running among the different agents.
When trying to collaborate, players’ actions are usu-
ally interdependent: to execute a successful pass,
both the passer and the receiver must execute the
appropriate actions. Thusodeling each othefor

the purpose of coordination is helpful. In addition, if
opponents’ actions can be predicted, then proactive
measures might be taken to render them ineffective.
Social conventionssuch as programmed notions of
when a given agent will pass or which agents should
play defense, can also help coordination. The locker-
room agreement is an example of social conventions
within a team.

Since communication is still not allowed, the players
must have a reliable method for filling the different
teamroles needed on a soccer team (e.g. defender,
forward, goaltender) which can be achieved via a
flexible teamwork structure.

Homogeneous, communicating MASan be studied
by again fixing the behavior of the opposing team and
allowing teammates to communicate.

o Distributed sensingan be studied in this context
due to the large amount of hidden state inherent in
the soccer server. At any given moment, a particular
agent can see only a small portion of the world. Only
by communicating with teammates can it get a more
complete picture of the world.

It is particularly important in the soccer server to
choose&ommunication contectirefully. Since play-
ers have only a limited hearing frequency, a frivolous
utterance can cause subsequent more important in-
formation to go unheard.

Heterogeneous, communicating MASs perhaps the
most appropriate scenario to study within the context
of robotic soccer. Since the agents indeed are hetero-
geneous and can communicate, the full potential of the
domain is realized in this scenario.

o With players sending messages to each other, they
must have a language in orderaaderstand each
other.

e Especially in the single-channel, low-bandwidth
communication environment modeled by the soccer
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server, agents mugtan their communicative acts  defend its goal, while another is preparing an offen-
If the opponents can understand the same language sive attack. These players need not be controlled by
a planned utterance can affect the knowledge of both the same agent: they can go about their tasks in par-
teammates and opponents. The utility of communi- allel. Furthermore, if any of the agents fails for some
cation must be carefully considered and the possi- reason (as often happens in real robotic systems), the
bility of lying in order to fool the opponent arises. other agents can attempt to compensate and continue
In addition, the low-bandwidth creates the condition playing. Finally, it is empirically easier to program a
that sending a message may prevent other messagesingle agent per player thanitis to control an entire team
from getting through. centrally.

e Like in the heterogeneous, non-communicating sce- As demonstrated above, most of the MAS issues
nario, since agents have both teammates and adversummarized in Table 2 can be studied in robotic soccer.
saries, they must reason about being liigthevolent ~ We now review the research that has been conducted
and competitive in this domain. First, we describe research conducted

e Negotiationprotocols may be useful in the robotic in the “early years”, before organized robotic soccer
soccer domain if different agents, based on their dif- workshops, that served as the foundations for the re-
ferent sensory perspectives, have different opinions cent popularity of the domain. Second, we review some
about what course of action would be best for the of the research presented at dedicated robotic soccer
team. workshops held in conjunction with the international

e In areal-time environment, timing is very important competitions, as well as other contemporary robotic
for any team play, including a simple pass. Thus, soccer-related research.
resource managemeirt terms of timing, or action
coordination, is crucial. _

e Protocols are also needed feommitmento team ~ 8-3-  Foundations
plays: the passer and receiver in a pass play must )
both agree to execute the pass. For more complex Producing natural language commentary from real-
team plays, such as our set-plays, several playerst'me mpu.t, the SOCCER system (Andre et al., 1988)
may need to committo participate. But then the issue WaS the first Al research related to soccer. SQCCER
arises of how single-mindedly they must adhere to @nalyzehumansoccer games. By looking for triggers
the committed play: when may they react to more and termlnatlpns of events such as a player running
pressing situations and ignore the commitment? or the ball being passed, SOCCER aims to announce

e When an agent is unsure of its position in the en- Important events without redundancy. .
vironment, it can take cues from other agents, via Roboticsoccer was introduced as an interesting and

either observation or communication, thus exhibit- Promising domain for Al research at the Vision Inter-
ing collaborative localization face conference in June, 1992 (Mackworth, 1993). The
first working robotic soccer systems (Barman et al.,
1993; Sahota et al., 1995) were also described at that

