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Preface

In today’s world, the increasing requirement for emulating the behavior of real-world 
applications for achieving effective management and control has necessitated the 
usage of advanced computational techniques. Computational intelligence-based 
techniques that combine a variety of problem solvers are becoming increasingly 
pervasive. The ability of these methods to adapt to the dynamically changing 
environment and learn in an online manner has increased their usefulness in 
simulating intelligent behaviors as observed in humans. These intelligent systems are 
able to handle the stochastic and uncertain nature of the real-world problems. 
Application domains requiring interaction of people or organizations with different, 
even possibly conflicting goals and proprietary information handling are growing 
exponentially. To efficiently handle these types of complex interactions, distributed 
problem solving systems like multiagent systems have become a necessity. The rapid 
advancements in network communication technologies have provided the platform for 
successful implementation of such intelligent agent-based problem solvers.  

An agent can be viewed as a self-contained, concurrently executing thread of 
control that encapsulates some state and communicates with its environment, and 
possibly other agents via message passing. Agent-based systems offer advantages 
when independently developed components must interoperate in a heterogenous 
environment. Such agent-based systems are increasingly being applied in a wide 
range of areas including telecommunications, Business process modeling, computer 
games, distributed system control and robot systems.  

Multi-agent systems is an area of distributed artificial intelligence that emphasizes 
the joint behaviors of agents with some degree of autonomy and the complexities 
arising from their interactions. Multi-agent systems allow the subproblems of a 
constraint satisfaction problem to be subcontracted to different problem solving 
agents with their own interest and goals. This increases the speed, creates parallelism 
and reduces the risk of system collapse on a single point of failure. Different multi-
agent architectures, that are tailor-made for a specific application is possible. They are 
able to synergistically combine the various computational intelligent techniques for 
attaining a superior performance. This gives an opportunity for bringing the 
advantages of various techniques into a single framework. It also provides the 
freedom to model the behavior of the system to be as competitive or coordinating, 
each having its own advantages and disadvantages.  

This book provides an overview of multi-agent systems and several applications 
that have been developed for real-world problems.  

We wish to express our appreciation to the authors and reviewers for their 
contributions. We acknowledge the excellent editorial assistance by the  
Springer-Verlag.  

 Dipti Srinivasan, Singapore 
Lakhmi C. Jain, Australia 
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Chapter 1 

An Introduction to Multi-Agent Systems 

P.G. Balaji and D. Srinivasan 

Department of Electrical and Computer Engineering 
National university of Singapore 

g0501086@nus.edu.sg, dipti@nus.edu.sg 

Summary. Multi-agent systems is a subfield of Distributed Artificial Intelligence 
that has experienced rapid growth because of the flexibility and the intelligence 
available solve distributed problems. In this chapter, a brief survey of multi-agent 
systems has been presented. These encompass different attributes such as 
architecture, communication, coordination strategies, decision making and 
learning abilities. The goal of this chapter is to provide a quick reference to assist 
in the design of multi-agent systems and to highlight the merit and demerits of the 
existing methods.  

Keywords: Multi-agent systems, Agent architecture, Coordination strategies 
and MAS communication. 

1   Distributed Artificial Intelligence (DAI) 

Distributed artificial intelligence (DAI) is a subfield of Artificial Intelligence [1] that 
has gained considerable importance due to its ability to solve complex real-world 
problems. The primary focus of research in the field of distributed artificial 
intelligence has included three different areas. These are parallel AI, Distributed 
problem solving(DPS) and Multi-agent systems (MAS). Parallel AI primarily refers to 
methodologies used to facilitate classical AI [2-8] techniques when applied to 
distributed hardware architectures like multiprocessor or cluster based computing. 
The main aim of parallel AI is to increase the speed of operation and to work on 
parallel threads in order to arrive at a global solution for a particular problem. 
Distributed problem solving is similar to parallel AI and considers how a problem can 
be solved by sharing the resources and knowledge between large number of 
cooperating modules known as Computing entity. In distributed problem solving, 
communication between computing entities, quantity of information shared are pre-
determined and embedded in design of computing entity. Distributed problem solving 
is rigid due to the embedded strategies and consequently offers little or no flexibility. 

In contrast to distributed problem solving, Multi-agent systems (MAS) [9-11] deal 
with the behaviour of the computing entities available to solve a given problem. In a 
multi-agent system each computing entity is referred to as an agent. MAS can be 
defined as a network of individual agents that share knowledge and communicate 
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with each other in order to solve a problem that is beyond the scope of a single agent. 
It is imperative to understand the characteristics of the individual agent or computing 
entity to distinguish a simple distributed system and multi-agent system. 

The chapter is organized into nine sections. Section 2 gives a brief overview  
of an agent and its properties. The characteristics of multi-agent system is given in 
section 3. Section 4 shows the general classification of MAS based on their 
organization and structure. Section 5 gives details of various mechanisms used in the 
communication of information between agents. Section 6 gives details of the decision 
making strategies used in MAS and is  followed by the coordination principles in 
section 7. Section 8 gives an insight into the learning process in multi-agent systems,. 
The advantages and their disadvantages are highlighted. These are followed by 
section 9 which contains some of  the concluding remarks. 

2   Agent 

Researchers in the field of artificial intelligence have so far failed to agree on a 
consensus definition of the word "Agent". The first and foremost reason for this is due 
to the universality of the word Agent. It cannot be owned by a single community. 
Secondly, the agents can be present in many physical forms which vary from robots to 
computer networks. Thirdly, the application domain of the agent is vastly varied and 
it is impossible to generalize. Researchers have used terms like softbots (software 
agents), knowbots (Knowledge agents), taskbots (task-based agents) based on the 
application domain where the agents were employed [12]. The most agreed definition 
of agent was that of Russell and Norvig. They define an agent as a flexible 
autonomous entity capable of perceiving the environment through the sensors 
connected to it. These act on the environment through actuators. The definition 
provided does not cover the entire range of characteristics that an agent should 
possess. It can be distinguished from expert systems and distributed controllers. Some 
important traits that differentiate an agent from simple controllers are as follows. 

Situatedness: This refers to the interaction of an agent with the environment through 
the use of sensors and the resultant actions of the actuators. Environment in which an 
agent is present is an integral part of its design. All of the inputs are received directly 
as a consequence of the agents interactions with its environment. The agent's directly 
act upon the environment through the actuators and do not serve merely as a meta 
level advisor. This attribute makes differentiates it from expert systems in which the 
decision making node or entity suggests for changes through a middle agent and does 
not directly influence the environment.  

Autonomy: This can be defined as the ability of an agent to choose its actions 
independently without external intervention by other agents in the network (case of 
multi-agent systems) or human interference. These attribute protects the internal states 
of agent from external influence. It isolates the agent from instability caused by 
external disturbances. 

Inferential capability: The ability of an agent to work on abstract goal specifications 
such as deducing an observation by generalizing the information. This could be done 
by  utilizing relevant contents of available information.  
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Responsiveness: The ability to perceive the condition of environment and respond to 
it in a timely fashion to take account of any changes in the environment. This latter 
property is of critical importance in real-time applications. 

Pro-activeness: Agent must exhibit a good response to opportunistic behaviour. This 
is in order to enhance actions that are goal-directed rather than just being responsive 
to a specific change in environment. It must have the ability to adapt to any changes 
in the dynamic environment. 

Social behaviour: Even though the agent’s decision must be free from external 
intervention, it must still be able to interact with the external sources when the need 
arises to achieve a specific goal. It must also be able to share this knowledge and help 
other agents (MAS) solve a specific problem. That is agents must be able to learn 
from the experience of other communicating entities which may be human, other 
agents in the network or statistical controllers.  

Some other properties that are associated with the agents include mobility, 
temporal continuity, collaborative behaviour etc. Based on whether a computing 
entity is able to satisfy all or a few of the above properties , agents could be further 
specified as exhibiting either weak or a strong agency. 

 

Perception

Reactive Belief
Model Goals History utility

Reasoning / Inference engine

Action

co
m

m
un
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Fig. 1. Typical building blocks of an autonomous agent 

It is however extremely difficult to characterize agents based only on these 
properties. It must also be based on the complexity involved in the design, the 
function which is to be performed and rationality which is exhibited.  

3   Multi-Agent Systems 

A Multi-Agent System (MAS) is an extension of the agent technology where a group 
of loosely connected autonomous agents act in an environment to achieve a common 
goal. This is done either by cooperating or competing, sharing or not sharing 
knowledge with each other.  
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Multi-agent systems have been widely adopted in many application domains 
because of the beneficial advantages offered. Some of the benefits available by using 
MAS technology in large systems [13] are 

 

1. An increase in the speed and efficiency of the operation due to parallel 
computation and asynchronous operation 

2. A graceful degradation of the system when one or more of the agent fail. It 
thereby increases the reliability and robustness of the system 

3. Scalability and flexibility- Agents can be added as and when necessary 
4. Reduced cost- This is because individual agents cost much less than a 

centralized architecture 
5. Reusability-Agents have a modular structure and they can be easily replaced in 

other systems or be upgraded more easily than a monolithic system 
 

Though multi-agent systems have features that are more beneficial than single agent 
systems, they also present some critical challenges. Some of the challenges are 
highlighted in the following section. 

Environment: In a multi-agent system, the action of an agent not only modifies its 
own environment but also that of its neighbours. This necessitates that each agent 
must predict the action of the other agents in order to decide the optimal action that 
would be goal directed. This type of concurrent learning could result in non-stable 
behaviour and can possibly cause chaos. The problem is further complicated, if the 
environment is dynamic. Then each agent needs to differentiate between the effects 
caused due to other agent actions and variations in environment itself. 

Perception: In a distributed multi-agent system, the agents are scattered all over the 
environment. Each agent has a limited sensing capability because of the limited range 
and coverage of the sensors connected to it. This limits the view available to each of 
the agents in the environment. Therefore decisions based on the partial observations 
made by each of the agents could be sub-optimal and achieving a global solution by 
this means becomes  intractable.  

Abstraction: In agent system, it is assumed that an agent knows its entire action space 
and mapping of the state space to action space could be done by experience. In MAS, 
every agent does not experience all of the states. To create a map, it must be able to 
learn from the experience of other agents with similar capabilities or decision making 
powers. In the case of cooperating agents with similar goals, this can be done easily 
by creating communication between the agents. In case of competing agents it is not 
possible to share the information as each of the agents tries to increase its own chance 
of winning. It is therefore essential to quantify how much of the local information and 
the capabilities of other agent must be known to create an improved modelling of the 
environment. 

Conflict resolution: Conflicts stem from the lack of global view available to each of 
the agents. An action selected by an agent to modify a specific internal state may be 
bad for another agent. Under these circumstances, information on the constraints, 
action preferences and goal priorities of agents must be shared between to improve 
cooperation. A major problem is knowing when to communicate this information and 
to which of the agents.  
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Inference: A single agent system inference could be easily drawn by mapping the 
State Space to the Action Space based on trial and error methods. However in MAS, 
this is difficult as the environment is being modified by multiple agents that may or 
may not be interacting with each other. Further, the MAS might consists of 
heterogeneous agents, that is agents having different goals and capabilities. These 
may be not cooperating and competing with each other. Identifying a suitable 
inference mechanism in accordance of the capabilities of each agent is crucial in 
achieving global optimal solution. 

It is not necessary to use multi-agent systems for all applications. Some specific 
application domains which may require interaction with different people or 
organizations having conflicting or common goals can be able to utilize the 
advantages presented by MAS in its design.  

4   Classification of Multi Agent System 

The classification of MAS is a difficult task as it can be done based on several 
different attributes such as Architecture [14], Learning [15][16][17], Communication 
[14], Coordination [18]. A general classification encompassing most of these features 
is shown in figure 2. 

4.1   Internal Architecture 

Based on the internal architecture of the particular individual agents forming the 
multi-agent system, it may be classified as two types: 
 

   1. Homogeneous structure 
   2. Heterogeneous structure 

 

a) Homogeneous Structure 
In a homogeneous architecture, all agents forming the multi-agent system have the 
same internal architecture. Internal architecture refers to the Local Goals, Sensor 
Capabilities, Internal states, Inference Mechanism and Possible Actions [19]. The 
difference between the agents is its physical location and the part of the environment 
where the action is done. Each agent receives an input from different parts of the 
environment. There may be overlap in the sensor inputs received. In a typical 
distributed environment, overlap of sensory inputs is rarely present [20].  
 

b) Heterogeneous Structure 
In a heterogeneous architecture, the agents may differ in ability, structure and 
functionality [21]. Based on the dynamics of the environment and the location of the 
particular agent, the actions chosen by agent might differ from the agent located in a 
different part but it will have the same functionality. Heterogeneous architecture helps 
to make modelling applications much closer to real-world [22].Each agent can have 
different local goals that may contradict the objective of other agents. A typical 
example of this can be seen in the Predator-Prey game [23]. Here both the prey and 
the predator can be modelled as agents. The objectives of the two agents are likely to 
be in direct contradiction one to the other.  
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Fig. 2. Classification of a multi agent system based on the use of different attributes 

4.2   Overall Agent Organization 

a) Hierarchical Organization 
Hierarchical Organization [24] is one of the earliest organizational design in multi-
agent systems. Hierarchical architecture has been applied to a large number of 
distributed problems. In the hierarchical agent architecture, the agents are arranged in 
a typical tree like structure. The agents at different levels on the tree structure have 
different levels of autonomy. The data from the lower levels of hierarchy typically 
flow upwards to agents with a higher hierarchy. The Control Signal or Supervisory 
Signals flow from higher to a lower hierarchy [25]. Figure.3 shows a typical Three 
Hierarchical Multi-Agent Architecture. The flow of control signals is from a higher to 
lower priority agents.  

