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Abstract

There is an increased interest in multi-agent systems (MASs) for comput-
ing robust solutions to complex real world problems. In this paper we analyze
different aspects of multi-agent systems, in particular multi-agent architec-
tures, multi-agent problems, and optimization algorithms for MASs. Further-
more, we present a scheme for mapping multi-agent problems to architectures
which can be used for solving them and a mapping from multi-agent prob-
lem features to optimization algorithms. Finally, we review the solutions of
previous work on many different multi-agent problems.

1 Introduction

Multi-agent systems (MASs). The study of multi-agent systems enables us to
come up with robust solutions to complex problems. In the past many monolithic
approaches have been constructed to solve such tasks. As problems have become
more complex during the last decades, more modular systems have been developed
for solving them. The study of multi-agent systems (MASs) is becoming an active
field of research in artificial intelligence (AI) which studies how particular problems
consisting of multiple components can be solved. For this the MAS engineer identi-
fies local components in the problem (sometimes a problem has to be broken down
into local components first) and then uses agents to construct individual solutions
for each of the components. MASs are systems in which there is no central control:
individual agents receive inputs from the environment (or through communication
with other agents) and use these inputs to select individual actions (outputs, deci-
sions). The global (complex) behavior of MASs depends on the local behavior of
each agent (the way it acts) and on the interactions between the agents. Many com-
plex problems can be naturally described as MASs such as traffic control, network
routing, stock supply, pollution detection, elevator dispatching, forest fire fighting,
and transportation problems. E.g., in traffic control, traffic lights and cars are mod-
eled as agents and the total throughput of the system is a result of the complex
interactions of the agents and the traffic environment (infrastructure).

Why MASs? The question may arise why we want to construct multi-agent
systems instead of single centralized agent systems. There are different reasons for
using MASs:

e External. Some problems require MASs. Consider different organizations
which trade with one another. Each organization has its own goals and pro-
prietary information and wants to keep its own information hidden from other



organizations so that it will not give authority to any single person to build
a representation that integrates them all. Instead the different organizations
need their own systems (Stone and Veloso, 1997).

e Internal. MASs are more modular than single agent systems which gives
particular advantages: (1) It becomes easier to change the behavior of single
agents or to add new agents to the system (scalability); (2) MASs provide
a convenient way to integrate distributed computing algorithms to speed up
computing solutions for the different agents; (3) MASs are more robust, es-
pecially if there are redundant agents available. If an agent in a MAS breaks
down, the other agents can still continue working so that the system degrades
gracefully and the problem can still be solved. This is very different from a
central controller breaking down — when this happens there is not another
way for selecting control actions for the agents so that the whole system cannot
operate anymore.

Learning in MASs. The first possibility to construct a MAS is to design
a MAS architecture and to program the interaction protocols and behavior of all
agents in the system. The behavior of an agent is usually captured by a decision
module (policy) which uses the inputs of the agent to choose an action. As prob-
lems get more complex, programming the correct action for each possible input is
a demanding and time-consuming task. Even if we are able to program the behav-
ior of an agent in a particular environment, this behavior may fail entirely when
the environment changes. Therefore a more convenient way to construct MASs
is to make use of machine learning (ML) techniques which are able to adapt an
agent’s behavior automatically and have the aim to optimize the agent’s behavior
in the environment. Training an agent is done by having the agent interact with
the environment and using feedback (reward) from the environment to adjust the
agent’s behavior. If the environment changes, so will the agent’s behavior. Since
programming agents is a hard task, we will focus on the use of ML techniques or
other optimization methods to automatically search for an (optimal) behavior of an
agent.

Outline. In this article we will first consider different multi-agent systems and
will describe their most important features and architectures in section 2. Then in
section 3, we will describe a set of algorithms and methods which can be used to
optimize a system. In section 4, we will consider a set of multi-agent problems and
describe work which has been done to solve them. In section 5, we will draw some
conclusions.

2 Multi-agent systems (MASs)

Multi-agent systems can be used to naturally solve a wide variety of problems. An
important topic in MASs is the coordination of the behaviors of different agents.
Although in single agent systems, an agent pursues its own goal, there may not
be such a thing as a single goal for MASs. MASs can also consist of different
self-interested rational agents which learn behaviors which fulfil only their own
goals. Since the MAS designer wants to optimize the behavior of the global system,
we have to evaluate its global performance. When the agents pursue a common
goal, e.g. in network routing, the performance of the global system can easily be
evaluated. Otherwise the performance of the global system is dependent on the
performances of all single agents, and the global goal would consist of all goals
of the individual agents (which may not always be completely attainable). Often
these agents interact and can help or hinder each other when they pursue their
goals. Therefore, to optimize the global system, agents should cooperate which is



made possible in different ways. E.g., we can use communication between agents so
that they can negotiate about their goals and actions and then execute joint plans,
or we can use management agencies or social laws which determine which behaviors
should and which ones should not be used.

2.1 Description of agents

Although we do not want to provide a theory of agency here (we refer to (Wooldridge,
1999) for this), we will shortly describe how an agent interacts with its environment.
An agent uses real or virtual sensors to obtain information from its environment,
and uses actuators for executing actions. Its input consists of information of the en-
vironment, but may also include information obtained through communication with
other agents. By using a decision policy, the agent maps inputs to actions. The goal
of an agent is usually provided in the form of an evaluation or reward function. At
particular time steps the agent may be evaluated and the given amount of reward
determines how far the agent is successful in reaching its goal. The higher the long
term reward intake, the better the agent performs. See figure 1 which depicts a
two-agent system.
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Environmental
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Module Reward
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Figure 1: A MAS in which two agents interact simultaneously with an environment
and have the possibility to communicate with each other.

All agents interact simultaneously with the environment. After all agents have
selected their action, the environment is changed (to a new state) and the agents
receive a reward (evaluation signal) based on their local reward function which maps
the arrival in the new state to a scalar reward value. The goal of each agent is to
achieve the highest possible sum of rewards (utility) and in this way each agent
is self-interested. To achieve this goal, agents adapt their policy based on their
experiences and try to find that policy in the space of all possible policies which
leads to the maximal future reward sum given some state. As agents optimize
their individual policy, we would like to see that the performance of the whole
MAS improves as well. This is not always the case, however. Sometimes goals of
different agents are dependent on each other so that if one agent pursues its own
goal it hinders another agent reaching its goal. Therefore agent’s behaviors should
be coordinated so that system performance (or the social welfare: the sum of all
agent’s performances) is optimized when agent behaviors are optimized.



2.2 MAS architectures

An important task for a system engineer when constructing a MAS is to design
an architecture which determines how agents are organized. E.g., the organization
determines whether and how agents can communicate and is essential for coordi-
nating agent behaviors. We would like to set up an architecture which allows for
cooperation between groups of agents. We will describe a number of MAS archi-
tectures, and examine their complexities and whether they are static or dynamic
architectures.

e We define the complexity of an architecture as the total size of the search
(policy) space.

e An architecture is static if it remains invariant during the learning process.
An architecture is dynamic if some components of it change during the adap-
tation process.

The multi-agent architectures can be separated according to the problem they
deal with. First of all, architectures may deal with the problem of breaking down a
very large and complex central controller into parts and assigning tasks and goals
to individual agents. Second, architectures may deal with handling the problem of
partial observability of the global state and with the separation of problem-solving
information over agents. Here, combining information from multiple sources may
reduce the uncertainty in the decision making of single agents. Finally, architectures
may deal with the coordination of multiple agents. To deal with multiple problems
at the same time architectures may be combined.

2.2.1 Centralized control

We can use a single group policy which maps a description of the environmental
state to a set of agent actions. This can be considered as a single agent system,
since the central policy is not broken down into local components. E.g., in a network
routing problem we could have a superagent which receives information about the
global state of the network and selects for each node to which neighbor it should
send its currently processed package. Although such a policy may guarantee finding
optimal cooperative policies of all agents, the number of environmental states and
the product action space of the superagent is usually much too large to be stored.
Furthermore, action selection will in general cost a lot of time. Finally, the system
is not robust: if the central controller breaks down, the performance of all agents
collapses.

Mataric (1997) uses centralized policies for two robot agents in a box-pushing
task. In her system, the agents receive the sensory information of the other agent
(by communication) and take turns in selecting the actions for both of them. The
complexity of this system can be measured as the number of allowable policies

N
which equals: AN ’ , where A is the number of actions, S is the number of input
states, and N is the number of agents. The architecture is static. It deals with the
problems of partial observability and can be used to coordinate agents.

2.2.2 Policy sharing

In order to make the policy space much smaller, we can use policy sharing. In policy
sharing, each agent uses the same policy for selecting an action, although behaviors
between these homogeneous agents differ since they receive different inputs. This
approach is pursued in (Satustowicz et al., 1998; Wiering et al., 1998) for learning
soccer strategies. Furthermore, the ant colony system (Dorigo, 1992; Dorigo and



Di Caro, 1999) uses a global pheremone trail which is shared by all agents (ants)
for decision making. The advantage of policy sharing is that training them can be
very fast, but a disadvantage is that it does not allow for task specialization or self-
interested agents (agents can only pursue a common goal). The complexity of this
system equals: A°, a huge reduction compared to the centralized system if there
are many agents. The architecture is static. Policy sharing is good for breaking
down the large centralized controller so that the architecture does not suffer from
space limitations anymore. For some applications total policy sharing is unwanted,
and we may only want to use shared policies for subgroups of agents.