In terms of the reasons to use MAS presented in time. A ground-breaking system for robotic soccer, and
Table 1, robotic soccer systems usually require sep- the one that served as the inspiration and basis for the
arate agents for controlling the separate players, andauthors’ own research in the robotic soccer domain,
they can benefit from the parallelism, robustness, and the Dynamite test bed was designed to be capable of
simpler programming of MAS. Systems whose players supporting several robots per team, but most work has
have onboard sensors are necessarily multiagent, sincebeendoneinalvs. 1 scenario. Ituses an overhead cam-
no single agent has access to all of the players’ sensoryera and color-based detection to provide global sensory
inputs. Some competitions also stipulate in their rules information to the robots. Dynamite was used to intro-
that the robots must be controlled by separate agents.duce a decision making strategy called reactive delib-
At the very least, the two teams must be controlled eration which was used to choose from among seven
by separate agents. Even teams that could theoreticallyhard-wired behaviors (Sahota, 1994). Subsequently, an
be controlled by a single agent stand to gain by using RL approach based on high-level sensory predicates
MAS. By processing the sensory inputs of the differ- was used to choose from among the same hard-wired
ent players separately, multiple agents can control their behaviors (Ford et al., 1994).
players in parallel, perhaps contending with different  Asada et al. (1994a) developed the first robots
tasks on the field. One player might be in position to equipped with on-board sensing capabilities. These
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robots use learning from easy missions, an RL train- first competitions held in 1996 (Pre-RoboCup-96 and
ing technique, to learn to hit a stationary ball into the MiroSot-96) and continuing since then, there has been
goal. One contribution of this work is the construction a great deal of robotic soccer-related research. It has
of state and action spaces that reduce the complexity been presented both at dedicated robotic soccer work-
of the learning task (Asada et al., 1996). As opposed to shops held in conjunction with the competitions and in
the action-dependent features used by TPOT-RL which other scientific forums. In this subsection we review
create an abstract feature space prior to learning, statessome of this recent robotic soccer research.

are clustered during learning based on the best action to

take from each state. Another contribution is the com- o
bination of low-level behaviors, such as shooting and 8-4-1. Robot Hardware. Much of the research inspi-
avoiding an opponent, that are learned using RL (Asada red by competl_tlons_has been d_evoted to b_undlng _robot
et al., 1994b; Uchibe et al., 1996). Rather than build- hardware that is suitable for this challenging environ-
ing the learned behaviors at different behavior levels Ment e.g. (Achim etal., 1996; Hong et al., 1996; Hsia

as in layered learning, two previously learned control @nd S.oderstrand, 1996; Kim et al., 1996; Shim et al.,
strategies are used to produce a new one, which then1996; Veloso et al., 1998a). The emphasis in hard-
replaces the original two. ware approaches varies greatly. Some research focuses

Minimax-Q learning for Markov games was firstap-  ON fast and robust visual perception of the _envi-
plied in an abstract simulated soccer game (Littman, fonment (Sargent et al., 1997; Cheng and Zelinsky,
1994). This version of the domainis much simplerthan 1998; Han and Veloso, 1998). And some research
the soccer server, having 800 states, 5 actions, and ngf©OCUSes on automatic calibration of vision parame-
hidden information. One player on each team moves in €S (Shen et al., 1998; Veloso and Uther, 1999) in
a grid world and the ball is always possessed by one of "eSPonse to the need for vision systems that work under
the players. Using minimax-Q, players learn optimal Various lighting conditions (conditions at competitions

probabilistic policies for maneuvering past each other ré never the same as in the lab). Instead of vision, one
with the balll. alternative approach is to use a laser range-finder for

The authors conducted machine learning experi- localization in the environment (Gutmann et al., 1998).

ments in a simulator based closely on the Dynasim ~ Other research focuses on robot path planning in
simulator (Sahota, 1996) which simulates the Dyna- ¢'oWded, dynamic, environments (Han et al., 1996;
mite robots mentioned above. First, we used memory- Kim and Chung, 1996; Bowling and Veloso, 1999).
based learning to allow a player to learn when to shoot Path planning is particularly challenging with non-
and when to pass the ball (Stone and Veloso, 1996a). holonomic robots because they can only move straight
We then used neural networks to teach a player to shoot!n the direction that they are facing or in curved
a moving ball into particular parts of the goal (Stone Paths starting from their current location and direc-
and Veloso, 1998). Based on training in a small region ion. Omnidirectional robots can simplify path plan-
of the field, our agent was able to learn to successfully NiNG considerably: they do not have to consider the
time its approach to a moving ball such that it could direction they are facing as a constraint (Price et al.,
score from all areas of the field. These experiments 1998; Yokota etal., 1998).

served as the basis for our initial learning experiments N @ddition to robots developed specifically for the
in the soccer server (Stone and Veloso, 1996b). competitions, there have been robots created to exhibit