According to the distribution of  the control between the agents, hierarchical 
architecture can be further classified as being a simple and uniform hierarchy. 
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Simple Hierarchy: In a simple hierarchy [26], the decision making authority is 
bestowed using a single agent of highest level of the hierarchy. The problem with a 
simple hierarchy is that a single point failure of the agent in the highest hierarchy may 
cause the entire system to fail.  

Uniform Hierarchy: In a uniform hierarchy, the authority is distributed among the 
various agents in order to increase the efficiency, fault tolerance having a  graceful 
degradation  in case of single and multi point failures. Decisions are made by agents 
having the appropriate information. These decisions are sent up the hierarchy only 
where there is a conflict of interest between agents in different hierarchy. 

Reference [25], provides an example of a uniform hierarchical multi-agent system 
applied to a urban traffic signal control problem. The objective is to provide a  
distributed control of traffic signal timings. This is to reduce the total delay time 
experienced by vehicles in a road network. A Three Level Hierarchical Multi-Agent 
System where each intersection is modelled as an agent forming the agents at lowest 
hierarchy followed by zonal agents which supervise a group of lower level agents and 
finally a single apex supervisor agent at the top of hierarchy. The agent in the lower 
level of the hierarchy decides on the optimal green time. This is based on the local 
information collected at each of the intersections. The agents at the higher level of the 
hierarchy modify decision of the lower hierarchical agents. From time to time there 
may be a conflict of interest or the overall delay experienced at a group of 
intersections increases due to a selected action.  Here, the overall control is uniformly 
distributed among the agents. A disadvantage is that the amount and the type of 
information which must be transmitted to agents at higher hierarchy. This is a non-
trivial problem which increases as the network size increases.  

 

 
 

Fig. 3. A Hierarchical Agent Architecture 

 
b) Holonic Agent Organization 
A 'Holon' is a stable and coherent similar or fractal structure that consists of several 
'holons' as its sub-structure and is itself a part of a larger framework. The concept of a 
holon was proposed by Arthur Koestler [27] to explain the social behaviour of 
biological species. However, the hierarchical structure of the holon and its 
interactions have been used to model a large organizational behaviours in 
manufacturing and business domains [28][29]. 
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In a holonic multi-agent system, an agent that appears as a single entity to may be 
composed of many sub-agents  bound together by commitments. The sub-agents are not 
bound by a hard constraints or by pre-defined rule but through commitments. These 
refer to the relationships agreed to by all of the participating agents inside the holon.  

Each holon appoints or selects a Head Agent that can communicate with the 
environment or with other agents located in the environment. The selection of the 
head agent is usually based on the resource availability, communication capability 
and the internal architecture of each agent. In a homogeneous multi-agent system, the 
selection can be random and a rotation policy could be employed similar to that used 
with distributed wireless sensor networks. In the heterogeneous architecture, the 
selection is based on the capability of the agent. The holons formed may group further 
in accordance to benefits foreseen in forming a coherent structure. They form 
Superholons. Figure 4.  shows a Superholon formed by grouping two holons. Agents 
A1 and A4 are the heads of the holons and communicate with agent A7. This is the 
head of the superholon. The architecture appears to be similar to that of hierarchical 
organization. However in holonic architecture, cross tree interactions and overlapping 
or agents forming part of two different holons are allowed.  

In recent times, [30] had proved the superiority of the holonic multi-agent 
organization and how the autonomy of the agents increases when in a holonic group. 
The abstraction of the internal working of holons provides an increased degree of 
freedom when selecting the behaviour. A major disadvantage[30-31] is the lack of a 
model or of a knowledge of the internal architecture of the holons. This makes it 
difficult for other agents to predict the resulting actions of the holons.   

 

Fig. 4. An example of Superholon with Nested Holons resembling the Hierarchical MAS 
 

 
c)  Coalitions 
In coalition architecture, a group of agents come together for a short time to increase the 
utility or performance of the individual agents in a group. The coalition ceases to exist 
when the performance goal is achieved. Figure 5. shows a typical coalition multiagent 
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system. The agents forming the coalition may have either a flat or a hierarchical 
architecture. Even when using a  flat architecture, it is possible to have a leading agent 
to act as a representative of the coalition group. The overlap of agents among coalition 
groups is allowed as this increases the common knowledge within the coalition group. It 
helps to build a belief model. However the use of overlap increases the complexity of 
computation of the negotiation strategy. Coalition is difficult to maintain in a dynamic 
environment due to the shift in the performance of group. It may be necessary to 
regroup agents in order to maximize system performance.  

Theoretically, forming a single group consisting of all the agents in the 
environment will maximize the performance of the system. This is because each agent 
has access to all of the information and resources necessary to calculate the condition 
for optimal action.It is impractical to form such a coalition due to restraints on the 
communication and resources.  

The number of coalition groups created must be minimized in order to reduce the 
cost associated with creating and dissolving a coalition group. The group formation 
may be pre-defined based on a threshold set for performance measure or alternatively 
could be evolved online. 

In reference [32], a coalition multi-agent architecture for urban traffic signal 
control was mentioned. Each intersection was modelled as an agent with capability to 
decide the optimal green time required for that intersection. A distributed neuro-fuzzy 
inference engine was used to compute the level of cooperation required and the agents 
which must be grouped together. 

The coalition groups reorganize and regroup dynamically with respect to the 
changing traffic input pattern. The disadvantage is the increased computational 
complexity involved in creating ensembles or coalition groups. The coalition MAS 
may have a better short term performance than the other agent architectures [33]. 

A1

A4
A3

A2

A7

A8

A9

A5

A6

A10

A12A11 Overlap 
coalition

Coalition 2

Coalition 1 Coalition 3

Coalition 4  

Fig. 5. Coalition multi-agent architecture using overlapping groups  
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d) Teams 
Team MAS architecture [34] is similar to coalition architecture in design except that 
the agents in a team work together to increase the overall performance of the group. 
Rather than each working as individual agents. The interactions of the agents within a 
team can be quite arbitrary and the goals or the roles assigned to each of the agents 
can vary with time based on improvements resulting from the team performance. 
Reference [35] , deals with a team based multi-agent architecture having a  partially 
observable environment. In other words, teams that cannot communicate with each 
other has been proposed for the Arthur's bar problem. Each team decides on whether 
to attend a bar by means of predictions based on the previous behavioural pattern and 
the crowd level experienced which is the reward or the utility received associated with 
the specific period of time. Based on the observations made in [35], it can be 
concluded that a large team size is not beneficial under all conditions. Consequently 
some compromise must be made between the amount of information, number of 
agents in the team and the learning capabilities of the agents.  

Large teams offer a better visibility of the environment and larger amount of 
relevant information. However, learning or incorporating the experiences of 
individual agents into a single framework team is affected. A smaller team size offers 
faster learning possibilities but result in sub-optimal performance due to a limited 
view of  the environment. Tradeoffs between learning and performance need to be 
made in the selection of the optimal team size. This increases the computational cost 
much greater than that experienced in coalition multi-agent system architecture. 
Figure 6. shows a typical team based on architecture with partial view. The team 1 
and 3 can see each other but not teams 2 ,4 and vice versa. The internal behaviour of 
the agents and their roles are arbitrary and vary with teams even in  homogeneous 
agent structure. 

 

 
 

Fig. 6. Team based multi-agent architecture with a partial view of the other teams 
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Variations and constraints on aspects of the four agent architecture mentioned 
before can produce other architectures such as federations, societies and 
congregations. Most of these architectures are inspired by behavioural patterns in 
governments, institutions and large industrial organizations. A detailed description of 
these architectures, their formation and characteristics may be found in [34]. 

5   Communication in Multi-Agent System 

Communication is one of the crucial components in multi-agent systems that needs 
careful consideration. Unnecessary or redundant intra-agent communication can 
increase the cost and cause instability. Communication in a multi-agent system can be 
classified as two types. This is based on the architecture of the agent system and the 
type of information which is to be communicated between the agents. In [14], the 
various issues arising in MAS system with homogeneous and heterogeneous 
architecture has been considered and explained by using a predator/prey and by the 
use of robotic soccer games. Based on the information communication between the 
agents [36], MAS can classified as local communication or message passing and 
network communication or Blackboard. Mobile communication can be categorized 
into class of local communication.    

5.1   Local Communication 

Local communication has no place to store the information and there is no 
intermediate communication media present to act as a facilitator. The term message 
passing is used to emphasize the direct communication between the agents. Figure 7. 
shows the structure of the message passing communication between agents. In this 
type of communication, the information flow is bidirectional. It creates a distributed 
architecture and it reduces the bottleneck caused by failure of central agents. This 
type of communication has been used in [25] [37] [38].  

5.2   Blackboards 

Another way of exchanging information between agents is through Blackboards [39]. 
Agent-based blackboards, like federation systems, use grouping to manage the 
interactions between agents. There are significant differences between the federation 
agent architecture and the blackboard communication.  

In blackboard communication, a group of agents share a data repository which is 
provided for efficient storage and retrieval of data actively shared between the agents. 
The repository can hold both the design data as well as the control knowledge that can 
be accessed by the agents. The type of data that can be accessed by an agent can be 
controlled through the use of a control shell.  This acts as a network interface that 
notifies the agent when relevant data is available in the repository. The control shell can 
be programmed to establish different types of coordination among the agents. Neither 
the agent groups nor the individual agents in the group need to be physically located 
near the blackboards. It is possible to establish communication between various groups 
by remote interface communication. The major issue is due to the failure of 
blackboards. This could render the group of agents useless depending on the specific 
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blackboard. However, it is possible to establish some redundancy and share resources 
between various blackboards. Figure 8a. shows a single blackboard with the group of 
agents associated with it. Figure 8b. shows blackboard communication between two 
different agent groups and also the facilitator agents present in each group. 

 

Fig. 7. Message Passing Communication between agents 

 

 
 

(a) 
 

 
(b) 

 
Fig. 8. (a) Blackboard type communication between agents. (b) Blackboard communication 
using remote communication between agent groups. 
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5.3   Agent Communication Language 

An increase in the number of agents and the heterogeneity of the group necessitates a 
common framework to help in proper interaction and information sharing. This 
common framework is provided by the agent communication languages (ACL). The 
elements that are of prime importance in the design of ACL were highlighted in [40]. 
They are the availability of the following. 
 

• A common language and interaction format (Protocol) that can be 
understood by all of the participating agents. 

• A shared Ontology where the message communicated has the same meaning 
in all contexts and follows agent independent semantics. 

 

There are two popular approaches in the design of an agent communication language. 
They are Procedural approach and Declarative approach. In Procedural approach, the 
communication between the agents is modelled as a sharing of the procedural 
directives. Procedural directives shared could be a part of how the specific agents 
does a specific task or the entire working of the agent itself. Scripting languages are 
commonly used in the procedural approach. Some of the most common scripting 
languages employed are JAVA, TCL, Applescript and Telescript. The major 
disadvantage of the procedural approach is the necessity of providing information on 
the recipient agent which in most cases is not known or only partially known. In case 
of making a wrong model assumption, the procedural approach may have a 
destructive effect on the performance of the agents. The second major concern is the 
merging of shared procedural scripts into a single large executable relevant script for 
the agent. Owing to these disadvantages, the procedural approach is not the preferred 
method for designing agent communication language. 

In the declarative approach, the agent communication language is designed and 
based on the sharing of the declarative statements that specifies definitions, 
assumptions, assertions, axioms etc. For the proper design of an ACL using a 
declarative approach, the declarative statements must be sufficiently expressive to 
encompass the use of a wide-variety of information. This would increase the scope of 
the agent system and also avoid the necessity of using specialized methods to pass 
certain functions. The declarative statements must be short and precise as to increase 
in the length affects the cost of communication and also the probability of information 
corruption. The declarative statements also needs to be simple enough to avoid the 
use of a high level language. This means that the use of the language is not required to 
interpret the message passed. To meet all of the above requirements of the declarative 
approach based ACL, the ARPA knowledge sharing effort has devised an agent 
communication language to satisfy all requirements.  

The ACL designed consists of three parts [41]: A Vocabulary part,  "Inner 
language"  and "Outer language". The Inner language is responsible for the translation 
of the communication information into a logical form that is understood by all agents. 
There is still no consensus on a single language and many inner language 
representations like KIF (Knowledge Interchange Format)[42], KRSL, LOOM are 
available. The linguistic representation created by these inner languages are concise, 
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unambiguous and context-dependent. The receivers must derive from them the 
original logical form. For each linguistic representation, ACL maintains a large 
vocabulary repository. A good ACL maintains this repository open-ended so that 
modifications and additions can be made to include increased functionality. The 
repository must also maintain multiple ontology’s and its usage will depends on the 
application domain.  