2.2.3 Local agents

We can also reduce the size of the policy space by breaking a central controller
down into local non-directly interacting agents. Thus, we can construct a system
where each agent has to learn its own policy and the whole system is evaluated
by examining the group behavior. E.g., in a network routing problem, at each
time-step each node may use its individual policy to decide to which neighboring
node it will send its currently processed package given the destination address of
the package. A disadvantage of using totally uncoupled systems is that it may
be hard for the system to find optimal cooperative behaviors, since agents usually
have a very local view and agent behaviors are not directly coordinated. Since
dependencies between tasks of agents are not modeled explicitly, a degradation
of performance may result if a local agent system has to solve tasks with many
dependencies. For such problems we could supply the agents with communication
facilities to coordinate their behaviors. Another possibility is to let agents learn
models of other agent’s behavior so that agents themselves can reason about and
overcome possible conflicts. Finally, an important topic is which reward function to
use. E.g. agents can use global or local reward functions or functions so that the
reward intake of the agent and its neighbors is optimized (Schneider et al., 1999).

Using a system with local learning agents is used by (Crites and Barto, 1996) for
learning to control elevators and by (Littman and Boyan, 1993) for network routing.
The complexity of this system is: NAS, since we have N policies of size A%.! The
architecture is static. The local agent architecture also concentrates itself on the
problem of breaking down the large centralized controller so that the architecture
does not suffer from severe space limitations.

2.2.4 Task schedules

When multiple tasks have to be executed by a number of agents, we can use task
schedules to divide the tasks over the agents. The schedules tell the orderings of
the operations performed by each of the agents. Each agent can have specialized
skills and the goal of the engineer or learning algorithm is to divide a task into
sequences of subtasks for individual agents. E.g., in a job-shop scheduling problem,
a schedule may order the tasks each machine (agent) has to carry out in order to
make the total processing time of all jobs as short as possible. One disadvantage of
these precomputed schedules is that they are often not reactive to dynamic changes
of the environment, since they are usually precomputed. Therefore if some agent
breaks down, a completely new solution has to be computed unless there are ways
for assigning its subtask to other agents. Schedules may be useful when tasks can
be broken down into parts for which special skills are desired. The complexity of
this system is: NA® + T(N) where the second term T(N) refers to the number

LAlthough there are more possible team policies (ANS), we neglect policy-dependencies and
assume agents can improve their policies regardless of other policies. Therefore, when making a
single policy change at each time-step we only have to consider one out of NAS possibilities.



of possible orderings of the tasks. The architecture is dynamic, since for different
global world states, different task schedules may have to be generated. A task
schedule architecture concentrates itself on the problem of breaking down the central
controller and on assigning tasks to agents and thus coordinating them.

2.2.5 Hierarchical systems

Instead of breaking down the problem entirely into agents which do not share global
information or interact directly, we can also use a hierarchical design of the system
to ensure cooperation in the system. E.g., we could think of a supervisor (man-
agement agency) which determines which behaviors are allowed for agents (social
conventions) and which agents have to cooperate to solve some task. In general
the supervisor will have a more global view and it can ensure better cooperation
by coordinating agent behaviors. The supervisor combines agent policies in a top-
down way in which supervisors can use the current global world state to choose
which agents cooperatively solve some subtask of the task (and thus may share re-
ward functions). We could also have different agent roles (policies) and learn global
strategies for combining these roles (Tambe, 1997). The difference with a central
controller is that hierarchical systems can combine a small number of agents into
a policy instead of combining them all. A disadvantage of such a system is that it
may be less robust, since management agents may break down and cause havoc in
the total behavior of the system.

Another way of using hierarchical systems is to use coalition structures (CSs)
between agent policies (Sandholm, 1996). Coalition structures determine which
agents work together to solve a particular task and how they do that. The formation
of coalition structures could be the result of a negotiation between agent so that
they cooperate to handle some task. CSs can also be used to match policies of
agents so that each time that some CS is used, two specific adaptable policies are
combined which have (already learned) to cooperate. Note that in this system
explicit communication between agents would also be possible. The complexity of
the system is about: NM AS+K(MN)®, where M is the number of policies allowed
for each agent, K is the number of coalitions and C'is the number of agents which can
be combined inside a single coalition. Note that if M and C are 1, the system would
essentially be the same as using local agents. The architecture is dynamic, since
at different moments different agents may have to work together. The hierarchical
system provides us with a solution to the problem of how to coordinate different
agents.

2.2.6 Global world models

Agents may also share a global world model which they use for their decision making
and which they can alter themselves. In this way the global world model provides a
way to communicate (abstract) information between agents. This helps to overcome
limited perception of some agents. E.g., if some agent has detected an event of
interest, this is communicated to the global world model, and other agents may
respond to this information. Global world models are used in e.g. robot soccer
(Stone et al., 1999). Here, sensory information over time is gathered to make
the global world model as accurate as possible. This methods is also pursued in
(Ye. and Tsotsos, 1997) to search with a team of robots for an object in a 3D
environment. It resembles policy sharing somewhat, although with global world
models only state information is shared — decision policies can be learned locally.
The method requires the abilities to match agent’s local views to the global world
model and to adapt the world model accordingly. The complexity of this system
depends a lot on how agents select actions. If we consider an agent which uses



the state of the global world model to select actions, and all agents abstract their
local views to a state in the global world model, the complexity is NI° + NANT,
Here, I refers to the number of abstract states for each agent. The term NI° refers
to the number of possible abstractions from states to abstract states. It is clear
that for very large or continuous state spaces, this should be done using function
approximators. The term N AN refers to the number of policies for all agents when
NT states are available in the (abstracted) global world model. The architecture
is static, although the global world model may be dynamic, e.g. it can involve
different numbers of possible states over time. Global world models deal with the
problem of partial observability of the global state.

2.2.7 Communicating agents

When agents have to cooperate, it may be very useful that agents can directly
communicate with each other to give information about their plans so that future
behaviors of the agents are better coordinated. This can be done by using lan-
guage protocols such as KQML (Finin et al., 1992) or finite state automata (FSA)
which cause each agent’s description of the world to be augmented with abstract
information received by the communication with other agents. Thus, communica-
tion provides a way to expand the limited input of an agent so that it “knows”
about the existence of other agents. Agents may even communicate recurrently so
that they can match their independent actions so that an action of an agent can
be conditioned on other agent’s actions (Gmytrasiewicz and Durfee, 1992). This
repetitive communication should stop, however, and therefore it should be limited
to a specific number of steps. Other ways of communication are to use blackboards
containing messages of agents transmitted to the whole system (Carver et al., 1991).
In this way, the agents communicate immediately to all other agents which has the
drawback that communication bandwidth is enlarged. Problems with increased
communication is that input spaces are enlarged and distributed implementation
may become less efficient if communication bandwidth is large. Although commu-
nication provides good ways for letting agents cooperate, it is still a hard task for
an engineer to specify which protocols agents should use and therefore algorithms
which are able to learn communication protocols would be quite interesting. Some
research in this direction is described in (Steels, 1997; Balch and Arkin, 1994; Mur-
ciano and Millan, 1989). Finally agents may negotiate on joint plans and in this
way maximize their individual utilities (Zlotkin and Rosenschein, 1996). Mataric
(1997) discusses communication in a multiple-robot setting to deal with hidden
state and credit assignment. The task is a box-pushing task with two six-legged
robots. The robots are equipped with a radio communication mechanism and have
to coordinate their efforts to be able to push the box to a light source. Each robot
communicates its state-information to the other agents and learns a function map-
ping the combined perceptual state to the best action for itself and the other agent.
The robots take turns in controlling the box and in this way, the behaviors of the
robots were matched effectively. By using the combined perceptual state and tak-
ing turns, the credit assignment problem was solved, whereas by communicating the
sensory data the hidden state problem was made less worse. Since she essentially
used a central controller, the approach could not be used for systems consisting of
many agents. When we allow full communication, the complexity of the system
is NAITS 4 NI(N’l)S, where [ is the number of different messages an agent may
get from another agent. The first term reflects the number of policies when the
state space is enlarged (to IVS) due to communication. The second term refers
to the number of communication policies (for each agent state, one out of I mes-
sages can be sent to each of the N — 1 other agents). We can note that for very
large or continuous state spaces, function approximators should be used to store the



communication function and full communication should be broken down into local
communicating groups. The architecture is in principle static, although different
interaction protocols could be designed to make the system dynamic. Communica-
tion can be used to deal with the problem of coordinating different agents or for
dealing with partial observability of the global state and separated problem solving
information. E.g. a blackboard full with messages could be seen as some form of
global world model.

2.3 Characteristics of multi-agent problems

There are many problems which are naturally described by multi-agent systems. In
this section we will list a set of problems and create a classification scheme based
on features inherent in these problems. Important questions which are of interest
when labeling multi-agent problems are:

e Is the problem environment static or dynamic? The traditional job-
shop schedule problem is an example of a static problem since all jobs, ma-
chines and ways of processing each job are usually assumed to be fixed. In
contrast a network routing problem can be highly dynamic since traffic load
can increase or decrease significantly during the operation of the system re-
sulting in a non-stationary environment.

e Do agents communicate as part of the task? In some problems, such
as robot soccer (RoboCup soccer), agents are allowed to communicate. For
some other problems, communication could be possible, but is not necessarily
posed in the problem’s description. If communication is used, the engineer
is requested to set up communication protocols which can make the problem
appear harder. Communication can also suffer from malicious communication
acts of opponents. E.g. consider an intelligent opponent making use of the
same communication method with the intentions to distort agent communica-
tion. Especially for surveillance and security robots, communication methods
should be reliable which could be done by using identification protocols of
senders.