In another early learning experiment in the soccer special soccgr-related skills. Shoobot (Mizuno et. al.,
server, a player learned when to shoot and when to 1996, 1998) is a nomad-based robot that can dribble

pass (Matsubara et al., 1996). The agent bases its de&"d shoot a soccer ball as it moves smoothly through
cision on the positions of the ball, the goaltender, and @ Open space. The Sony legged robots (Fujita and
one teammate. Kageyama, 1997) walk on four legs. They have been

used as the basis of an exclusively legged-robot soccer

competition (Veloso et al., 1998c). And the Honda hu-
8.4. The Competition Years manoid robots (Hirai, 1997) have been demonstrated

kicking a real soccer ball and performing a penalty
The research reported in Section 8.3 confirmed the shot with a shooting and a goaltending robot. This
potential of robotic soccer as an Al research domain demonstration indicates the feasibility of RoboCup’s
and justified the value of having large-scale compe- long-term goal of having a humanoid robot soccer com-
titions from a research perspective. Starting with the petition on a real soccer field (Kitano et al., 1998).



376  Stone and Veloso

8.4.2. Soccer Server Accessoriedn addition to location to receive a pass. This approach differs from
soccer-playing agent development, the soccer serverthat of the CMUnited-98 small-robot team (Veloso
has been used as a substrate for 3-dimensional visu-et al., 1999) which uses strategic positioning using at-
alization, real-time natural language commentary, and traction and repulsion (SPAR). There, the agents posi-
education research. tion themselves autonomously, and the agent with the
Figure 13 shows the 2-dimensional visualization ball decides autonomously where to pass: no negotia-
tool that is included in the soccer server software. tion is involved, enabling the players to act as quickly
SPACE (Shinjoh, 1998) converts the 2-dimensionalim- as possible.
ageinto a 3-dimensionalimage, changing cameraangle Scerri (1998) presents another multi-layered ap-
and rendering images in real time. proach to robotic soccer. However, unlike our own hi-
Another research challenge being addressed within erarchical approach, it does not involve the learning of
the soccer server is producing natural language com-any behaviors. In this approach, the different abstrac-
mentary of games as they proceed. Researchers aim tdion layers deal with different granularities of sensory
provide both low-level descriptions of the action, for input. For example, a low-level move-to-ball behavior
example announcing which team is in possession of is given the ball's precise location, while a high-level
the ball, and high-level analysis of the play, for ex- defend behavior—which might call go-to-ball—knows
ample commenting on the team strategies being usedonly that the ball is in the defensive half of the field. The
by the different teams. Commentator systems for the Samba control architecture (Riekki and Roening, 1998)
soccer server include ROCCO (Andre et al., 1998), uses two behavior layers: the reactive layer which de-
MIKE (Matsubara et al., 1999), and Byrne (Binsted, finesaction maps from sensory inputto actuator output;

1999). and the task layer which selects from among the action
maps.
8.4.3. Multiagent Control and Robotic Soccer ISIS (Tambe et al., 1998) is a role-based approach