Knowledge Interchange Format [43] is one of the best known inner languages and 
it is an extension of the First-Order Predicate Calculus (FOPC). Some of the 
information that can be encoded using KIF are simple data, constraints, negations, 
disjunctions, rules, meta-level information that aids in the final decision process. It is 
not possible to use just the KIF for information exchange as much implicit 
information needs to be embedded. This is so that the receiving agent can interpret it 
with a minimal knowledge of the sender's structure. This is difficult to achieve as the 
packet size grows with the increase in embedded information. To overcome this 
bottleneck, a high level language that utilizes the inner language as its backbone were 
introduced. These high-level languages make the information exchange independent 
of the content syntax and ontology. One well known Outer language that satisfies this 
category is the KQML (Knowledge Query and Manipulation Language) [44]. A 
typical information exchange between two agents utilizing the KQML and KIF agent 
communication language is as follows. 

 

   (ask  :Content (geolocation lax(?long ?lat)) 

                  : language KIF 

               :ontology STD_GEO 

             : from location_agent 

          : to  location_server 

             : label Query- "Query identifier") 

              (tell : content "geolocation(lax, [55.33,45.56])" 

         : language standard_prolog 

     : ontology STD_GEO) 

The KQML is conceived as both message format and message handling protocol to 
facilitate smooth communication between agents. From the above example provided, 
it can be seen that KQML consists of three layers (Figure 9): A communication layer 
which indicates the origin and destination agent information and query label or 
identifier, a message layer that specifies the function to be performed (eg: In the 
example provided, the first agent asks for the geographic location and the second 
agent replies to the query), and a content layer to provide the necessary details to 
perform the specific query.  



 An Introduction to Multi-Agent Systems 15 

 
 

Fig. 9. KQML - Layered language structure 

 
In KQML, the communication layer is at a low level and packet oriented. A stream 

oriented approach is yet to be developed. The communication streams could be built 
on TCP/IP, RDP, UDP or any other packet communication media. The content layer 
specifies the language to be employed by the agent. It should be noted that agents can 
use different languages to communicate with each other and interpretation can be 
performed locally by higher level languages.  

6   Decision Making in Multi-Agent System 

Multi-agent decision making is different from a simple single agent decision system. 
The uncertainty associated with the effects of a specific action on the environment 
and the dynamic variation in the environment as a result of the action of other agents 
makes multi-agent decision making a difficult task. Usually the decision making in 
MAS is considered as a methodology to find a joint action or the equilibrium point 
which maximizes the reward received by every agent participating in decision making 
process. The decision making in MAS can be typically modelled as a game theoretic 
method. Strategic game is the most simplest form of decision making process.  Here 
every agent chooses its actions at the beginning of the game and the simultaneous 
execution of the chosen action by all agents. 

A strategic game [45][46] consists of 

• a set of players - in multi-agent scenario, the agents are assumed to 
be the players 

• For each player, there is a set of actions 
• For each player, the preferences over a set of action profiles 

There is a payoff associated with each of the combination of action values for the 
participating players. The payoff function is assumed to be predefined and known in 
the case of a simple strategic game. It is also assumed that the actions of all agents are 
observable and is a common knowledge available to all agents. A solution to a 
specific game is the prediction of the outcome of the game making the assumption 
that all participating agents are rational. 
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The prisoner's dilemma is a best case for demonstrating the application of game 
theory in decision making involving multiple agents. The prisoner's dilemma problem 
can be states as 

Two suspects involved in the same crime are interrogated independently. If both the 
prisoner's confess to the crime, each of them will end up spending three years in 
prison. If only one of the prisoner confesses to the crime, the confessor is free while 
the other person will spend four years in prison. If they both do not confess to the 
crime, each will spend a year in prison. 

This scenario can be represented as a strategic game. 

Players:  Two suspects involved in the crime 

Actions: Each agent's set of actions is {Not confess, confess} 

Preferences: Ordering of the action profile for agent 1, from best to worst case 
scenario, is {confess, Not confess}, {Not Confess, Not confess}, {Confess, Confess} 
and {Not confess, Confess}. Similar ordering could be performed by agent 2. 

A payoff matrix that represents the particular preferences of the agents needs to be 
created. Simple payoff matrix can be u1{Confess, Not confess} =3, u1{Not confess, 
Not confess}=2. u1{Confess, Confess}=1, u1{Not confess, confess}=0.  Similarly the 
utility or payoff for agent 2 can be represented as u2{Not confess, confess}=3, u2(Not 
confess, Not confess}=2, u2{confess, Not confess}=0 and u2{confess, confess}=1.  
 

The reward or payoff received by each agent for choosing a specific joint action can 
be represented in a matrix format called as payoff matrix table. The problem depicts a 
scenario where the agents can gain if they cooperate with each other but there is also a 
possibility to be free if a confession is made. The particular problem can be 
represented as a payoff matrix as shown in Figure 10. In this case it can be seen that 
the solution "Not confess" is strictly dominated. By strictly dominated solution, it 
means that a specific action of an agent always increases the payoff of the agent 
irrespective of the other agents actions.  

 
  Agent 2 

  Not Confess Confess 

Not confess 2,2 0,3 
Agent 1 

Confess 3,0 1,1 

   
Fig. 10. Payoff matrix in the Prisoner's Dilemma Problem 

 
However, there can be variations to the prisoner's dilemma problem by introducing 

an altruistic preference while still calculating the payoff of the actions. Under this 
circumstance, there is no action strictly dominated by the other. 
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6.1   Nash Equilibrium 

To obtain the best solution based on the constructed payoff matrix, the most common 
method employed is the Nash Equilibrium. Nash Equilibrium [47] can be stated as 
follows 

A Nash Equilibrium is an action profile a* with the property that no player i can do 
better by choosing an action different from a* of i, given that every other player 
adheres to a* of j. 

In the most idealistic conditions, where the components of the game are drawn 
randomly from a collection of populations or agents, a Nash equilibrium corresponds 
to a steady state value. In a strategic game, there always exists a Nash equilibrium but 
it is not necessarily a unique solution.  Examining the payoff matrix in Figure. 11 
shows that {confess, confess} is the Nash equilibrium for the particular problem. The 
action pair {confess, confess} is a Nash equilibrium because given that agent 2 
chooses to confess, agent 1 is better off choosing confess than Non confess. By a 
similar argument with respect to agent 2 it can be concluded that {confess, confess} is 
a Nash Equilibrium. In particular, the incentive to have a  free ride on confession 
eliminates any possibility of selecting mutually desirable outcome of the type {Not 
Confess, Not Confess}. If the payoff matrix could be modified to add value based on 
the trust or reward to create altruistic behaviour and feeling of indignation, then the 
subtle balance that exists shifts and the problem would have a multiple number of 
Nash equilibrium points as shown in Figure 11.   

 
  Agent 2 

  Not Confess Confess 

Not confess 2,2 -2,-1 
Agent 1 

Confess -1,-2 1,1 

   
Fig. 11. Modified Payoff matrix in the Prisoner's Dilemma Problem 

 
In this particular case, there are no dominated solution and multiple Nash 

equilibrium would exist. To obtain a solution for the type of problem the coordination 
between the agents is an essential requirement. 

6.2   The Iterated Elimination Method 

The solution to the Prisoner's dilemma problem can also be obtained by using the 
iterated elimination method [48]. In this method, the strongly dominated actions are 
iteratively eliminated until no more actions are strictly dominated. The iterated 
elimination method assumes that all agents are rational and it would not choose a 
strictly dominated solution. This method is weaker than the Nash equilibrium as it 
finds the solution by means of a algorithm. Iterated elimination method fails when 
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there are no strictly dominated actions available in the solution space. This limits the 
applicability of the method in multi-agent scenario where mostly weakly-dominated 
actions  are encountered. 

7   Coordination in Multi-Agent System 

Coordination is the central issue in the design of multi-agent systems. Agents are 
seldom stand-alone systems and usually involve more than one agent working in 
parallel to achieve a common goal. When multiple agents are employed to achieve a 
goal, there is a necessity to coordinate or synchronize the actions to ensure the 
stability of the system. Coordination between agents increases the chances of 
attaining a optimal global solution. In [49] major reasons necessitating coordination 
between the agents were highlighted. The requirements are 
 

• To prevent chaos and anarchy 
• To meet global constraints 
• To utilize distributed resources, expertise and information 
• To prevent conflicts between agents 
• To improve the overall efficiency of the system 

 

Coordination can be achieved by applying constraints on the joint action choices of 
each agent or by utilizing the information collated from neighbouring agents. These 
are used to compute the equilibrium action point that could effectively enhance the 
utility of all the participating agents. Applying constraints on the joint actions requires 
an extensive knowledge of the application domain. This may not be readily available. 
It necessitates the selection of the proper action taken by each agent. It is based on the 
equilibrium action computed. However, the payoff matrix necessary to compute the 
utility value of all action choices might be difficult to determine. The dimension of 
the payoff matrix grows exponentially with the increasing the number of agents and 
the available action choices. This may create a bottleneck when computing the 
optimal solution.  

The problem of this dimensional explosion can be solved by dividing the game into 
a number of sub-games that can be more effectively solved. A simple mechanism 
which can  reduce the number of action choices is to apply constraints or assign roles 
to each agent. Once a specific role is assigned, the number of permitted action choices 
is reduced and are made more computationally feasible. This approach is of particular 
importance in a distributed coordination mechanism. However, in centralized 
coordination techniques this is not a major concern as it is possible to construct belief 
models for all agents. The payoff matrix can be computed centrally and provided to 
all of the agents as shared resource. The centralized coordination is adopted from the 
basic client/server model of coordination. Most of the centralized coordination 
techniques uses blackboards as a way in which to exchange information. Master agent 
schedules of all the connected agents are required to read and write information from 
and to the central information repository. Some of the commonly adopted 
client/server models are KASBAH[50] and MAGMA[51]. The model uses a global 
blackboard to achieve the required coordination. Disadvantage in using the 
centralized coordination is that of system disintegration resulting from a single point 
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failure of the repository or of the mediating agent. Further use of the centralized 
coordination technique is contradictory to the basic assumption of DAI[52][49].  

7.1   Coordination through Protocol 

A classic coordination technique among agents in a distributed architecture is through 
the communication protocol. Protocol is usually in high level language which 
specifies the method of coordination between the agents and is a series of task and 
resource allocation methods. The most widely used protocol is the Contract Net 
Protocol [53] which facilitates the use of distributed control of cooperative task 
execution. The protocol specifies what information is to be communicated between 
the agents and the format of the information of dissemination is handled by the 
protocol. A low-level communication language such as KIF that can handle the 
communication streams is assumed to be available. The protocol engages in 
negotiation between the agents to arrive at an appropriate solution. The negotiation 
process must adhere to the following characteristics 
 

1. Negotiation is a local process between agents and it involves no central 
control 

2. Two way communication is available between  all participating agents exists 
3. Each agent makes its evaluation based on its own perception of the 

environment 
4. The final agreement is made through a mutual selection of the action plan 

 

Each agent assumes the role of Manager and Contractor as necessary. The manager 
essentially serves to break a larger problem into smaller sub-problems and finds 
contractors that can perform these functions effectively. A contractor can become a 
manager and decompose the sub-problem so as to reduce the computational cost and 
increase efficiency. The manager contracts with a contractor through a process of 
bidding. In the bidding process, the manager specifies the type of resource required 
and a description of the problem to be solved. Agents that are free or idle and have the 
resources required to perform the operation submits a bid indicating their capabilities. 
The manager agent then evaluates the received bids, chooses an appropriate 
contractor agent and awards the contract. In case of non-availability of any suitable 
contracting agent, the manager agent waits for a pre-specified period before 
rebroadcasting the contract to all agents. The contracting agent may negotiate with the 
manager agent seeking an access to a particular resource as a condition before 
accepting the contract.  

The FIPA model [54] is the best example of an agent platform that utilizes the 
contract net protocol to achieve coordination in between the agents.  FIPA - 
Foundation for Intelligent Physical Agents is a model developed to standardize agent 
technology. The FIPA has its own ACL (Agent Communication Language) that 
serves as the backbone for the high-level contract net protocol.  

Disadvantage of the protocol based coordination is the assumption of the existence 
of an cooperative agent. The negotiation strategy is passive and does not involve any 
punitive measures which attempts to force an agent to adopt a specific strategy. 
Usually a common strategy is achieved through iterative communications where the 
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negotiation parameters are modified progressively to achieve equilibrium. This makes 
the contract net protocol to be communication intensive. 

7.2   Coordination via Graphs 

Coordination graphs were introduced in [55] to serve as a framework to solve large 
scale distributed coordination problems. In coordination graphs, each problem is sub-
divided into smaller problems that are easier to solve. The main assumption with 
coordination graphs is that the payoffs can be expressed as a linear combination of the 
local payoffs of the sub-game. Based on this assumption, algorithm such as variable 
elimination method can compute the optimal joint actions by iteratively eliminating 
agents and creating new conditional functions that compute the maximal value the 
agent can achieve given the action of other agents on which it depends. The joint 
action choice is only known after the completion of the entire computation process, 
which scales with the increase in agents and available action choices and is of concern 
in time critical processes. An alternate method using max-plus which reduces the 
computation time required was used in [56]. This was to achieve coordination in 
multi-agent system when applied to urban traffic signal control.  