e Is the state representation for an agent continuous or discrete? The
agent receives inputs through its sensors. Sometimes this information can be
discrete such as in network routing problems, for which we make the state
space of each agent discrete by just considering as local input the destination
place of each package (eventually augmented by information which indicates
whether neighboring nodes are busy or not). For some vehicle routing prob-
lems we are given a set of destination addresses to which packages should be
delivered. Given a set of vehicles and distances between destination addresses,
we could just compute an ordered list of places where each agent has to go to.
In this way the state space representation is discrete, since we only consider
discrete orderings of destination addresses. This will not work well for highly
dynamic problems, however, in which the current environmental state changes
a lot and changes in the architecture have to be done online. E.g., for dy-
namic stock supply problems each agent may require sensors (e.g. camera’s)
to obtain local input information which describes the state of the environ-
ment such as possible obstacles, positions of packages which are waiting to be
delivered, and positions of the other agents. This provides us usually with a
high-dimensional continuous feature (input) space. In this case, we may want
to discretize the space first so that we are able to use efficient planning meth-
ods working with discretized spaces. Discretizing a continuous space is still
an interesting topic of research (see e.g. Thrun (1998) for a robot application



constructing a discrete map of a building and Yamauchi et al. (1998) for a
multi-agent map-building application).

e Do the agents share a common goal? For many complex problems the
agents naturally cooperate in order to optimize the solution. Then we speak
of a global evaluation or reward function which is shared (positively corre-
lated) by all agents. Such agents are called cooperative agents. When dealing
with multi-agent systems, we could also have the case where different agents
have different tasks to perform and use their own reward functions. In such
cases agents’ reward functions may be negatively correlated (zero-sum games)
and the goal becomes to beat an opponent. Such agents then have competing
goals and are called competitive agents. Other problems may not have purely
negatively or positively correlated reward functions and are in the realm of
game theoretical problems such as the prisoner’s dilemma, bargaining prob-
lems or others. For such problems agents may help or hinder each other when
they try to optimize their own behavior, and several problems may arise such
as non-cooperating policies and the tragedy of the commons (TOC) (Hardin,
1968; Turner, 1993) where agents mutually over-exploit the resources of the
system which may finally harm all of them. For these latter problems we
need to find a mutual set of policies which cooperate as good as possible.
This can be done in different ways such as using communication or the use
of management agencies (Turner, 1993). We call such agents compromising,
self-interested agents. Thus the goal may be a common one, a competing
one, or a compromise one. Especially for the latter goal agents have to be
coordinated.

e Is the problem completely or partially observable for the system?
For particular problems such as a job-shop schedule we use a model which
contains all relevant data. Such problems are completely observable. Other
problems may be partially observable, such as stock supply problems where
each agent does in general not have access to a description of the complete
working floor since that would require expensive sensory equipment and make
the local input space much too large.

e Static agents/ Dynamic agents. In some problems, agents, such as traffic
lights or nodes in network routing problems, have a fixed determined place
in the environment. Static agents can therefore never collide. In other prob-
lems, agents are moving physical objects which can explore the environment
and usually need sensors to observe their local environment for navigation
purposes.

e Are agents independently changing the state of the environment? In
many problems, we can use the proposed action of each agent individually to
compute the new state of the environment. E.g., in a network routing problem
the traffic flowing out of a particular node is independent of other actions
selected by other agents. However, in some problems this is not the case.
E.g., examine two robots which have to carry some heavy object together.
If one agent makes some action which is not correlated to another agent’s
action, the object which they are carrying may drop on the ground. Another
example of non-independence is when agents collide since they want to occupy
the same physical position in the environment.

Figure 2 shows how different problems can be characterized according to the
above distinctions.



Static / Communication Continuous / Common / Static Independent
Dynamic Between Discrete State Competing Agents Agents
Environment  Agents Space Goal(s)
Stock Supply Dynamic Yes/No Continuous Common No No
Network Routing Dynamic No Discrete Common Yes Yes
Explorative Dynamic Yes/No Continuous Common No Yes/No
Detection
Transportation Static No Discrete Common No Yes
Problems
Robotic Dynamic Yes Continuous Common/ No No
Soccer Competing
Predator/ Dynamic Yes/No Discrete Common/ No No
Prey Competing
Forest Fire Dynamic Yes/No Continuous Common No No
Fighting
Underwater Static/ Yes Continuous Common No No
Exploration Dynamic
DataDiscovery = Dynamic Yes/No Discrete Common No Yes
on the Web
Traffic Dynamic Yes/No Discrete Common Yes/No Yes
Control
Collective Static No Discrete/ Common No No
Map Building Continuous
Electronic Dynamic Yes Discrete Compromise No No
Trading
Job Shop Static No Discrete Common Yes Yes
Scheduling

Figure 2: A classification scheme for multi-agent problems.

2.4 Matching problems to architectures

Particular problems can be handled easier when particular architectures are used.
In figure 3 we show how problems can be matched to architectures. Some of these
matches have also been described in previous work.

The centralized controller is almost never advised. Only for scheduling problems
it could be used, e.g. combined with local search algorithms or negotiation based
algorithms for trading allocated resources. E.g. the M-contract used by Anderson
and Sandholm (1998) can make arbritary complex swap moves and therefore acts
like a central controller creating a single schedule.

Policy sharing has been shown helpful for simulated soccer (Satustowicz et al.,
1998; Wiering et al., 1998) and for predator prey problems (Tan, 1993). Here
homogeneous agent may profit by combining their experiences so that each time
step more experiences are generated for updating the policy, resulting in faster
learning and better final policies. In RoboCup, partial policy sharing is also used
in the form of agent roles such as defenders (Tambe, 1997) which can be shared
by multiple agents. Policy sharing cannot be used for problems requiring different
skills of agents. E.g. in network routing, different nodes (agents) map the same
input (destination of a message) to different actions (next nodes).

Task schedules are useful for difficult problems where time requirements and/or
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| Centralized | Policy | Task ! Locd | Hierarchica | Globad | Communication

' Control | Sharing ! Schedules | Agents ! Systems | World !

1 1 1 1 1 Models |
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Network Routi ng X X
Explorative X X X
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Transportation ! X X
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Figure 3: Matching problems to architectures. Here an X’ indicates that a particular
architecture is suitable for solving a particular problem.

specialized skills play a role. E.g. in transportation problems, a crane can only
start working if a transport wagon has delivered containers. On its turn, once a
pile of containers is standing, some crane has to start placing them on the yard. In
forest fire fighting, task schedules can be used to plan future sequences of subtasks.

Local agents have been shown fruitful for particular problems such as net-
work routing. Furthermore they can be used to deal with self-interested web- or
information-agents. These local agents can learn a model of their private world and
use this to make their decisions. For electronic trading, the local agents can be
combined with communication to negotiate with other agents. In Vidal and Durfee
(1998), a modeling approach is described for trading agents, where agents can learn
different models of the other agents, varying in the amount of detail and knowledge
about other agent’s behaviors.

Hierarchical systems are useful when agent behaviors have to be coordinated.
These systems can easily combine policies so that cooperation can be enhanced.
E.g. it can be used for explorative detection so that agents will not generate the
same paths for doing observations. Instead their policies are dependent on each
other by putting them in a hierarchical system. For robot soccer, team strategies
can be represented by hierarchical systems in which each agent adopts a particular
policy if some team strategy is selected. E.g. in Tambe et al. (1999) this is done

11



by having different agent roles (policies).

Particular problems where navigation of agents play an important role can ef-
ficiently make use of global world models. These global world models are shared
by all agents which are able to read global state information from the models and
update the model according to their individual experiences. E.g. in collective map
building (Yamauchi et al., 1998), the task requires building a global world model.
Also in robot soccer, a global world model may play an important role to deal with
delayed sensory information, uncertainty in observations and goal-directed naviga-
tion purposes. The global world model does not say anything about how agent
policies are used. If global world models are used this means that the agents use
state information through the global world models to select an action instead of
directly using the sensory observation. Therefore global world models could also be
combined with communication or other architectures.

Finally, communication can be useful for all problems which require coordination
or trading. Since communication can play an important role for many different
problems, more research should be spend on developing general communication
protocols or on evolving communication languages from interaction between agents.
Steels (1997) describes an approach to evolve a language between two robot agents.
It would also be interesting to compare hierarchical systems to communication for
coordinating agents in different problems.

3 Optimization algorithms

In this section we will summarize different algorithms which are useful for optimizing
MASs. Optimizing a MAS requires that all agents optimize their own behavior
(microlearning). This is usually done by evaluating a decision policy (solution),
changing the policy in some way, and evaluating the new solution again (keeping
the best policy found so far). Optimization methods can be population-based or
not. E.g., reinforcement learning (RL) uses a single stochastic policy (the active
policy) for each agent to select an action at some time-step and tries to improve
this active policy based on the generated experience. Genetic algorithms on the
other hand keep a population of policies, evaluate them all and then make a new
population based on the previously evaluated population.

Optimizing a MAS requires microlearning and macrolearning. Microlearning is
used to optimize the policies of agents given their reward function, the inputs they
receive from the environment and the actions they can select. Macrolearning is used
to optimize the global system behavior and is used to optimize aspects of the system
which are outside the limited scope of single agents. E.g. we could think of opti-
mizing a MAS architecture, automatically selecting reward functions, or selecting
agents which can communicate with each other as possibilities for macrolearning.
Thus, microlearning is done on the agent-level and macrolearning is done on the
group- or system-level.

Microlearning. In a MAS microlearning refers to the optimization of each
single agent’s behavior. If all agents use microlearning, we would like to see the
behavior of the global system to improve as well. However, this is not always
the case. Agents act in their own interests, they only optimize their own reward
(evaluation, objective) function and by improving their own sum of rewards, the
system as a whole may degrade in performance. As mentioned before, a good
example of this is the tragedy of the commons (TOC), where self interested rational
agents cause a collapse of the system as a whole.