Strategy. The robotic soccer domain has inspired to robotic soccer based on STEAM (Tambe, 1997).
many different approaches to building and organizing STEAM defines team behaviors that can be invoked
teams of agents. dynamically. There has also been another formation-
Some research is based on applying existing pro- based approach to positioning agents on the soccer
gramming methodologies to the robotic soccer do- field (Matsumoto and Nagai, 1998). However, unlike
main. Team GAMMA (Noda, 1998) is built using in our dynamic formations with flexible positions, the
Gaea (Nakashima et al., 1995), a logic programming player positions are static and the team formation can-
language that is essentially a multi-threaded, multi- not change dynamically. Several other researchers re-
environment version of prolog. Gaea implements a cognize the importance of decomposing the soccer
dynamic subsumption architecture, allowing agents to task into differentroles, e.g. (Coradeschi and Karlsson,
override behaviors in different ways based on the cur- 1998; Ch’ng and Padgham, 1998).
rent environment, or behavior context. Team ROGI  One approach with dynamically changing roles is
(de la Rosa et al., 1997) is built using another pro- developed in a soccer simulator other than the soccer
gramming methodology, namely agent-oriented pro- server (Balch, 1998). Balch uses his behavioral diver-
gramming (Shoham, 1990). sity measure to encourage role learning in an RL frame-
Other research, introduces new multiagent control work, finding that providing a uniform reinforcement
methodologies and applies them to robotic soccer. to the entire team is more effective than providing local
For example, the MICROB robotic soccer team is reinforcements to individual players.
an implementation of the Cassiopeia programming Often, definitions of robotic soccer positions involve
method (Drogoul and Collinot, 1998). Cassiopeia fo- fixed locations at which an agent should locate itself by
cuses on the organizational issues of multiagent tasks,default, e.g. (Gutmann et al., 1998; Matsumoto and
analyzing the interdependencies of low-level skills Nagai, 1998). In contrast, the within a locker-room
and facilitating the formation of groups based on agreement as described above, flexible positions allow
these inter-dependencies. Temporary organizations areplayers to adjust their locations within their roles (Stone
formed based on the contract net framework (Smith, and Veloso, 1999). The ranges of flexibility are defined
1980). For example, the player with the ball mightcon- a priori as a part of the locker-room agreement. Obser-
tract with another player to place itself in a particular vational reinforcement learning (Andou, 1998) allows
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agents tdearntheir positions dynamically based onthe The following year, Darwin United (Andre and Teller,
distribution of past ball locations in a game. A similar 1999) entered an entirely learned team.
approach is also described in Inoue an Wilkin (1997).
In another learning approach, teammate and oppo-9. Conclusion
nent capabilities are learned through repeated trials of
specific actions (Nadella and Sen, 1997). ThisresearchThis survey is presented as a description of the field
is conducted in a soccer simulator in which the ball is of MAS. It is designed to serve both as an introduc-
always in possession of a player, eliminating the neces- tion for people unfamiliar with the field and as an
sity for fine ball control. Each player has an assigned organizational framework for system designers. This
efficiency in the range [QL] for the execution of actions ~ framework is presented as a series of four increasingly
such as passing, tackling, and dribbling corresponding complex and powerful scenarios. The simplest sys-
to the probability that the action will succeed. Agents tems are those with homogeneous non-communicating
do not know the abilities of themselves, their team- agents. The second scenario involves heterogeneous
mates, or the opponents. Instead, they learn to estimatenon-communicating agents. The third deals with homo-
them based on repeated trials. The agents can then basgeneous, communicating agents. Finally, the general
action decisions on the learned parameters. MAS scenario involves communicating agents with
Layered learning (Stone, 2000) has been imple- any degree of heterogeneity.
mented in the simulated robotic soccer domain. Lay- Each multiagent scenario introduces new issues and
ered learning is a general-purpose machine learning complications. In the MAS literature, several tech-
paradigm for complex domains in which learning a niques and systems already address these issues. After
mapping directly from agents’ sensorsto their actuators summarizing awide range of such existing work, useful
isintractable. Given ahierarchical task decomposition, future directions are presented. Throughout the survey,
layered learning allows for learning at each level of the Machine Learning approaches are emphasized.
hierarchy, with learning at each level directly affect- Although each domain requires a different approach,
ing learning at the next higher level. TPOT-RL (Stone, from aresearch perspective the ideal domain embodies
2000) (mentioned above) is used for one of learned as many issues as possible. Robotic soccer is presented
layers in a layered learning implementation. here as a useful domain for the study of MAS. Systems
All of the learning approaches described above are with a wide variety of agent heterogeneity and com-
used to learn portions of an agent's behavior. Other munication abilities can be studied. In addition, col-
aspects are created manually. In contrast, afew entirelylaborative and adversarial issues can be combined in
learned soccer behaviors have been created. a real-time situation. With the aid of research in such
Hexcer (Uther and Veloso, 1997) is an extension of complex domains, the field of MAS should continue to
the grid world soccer game described above (Littman, advance and to spread in popularity among designers
1994). Rather than square grid locations, the world is of real systems.
defined as a lattice of hexagons. Thus the action space MAS is an active field with many open issues. Con-
is increased and the geometric constraints are altered.tinuing research is presented at dedicated conferences
The added complexity necessitates the development ofand workshops such as the International Conference on
generalized U-trees to allow agents to learn success-Multiagent Systems (Weil3 and Sen, 1996; Sen, 1996;
ful policies (Uther and Veloso, 1997). In Hexcer, itis AAAI, 1995). MAS work also appears in many of the
possible for agents to learn straight from sensors to ac- DAl conferences and workshops (Proceedings of the
tuators because, like Littman’s simulation, Hexcer has 10th International Workshop on Distributed Atrtificial
a much smaller state space than the soccer server andntelligence, 1990; Weil3, 1996). This survey provides
the agents have no hidden state. a framework within which the reader can situate both
The RoboCup-97 and RoboCup-98 competitions existing and future work.
eachincluded one team created using genetic program-
ming (Koza, 1992). In both cases, the goal was to learn Acknowledgments
entirely from agent sensors to actuators in the soccer
server. The first attempt (Luke etal., 1998) was eventu- We would like to thank Keith Decker, Astro Teller, and
ally scaled down, although a successful team was cre-the anonymous reviewers for their helpful comments
ated based on some manually created low-level skills. and suggestions.
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