7.3   Coordination through Belief Models 

In scenarios where time is of critical importance, coordination through protocols fail 
to succeed when an agent with a specific resource to solve the sub-problem reject the 
bid. In such scenarios, agents with an internal belief model of the neighbouring agents 
could solve the problem. The internal belief model could be either evolved by 
observing the variation in the dynamics of the environment or developed based on 
heuristic knowledge and domain expertise. When the internal model is evolved, the 
agent has to be intelligent enough to differentiate between the change in environment 
due to other agent actions and natural variations occurring in the environment. In [20] 
[38], a heuristics based belief model has been employed to create coordination 
between agents and to effectively change the green time. In [57], evolutionary 
methods combined with neural networks have been employed to dynamically 
compute the level of cooperation required between the agents. This is based on the 
internal state model of the agents. The internal state model was updated using 
reinforcement learning methods.  

A disadvantage using the coordination based on belief model for the agents is an 
incorrect model could cause chaos due to the actions selected. 

8   Learning in a Multi-Agent System 

The learning of an agent can be defined as building or modifying  the belief structure 
based on the knowledge base, input information available and the consequences or 
actions needed to achieve the local goal [58]. Based on the above definition, agent 
learning can be classified into three types. 
 

   1. Active learning 
   2. Reactive learning 
   3. Learning based on consequence 

Administrator
高亮
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In active and reactive learning, the update of the belief part of the agent is given 
preference over an optimal action selection strategy as a better belief model could 
increase the probability of the selection of an appropriate action. 

8.1   Active Learning 

Active learning can be described as a process of analysing the observations to create a 
belief or internal model of the corresponding situated agent's environment. The active 
learning process can be performed by using a deductive, inductive or probabilistic 
reasoning approach. 

In the deductive learning approach, the agent draws a deductive inference to explain 
a particular instance or state-action sequence using its knowledge base. Since the result 
learned is implied or deduced from the original knowledge base which already exists, 
the information learnt by each agent is not a new but useful inference. The local goal of 
each agent could form a part of the knowledge base. In the deductive learning approach, 
the uncertainty or the inconsistency associated with the agent knowledge is usually 
disregarded. This makes it not suitable for real-time applications.  

In an inductive learning approach, the agent learns from observations of state-
action pair. These viewed as the instantiation of some underlying general rules or 
theories without the aid of a teacher or a reference model. Inductive learning is 
effective when the environment can be presented in terms of some generalized 
statements. Well known inductive learning approaches utilize the correlation between 
the observations and the final action space to create the internal state model of the 
agent. The functionality of inductive learning may be enhanced if the knowledge base 
is used as a supplement to infer the state model. The inductive learning approach 
suffers at the beginning of operation as statistically significant data pertaining to the 
agent may not be available. 

The probabilistic learning approach is based on the assumption that the agent 
knowledge base or the belief model can be represented as probabilities of occurrence 
of events. The agent's observation of the environment is used to predict the internal 
state of the agent. One of the best examples of probabilistic learning is that of the 
Bayesian theorem. According to the Bayesian theorem, the posterior probability of an 
event can be determined by the prior probability of that event and the likelihood of its 
occurrence. The likelihood probability can be calculated based on observations of the 
samples collected from the environment and prior probability can be updated using 
the posterior probability calculated in the previous time step of the learning process. 
In a multi-agent scenario where the action of one agent influences the state of other 
agent,  the application of using the probabilistic learning approach is difficult. This 
stems from the major knowledge requirement of the joint probability of actions and 
state space of different agents. With an increase in the number of agents, it is difficult 
in practice to calculate and infeasible computationally. The other limitation is the 
limited number of the sample observations available to estimate the correct trajectory. 

8.2   Reactive Learning 

The process of updating a belief without having the actual knowledge of what needs 
to be learnt or observed is called as Reactive Learning. This method is particularly 
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useful when the underlying model of the agent or the environment is not known 
clearly and are designated as black box. Reactive learning can be seen in agents which 
utilize connectionist systems such as neural networks. Neural networks depend on the 
mechanism which maps the inputs to output data samples using inter-connected 
computational layers. Learning is done by the adjustment of the synaptic weights 
between the layers. In [59], reactive multi-agent based feed forward neural networks 
have been used and its application to the identification of non-linear dynamic system  
have been demonstrated.  In [60] many other reactive learning methods such as 
accidental learning, go-with-the-flow, channel multiplexing and a shopping around 
approach have been discussed. Most of these methods are rarely employed in a real 
application environment as they depend on the application domain. 

8.3   Learning Based on Consequences 

Learning methods presented in the previous sections were concerned with 
understanding  the environment based on the belief model update and analysis of 
patterns in sample observations. This section will deal with the learning methods 
based on the evaluation of the goodness of selected action. This may be performed by  
reinforcement learning methods.  

Reinforcement learning is a way of programming the agents using reward and 
punishment scalar signals without specifying how the task is to be achieved. In 
reinforcement learning, the behaviour of the agent is learnt through trial and error 
interaction with the dynamic environment without an external teacher or supervisor 
that knows the right solution. Conventionally, reinforcement learning methods are 
used when the action space is small and discrete. Recent developments in 
reinforcement learning techniques have made it possible to use the methods in 
continuous and large state-action space scenarios too. Examples of applications using 
reinforcement learning techniques in reactive agents are given in [61] [62].  

In reinforcement learning [63], the agent attempts to maximize the discounted 
scalar reward received from the environment over a finite period of time. To represent 
this, an agent is represented as a Markov Decision Process.  

 

• A discrete number of states  s∈S   
• A discrete set of actions a ∈A   
• State transition probability  p(s ' | s,a)  

• Reward function    R : SXA→ ∞   

The reward function can be written as R = γ t R(s
t
,a

t
)

t=0

∞

∑ . The objective is to 

maximize this function for a given policy function. A policy is a mapping from the 
state to the action values. The optimal value of a specific state s can be defined as the 
maximum discounted future reward which is received by following a specific 
stationary policy and can be written as  

  
V *(s) = max

π
E γ t R(s

t
,a

t
)

t=0

∞

∑ | s
0
= s,a

t
= π (s)

⎡

⎣
⎢

⎤

⎦
⎥                 (1) 
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The expectation operator averages the transition values. In a similar manner the Q 
value can be written as 

Q * (s,a) = max
π

E γ t R(s
t
,a

t
)

t=0

∞

∑ | s
0
= s,a

0
= a

⎡

⎣
⎢

⎤

⎦
⎥               (2) 

The optimal policy can then be determined as argmax of the Q-value. To compute the 
optimal value function and the Q-value, the Bellman equation (3) and (4) is used. The 
solution to Bellman equation can be obtained by recursively computing the values 
using dynamic programming techniques. However, the transition probability values 
are difficult to obtain. Therefore the solution is obtained iteratively by using the 
temporal difference error between the value of successive iterations as shown in (5) 
and (6). 

 V *(s) = max
π

R(s,a) + γ p(s ' | s,a)V * (s ')
s '
∑⎡

⎣
⎢

⎤

⎦
⎥          (3) 

 
  
Q * (s,a) = R(s,a) + γ p(s ' | s,a)V (s ')

s '
∑      (4) 

 
  
V (s)←V (s) +α r + γV (s ') −V (s)⎡⎣ ⎤⎦    (5) 

  
Q(s

t
,a

t
)←Q(s,a) +α r + γ max

a '
Q(s ',a ') −Q(s,a)⎡

⎣
⎤
⎦

           (6) 

 

The solution to (6) is referred to as the q-learning method. The Q-value computed for 
each state action pair is stored in Q-map and is used to update the Q-values. Based on 
the Q-values, the appropriate actions are selected. The major disadvantage is that the 
exploration and exploitation trade-off must be determined. To build an efficient  
Q-map, it is essential to compute the Q-values corresponding to all the state-action 
pair. The convergence is guaranteed if all the state-action pairs have been visited 
infinite number of times (theoretical).  

In single agent RL, the convergence and methodologies are well defined and 
proven. In a distributed MAS, the reinforcement learning method faces the problem of 
combinatorial explosion in the state action pairs. Another major concern is the 
information must be passed between the agents for effective learning. In [64], 
distributed value function based on RL has been described. A complete survey of 
reinforcement learning can be found in [65].  

9   Conclusion 

In this chapter, a brief survey of the existing architectures, communication 
requirements, coordination mechanism, decision making and learning in multi-agent 
systems have been presented. Rapid advances made in multi-agent system have 
created a scope for applying it to several applications that require distributed 
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intelligent computing. The communication mechanism, coordination strategies and 
decision making are still in development stages and may offer a greater scope for 
further improvement and innovation. The increase in computing power has further 
increased the scope of MAS employability in real-world applications. These include 
many applications such as grid computing, robotic soccer, urban traffic signal control.  
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Abstract. Hybrid systems have grown tremendously in the past few years due 
to their abilities to offset the demerits of one technique by the merits of another. 
This chapter presents a number of computational intelligence techniques which 
are useful in the implementation of hybrid multi-agent systems. A brief review 
of the applications of the hybrid multi-agent systems is presented. 

1   Overview 

This chapter provides a detailed review of existing hybrid multi-agent systems. It also 
includes the relevant computational intelligent techniques [1-5] and other algorithms 
that have been used to implement them. The first section of this chapter introduces 
some well known computational intelligent techniques. It also explains how they have 
been integrated and hybridized by researchers [6-7].  The second section includes a 
description of how the hybrid computational intelligent techniques and other relevant 
algorithms such as Stochastic Approximation Algorithms can be applied. They can be 
used to  develop major functional aspects of multi-agent systems [8-11]. The 
functional aspects include Decision-Making [12-16], Policy Formulation and 
Knowledge Acquisition and representation. Online Learning [17] and Cooperation are 
discussed. Some following  sections will then deal with how the techniques and 
algorithms have been applied in previous research works. The design of the functional 
aspects of multi-agent systems are then dealt with in a hybrid manner. A summary of 
this review is presented at the end of the chapter.  

2   Hybrid Computational Intelligent Techniques 

Many researchers have recognized and defined four main components of 
computational intelligence. Each of these dominates an area of AI. They are (1) Fuzzy 
Logic [18-12], (2) Neural networks [23-26], (3) Evolutionary Algorithms (these 
include genetic algorithms and genetic programming), and (4) Machine learning and 
data mining. 

Fuzzy logic [18] is a language, which uses syntax and local semantics in order to 
provide qualitative knowledge about the problem. This can provide a strong scheme 
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which is useful for knowledge representation, reasoning and inference. Artificial 
Neural Networks (ANN) were introduced in [2] and [3]. Essentially they are 
computational structures which can be trained to learn from examples using 
Supervised Learning algorithms. The term Evolutionary Algorithm is a general term 
used to describe Computer Based Problem Solving Systems. These use computational 
models of Evolutionary Processes as key elements in their design and 
implementation. Two major algorithms in this area are Genetic Algorithms and 
Genetic Programming [4], [5]. Machine Learning [6], [7] was developed four decades 
ago and used for the Development of Computational Methods that could implement 
various forms of learning. This applies in particular to mechanisms capable of 
inducing knowledge from examples or data [8]. 

In recent times, AI oriented computer science has moved towards finding 
combinations of intelligent tools and techniques that are sound both on a theoretical 
and a practical basis.  

At this time, some of the most effective and popular hybrid intelligent schemes are 
probably the Neuro-Fuzzy Systems. The main reason for this is that they are both fast 
and efficient as a methodology and can be easily understood. They may be designed 
and implemented in automated computing environments (for example, they may be 
developed within the MATLAB environment). Neuro-fuzzy systems are usually 
superior to simple neural networks due to the fact that a Neural Network may be 
affected by noisy data, whereas the Neuro-Fuzzy System has the ability to “account” 
for the noise through the use of embedded membership functions. There are many 
such systems now that use, apply and modify Neuro-Fuzzy algorithms. Reference [9] 
describes how neural networks can be used for fuzzy decision making problems. 
Reference [10] uses a neuro-fuzzy algorithm for coordinated traffic responsive ramp 
metering. Reference [11] adopts a neuro-fuzzy approach for material processing. 
Reference [12] uses neuro-fuzzy systems to control unknown industrial plants. This 
shows that neuro-fuzzy systems are well-suited to solve ill-defined problems. They 
can also be used for decision-making and policy formulation.  

Besides neuro-fuzzy systems, there are also fuzzy-genetic systems and neuro-
evolutionary systems. The fuzzy-genetic systems are essentially a synergistic 
combination of fuzzy logic and fuzzy sets using various versions of evolutionary 
algorithms. Fuzzy-genetic systems are often preferable to simple fuzzy systems. This 
is due to the fact that generally fuzzy-genetic approaches do not need to define the 
rule base for the control system. Fuzzy-genetic systems have been used 
collaboratively for control engineering applications, knowledge acquisition, 
knowledge representation in addition to many other complex optimization problems 
[13]. The fuzzy logic driven evolutionary approaches [14] primarily deal with the use 
of fuzzy logic. This is either for tuning the  evolutionary parameters, or for fuzzy 
encoding of the chromosomes. Evolutionary driven fuzzy logic systems based on such 
schemes [15] usually consist of fuzzy rule-based systems which use an evolutionary 
approach for the determination and updating of the rule base.  