Macrolearning. To improve the global system behavior, macrolearning can be
used. Macrolearning may optimize coalition (cooperation) structures by changing
the architecture. It may also learn social conventions so that some behaviors are
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considered forbidden and agent’s are not allowed to settle to them. Furthermore,
macrolearning may change single agent reward functions so that when an agent
optimizes its own rewards, this is for the global good. In most current systems,
macrolearning is not used since the architecture, local reward functions etc. are
considered to be fixed. Still (Wolpert et al., 1999b) make use of it in their collective
intelligence (COIN) framework, and it may have an important function for the
optimization of the whole system. E.g., one important task for macrolearning is
coalition formation. Given a set of tasks which have to be carried out by a number
of agents, agents can form coalitions to solve particular groups of tasks together.
Since there are an exponential number of ways that tasks can be mapped to agents,
this requires an optimization module. Finally, in some problems the system has to
discover how many agents should be used to solve a particular task (e.g. in forest
fire fighting). This also requires some macrolearning to map environmental states
to the number of agents (and which agents in case of heterogeneous agents).

In the following we will consider different, optimization algorithms and mention
how they can be used as microlearning and macrolearning algorithms.

3.1 Reinforcement learning

Reinforcement learning (RL) algorithms (Sutton, 1988; Watkins, 1989; Bertsekas
and Tsitsiklis, 1996; Kaelbling et al., 1996) share the goal to optimize the behavior of
an agent by learning from the feedback information acquired during the interaction
with the environment. Traditionally RL has been used to optimize the behavior of
single agent systems. By interacting with the environment, policies are strengthened
(reinforced) when they lead to higher long term rewards of the agent. By exploring
different policies, the agent may effectively learn which policy leads to the largest
reward sums. Successful single agent RL applications are Samuel’s checker playing
program (1959) and Tesauro’s TD-Gammon (1992), a program which trained a
neural network to play backgammon at human expert level from self-play.

The problem environment. The problem environment is usually modeled as
a Markov decision problem (MDP) containing a state space, a set of possible actions
for the agent, a transition rule which determines the new state of the environment
given the current state and the selected action of the agent, and a reward function
which determines how much reward the agent receives when making a particular
transition to a new environmental state (Bellman, 1961). MDPs may be extended
to multi-agent MDPs (MMDPs) (Boutilier, 1998) by augmenting the transition
function and reward function so that they deal with a set of actions instead of
single actions.

Reinforcement learning as microlearning. RL can be applied to optimize
the behavior of an agent in a MAS. The agent receives inputs from the environ-
ment and possibly from other agents and chooses an action. Then the environment
changes and the agent receives feedback from its reward function which tells how
much reward it obtains for the last environmental transition. The agent uses this
feedback to learn a value function which estimates the long term rewards the agent
will receive when it is in a particular state (represented by its environmental inputs
and its internal state). Algorithms for learning this value function are Q-learning
(Watkins, 1989; Watkins and Dayan, 1992), TD())-learning (Sutton, 1988), and
model-based RL (Moore and Atkeson, 1993; Prescott, 1994; Barto et al., 1995;
Wiering, 1999).

Storing the value function. When the state space is small, the agent can
store the value function in a lookup table, which lists all possible states and their
values. However, for high dimensional or continuous state spaces, function approx-
imators should be used such as neural networks (Rumelhart et al., 1986; Tesauro,
1992), neural gas (Fritzke, 1994; Salustowicz et al., 1997), CMACs (Albus, 1975;
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Sutton, 1996; Wiering et al., 1998) or decision trees (Chapman and Kaelbling, 1991;
McCallum, 1995). Another big advantage of using function approximators is that
they allow for generalization so that not all states have to be visited and the policy
space is reduced.

Macrolearning with RL. RL can also be used to alter the global system
which provides it a way to coordinate agents. E.g. RL can be used to find coali-
tion structures determining which agents work together to solve some tasks and
which policies they have to use for this cooperation. Furthermore, it can be used
to learn communication mechanisms between agents such as communication pro-
tocols (a language). Another way of using RL as macrolearning algorithm is to
let it learn evaluation functions for combinatorial optimization problems. Often,
the performances of algorithms searching for solutions can be improved by slight
modifications of the evaluation function, since this can make the landscape less flat,
thereby biasing the algorithms to search in particular useful directions. Boyan and
Moore (1997) used RL to learn predictions with linear networks to improve such
combinatorial optimization search.

Applications of RL to MASs. A number of RL systems which have been
developed to solve particular problems are mentioned here shortly.

¢ Using Q-learning for microlearning. Crites and Barto (1996) used Q-
learning to train a MAS to control elevator dispatchers. A simulated building
contains four elevators and each elevator is controlled by its own local policy.
Using Q-learning they were able to train neural networks to learn a good value
function mapping environmental inputs to elevator actions. Their system
outperformed a number of conventional elevator dispatchers. The architecture
used local agents and there was no macrolearning involved.

Littman and Boyan used Q-learning to learn to route packages on a network.
Each network node (agent) used a policy to decide to which neighbor a pro-
cessed package with a particular destination address should be sent. The
system used local agents and there was no macrolearning involved.

e The Ant Colony System. The ant colony system (ACS) (Dorigo, 1992;
Dorigo et al., 1996; Dorigo and Gambardella, 1997; Dorigo and Di Caro,
1999) uses ants (agents) to create solutions to problems which are used to
update the global shared policy. E.g., for the Traveling Salesman problem
(TSP), each ant makes a tour while updating the pheremone trail so that the
best found tours get reinforced most. The ACS has already been shown to
find good solutions to the TSP (Dorigo et al., 1996), the quadratic assignment
problem (QAP) (Gambardella et al., 1997), and has also been used to find
routing policies on the Internet (Di Caro and Dorigo, 1998a; Di Caro and
Dorigo, 1998b) outperforming many other algorithms. Note that this algo-
rithm can be used for microlearning or macrolearning. It uses a parallel search
of the solution space and clever exploration methods to be able to enhance
exploration possibilities for new solutions.

e Collective Intelligence (COIN). COIN (Wolpert et al., 1999b) is devoted
to the question of how to set up a RL system which can optimize the collective
behavior when the system is put in use. Therefore it tries to find local reward
functions for agents which when optimized lead to an optimization of the
group behavior. In this way COIN is interested in reverse engineering: given
a problem instance how do we set up the local reward functions? COIN’s idea
is to construct a wonderful life utility function. An agent does not get the
global reward (the reward the whole team gets), since this has the problem
of agent credit assignment (Versino and Gambardella, 1997) which says that
it is hard to evaluate the contribution of each single agent. The local reward
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function is also not used, since it may result in competitive agents. Instead an
agent receives the global reward minus the global reward which would have
been obtained if the agent did not do anything at all (or a default action).
In this way its own contribution to the global reward is measured. COIN has
already been successfully tested on El Farol’s Bar problem (Wolpert et al.,
1999b) and an Internet routing problem (Wolpert et al., 1999a). COIN also
addresses macrolearning aspects in (Wolpert et al., 1999b).

3.2 Evolutionary computation

Evolutionary computation (EC) is inspired on natural evolutionary models in order
to find solutions to control, function optimization, and combinatorial optimization
problems. Examples of EC algorithms are genetic algorithms (Holland, 1975; Gold-
berg, 1989), evolutionary strategies (Rechenberg, 1971; Rechenberg, 1989), genetic
programming (Koza, 1992), SANE (Moriarty and Miikkulainen, 1996), and PIPE
(Satustowicz and Schmidhuber, 1997). These population-based optimization algo-
rithms make use of a population of agents which allows for a parallel search of the
solution space. Each time-step, the current population (generation) is evaluated
after which the best individuals get the largest probability for propagating their
genes (parts of their policy or solution) to the next population. This propagation
is usually done by crossover (two solutions are combined to form a new solution)
or mutation (some part of the solution is randomly changed). By selecting the best
individuals and throwing out the worst, the population will consist more and more
of good individuals of which finally the best is kept as the solution. When applied
to navigation, EC is usually combined with a set of behaviors for an agent such as
wall-following, random walk, homing etc. This makes the task of learning to control
an agent much easier.

EC for microlearning. These algorithms can be used as microlearning meth-
ods for optimizing agents in MASs by presenting each agent a population of policies
which are adapted and from which the agent finally has to pick the best one. Each
time step each agent of the MAS selects one of the members (policies) in their own
population, and the whole system is evaluated. Then the fitness of each member in
the system is updated according to the behavior of the complete system. A prob-
lem of this is that the evaluation of a population member (policy) inside an agent
depends heavily on the policies selected by other agents, so that the agent credit
assignment problem (ACAP) (Versino and Gambardella, 1997) is difficult to solve.
Ways to circumvent this is to use a member inside multiple, different agent-teams to
obtain multiple team-evaluations. Then these team-evaluations can be averaged to
obtain an evaluation of the individual. This is effectively done by the SANE system
described in (Moriarty and Miikkulainen, 1996) which learns a neural network to
solve RL problems such as learning to play Othello (Moriarty and Miikkulainen,
1995) or to learn cooperative lane selection policies for cars driving on the highway
(Moriarty and Langley, 1998). The latter multi-agent application showed promis-
ing results for optimizing traffic flow using machine learning techniques. The SANE
system combines different neurons (individuals) inside a set of neural nets and eval-
uates the neural nets. The neurons which are part of the best performing neural
networks are kept and used to create a population of new individuals.

Using macrolearning. Another solution to the agent credit assignment prob-
lem is to use macrolearning instead of microlearning. Instead of learning an indi-
vidual controller for each agent, we can also have a team of controllers as a single
individual in a population and thus we store and evolve a population of teams.
In this way, complete teams are evaluated which results in a much more accurate
evaluation signal. Note, however, that a system in which the whole global system is
optimized at the same time resembles a single agent architecture. Hence, it has the
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problem that each individual has to contain the policies of each agent, and there-
fore the search space can become prohibitively large (we search for a population of
policies inside a population of populations, which is very complex). Just like RL,
EC can also be used to evolve coalition structures, reward functions, etc.

3.3 Local iterative search

There also exist a number of single agent algorithms for solving function optimiza-
tion or combinatorial optimization problems. Examples of these methods are Tabu
search (Taillard, 1990; Glover and Laguna, 1997), multiple restarts with local hill-
climbing (Colorni et al., 1993), and simulated annealing (Aarts and Korst, 1988).

Tabu search (TS) works as follows (see (Glover and Laguna, 1997) for a more
thorough review). A random policy (solution) is generated after which TS tries
out all possible policy-changes (by assigning a different action to one of the states).
After this, the best policy-change is executed and a new solution is generated. In
this way the method is a steepest-descent method. In order not to cycle between
solutions, a list of forbidden policy-changes (the Tabu list) is kept. Each time a
policy-change is executed, it is placed inside the Tabu list and cannot be executed
again for a number of time steps. The Tabu list has a specific length and thus new
forbidden policy-changes replace other policy changes when the list is full. When
the system observes it is in a (local) minimum, the solution is stored and the system
escapes the local minimum by executing a series of random policy changes. Tabu
search has been shown to be very effective in solving difficult problems such as
the quadratic assignment problem (QAP) (Colorni et al., 1993), vehicle routing
problems (Badeau et al., 1997), and job-shop scheduling problems (Taillard, 1994),
all problems which can be modeled as multi-agent problems.

Colorni et al.’s Algodesk (Colorni et al., 1993) compares the performances of 8
different, optimization methods such as simulated annealing, Tabu search, genetic
algorithms, multiple restarts on a set of quadratic assignment problems. They found
that using Tabu search and simulated annealing leads to the best results.

Local search as microlearning. Using local search may not be an efficient way
for microlearning. When we want to optimize a controller, the policy maps many
inputs to many actions. If we make one alteration to such policies and evaluate
the policy, it may not reach the goal, since usually such policies are deterministic
and become easily trapped in cycles. One way to circumvent that problem is to
use stochastic policies which are tested or to use complete behaviors as actions.
Still, there are as many as |A|l5! policies (with |A| as the number of actions, and
|S] the number of states) so that searching through this space can take a long time
with local search methods which only make single policy changes at a time and do
not adjust other action values according to the interaction with the environment.
Littman (1994) used branch and bound methods to optimize an agent in a partially
observable environment and obtained good results, although for such environments
the number of inputs can be quite small. For solving Markov decision problems it
may be more reliable to use RL. Local search can be used in MASs by changing one
individual policy at a time, which leads to quite accurate evaluation signals since
we evaluate our single change (maybe using Monte Carlo experiments for stochastic
environments), but this requires a long time. We can also change multiple agents
synchronously and keep the resulting MAS if its behavior is better than the previous
one (which may not work well if the environment is stochastic). For some multi-
agent problems containing few states, local search may be useful, especially for
scheduling problems in factories which are usually static, fully observable, and for
which solutions can be quickly evaluated. For difficult control problems with many
input states, it may be very slow, however.

Local search as macrolearning. Local search methods can also be used to
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find good coalition structures mapping tasks to agents and ensuring that particular
agents cooperatively solve their tasks. It can generate a CS, test it by using some
algorithm as microlearning method, change the CS by changing the assignment of
tasks to agents, and evaluate it again. This also resembles how coalition structures
can be constructed in game theory (Sandholm, 1996).

3.4 Game theory

In cases where self-interested agents optimize their own reward functions, interaction
problems between agents arise. E.g., when agents do not have entirely positive or
negative correlated reward functions, agents may help or hinder each other pursuing
their own goals and the need to cooperate between agents may arise. In multi-agent
systems, the agents can be provided with an interaction protocol, but each agent
will still choose its own strategy. The main question is what social outcomes follow
given a protocol which guarantees that each agent’s desired local strategy is best
for that agent - and thus the agent will use it (Sandholm, 1999).

Game theory is interesting for studying the dynamics resulting from having
agents interact with the same environment, for designing interaction protocols, and
provides us with optimization algorithms in the form of auctions, markets, and
voting schemes. The simplest environments are single step decision problems where
the reward which each agent obtains is given by a payoff matrix. The payoff matrix
returns the rewards each agent (player) receives given its action and the actions of
all other players. In the simplest case, the environment is given only by the actions
of other players.

Prisoner’s Dilemma. A famous example is the prisoner’s dilemma (PD) where
agents can decide upon a single action: to cooperate (C) or defect (D) with the other
agent. The payoff matrix is shown in figure 4. Since defecting is a dominant strategy
(whatever the other agent does, the best choice is to defect), a rational agent would
choose to defect, resulting in a non-cooperating game. The largest payoff can be
obtained if both agents choose to cooperate (which is a a Pareto optimal solution
— a solution in which players cannot change their action to receive higher reward
without other players receiving less reward), and hence comes the dilemma. For
such problems, agents can be put repeatedly for the same choice, and cooperation
may emerge from this interaction. By studying repeated games (fictitious play),
given the previous history of choices of both players, the question is how should the
agent behave to maximize its future cumulative payoff? Although the defect-defect
situation is a Nash-equilibrium (given the other players’ strategies, no agent will
benefit from changing strategies), in iterative games (games which are repeatedly
played) the players can explore different possibilities and learn to cooperate and in
this way optimize their cumulative payoffs.

C D
C| (33 | (05
D (50 | (1,1

Figure 4: The payoff matriz for the prisoner’s dilemma. The matriz should be read
as follows: if agent 1 makes decision C and agent 2 decides D, then agent 1 receives
reward 0 and agent 2 a reward of 5.
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Game theory and microlearning. Game theory can use two different agents:
(1) the rational agent which contains sufficient problem solving knowledge and plan-
ning methods to solve a problem, and (2) the reinforcement learner which learns
from its interaction with other agents. The reinforcement learner can optimize its
behavior in iterated plays (repeated games) with other players in which the agent
can learn from the history of moves. E.g., Sandholm (1995) studied how Q-learning
can be used to learn the cooperating policy for the Iterated PD (IPD). For this
he used lookup tables and recurrent neural networks which were enabled to base
their decision policy on the history of previous moves. He found that both systems
can learn to cooperate (C-C) with Tit-for-Tat (Axelrod, 1984), an algorithm which
starts by cooperating and then uses the previous choice of the opponent as its cur-
rent move. If the two RL systems play against each other different interactions arise,
however, such as alternating C-C and C-D moves. Fogel (1993) uses evolutionary
computation to evolve behaviors of agents in the IPD. Brafman and Tennenholtz
(1996) study how a RL teacher can learn to teach a student to cooperate in the
IPD. They find that a non-adaptive Tit-for-Tat teacher works well and that a RL
teacher can be used, but does not always lead to reliable outcomes. Furthermore
they study how a cooperative organization can be stable against parasites which
may for example work on the same work-floor, but refuse to bring common tools
back to their original position. To make the organization stable, penalty agents
are constructed which defect against parasites so that a rational parasite will profit
more by cooperating as well.

Coordination. For particular games, coordination is needed. E.g., assume the
game is a risk-dominant game given by the payoff matrix shown in figure 5(A).

L R L R
L| 22 |(-1000) L | 00 | (55
R | (0-100 (1,2 R |55 | 00

Figure 5: (A) The payoff matriz for the risk-dominant game. (B) The payoff matriz
for the coordination game.

Here there are two Nash-equilibria: L-L and R-R. Clearly, the Pareto optimal
solution is to play L-L, but since choosing L can result in a large loss, R is a risk-
dominant strateqy. Hence, coordination is needed to converge to L-L. An example
of coordination is to use communication, e.g., both agents may communicate before
making their moves that they will choose L. In complex problems, communication
may also be useful to coordinate the activities of different agents. E.g. in soccer, we
may want to learn a pass-play strategy in which one agent plays the ball to another
agent, runs forward, and receives the ball back. This can be done by communicating
the planned actions from one agent to another one. Another game is shown in figure
5(B) in which there are two Nash-equilibria. The problem is which one to chose.
Note that this games resembles driving behavior: cars can drive on the left or on
the right side of the street. A way to solve this problem is to use social conventions
(such as people should drive on the right side) which prune away choices (behaviors)
of the agents.

Tragedy of the commons. Another game theoretical problem is the TOC.
Here, agents share the same resource and follow their own reward function. By
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increasing their exploitation of the resource, agents receive higher rewards, and this
makes it a rational choice. However, if all agents keep on increasingly exploiting
the bounded resource, problems may arise. Take as examples overfishing which
has caused the enormous fish population to shrink considerably or environmental
pollution. In MASs the TOC can happen in many different ways. Take as example
autonomous underwater vehicles (AUVs) which can use radars to sense their envi-
ronments. If AUVs use their sensors more, they can get a better picture of their
environment. The problem is that the use of radars in water causes interference
between radar signals, resulting in more uncertainty in the returned information
(Turner and Turner, 1998). Methods to deal with such problems use communica-
tion, mutual-coercion mutually agreed upon, privatization of resources, social laws,
or management agencies to keep the resources from starving out (Turner, 1993).

Negotiation for task decomposition. An important subfield of game theory
which deviates from the matrix-games is negotiation between self-interested agents
(Sandholm, 1996; Sandholm, 1999; Zlotkin and Rosenschein, 1996). Negotiation
may be used as a mechanism for assigning tasks to agents, for allocating resources,
and for electronic trading. For this, algorithms from economical theory such as
bargaining and auction theory may be used. Bargaining refers to seller/buyer sit-
uations in which one agent sells an item to another agent and gets paid for this.
Auction theory refers to selling items to a set of buyers so that the buyer which
offers most gets the item. A problem which can be solved by bargaining and nego-
tiations is a transportation problem modeled as a vehicle routing problem. There
are a number of depots which store goods and a number of customers which have
ordered a number of goods. Transportation vehicles are used to deliver the goods
to the consumers after which they return to the depot. The goal of the system is
to minimize the total distance traveled by all vehicles with the constraint that the
vehicles have sufficient capacity to carry all goods to the consumers. In (Sandholm,
1996) negotiation mechanism are described to solve this problem. Here, agent nego-
tiate in order to form coalition structures determining which agents should deliver to
which consumers. During this negotiation, agents may pay other agents for solving
some task of theirs. In this way, the sum of costs for all agents can be minimized,
since agents only handle tasks for other agents if they profit, and agents never pay
more to other agents than what would have been their own cost for executing the
task. Andersson and Sandholm (1998) discuss using different contracts which can
be used for transferring one task among agents (O-contracts), transferring more
than 1 task from one agent to another one (C-contracts), having 2 agents swap
tasks (S-contracts), or having multiple tasks changed among multiple agents (M-
contracts). The trade stops once no more contracts are made and the agents can
start solving their own tasks. They found out that if the ratio agents to tasks is
great O-contracts work best and if this ratio is small C-contracts work best.