Neuro-evolutionary systems basically apply evolutionary algorithms for 
determination of the various neural network parameters. These include the Neural 
Weights or the Neural Network Architecture or both of these methods. In the first 
case, the neural network is tuned by the evolutionary algorithm. An example is given 
in [16] where Genetic Algorithm is integrated with an adaptive conjugate gradient 



 Hybrid Multi-Agent Systems 31 

neural network learning algorithm for training the multilayer feed forward neural 
networks.  In the second case, the neural network is often generated by use of the 
evolutionary algorithm. In [17], different coevolving sub-networks combined to form 
whole networks. There are also researches that develop hybrid models involving 
neuro-fuzzy as well as evolutionary algorithms.  

The final part of this section will cover briefly hybrid systems that use machine 
learning and a combination of some of the above mentioned techniques. Machine 
learning and fuzzy logic can be integrated. Here machine learning is used to assist in 
the formation of fuzzy membership functions. This done by defining the fuzzy 
boundaries between the neighbouring linguistic areas. An example can be found in 
[18], where a hybrid intelligent system is used for diagnosing Coronary Stenosis. The 
authors combine fuzzy generalized operators with decision rules generated by 
machine learning algorithms. Machine learning can also be integrated with 
evolutionary algorithms. This is often done  using machine learning for feature 
selection or extraction from large collections of data. This is done prior to the 
application of evolutionary methods. In this way, machine learning works as a 
mechanism which reduces the complexity of the task. This can be extremely 
important when using time consuming methods such as evolutionary computation. 
Machine learning can also be combined with neural networks for tuning  the neural 
network parameters.  

Essentially, the list of viable hybrid intelligent models is extensive. There are many 
more hybrid models that use techniques other than the four areas mentioned earlier in 
this section. Successful implementations of hybrid intelligent models in recent years 
show that they have potential for further explorations and applications in this area.  

The following section describes how some of the hybrid methods can be applied to 
the design of various major functional aspects of multi-agent systems. 

3   Hybrid Multi-Agent Systems 

A Multi-agent system is a form of Distributed Artificial Intelligence (DAI). It 
generally refers to a group of intelligent agents that collaborate to solve common tasks 
within a dynamic environment. The major functional aspects of an agent in a multi-
agent system can be grouped into four categories in the following way. 

 
1) Knowledge Representation and Acquisition 
Assuming a correspondence epistemology [19]. Here it is a mapping of the external 
world. In order for an agent to behave “intelligently”, it is essential for the agent to 
relate to the assigned task in a similar way to how a human being sees it. Knowledge 
Representation and Acquisition is a crucial functional aspect of an intelligent agent. 
 
2) Decision-Making and Policy Formulation 
Based on its knowledge base, an intelligent agent must make decisions and formulate 
its policies and goals in an autonomous manner. In order to obtain this functional 
aspect, an intelligent agent must possess a rule base. 
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3) Online Learning 
The “intelligent” behaviour of an agent may be limited given the extreme difficulty in 
developing knowledge structures and rule bases which completely describe the task of 
the agent if the task by nature is complex. This problem can be partially overcome by 
causing the agent to learn on its own during this task. This learning is often known as 
online learning. 
 
4) Cooperation 
Cooperative behaviours and collaborative actions are also ways in which an agent can 
be made to be more intelligent. This is done by gaining and exchanging perspectives 
and information with other agents in the system.  

Given the abstract and complex nature of these functional tasks, they often cannot 
be implemented effectively by the use of a single technique. In this case it is 
necessary to us  several techniques . These are connected together to realize the 
required functions.  

Hybrid multi-agent systems are multi-agent systems where some or all major 
functional aspects are designed and developed by integrating various computational 
intelligent techniques. Other relevant algorithms are used in a hybrid manner so as to 
increase their synergistic relationships. Consequent of their hybridization, hybrid 
multi-agent systems are capable of displaying highly advanced behavior. They are 
able to show cooperative online learning and dynamic collaborative decision-making 
for example. The price to achieve this performance is that the architectures of such 
systems may become very complex.  

In the next sections of this chapter it is described in detail how different techniques 
have been applied in a hybrid manner as reported in various by previous research 
works to implement these four major functional aspects of such hybrid multi-agent 
systems. 

4   Knowledge Representation and Acquisition in Hybrid  
Multi-Agent Systems 

There are many different ways in which knowledge can be represented in hybrid 
multi-agent systems. Some well known methods include Grid Model, Vector Model 
and Graph Model. Examples are visibility graphs or Voronoi diagrams [20], [21]. In 
addition to these methods, various other computational intelligent techniques can also 
be used for knowledge representation.   

In reference [21], a multi-agent system is used for image processing for aircraft 
detection. The multi-agent system works asynchronously with a separate set of multi-
layer perceptrons (MLPs). It can detect and identify aircraft based on available 
images. Reference [22] uses a distributed fragmented approach for knowledge 
representation. The knowledge required for aircraft detection is shared using a multi-
agent system and  MLPs. Each of the agents is coded using the knowledge of outline 
detection. The MLPs are trained to identify the aircraft based on the outlines produced 
using the agents. The advantage of this method is that knowledge representation in 
individual entities of this system has been made simpler. This is based on the 
knowledge that it is distributed and fragmented. Given that each entity only needs to 
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know a section of the problem and does not require knowledge of the complex 
structure. A knowledge representation scheme that is too fragmented may incur a high 
communication overhead. This is because each entity does not have sufficient 
knowledge to support its actions in an autonomous manner. 

Given fuzzy logic’s strong scheme for knowledge representation, it is not 
surprising that fuzzy logic and fuzzy sets have been used in numerous research works 
for many years for the representation of knowledge in hybrid multi-agent systems.  

In [23], the multi-agent system is in the form of multiple robots and the problem of 
motion planning is considered. The vector model is used to generate a static map of 
the known environment for each robot. A polygonal obstacle is represented as a set of 
vertices. The unknown environment contains the positions of other robots in the 
existing known environment. Each robot acquires a knowledge of the unknown 
environment iteratively. This knowledge is expressed using fuzzy logic. 

Fuzzy logic uses a set of fuzzy IF-THEN rules to represent knowledge. Various 
parameters in fuzzy rules such as membership functions can be tuned to modify the 
way in which knowledge is expressed for the agent. In [24], agents are implemented 
for the game of soccer. Knowledge bases for problems, such as that of ball 
interception, are implemented using sets of fuzzy IF-THEN rules. This is similar to 
[23]. The knowledge bases are adjusted iteratively when new knowledge is acquired 
and existing knowledge bases are updated.  

A good knowledge model, using an appropriate level of abstraction, is crucial for 
effective learning [25]. For example, in [25], a multi-agent system consisting of 22 
agents is used to simulate the game of soccer. The information about the players 
directly influences the size of the search space of each agent. If all the information for 
all of the players is to be considered, the search space must have a dimension of 
approximately 3.74e1050. The knowledge model may be simplified significantly by 
considering only the environment that may interact directly with the agent. The search 
space required may be reduced by several orders of magnitude to approximately 
43e106. Details how the model can be simplified are given in [25].  

Knowledge representation in hybrid multi-agent systems can also be accomplished 
by using genetic programming. Genetic Programming is an automatic programming 
method that finds the best computer programs using ideas from natural selection and 
genetics [26]. Computer programs or the individuals in genetic programming are 
usually represented as trees or LISP S-expressions, symbolic knowledge may be 
readily represented. In [27], a robot control program is expressed in the form of a 
genetic programming tree. In [28], genetic programming is used to represent 
knowledge by software agents that are used for e-commerce. Given the ease by which 
knowledge can be represented using genetic programming, advanced knowledge 
exchange features can be realized using genetic programming operators. 

Summing up this section, the knowledge model or the way in which knowledge is  
represented in hybrid multi-agent system is a crucial factor in determining how 
effective the system is in problem solving. This is given that the knowledge model has 
direct effect on the agent’s decision-making and learning process [25]. The next 
section describes in detail the various techniques used to design decision-making and 
policy formulation aspects of hybrid multi-agent systems. 
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5   Decision-Making and Policy Formulation in Hybrid  
Multi-Agent Systems 

In order for an agent in a multi-agent system to make autonomous effective decisions 
and formulate their own policies. Comprehensive decision-making models need to be 
provided within the structure of the agent. Usually, decision-making and policy 
formulation models are in the form of a set of rules or a rule base. Using their rule 
bases, the agents generate their responses based on the inputs provided. The process 
of designing a rule base is not easy given that a good rule base should be 
comprehensive enough to enable the agent to effectively deal with different 
exceptions in the problem. A good rule base should not contain more detail than is 
necessary. It must not hamper the responsiveness of the agent. 

A Fuzzy Rule Base has been generally used in recent years in order to facilitate the 
process of decision-making and policy formulation in multi-agent systems. In [29], 
fuzzy rule bases are integrated with neural networks to produce a hybridized fuzzy 
neural network rule structure. It is noted in [29] that a major disadvantage of fuzzy 
methods of  implementing rule bases is that there are no clear guidelines for fine-
tuning the fuzzy membership functions. The fuzzy rule base needs to be updated 
whenever it is deployed in a new environment which affects the existing rules. A 
neuro-fuzzy technique is used so that the fuzzy rules can be fine tuned using the 
neural weight update process. The structure of most neuro-fuzzy rule bases is in the 
form of a five or six layered MLP. This is dependent on how the particular researcher 
defines the layers.  

Inputs from the environment/problem are received in first layer where they are 
fuzzified and the degree of membership in the respective fuzzy sets determined. The 
outputs obtained from these layers are forwarded through the rest of the Connectionist 
Rule System. In the last layer of the network, the appropriate decision/policy is 
determined using the process of defuzzification. Such rule bases can be designed to 
use complex rules used for solving complicated problems.  

Artificial neural networks (ANN) have also been used by some researchers to 
implement the rule bases for the agents. In [30], ANN is used as the decision-making 
systems of agents for iterative game playing. The environment chosen is that for a 
non-cooperative repeated market selection game. It has been shown that the agents 
perform reasonably well using ANN. In [31], a multi-agent system is designed for 
controlling an industrial hard-coal combustion process in a power plant. In this multi-
agent system, ANN is used to approximate a function to find the appropriate control 
function. 

In [21], ANN is used to facilitate decision-making in a multi-agent system intended 
to control mobile robots. For this research work, the concept of ANN is combined 
with Cellular Automata (CA). The structure of a neuron is consequently modified. 
Each neuron is also considered as a cell and within each neuron there is an additional 
set of expert rules. These rules have been formulated and based on existing databases. 
These contain records of previous paths taken by the robots. They can then adjust the 
weights of the links between the neurons for possible conflict resolutions.  

Evolutionary computation presents another approach for implementing decision-
making functions in hybrid multi-agent systems. In [32], a multi-agent system is 
implemented for the control of traffic signals at nine traffic intersections. The 



 Hybrid Multi-Agent Systems 35 

constraints of the traffic signal control problem are encoded in the genetic algorithm. 
Each chromosome represents a possible solution or decision of the agent. In [33], a 
multi-agent approach is used to train Beta Basis Function Neural Networks. Similar to 
that in [32], the constraints of the problem are encoded in the genetic algorithm of 
each of the agents and the possible decisions of an agent take the form of 
chromosomes in the genetic algorithm.  

Given that most hybrid multi-agent systems are used to solve complex and possibly 
dynamic problems, a comprehensive set of rules is often not available to assist the 
agents in decision-making and policy formulation. In order to overcome this 
limitation, advanced functions such as Online Learning and Cooperation have to be 
implemented in the multi-agent systems. The following section describes in detail the 
concept of online learning and how this function has been implemented in hybrid 
multi-agent systems of earlier research works. 

6   Online Learning in Hybrid Multi-Agent Systems 

Online learning is essential for hybrid multi-agent systems. This is necessary in order 
that their perceptions and knowledge structures can be updated when dealing with 
dynamic problems. Online learning essentially concerns the application of machine 
learning algorithms to enable learning to be done in an unsupervised manner when the 
agents are doing their pre-assigned tasks. In order to determine the suitability of a 
machine learning algorithm for the purposes of online learning, it is necessary to 
know the characteristics of the algorithm. The following section gives a brief review 
of some well known machine learning algorithms and describes the relationship 
between some algorithms. 

6.1   Machine Learning Algorithms for Online Learning 

Machine learning algorithms can be organized into a taxonomy, based on the desired 
outcome of the algorithms. The most common types of machine learning algorithms 
are as follows: 

 
1) Supervised learning: when the algorithm generates a function that maps a 

given input to a desired output. Such an algorithm requires the existence of a 
set of desired outputs from labeled examples. Connectionist learning 
structures such as neural networks use supervised learning to train and 
update the neural parameters. 

2) Unsupervised learning: where the algorithm models a set of inputs. The 
learning takes place without any labeled examples. 

3) Reinforcement learning: where the algorithm learns the correct policy 
based on its observation of its world. Each action chosen by the algorithm 
has an impact on the environment and the environment provides feedbacks. 
These are known as reinforcements in this context and they guide the 
learning algorithm. 