The way such a system looks for CSs resembles Tabu search. Tabu search
tries out all swap-moves (contracts) and keeps the best one. The difference is that
Sandholm (1999) allows for self-interested agents and deals with this by using money
transfer while making contracts. Furthermore, contracts come to agents all the time
(but not all at the same time), and therefore timing becomes essential for agents:
they may want to postpone a contract to see whether other, better contracts are
coming, but cannot wait too long. In this way the system could be much more
complicated than just using simple swap-moves in a cooperative system.

Negotiation for multi-agent plans. Zlotkin and Rosenschein (1996) study
negotiation as a means to determine multi-agent plans. The question they pose is
how interaction rules can be designed (mechanism design) so that agents agree on
mutually beneficial behavior. Each agent has a goal (set of goal states) which it
wants to reach and assigns a specific reward (worth) to achieving its goal. Further-
more each agent can execute a plan to achieve its goal with a specific cost. Agents
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may also carry out joint plans, which may lead to the goals of all agents being
satisfied. Rational agents will only carry out a plan if the reward of reaching the
final state is larger than the cost of the plan. In general they want to maximize
their utility (their reward of the goal minus the cost of the plan). If we consider two
agent systems, agents can decide to pursue their goals by an individual plan, they
can cooperate in a joint plan or they can do nothing (since the costs of each plan is
larger than its reward). In some cases, joint plans (even partial joint plans which
do not lead to any goal), are preferable over individual plans. In such cases, the
joint plan is carried out and according to the rewards of goals, agents can divide the
work. Even if goals are not both satisfiable (they contradict each other), agent may
gain by carrying out a joint plan. E.g., consider a block-world problem in which the
goal states of two agents are contradicting, but both goal states have in common
that a proportion of the same work has to be done to satisfy them. In this case,
the agents can start by cooperatively carrying out the plan which has lower total
cost than if an agent would do the work alone, and then they toss a coin to decide
which goal will be satisfied. In this way both agents profit on average. To cope with
such different situations, agents may choose between pure plans (without a prob-
abilistic component), mixed joint plans (with a probabilistic component to divide
work according to goal rewards), semi-cooperative deals (agents carry out a subtask
and profit mutually), and multi plan deals which implement post-flip cooperation
in which a coin is flipped and the outcome decides whether agents cooperatively
execute a joint plan which leads to the goal for agent 1 or the goal of agent 2.

Vickrey auction. When we want to maximize social welfare (the sum of the
utilities of all agents) when dealing with multiple agents, it is important that truth-
telling of the agents is a dominant strategy. E.g., in some interaction schemes an
agent may prefer to lie in order to get paid a higher amount for doing some task
or to do less work for solving some task. If agents start lying, the best contracts
could be disregarded, leading to a worse social welfare. Therefore, mechanisms
have been designed which promote truth-telling as a dominant strategy. One of
the mechanisms in auction-theory is the Vickrey (second price, sealed-bid) auction
(see Sandholm (1999) for a list of other auctions), in which agents make a bid for
some object, and the agent which had offered the largest payment, gets the object
for the price of the second bid. Here, truth-telling of the real monetary value of
the object is a dominant strategy in single-shot private value auctions with risk
neutral bidders, a truthful auctioneer, and no possibility of colluding. The main
argument is that if an agent would say that she values the object less, the price
would be the same for getting the object, whereas the agent may also loose the
bidding, thus not gaining the profit of the difference between its worth of the object
and the second largest bid. If the agent would say a higher amount, the agent
may win the competition and pay a larger amount than its worth of the object.
Thus, the best is to tell the truth. Problems with the Vickrey auction are that
buyers may make coalitions (all can cooperate in mentioning a low value so that
the winner would have to pay less), or the contractor (the market) may lie: since the
second bid is unknown, the contractor could say that its price equaled the winning
bid. These subjects are important when dealing with self-interested agents and
electronic marketing (Sandholm, 1996). Another mechanism for truth-telling is the
Vickrey-Clarke-Gloves Tax (see Appendix A).

3.5 Mapping problem types to algorithms

RL and EC are algorithms which can be used effectively for microlearning, e.g. for
learning to control an agent. They could also be used for macrolearning as we have
seen. On the other hand, game theory and local iterative algorithms are more useful
for macrolearning. They can be used to find coalition structures, task allocations,
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and schedules.

There are particular differences between algorithms such as Tabu search (TS)
and adaptive algorithms such as RL. An important difference is that TS computes
and evaluates a complete solution (e.g., a job-shop schedule) and tries to find a
better solution by trying a set of changes to the solution, evaluating the resulting
solutions and keeping the best one. Usually, TS works very well if evaluating a so-
lution can be very fast and precise, what is the case for standard problems like the
traveling salesman problem, but which is not the case for very stochastic problems
such as network routing problems. In contrast, RL algorithms incrementally im-
prove their solutions by using feedback information acquired during the interaction
with the environment. Using this feedback, they make small changes to a (stochas-
tic) policy. Since these methods rely on stochastic decision policies and evaluate the
policy in many different situations for which it should work well, they are disturbed
less by the stochasticity inside the problem environment.

We would also like to know when to apply a particular optimization algorithm.
For this we made a mapping from problem features to optimization algorithms.

Static / Communication Continuous / Common / Static Independent
Dynamic Between Discrete state Competing Agents agents
Environment ~ Agents Space Goal(s)
Reinforcement ~ Static/ Allowed Continuous/ Common/ Static/ YesNo
Learning Dynamic Discrete Competing Dynamic
Evolutionary Static Allowed Continuous Common/ Static/ Yes/No
Computation Discrete Competing Dynamic
Local Search Static Complex Discrete Common/ Static Yes/No
Competing
Game Theory Static/ Allowed Discrete Common/ Static Yes/No
Dynamic Competing/
Compromising

Figure 6: Matching problem features to optimization algorithms. Table entries de-
note for which problem features the algorithm is suitable.

In figure 6, we show that RL can handle all kinds of environments. Evolution-
ary computation cannot handle highly dynamic environments well, since when we
are evaluating population members inside a population, we require the problems
the agents are solving to be the same and in non-stationary environments this is
not the case. For slowly changing environments, both methods will suffer from
the same problems and can use the same methods to deal with it. E.g. when the
environmental change in cyclic, both methods could track changes of the environ-
ment and accordingly switch to new policies. Local search suffers from the same
problem as EC, since highly dynamic environments make it difficult to evaluate a
particular change of the policy. Although there are no theoretical guarantees that
RL converges to stable policies for non-stationary environment, they have the ad-
vantage that they rely on a single decision policy which could in principle use its
own interaction with the environment to track the “environmental drift”.

Furthermore, local search may have difficulties with communication, since there
is no standard way of evolving communication acts which may also require function
approximators. They also have problems with continuous environments, since in
this case it is hard to make single policy changes. Finally, it often assumes that
agents are static, since navigating an agent in some environment demands some
kind of behaviors or controller. Game theory can not be used for continuous state
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spaces,? since in this case negotiations between agents can be quite troublesome
(although prices for trading could be continuous, in general settings prices are sliced
into discrete values, see e.g. Vidal and Durfee, 1998). Finally, game theory cannot
be used for navigating dynamic agents, since it does not provide tools for this. It
does provide useful tools for designing and analyzing communication, and could
also be used for dynamic environments since all agents constantly remain inside the
environment.

Although we have not mentioned it before, partial observability of the envi-
ronment may also be an interesting feature for choosing between RL and EC. Al-
though (Moriarty et al., 1999) discuss a comparison between an EC method to
Q-learning, and show that Q-learning does not work for non-Markovian problems,
TD(1) approaches based on Monte Carlo simulations come much closer in spirit
to EC algorithms and do not suffer that much when evaluating a policy (Wiering
and Schmidhuber, 1997). The most interesting difference therefore may be that
EC algorithms usually solve the structural and temporal credit assighment at the
same time, e.g. by evolving a recurrent neural network. The question then remains
whether similar things cannot be done using RL.

4 MAS problems

In this section we will review a set of problems and research work to solve them.

4.1 Network routing

Network routing problems consist of a set of nodes connected in a network by trans-
mission edges. At each time-step a set of packages are transmitted to the nodes,
and these are transported over the network until they reach their destination ad-
dress. The goal is to send packages to those neighboring nodes which will minimize
the overall traveling time. For decision making, the destination address of the
package and information which describes how busy neighboring nodes are may be
used. A problem which resembles network routing is traffic control where we have
to switch traffic lights in order to minimize the average waiting time for the cars.
Algorithms for solving network routing problems are the ant-system (Di Caro and
Dorigo, 1998a; Di Caro and Dorigo, 1998b), Q-routing (Littman and Boyan, 1993),
predictive Q-routing (Choi and Yeung, 1995) and TPOT-RL (Stone and Veloso,
1999).

4.2 Stock supply

In stock supply problems, we have a set of vehicles which drive around in an envi-
ronment and have the goal to fetch objects and transport these to their destination
address. Note that the big difference with network routing problems exists in the
fact that in stock supply problems the vehicles are physical objects driving around in
an environment which makes navigation and path-planning issues important prob-
lems. There are static stock supply problems such as delivering fuel from a fuel
deposit to a set of fuel stations with the goal to minimize the overall traveling dis-
tance and these can be modeled by vehicle routing problems where we list the set of
addresses to which fuel has to be sent, and evaluate whether all constraints are ful-
filled (such as tank-vehicle ¢ can carry sufficient fuel to supply tank stations z1, x4,
and xg). For such problems the ACS, EC, or TS can be used. There are also very
dynamic problems such as stock supply in a supermarket where requested items
should be taken of the shelves and a continuous stream of items can be requested.

2 Although we always have the option to discretize the space first.
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For such problems we may prefer to use RL to learn reactive policies which can
immediately react to changes to the state of the environment. Another example of
a stock supply problem is elevator dispatching where the goal is to bring a set of
passengers in an elevator building to their destination addresses using multiple ele-
vators. An RL algorithm for solving this problem is described in (Crites and Barto,
1996). Schneider et al. (1999) describe different RL methods using different reward
rules for distributed control of a simulated power grid. The goal is to direct power
from a set of producers through a number of distributors to a set of consumers
(cities). The comparison between four different local learning rules (using global
reward, local reward, local reward and rewards of neighboring nodes, and local re-
ward and value functions of neighboring nodes) shows that learning a local value
function which is not only based on the local reward but also on value functions of
neighboring nodes is the most promising variant.

4.3 Explorative detection problems

In explorative detection problems (distributed measurement) the goal is to generate
a set of trajectories in order to maximize the probability that an event of interest
will be detected. Examples are forest fire detection (Kourtz, 1994) where the goal
is to generate a set of airplane trajectories over a 2-dimensional discretized map of
a forest with probabilities that in each region a forest fire may have started. Other
problems are pollution detection (detect a pollution belt in the air), land-mine
detection and food foraging.

Massios and Voorbraak (1999) describe an application of decision theoretic plan-
ning for surveillance robots. The goal is to minimize the cost of particular events
such as an undetected fire or flooding in a room of a building. For this, the agent
has to find out in which order to visit rooms. Although the present application
involves a single agent it could easily be generalized to a multi-agent problem.

Ye and Tsotsos (1997) consider a collective search task for a team of robots.
In a 3D environment, some target object is hidden and the goal of the team is
to cooperatively explore the environment in order to detect the object as soon
as possible. Finding trajectories which maximize the probability of detecting the
object is a NP-hard problem. Their proposed method works with a probability grid
representing the probability that each of the discrete cells contains the target. By
navigating through the environment and sensing the space with cameras (which
are not accurate enough to be able to always detect the object when it is in the
surroundings), the probability grid is updated and this influences the search. Tt
is also important to coordinate the agents, since it may happen that all agents
believe that the target object is in some area and will cluster in the same working
space. Therefore a term for spreading the agents over the environment is used while
planning agent movements.

4.4 Transportation problems

Transportation problems are common real world problems. Examples are harbor
container problems (Gambardella et al., 1998) where we have a dock where contain-
ers are loaded and unloaded from ships with their specific destination addresses and
a big yard (depot) is used for stocking containers which should be shipped to some
destination. There are a set of cranes which can be used for loading and unloading
ships and for building container piles on the container yard and a set of transport
trains which carry the containers between the quay and the container yard where
they have to be loaded/unloaded. The goal is to find efficient schedules for the
cranes storing the containers in the yard, for loading and unloading the ships, and
for the trains transporting containers between the yard and quay so that the cost
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of the whole operation is minimized. Particular problems which have to be solved
are the following: containers which leave quickly should not be stored under a large
set, of containers which should then be moved on the yard to different places which
would cost a lot of time. Other problems involve deadlock situations in which two
cranes are assigned to the same area of the yard. Another transportation problem
is the train container problem where trains are used to carry containers to their
destination addresses and for which containers have to be transported on railway
stations to change trains.

4.5 Traffic light control

In traffic light control, we have an environment consisting of an infrastructure, cars,
and traffic lights. The cars drive over the roads and have a particular destination
address. Traffic lights are modeled as agents which can switch between red and
green signals. The goal of the system is to minimize the overall waiting time in
front of the traffic lights which also minimizes traveling times. Thorpe and An-
derson (1996) use SARSA (Sutton, 1996) with replacing eligibility traces (Singh
and Sutton, 1996) to learn traffic controllers on a simulated traffic control problem
consisting of a network of 4 x 4 traffic light controllers modeled in a grid. They
modeled average speed, queueing and acceleration/ deceleration of cars. They op-
timized the traffic controller on a single intersection after which they copied it to
the other intersections (so they use policy sharing). Results showed that using their
best state representation (which indicated which partitions of each road segment
contained cars) they were able to outperform an algorithm which used fixed waiting
times or an algorithm which allowed the largest queue to go first. This latter algo-
rithm suffers from switching lights too often on crowded traffic nodes which costs a
lot of time, since cars need to decelerate and accelerate again and again.

Taale et al. (1998) compare using evolutionary algorithms (a (i, A) evolution
strategy) to evolve a traffic light controller for a single simulated intersection to
using the traditional traffic light controller used in the Netherlands (the RWS C-
controller). They found comparable results for both systems.

4.6 Multi-machine scheduling

In multi-machine scheduling, jobs have to be assigned to machines so that certain
performance demands like time and cost effectiveness are optimized. Brauer and
Weiss (1997) discuss a RL approach using local agents to optimize the global behav-
ior of the system. They consider two types of time constraints: the time that one
machine needs for completing its production step and the time needed for trans-
ferring one job from one machine to a successor (the machines are represented by
a network in which each job goes through a machine at all levels). By learning
an estimation of the remaining time for transferring one job from one machine to
each successor machine, the successor machine can be chosen leading to the low-
est expected cost. Their algorithm outperformed a random assignment policy and
a method which assigns a job to the machine with the lowest cost for a one-step
lookahead step. It can also re-adapt itself to changes in the environment, e.g. when
a machine breaks down.

4.7 Quadratic assignment problem

The quadratic assignment problem (QAP) provides (like many other NP-complete
problems) a suitable model for many real-world problems such as: campus planning,
typewriter keyboard design, hospital layout, minimizing average job completion in
machine scheduling and others (Colorni et al., 1993). In a QAP there is a flow
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matrix and a cost matrix, e.g. the average number of times the director visits the
secretary and the distance between their rooms. The goal is to place all objects in
such a way to minimize the product of the flow and cost matrices. A number of
algorithms can be used to solve the QAP such as Tabu search, simulated anneal-
ing, genetic algorithms, immune networks, sampling and clustering, the ant colony
system and others. These algorithms can be used to find good solutions to difficult
QAP problems as shown in (Colorni et al., 1993; Gambardella et al., 1997).

4.8 Robot soccer

In robot soccer, the goal is to find team soccer strategies. Fach agent follows a
particular action selection policy and the goal is to optimize that policy so that the
team will win against other teams with the largest possible score difference. This is
a challenging problem combining a dynamic environment, cooperation, competition
and communication. Soccer recently received much attention by various multi-agent
researchers (Sahota, 1993; Asada et al., 1994; Littman, 1994a; Stone and Veloso,
1996; Matsubara et al., 1996). Most early research focused on physical coordina-
tion of soccer playing robots (Sahota, 1993; Asada et al., 1994). There also have
been attempts at learning low-level cooperation tasks such as pass play (Stone and
Veloso, 1996; Matsubara et al., 1996). Littman (1994) describes a 5 x 4 grid world
with two single opponent players. Luke et al. (1997) describe an approach to learn-
ing soccer team strategies in more complex environments. Some novel research on
learning soccer strategies is described in (Salustowicz et al., 1998; Wiering et al.,
1998). Stone et al. (1999) describe their soccer team “CMUnited-98” which be-
came the Robocup-98 simulator league champion. CMUnited-98 keeps an accurate
global world model representing the positions, velocities of all moving objects and
the confidences of these parameters. Then it uses the global world model for local
decision making. For this skills are constructed such as: Kicking, Dribbling, Ball
Interception, Goal-tending, and Defending. These skills take the predicted world
model and predicted effects of future actions into account to determine the optimal
primitive action. Furthermore, machine learning techniques are used for choosing
the action of the agent possessing the ball. Finally, CMUnited uses clever strategic
positioning of the team players using a procedure maximizing a mathematical ex-
pression consisting of attraction (to the ball and goal) and repulsion (from passive
teammates and opponents) terms.

4.9 Forest fire fighting

In forest fire fighting, the goal is to control forest fires with a set of agents. The
forest fire is modeled and we can control a set of bulldozers to cut firelines. These
firelines have to ensure that the propagation of the forest fire stops. The goal is
to learn optimal strategies for each bulldozer which uses local information in order
to create firelines. In (Wiering and Dorigo, 1998) a method is described which has
the aim to solve this problem. It relies on using function approximators to solve
the local navigation problem and uses RL and cooperative search to learn a policy
which dynamically constructs optimal firelines given the current state of the forest
fire.

4.10 Cooperative robot tasks

In robotic domains, using multiple robots to speed up a task like object gather-
ing (Mataric, 1994) or to make pushing a heavy box possible (Mataric, 1997) is
a natural extension to single agent problem solving methods. With robot teams,
new features become possible such as communication, carrying heavy objects with
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multiple robots, and task specialization. Murciano and Millan (1995) describe a
RL method which uses prewired behaviors for a team of agents in which the goal
is to learn to signal to other agents where the objects of interest are. E.g., when
there is a group of objects clustered together, agents may use light sources to pro-
vide other agents with the information that they found a spot from which objects
may be gathered. Using this signal-based communication, each agent can learn to
become a signaling agent or an exploring agent. The results show that the team
can learn to cooperate well. A similar way of communicating messages was done
by Mataric (1997), where robots had to collectively collect pucks and robots could
send messages to each other which would influence where other robots would go to.