 



36 D. Srinivasan and M.C. Choy 

For complex application domains, labeled examples are often not readily available. 
Most complex application domains are dynamic in nature and supervised learning will 
often yield outdated solutions. Unsupervised learning algorithms may not be 
responsive enough for dynamic problems since they do not take in feedback from the 
environment. The outputs are varied only by a re representation of the inputs in a 
more efficient manner. Reinforcement learning is a cross between Supervised and 
Unsupervised learning. In doing so, reinforcement learning algorithms avoid the 
inflexibility of supervised learning algorithms. Simultaneously, they can be used to 
design effective online learning mechanisms for use in solving dynamic problems.  

Over the years, a number of reinforcement learning algorithms have been 
developed by machine learning researchers. For some research works, the 
environment is being modeled as a finite-state Markov decision process (MDP) or 
semi-Markov decision process (SMDP) [34], [35]. Reinforcement learning algorithms 
in this context are closely related to dynamic programming techniques. Others are 
based on model-free reinforcement learning such as temporal difference (TD) [36], 
and the Actor-critic methods [37].  

One of the most important breakthroughs in reinforcement learning algorithms to 
date is Q-learning, which was developed by [38]. Many recent reinforcement learning 
techniques, such as those reviewed in [18], have been developed based on Q-learning.  

Certain Dynamic Programming Based Learning Algorithms such as Q-learning and 
temporal difference method are related to Stochastic Approximation Theorems. In 
particular, some of the convergence properties of these algorithms can be proven 
using selected forms of Stochastic Approximation Theorems. In [39], the authors 
present a rigorous proof of the convergence for the Temporal Difference method and 
the Q-learning Algorithm. The authors claim that these dynamic programming based 
algorithms can be motivated heuristically as approximations to dynamic 
programming. As such, the authors have shown in this paper the relationship between 
these dynamic programming based algorithms and the powerful techniques of 
stochastic approximation theorem via a new convergence theorem. Given the 
relationship of stochastic approximation theorem and some of these dynamic 
programming based reinforcement learning methods, it can be shown that the 
stochastic approximation theorem can be modified and applied directly to facilitate 
online learning processes. 

The following section describes how some of these algorithms have been applied 
to facilitate online learning in hybrid multi-agent systems. 

6.2   Applications of Machine Learning Algorithms in Hybrid Multi-Agent 
Systems 

Reinforcement learning has been frequently used in recent years for learning online. It 
has been shown in many research works that reinforcement learning can be used to 
improve the performance of the decision-making function of an agent and to update 
its rule structure.  

In [40], the authors develop a method known as Evolutionary Learning of Fuzzy 
rules (ELF) to enable fuzzy rules to learn. They have successfully applied ELF to 
develop autonomous agents. The set of fuzzy rules in an agent evolves by means of  
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reinforcement learning. The learning algorithm of ELF cycles through episodes and at 
each episode, ELF estimates the current state of the problem. Based on this 
information, ELF distributes rewards to the rules. The rewards are proportional to 
their contribution to the results obtained. The condition is indicated by the condition 
of the current state. For each episode, the rules compete with each other on the basis 
of the rewards received, to be selected by ELF. Their recommended actions are then 
implemented by the agent.  

Reference [41] describes a hybrid learning approach for a multi-agent system by 
combining the reinforcement learning and the genetic algorithm. Reinforcement 
learning is in use for online local optimization and the genetic algorithm is used for 
asynchronous global combinatorial optimization. In each agent, the genetic algorithm 
search modifies the reinforcement learning’s search direction so as to develop a 
coordinated plan which  maximizes the global objective function.  This concept has 
been successfully tested in the multi-agent system in [32]. There the combination of 
reinforcement learning and the genetic algorithm is used to obtain the objectives of 
distributed learning and coordination among agents. 

In [42], a multi-agent system is developed to solve the problem of distributed 
dynamic load balancing. This is specifically in the form of dynamic web caching in 
the Internet. Each agent represents a mirrored piece of content that tries to move 
closer to the areas of the network having a high demand for this item. A fuzzy rule-
base is implemented within each agent to enable the agent to choose the optimal 
direction of motion. In order to improve each agent’s choice of action when the 
dynamics of the problem change, reinforcement learning is used to update the 
parameters of the fuzzy rule base. A combination of the Actor-critic method as well as 
Q-learning is used for reinforcement learning. Reference [24] presents a similar 
approach and it uses reinforcement learning to update the fuzzy rule bases of soccer 
agents. In [31], reinforcement learning is used to update the neural function 
approximator in each agent. It is clear that reinforcement learning can be used for 
updating the parameters of various rule structures. 

Besides machine learning algorithms, genetic algorithms can also be used to update 
rule structures and to facilitate the online learning process. In [43], a multi-agent 
system is constructed to simulate the hunter-prey scenario, which is analogous to a 
pursuit game in a real-world scenario. For this research work, the authors assume that 
comprehensive knowledge of the problem is not available. They therefore intend to let 
the controllers evolve while they are engaged in handling the problem. A genetic 
algorithm is used to generate and update a fuzzy logic controller autonomously. In 
[27], the robot control programs are represented as trees using genetic programming 
methods. These control programs evolve by using genetic programming operators. 
Consequently, the robots are updated with the fittest control program. 

Often, an agent may not be able to evolve quickly enough to adapt to the changing 
problem if it can only perform learning on its own. Hence, it is essential to examine 
ways to enhance the online learning function of multi-agent systems. One way to do 
this is by cooperative learning. The next section examines the various concepts of 
cooperation and describes in details how cooperation has been included as an integral 
function in some advanced hybrid multi-agent systems. 
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7   Cooperation in Hybrid Multi-Agent Systems 

A variety of definitions have been offered as a means of providing cooperation in 
previous published works [44] and from [45]. The definition is as follows: 
“Cooperation occurs when two or more agents work together in a common 
environment in order to more effectively reach the maximal union of their goals”. The 
Cooperative Distributed Problem Solving approach (CDPS) arises when the concepts 
of cooperation are integrated with multi-agent system. This is a form of DAI.  

CDPS essentially concerns the development of knowledge and reasoning 
techniques so that a network of problem-solving nodes or agents can use to cooperate 
effectively in solving a distributed, complex problem. In many cases, each node in the 
network does not have sufficient expertise, resources and information to solve a 
particular problem. However, different nodes might have the necessary expertise to 
solve parts of the problem. In addition, different nodes might have different 
information or viewpoints on the problem due to the nature of the particular network 
architecture. A good understanding of the various cooperation mechanisms is 
necessary before the concept of cooperation can be applied to multi-agent systems. 
The following section gives a taxonomy of cooperation mechanisms and includes a 
brief discussion of each of them. 

7.1   Cooperation Mechanisms 

Cooperation mechanisms may be classified into three main categories: System 
Inherent/Structural-based Mechanism (SSCM), Learning and Inference-based 
Mechanism (LICM) and Communication-based Mechanism (CCM). 

LICM concerns cooperative inference and learning. Using LICM, the Learning 
and Inference process of an agent can be affected by the learning and inference 
processes of other agents in the multi-agent systems. An example to this would be a 
group of agents, each learning a different part of the problem, and sharing their 
knowledge with one another during the learning processes.  

CCM involves the setting up of Communication Channels between agents. Such 
channels can take the form of Horizontal Communication (or communication among 
agents that belong to the same group) or Vertical Communication between agents (or 
communication among agents that belong to different groups). CCM can be used for 
agent negotiation, conflict resolution, etc. It can be seen that CCM needs to be present 
in order for LICM to work.  

SSCM refers to the Structures of the environment or in-built features in a multi-
agent architecture/model that affords cooperative behavior among the agents. 
Modifications to the environment or an existing Multi-agent architecture//model can 
be made to implement such cooperation mechanisms. An example to this would be a 
Multi-agent system where individual agents are programmed to consider the current 
states of the problems that assigned to other agents in addition of their own problems. 
This can be viewed as a form of implicit cooperation where the agents do not perform 
group learning and do not explicitly communicate with other agents. 

The choice of cooperation mechanisms may vary depending on the complexity of 
the problem which the multi-agent system is handling. At times, it is not essential for 
all three types of cooperation mechanisms to be present in a multi-agent system. A 
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brief review of recent research works that use cooperation in hybrid multi-agent 
systems is given in the following section. 

7.2   Applications of Cooperation in Hybrid Multi-Agent Systems 

In [46], Q-learning based agents are used to navigate through a deterministic maze. 
These agents are heterogeneous in nature. That is, one agent is trained to be an expert 
for the problem while the other learns from the expert. At the same time, both agents 
are given the same goal of navigating through the maze and they are designed to do 
cooperative learning together to achieve that goal. The agent with the least obtains the 
Q-table. This is a table which contains the Q values [38] of the expert agent. It then 
uses it to assist in its inference process. Such a feature is a form of LICM.  It has been 
shown in [46] that cooperation during learning, even in its simplest form, can have 
crucial beneficial effect on the learning process of the team of heterogeneous agents. 
In [46], it has been empirically verified that the speed of convergence for the learning 
process of the agents  improved with such cooperation. 

In [47], a coordination-based cooperation protocol was proposed for an Object-
Sorting Task in multi-agent robotic systems. The protocol developed coordinates the 
agents to move objects to their destination efficiently and effectively. Every agent 
autonomously makes a subjective optimal decision.Subsequently, the coordination 
algorithm resolves their conflicts by a consideration of the global results. Each agent 
sends its decision to a centralized coordinator and does not broadcast. The coordinator 
runs the algorithm and sends the results to the others so they can update their 
parameters. The CCM is a form of vertical communication. Every agent runs the same 
algorithm in order to obtain common results without further communication with 
other agents. The cooperation mechanism can be classified as a SSCM. 

The research work described in [48] illustrates the advantage of cooperation when 
it is applied in multi-agent systems. The agents in [48] are designed using Q-learning 
and fuzzy logic. They are applied to solve a variation of the problem known as Tile-
World [49]. This was designed to evaluate agent architectures. Reference [49] 
provides detailed information on the Tile-world problem. Similar to [46], a form of 
cooperative Q-learning is used by the agents. From the results of these experiments, it 
has been found that K cooperative agents, each learning N time steps outperform K 
independent agents, where each is learning in a separate world for K*N time steps.  

The advantage of cooperation is also illustrated in [23]. The total cost of the genetic 
algorithm based robots when used for Motion Planning is reduced after each robot has 
considered the interactions with other robots during its own planning process.  

8   Summary 

This chapter provides a comprehensive review of hybrid multi-agent systems. It also 
considers the application of different computational intelligent techniques when 
applied to previous research works. The design of four major functional aspects: 
knowledge representation, acquisition, decision-making/policy formulation, online 
learning and cooperation of such multi-agent systems are explained. Based on the 
review, it can be seen that for most research works, two or more techniques are often 
necessary in order to fully implement the features of these major functional aspects.  
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Abstract. In this chapter, the Coordinated Hybrid Agent (CHA) frame-
work is introduced for the distributed control and coordination of multi-
agent systems. In this framework, the control of multi-agent systems is
regarded as achieving decentralized control and coordination of agents.
Each agent is modeled as a CHA which is composed of an intelligent
coordination layer and a hybrid control layer. The intelligent coordina-
tion layer takes the coordination input, plant input and workspace input.
The intelligent coordination layer deals with the planning, coordination,
decision-making and computation of the agent. The hybrid control layer
of the framework takes the output of the intelligent coordination layer
and generates discrete and continuous control signals to control the over-
all process. In order to verify the feasibility of the framework, experiments
for multi-agent systems are implemented. The framework is applied to a
multi-agent system consisting of an overhead crane, a mobile robot and
a robot manipulator. The agents are able to cooperate and coordinate
to achieve the global goal. In addition, the stability of systems modeled
using the framework is also analyzed.

1 Introduction

In this section, we give a brief introduction of the proposed research in coordi-
nated control of multi-agent systems.

1.1 Agents

Agents are one of the most effective software design paradigms. An agent is
anything that can be viewed as perceiving its environment through sensors and
acting upon that environment through actuators [1]. Human agents have eyes,
ears, and other organs as sensors, and body parts as actuators. An agent’s choice
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of actions at any moment depends on the perception of the agent’s environment.
An agent’s function maps the perception of an agent to an action. Agents’ func-
tions can be implemented as programs. A performance measure can be chosen
to evaluate the behaviors of an agent. A rational agent will do the right thing
to achieve good performance. It is pointed out in [1] that the rationality of an
agent depends on:

• The performance measure;
• Agents’ previous knowledge of the environment;
• Agents’ perception of the environment;
• Agents’ actions.

In order to make agents more flexible, it is desirable to have autonomous agents
that do not rely on the designer’s prior knowledge. Agents should be able to
make decisions based on their own perception of the environment. An agent
should learn as much as possible from their perception. Learning can be based
on simple events in the environment or past experience of certain behaviors.

There are different ways of classifying agents [2]. It can be based on agents’
functional features, tasks they carry out, and so on. The Nwana classification
method defines four classes of agents according to their ability to cooperate,
learn, and act autonomously. The four classes are collaborative learning agents,
interface agents, smart agents, and collaborative agents. The Davis classifica-
tion method describes three types of agents’ behaviors, reflective, reactive, and
mediative.

There are a few key features that an agent should possess. Communication is
an essential ability of agents. An agent should be able to communicate with other
agents. Coordination is an important ability of agents. Coordination enables
the combination of multiple entities in a synchronous and mutual beneficial
manner. Inter-operability enables agents to operate device and components on
other agents. An agent system should also be fault tolerant. In case of the failure
of an agent, other agents should be able to replace the agent and the whole
system is still functional. Although replacing an agent with other agents in case
of failure is possible, the functionality of the system will degrade. When we design
multiple agents, graceful degradation of the system in case of failure should be
considered.

1.2 Multi-Agent Systems

Multi-Agent Systems (MASs) represent a group of agents that cooperate to solve
common tasks in a dynamic environment. Multi-agent control systems have been
widely studied in the past few years [3] [4] [5] [6] [7] [8] [9] [10]. The control of
MASs relates to synthesizing control schemes for systems which are inherently
distributed and composed of multiple interacting entities. Because of the wide
applications of multi-agent theories in large and complex control systems, it is
necessary to develop a framework to simplify the process of developing control
schemes for MASs.
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1.3 Literature Review of Related Work

In [11], an architecture is introduced for an agent. There are a few major sub-
systems in the architecture: perception, mission planning, behavioral executive,
and motion planning. The perception subsystem processes sensor data from the
vehicle and provides a collection of semantically rich data products. The mission
planning system computes the fastest route to reach the next way point. The
behavioral executive system combines the value function provided by mission
planning system with local information to generate motion goals. The motion
planning system is responsible for the safe and timely execution of the motion
goals. In [12], a framework is proposed for the design and analysis of control
algorithms for autonomous ground vehicles on outdoor terrains. The proposed
framework is developed using MIRO and Matlab. In the proposed framework,
the simulated robot navigates in the simulation environment which is a mirror
of the real world. Sensors in the real world can also send signals through MIRO
to the sensed environment. The robot in the sensed environment can “think”
about the simulated environment and make control decision. In [13], a collection
of local feedback control policies offer continuous guarantees. They are combined
with discrete automata. The approach automatically creates a hybrid feedback
control policy that satisfies a given high-level specification without planning a
specific configuration space path. Most of the above architecture focuses on spe-
cific applications of MASs. It is necessary to develop a generic framework to
model agents and MASs. In [14], a generic framework for integrated modeling,
control and coordination of multiple multi-mode dynamical systems is devel-
oped. This framework of distributed control of multi-agent systems is called
Hybrid Intelligent Control Agent (HICA). In this framework, a certain form of
knowledge-based deliberative planning is integrated with a set of verified hy-
brid control primitives and coordination logic to provide coordinated control
of systems of agents. This work gives the basis for analyzing MASs as hybrid
control systems. Although in this framework, coordination factors have been de-
fined as input coordination factors and output coordination factors, there is no
generic coordination mechanism defined for the HICA agents. Only some Pseudo
codes are given for the coordination problem. Defining an abstract and domain
independent coordination mechanism is necessary for this framework. Further-
more, because this framework was based on the multiple unmanned ground ve-
hicle/unmanned air vehicle pursuit-evasion problem, not all essential primitives
are defined.

1.4 Discussion of the Proposed Work

In [15], a framework is proposed for the distributed control and coordination of
MASs. In this chapter we will introduce this framework for MASs. Each agent
in the framework is responsible for controlling subsystems of the whole system.
Each subsystem is viewed as a hybrid system that includes time-driven and
event-driven dynamics. In this framework, the control of MASs is considered as
a decentralized control scheme involving coordination of agents. Each agent is
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modeled as a Coordinated Hybrid Agent (CHA) which is composed of an in-
telligent coordination control layer and a hybrid control layer. The intelligent
coordination control layer takes the coordination, plant and workspace inputs.
After processing the coordination primitives, the intelligent coordination control
layer outputs the desired action to the hybrid layer. The intelligent coordination
control layer deals with the planning, coordination, decision-making and compu-
tation of the agent. The hybrid control layer of the CHA framework then takes
the output of the intelligent coordination layer and generates discrete control sig-
nals and continuous control signals to control the plant. It is demonstrated that
the CHA framework is not only capable of modeling homogeneous MASs [15],
but also heterogeneous MASs [16], for example, a multi-agent system consisting
of an overhead crane, a mobile robot, and a robot manipulator. The objectives
of this research are to develop a generic framework for the control of a system
consisting a collection of agents. More specifically, the objectives are:

1. Proposing a generic framework for the control of a multi-agent system where
agents cooperate, coordinate and interact with each other.

2. Guaranteeing the stability of the control scheme for the multi-agent system.
3. Applying the framework to homogeneous and heterogeneous systems. The

feasibility of the proposed generic framework for the control of multi-agent
systems is demonstrated by experiments and/or numerical simulations.

4. Optimizing a multi-agent system modeled using the CHA framework. In
order to optimize the performance and time for the MAS, both the event-
driven dynamics and time-driven dynamics are formulated.

The rest of this chapter is organized as follows. Section 2 gives background
knowledge on this research work. Section 3 describes the CHA framework for
the control of multi-agent systems. In addition, the optimization problem of
MASs modeled by the CHA framework is formulated. The direct identification
algorithm for the optimization of CHA MASs is introduced. Section 4 gives
experimental results to illustrate the feasibility of the CHA framework. By using
the CHA framework, the control schemes are developed for multi-agent systems.
It is demonstrated that the CHA framework is generic and could be applied to
homogeneous and heterogeneous multi-agent systems. In Section 5, we conclude
by providing insight of what has been introduced.

2 Background

In this section, we introduce the background knowledge of various areas.

2.1 Multi-Agent Systems

The two most important fields of multi-agent systems are Distributed Artificial
Intelligence (DAI) and Artificial Life (AL) [17]. The purpose of DAI is to create
systems that are capable of solving problems by reasoning based on dealing with
symbols. The purpose of AL is to build systems that are capable of surviving
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and adapting to the environments. The research into agents was originated in
1977 [18] by Hewitt. He proposed the actor model of computation to organize
programs in which the intelligence is modeled using a society of communicat-
ing knowledge-based problem-solving experts. Since then, the research in agents
has continued and developed. The research of sharing data among agents dates
back to 1980 [19]. In this work, the model of the blackboard system was devel-
oped. Objects in the working area were put down, modified and withdrawn in a
common area called the blackboard.

An agent within a multi-agent system can be thought of as a system that
tries to fulfill a set of goals within the complex, dynamic environment. Agents
have only a partial representation of the environment. In recent years, there
has been a growing interest in control systems that are composed of several
interacting autonomous agents instead of a single agent. In order to deal with
highly complex control systems, it is important to have systems that operate in
an autonomous decentralized manner. One way to do this is to distribute the
control/decision making to the local controllers which makes the control of the
multi-agent system simpler.

2.2 Centralized Control and Decentralized Control

The centralized control paradigm is characterized by a complex central process-
ing unit that is designed to solve the whole problem. The central unit must
gather data from the whole system. The solution algorithms are therefore com-
plex and problem specific. The processing unit is able to check whether or not a
solution is the globally optimal solution, which is not easily achieved in a decen-
tralized control paradigm. However, utilizing complex algorithms and analyzing
all information in a centralized controller always cause slower responses than a
decentralized control system.

Decentralized control paradigms are based on distributed control in which in-
dividual components react to local conditions simultaneously. These individual
components interact with neighboring components to exhibit desired adaptive
behaviors. The complex behaviors are a resultant property of the system of
connections. The decentralized nature of information in many large-scale sys-
tems, requires the control systems to be decentralized. Decentralized control of
discrete-event systems, in the absence of communication, has been well studied
[16].

2.3 Continuous Systems and Discrete Event Systems

Discrete Event Systems (DES) are dynamical systems which evolve in time by
occurrence of events at possibly irregular time intervals. Some examples include
flexible manufacturing systems, computer networks, logic circuits, and traffic
systems [20]. In [21], Passino introduces a logical DES model and defines stability
in the sense of Lyapunov and asymptotic stability for logical DES. He shows that
the metric space formulation can be used for the analysis of stability for logical
DES by employing appropriate Lyapunov functions.
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Modern systems involve both discrete and continuous states. Systems of in-
terest in this study are typically governed by continuous dynamic equations at
particular discrete states. Systems like these are considered as hybrid systems.
In order to study the multi-agent systems consisting of hybrid systems, we need
to include the hybrid system concept to model the controlled processes that
have both discrete and continuous variables. Hence it is necessary to develop a
framework that deals with both the discrete and continuous states.

2.4 Hybrid Intelligent Control Agent

Many control problems involve processes that are inherently distributed, complex
or that operate in multiple modes. Agent-based control is an emerging paradigm
within the sub-discipline of distributed intelligent control. In [14], Fregene pro-
poses the HICA architecture as a conceptual basis for the synthesis of intelligent
controllers in problem domains which are inherently distributed, multi-mode and
that may require real-time actions.

The key idea of HICA is to combine concepts from hybrid control and multi-
agent systems to build agents which are especially suitable for multi-mode control
purposes. HICA conceptually wraps an intelligent agent around a core that is
itself a hybrid control system. Fregene [14] illustrates how HICA might be used
as a skeletal control agent to synthesize agent-based controllers for inherently
distributed multi-mode problems.

3 The Coordinated Hybrid Agent

Agent-based control is an emerging paradigm within the sub-discipline of dis-
tributed intelligent control. In this section, the CHA framework is introduced
for the distributed control and coordination of multi-agent systems. In the CHA
framework, the control of multi-agent systems focuses on decentralized control
and coordination of agents. Each agent is modeled as a CHA which is composed
of an intelligent coordination layer and a hybrid control layer as shown in Figure
1. The core of the CHA framework is on developing coordinated agents for the
control of hybrid multi-agent systems. A robust and generic control architecture
is developed to control a homogeneous multi-agent system or a heterogeneous
multi-agent system. The framework is able to model the cooperation, coordi-
nation and communication among the members of the multi-agent system. The
control scheme is able to control a multi-agent system where agents cooperate,
coordinate and interact with each other. The stability of the control scheme for
the multi-agent system modeled by the framework is also proved.

3.1 The Agent Workspace

Agents can either work within the same workspace or have their own workspace.
In order to execute a common task, two or more agents might need to cooperate
and coordinate within the same workspace. For other tasks, agents may need
to work in their own workspace and communicate with each other to achieve a
global goal.
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Fig. 1. The Internal Structure of a CHA Agent

3.2 The Hybrid Control Layer

In this sub-section, we introduce the trajectories of the system, the controlled
process, the action executor and the execution of hybrid actions.

Trajectories of the System: Let T denote the time axis. Since a hybrid
system evolves in continuous time, we assume an interval V of T ⊆ R to be
V = [ti, tf ] = {t ∈ T |ti ≤ t ≤ tf}. The variables of the system evolve either
continuously or in instantaneous jumps. The addition of T is also allowed. For
an interval V and t0 ∈ T , we have t0 + V = {t0 + t′|t′ ∈ V }. Using the concepts
from [22], we have the following definitions.

If we denote the discrete evolution space of a hybrid system as Q and the
continuous evolution space of a hybrid system as X , a trajectory of a hybrid
system can be defined as a mapping V → Q × X .

The evolution of the continuous state in each sub-interval of V is described
as f : Q × X × U → Q × TX , where U represents the continuous control signal
space, TX represents the tangent space of space X . Thus for every sub-interval
of V , we have ẋ(t) = f(q(t), x(t), u(t)), in which f is the vector field. We assume
the existence and uniqueness of solutions to the ordinary differential equation
on f .



50 H. Li, F. Karray, and O. Basir

The application of the continuous control signal u ∈ U and the discrete control
signal m ∈ M is defined as a hybrid action which is denoted by a ∈ A. In each
sub-interval, q(t) is a constant.

We define � as the restriction of trajectory E to a subset of its domain d(E)
in which no discrete state transition occurs rather than at the starting and the
ending point. There is no discrete transition at the starting point or the ending
point if the interval is left-open or right-open, respectively. E � [t1, t2] means the
subset of trajectory E over t1 ≤ t ≤ t2. It can also be denoted as E � V , which
means the subset of trajectory E over [ti, tf ].

If E1 is a trajectory with a right-closed domain V1 = [ti, tj ], E2 is a trajectory
with domain V2 = [tj , tf ], we define the trajectory link of E1 and E2 to be the
trajectory over [ti, tf ] as

E1 ∝ E2(t) =
{

E1(t) if t ∈ V1;
E2(t) otherwise.

For a countable sequence of trajectories, if Ei is a trajectory with domain Vi,
while all Vi are right-closed, if 1 ≤ i ≤ ∞ and i ∈ Z, the infinite trajectory link
can be written as E1 ∝ E2 ∝ E3 . . . over V1 ∪ V2 ∪ V3 . . ..

The Controlled Process in the Framework: The controlled process for
each agent is essentially a hybrid system whose dynamics are controlled by the
coordinated hybrid agent. The evolution of the controlled process is given by

Ip ⊂ Qp × Xp (1)

Yp ⊂ Qa × Xa (2)

Ep = Ep1 ∝ Ep2 ∝ . . . ∝ Epk
(3)

ηp : Qp × Xp × M → P(Qp × Xp) (4)

γp : Qp × Xp → P(Qp × Xp) (5)

fp : Qp × Xp × U → TXp (6)

hp : Qp × Xp × M × U → Yp (7)

• Ip is the initial state of the controlled process that gives both the initial
discrete state Qp and the initial continuous state Xp.