Balch and Arkin (1994) discuss communication in reactive multi-agent robotic
systems. The tasks involved are foraging (go and bring objects to the homebase),
consuming (go to objects and consume them), and grazing (e.g. lawn mowing).
They provide the robots with the ability to send state (which behavior are they
currently following) or goal information (which place may be interesting) among
agents. The results show that for the foraging and consume task, communication
helps to reduce the time needed to find or consume all objects in the environment.
For grazing no improvement was found, however. The authors explained that in
grazing, there is already implicit communication since agents can observe the lawn
and infer where other agents are working.

4.11 Load balancing

In load balancing we want to map a process to a parallel machine. The process
which has to be parallelized can be modeled as a network where nodes represent
subtasks and edges represent communication between tasks. The goal is to fit
the process as well as possible on the machine so that communication overhead is
minimized. This is also a NP-complete problem. Schaerf et al. (1995) discuss an
approach to adaptive load balancing using reinforcement learning. The problem
they consider is a multi-agent multi-resource stochastic system: there is a set of
agents, a set of resources with capacities, and probabilistic job sizes. An agent
must select a single resource for each job which will process it. If a resource is
working on multiple jobs at the same time, it spreads its production activity over
all jobs. Thus, the goal is to let agents learn to assign the best resource to each job
and to distribute the jobs in the right way. They use a simple RL scheme, where
each agent estimates the time each machine needs to process their jobs. By having
all agents learn simultaneously, some agents will prefer to use particular resources
whereas others prefer other resources. In this way the jobs are spread. The results
show good performance of the learning system compared to non-adaptive decision
systems, and that the learning system can also effectively handle changing capacities
of resources.

4.12 Dynamic channel allocation

In dynamic channel allocation for cellular telephone systems, calls have to be
mapped to channels. Each channel can be used for multiple calls, but only if the
calls using them are spatially distributed. Singh and Bertsekas (1996) discuss a RL
approach to learning an assignment policy for incoming calls. The goal is to learn
decision policies which minimize the number of calls which are blocked since no
channel is available for them. They use feature extraction, a linear neural network
and TD(0) (Sutton, 1988) learning a value function for telephone network configu-
rations. In this way when a call has to be assigned, all next configurations can be
evaluated and the one with the lowest estimated number of (future) blocked calls
is selected. The algorithm uses a single controller, and the system is therefore not
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really a MAS, although it could be decentralized as well. The algorithm has been
shown to outperform fixed assignment policies and the best heuristical assignment
policies on a large cellular system with approximately 70%° states.

4.13 Game theoretical problems

Arthur’s El Farol Bar problem (Wolpert et al., 1999b) is a fairly difficult problem
to solve with multiple agents. There is a bar and a set of agents. Each agent has to
select a night for attending the bar. Since the bar may be empty or overcrowded,
the agents have to cooperate to maximize the global payoff. E.g., during a night a
payoff is obtained of: zexp(—x/6.0) which is maximized when 2 = 6. Therefore if
there are 168 agents, the optimal solution is to have 6 agents in the bar on 6 nights
and to have the remaining 132 agents in the bar on the last night. Such problems
need cooperative agents and good reward functions to learn this solution. E.g., in
(Wolpert et al., 1999b), it is described that just learning from the global reward
does not work well, but different reward functions such as the wonderful life utility
lead to much better results.

4.14 Predator-prey problems

Multi-agent RL has also been used to study predator-pray problems, such as the
problem described in (Ono and Fukumoto, 1997; Stone and Veloso, 1997) where 4
predators have to close in a prey on a grid and their actions are to stand still or
to go to each of the four directions. The predators need to cooperate whereas the
prey has to escape the predators. In (Ono and Fukumoto, 1997) predators use Q-
learning and obtain information from the environment using local visual fields. The
problem is that since there are a total of 5 agents (including the prey), the number
of possible inputs grows exponentially with the number of agents. Therefore the
authors use a modular approach in which different modules are used to detect prey
and single predator positions within the local fields. In this way, agents can learn to
cooperate by locating and following other agents. The experiments show that the
team of agents are able to learn cooperative behaviors such as herding (agents stay
together which facilitates enclosing the prey), and altruistic behaviors (agents stay
close to the prey so that other agents are able to either detect the prey or other
agents and in this way the chances to detect and close in the prey increase).

Tan (1993) studies how independent agents behave when compared to coop-
erative agents. The cooperative agents can communicate their perceptual fields,
policies and learning episodes to another agent. They have to solve a 2 predator, 2
prey task (locating and hitting the prey) in a discrete grid-world. The results show
that communicating local perceptual fields by a (third) scouting agent helps to re-
duce the number of steps for catching the prey. Policy sharing and presenting other
agents with episodic memory (the learning trial of another agent) also help. Thus,
in these ways cooperating communicating agents outperform independent agents.

Schmidhuber and Zhao (1996) study three co-evolving agents which are simul-
taneously prey and predator. E.g. Agent A tries to catch agent B, but has to
escape from agent C. They use the success-story algorithm (Schmidhuber, 1996;
Schmidhuber et al., 1997), an algorithm which keeps policy updates if they result
in long term reward acceleration. The policy updates are performed by the policy
itself, so that the policy is self-modifying. The results show that each agent learns
interesting pursuit-evasion behaviors.
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5 Conclusion

This paper described multi-agent systems (MASs), systems consisting of multiple
individual agents working in the same environment. Since these agents share re-
sources and may have their own individual goals, conflicts may arise when we want to
co-optimize the agents. Therefore an important topic in dealing with MASs is to co-
ordinate agents. Coordination can be done using special multi-agent architectures.
Different, architectures of special interest are global world models, hierarchical sys-
tems (management agencies), and explicitly communicating agents. Some of these
are already used for multi-agent applications such as global world models for robot
soccer (Stone et al., 1999). Most recent multi-agent applications, however, rely on
local agent architectures (e.g. Crites and Barto, 1996) or on systems using limited
communication possibilities. Since larger applications such as RoboCup rescue, the
new RoboCup challenge requiring many agents to cooperatively deal with disaster
situations, will require good coordination skills, much more research in developing
and testing more advanced architectures is required.

Optimization algorithms for solving multi-agent problems are another impor-
tant topic for MAS researchers and this topic has received more attention during
the last years. In this paper, we made the distinction between microlearning and
macrolearning for optimizing MASs. Microlearning is used to optimize the behavior
of single agents — a single agent interacts with its environment (including other
agents) and learns to maximize its long term reward intake. Macrolearning is used
to optimize the global behavior of the system and can be used to optimize the archi-
tecture, reward functions, communication protocols, or other global decisions such
as choosing how many agents will be used for solving the problem. We discussed
using reinforcement learning (RL), evolutionary computation (EC), local iterative
search, and game theory. RL and EC can be used for microlearning and macrolearn-
ing. Just as in single agent RL, there are tradeoffs whether to use RL or EC (see
(Moriarty et al., 1999) for a discussion of relative advantages/disadvantages). In
multi-agent RL, problems are often non-Markovian since local agents only perceive
partial state information, and non-stationary. For such problems both methods
may profit from different, specialized, architectures. Therefore experimental com-
parisons between both approaches would be helpful to find their relative strengths.
Local search and game theory are useful for coordinating multiple agents using
either hierarchical systems (local search) or communication (game theory). Fur-
thermore, game theory is interesting for studying the social outcomes of interacting
self-interested agents.

We discussed previous research in solving a set of multi-agent problems. For
most problems, multi-agent RL with local independent agents have been used. Still,
although simple, these approaches have often been shown to be quite effective. In fu-
ture research, we would like to see the advantages of going beyond local agents. For
this, we could use communication, hierarchical systems where agents get roles given
global strategies, global world models, and task structures for dividing tasks into
sequences of subtasks. It has already been shown effective to expand the state infor-
mation of an agent by some more global information. E.g. Stone and Veloso (1999)
find good solutions to a network routing problem by using information whether a
neighboring node is busy or not to decide to which node a package should be sent.
In this way, local decision making can be improved. When we look into the future,
we expect that more systems will be constructed combining local information and
global information in which the global information may be obtained in different
ways, e.g. by communication. Another interesting topic is how reward rules can
be set up so that optimizing a single agent’s behavior is for the common good. For
now, many interesting multi-agent problems are still waiting to be studied and lots
of exciting work has to be done to construct algorithms solving them.
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A Vickrey-Groves-Clark mechanism

The Vickrey-Groves-Clark (VCG) mechanism can be used to let agents reveal the
truth so that the problem to be optimized can be solved. The mechanism uses pay-
ment to agents in a way that this payment minus the cost for an agent is maximized
when the agent tells the truth (Nisan, 1999). E.g. consider the following problem
from (Nisan, 1999): A cache is shared by many processors. When an item is entered
into this cache, all processors get faster access. Each processor i saves ' having a
certain item in the cache. The cost of loading the item in the cache is C'. Thus, we
want to load the item if ¢ > C.

If we divide the cost by all participating agents, we set p’ = —% for n agents.
However, if an agent has ' > p', it could announce its valuation as greater than C,
and ensure that the item is loaded. If agents have to pay a fragment of their (men-
tioned) valuation, they will try to declare the lowest possible valuation, resulting in
a free rider problem which can lead to no item being loaded.

The solution is to let an agent pay the minimal declaration needed from her to
load the item in the cache, thus: p' = Z#i t/ — C. Thus, the payment is only
non-zero if i <0<y y 1. If agents declare lower utility, the item may not

be loaded so that the agent cannot profit by having t* > p’. If agents declare a
higher utility, the item may be loaded and the agent may have to pay for it.
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