• Yp is the output space of the controlled process which is a subset of the space
Qa × Xa, where Qa is the discrete state of the hybrid system read by the
sensors, Xa is the continuous state of the hybrid system read by the sensors.

• Ep = Ep1 ∝ Ep2 ∝ . . . ∝ Epk
is the trajectory of the controlled process.

Ep is determined by the discrete state evolution and the continuous state
evolution of the controlled process.

• ηp is a function that governs the controlled discrete transition of the con-
trolled process. P(.) represents the power set. ∀V = [ti, tf ], the controlled
discrete jumps of the controlled process is given by
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qp(t′) = ηp(qp(t), xp(t), m) (8)

where qp ∈ Qp, xp ∈ Xp and m ∈ M represents the discrete control signal.
• γp is the function that governs the autonomous discrete transition of the pro-

cess. ∀V = [ti, tf ], the autonomous discrete jumps of the controlled process
is given by

qp(t′) = γp(qp(t), xp(t)) (9)

where qp ∈ Qp and xp ∈ Xp.
• fp is the vector field determined by the evolution of the continuous state

(xp ∈ Xp) of the controlled process at a certain discrete state (qp ∈ Qp) of
the controlled process (i.e., within the sub-interval of V while the discrete
state qp(t) is a constant or a set of constants). The evolution of the continuous
state is given by

ẋ = fp(qp(ti), xp(ti), u(ti)) (10)

where qp ∈ Qp ⊂ Zm, xp ∈ Xp ⊂ Rn and u ∈ U represents the continuous
control signal.

• The output yp(t) ∈ Yp ⊂ Zm ×Rn is the feedback of the controlled process.
The output is read by the sensors and is given by

yp(t) = hp(qp(t), xp(t), m(t), u(t)) (11)

The Action Executor: For each single agent, the evolution of the discrete and
continuous state of the system is regarded as the execution of a hybrid action.

The action executor has two functions fe and ηe:

fe : A × Yp × Xr → U (12)
ηe : A → M (13)

• fe is the continuous action execution function that takes the desired hybrid
action a ∈ A, the output yp ∈ Yp of the process, and the reference value
xr ∈ Xr as input, then generates the continuous control signal u ∈ U for the
process.

• ηe is the discrete action execution function that takes the desired hybrid
action a ∈ A as input, then generates the discrete control output to the
process.

The selection of appropriate actions and sequence of the actions are handled by
the intelligent coordination control layer which will be introduced later. Because
the action executor deals with all the local control problems, in the view of the
intelligent coordination control layer, the controlled process can be considered
as a discrete event system.

An execution sequence is defined as β = Ep1a1Ep2a2Ep3a3 . . ., where Epi is
the restriction Ep � Vi and ai is the hybrid action that occurs between Epi and
Epi+1 .

The execution sequence β of the hybrid actions determines the trajectory Ep.
Ep represents the evolution of the discrete states of the hybrid system, and the
evolution of the continuous states in between the discrete transitions.
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3.3 The Intelligent Coordination Control Layer

In the CHA framework, local hybrid dynamics are considered as hybrid actions.
The intelligent coordination control layer has full control of the agent in an
abstract way. The intelligent coordination layer plans the sequence of control
primitives and selects appropriate hybrid actions without violating the coordi-
nation rules. The intelligent coordination control layer is built upon the action
executor.

At the intelligent coordination control layer, we define the states of the agent
in an abstract way, which we call coordination states of the CHA. We denote the
set of coordination states as R.

Agents repeatedly and simultaneously take actions, which lead them from
their previous states to new states. The intelligent coordination control layer
interacts with other agents through the communication mechanism. In addition,
the intelligent coordination control layer takes Qa and Xa as feedback from the
controlled plant, then it outputs the desired action a ∈ A and reference value
xr ∈ Xr to the action executor.

In order to coordinate the agents while planning, we introduce the concept
of coordination rule base which is inspired by social laws defined in [23]. The
coordination rules can be considered as optimal choices and constraints for the
actions of agents. The constraints specify which of the actions are in fact not
allowed in a given state. The optimal choices in general are optimal actions that
are available for a given state.

Given a set of coordination states R, a set of rules L, and a set of actions A,
an optimal choice is a pair (a, lo) where a ∈ A and lo ∈ L is a rule that defines
an optimal action that results in a transition with the maximum distance along
the path of R in the metric space at the given coordination state r ∈ R.

Given a set of coordination states R, a set of rules L, and a set of actions
A, a constraint is a pair (a, lc) where a ∈ A and lc ∈ L is a rule that defines a
constraint at the given coordination state r ∈ R.

A coordination rule set is a set of optimal choices (a, loi) and constraints (ai,
lci). We denote the coordination rule set as C. The coordination rule set defines
which action should be taken at a given coordination state r ∈ R.

A set of rules L is used to describe what is true and false in different co-
ordination states of the agent. Given a coordination state r ∈ R and a rule
l ∈ L, r might satisfy or not satisfy l. We denote the fact that r satisfies l by
r |= l. The meaning of (ai, li) will be that li is the most general condition about
coordination states which optimally chooses or prohibits the action ai.

A coordination rule base for the intelligent coordination control layer of a
CHA is a tuple (R, L, A, C, T ) in which C is a coordination rule set, and T is the
transition function T : R × A × L → P(R) such that: For every r ∈ R, a ∈ A,
c ∈ C, if r |= lc holds and (a, lc) ∈ C, then T (r, a, l) = ∅, the empty set, which
means the desired transition is prohibited; For every r ∈ R, a ∈ A, c ∈ C, if
r |= lo holds and (a, lo) ∈ C, then T (r, a, l) = ř, where ř is the coordination state
after the optimal action is taken. The coordination rule base is used to define
agents’ behaviors so that agents do not violate any constraints in the workspace.
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The coordination rule base provides a skeleton for the agents to coordinate
with others. Agents in a multi-agent system with coordination rule base share
the set of abstract states, the rule for describing states, the set of potential
actions and the transition functions.

Without violating the coordination rule base, the intelligent coordination con-
trol layer can have built-in intelligent planners to generate actions as the input
to the action executor. Following the next coordination state r, the selected ac-
tion is determined by T : R × A × L → P(R). The AI approaches for planning
tasks such as potential field methods, artificial neural networks, fuzzy logic and
knowledge based planning schemes can be implemented as possible intelligent
planners.

For a given present state in R, denoted by rp, the next state rn is obtained
by

rn ⇐
(
xrn = max{xi, i = 1, 2, . . . , k}

)
, (14)

where x is the degree of fitness of the coordination state, i is the number of the
neighboring coordination states including itself (i.e. all the possible next states).

Common Object Request Broker Architecture (CORBA) provides all the ab-
stractions and relevant services for developing a distributed application on het-
erogeneous platforms. It is illustrated that the CORBA architecture can seam-
lessly integrate distributed systems. In this study, this architecture is used for
the communication among the agents.

In addition to the communication mechanism, agents have access to direct
communication to coordinate their behaviors. This is necessary for applications
in which agents need to react very fast. Instead of using a network-based com-
munication mechanism, agents interact with each other through sensors and ac-
tuators in order to cooperate and coordinate. Implicit communication through
actions could be implemented so that agent can share information in the common
workspace.

3.4 Lyapunov Stability

In order to analyze the stability of the agent in our CHA framework, we apply
the stability analysis method proposed by Passino in [21].

According to the model of the intelligent coordination control layer introduced
above, the stability properties of the CHA systems can be accurately modeled
with G = (R, A, fc, g, Ev) where R is the coordination states, A is the set of
hybrid actions, fc : R → R for a ∈ A is the transition function. g : R →
P(A)−{∅} is the enable function and Ev is the set of valid event trajectories for
the coordination states R. Note that the events we are discussing here are the
hybrid actions that the agent will take. It is also possible that, at some states,
no actions should be taken; this is represented by a null action. In this way, the
system that terminates can also be studied in the Lyapunov stability theoretic
framework.

Let rk ∈ R represent the kth coordination state of the CHA and ak ∈ A
represent an enabled action for rk (i.e. ak ∈ g(rk)). As described above, at state
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rk ∈ R, action ak ∈ A is taken, the next coordination state rk+1 is given by
the transition function fc. Thus, rk+1 = fc(rk). Each valid event trajectory Ev

represents a physically possible event trajectory. If rk ∈ R and rk ∈ g(rk), ak can
be taken if it lies on a valid event trajectory that leads the state to rk+1 = fc(rk).

In the CHA framework, we model the intelligent coordination control layer as
G. First, we model the system via R, A, fc and g. Then, the possible trajectories
Ev are given. The allowed event trajectories are denoted as Ea ⊂ Ev. In the CHA
framework, Ea is governed by the coordination rule base. The allowed event
trajectories that begin at state r0 ∈ R is denoted by Ea(r0). If we use Ek =
a0a1a2 . . . ak−1 to denote an event sequence of k events, the value of function
R(r0, Ek, k) to denote the coordination state reached at time k from r0 ∈ R by the
application of event sequence Ek, then R(R(r0, Ek, k), Ek′ , k′) = E(r0, EkEk′ , k +
k′). In order to guarantee the stability of the CHA system, we need to define the
coordination rule base properly to generate desired action sequences that will
make the system stable.

A closed invariant set Rm ⊂ R is called stable in the sense of Lyapunov w.r.t.
Ea if for any ε > 0, it is possible to find a quantity δ > 0 such that when
the metric ρ(r0, Rm) < δ we have ρ(R(r0, Ek, k), Rm) < ε for all Ek such that
EkE ∈ Ea(r0) and k ∈ Z+ where E is an infinite event sequence, and Z+ is the
set of positive integers.

Given a coordination state r ∈ R and a rule l ∈ L, r might satisfy or not
satisfy l. Recall that we denote the fact that r satisfies l by r |= l. Based on
the definitions and the CHA model we described, we give the definition of the
stability of a CHA system.

A CHA multi-agent system is called stable if

1. The action executor can accomplish the hybrid actions so that the coordi-
nation states can transition according to fc.

2. All the actions taken are on the allowed event trajectories Ea that lead the
system to the goal set, and for r ∈ R, a ∈ A, c ∈ C, we have r |= lo holds and
(a, lo) ∈ C, r |= lc holds and (a, lc) ∈ C respectively. lo ∈ L defines an optimal
action and lc ∈ L defines a constraint respectively. L is a set of coordination
rules.

3. The invariant set Rm ⊂ R is stable in the sense of Lyapunov w.r.t. Ea.

In order to satisfy the stability requirements of a CHA system, we need to give
the necessary and sufficient condition for closed invariant set Rm to be stable. In
[21], the necessary and sufficient condition for a closed invariant set to be stable
is given as:

For a closed invariant set Rm ⊂ R to be stable in the sense of Lyapunov w.r.t.
Ea, it is necessary and sufficient that in a sufficiently small r-neighborhood of
the set Rm there exists a specified functional V with the following properties:

1. For all sufficiently small c1 > 0, it is possible to find a c2 > 0 such that
V (r) > c2 for r ∈ r-neighborhood of Rm and ρ(r, Rm) > c1.

2. For any c4 > 0 as small as desired, it is possible to find a c3 > 0 so small
that when ρ(r, Rm) < c3 for r ∈ r-neighborhood of Rm, we have V (r) ≤ c4.



A Framework for Coordinated Control of Multi-Agent Systems 55

3. V (R(r0, Ek, k)) is a non increasing function for k ∈ Z+, as long as
R(r0, Ek, k) ∈ r-neighborhood for all Ek such that EkE ∈ Ea(r0).

Proof:
The necessity can be proved by letting the closed invariant set Rm ⊂ R be stable
in the sense of Lyapunov w.r.t. Ea for some r-neighborhood of Rm.

The sufficiency can be proved by letting there exist a specified functional V
with the three properties in a r-neighborhood of Rm. We can show that the
closed invariant set Rm ⊂ R is stable in the sense of Lyapunov w.r.t. Ea.

The details of the proof can be found in [21].

3.5 Optimization

In this sub-section, the optimization of MASs modeled by the CHA framework is
discussed. In the CHA framework, each agent is modeled as a hybrid control layer
and an intelligent coordination control layer. For a single agent, the controlled
plant is at some initial physical state xr0(t0) at time t0 and subsequently evolves
according to the time-driven dynamics

ẋr0 = fpr0
(xr0 , ur0 , t), (15)

where fp(·) represents a continuous function, the subscript r0 represents the
initial abstract state. x is the continuous state, u is the continuous control signal,
and t represents time.

At time tr0 , an event takes place. The abstract state becomes r1 and the
physical state becomes xr1(tr0). There might be a jump of the physical state
at tr0 . Therefore it is possible that xr1(tr0) �= xr0(tr0). Then the physical state
subsequently evolves according to new time-driven dynamics with this initial
condition. The time tr0 at which this event happens, is called the temporal state
of the agent. It depends on the event-driven dynamics of the form

tr0 = wr0(t0, xr0 , ur0). (16)

Let rk ∈ R represent the kth coordination state of a single agent. In general,
after the abstract state switches from rk−1 to rk at time trk−1 , the time-driven
dynamics are given by

ẋrk
= fprk

(xrk
, urk

, t), (17)

where the initial condition for xrk
is xrk

(trk−1). The event-driven dynamics are
given by

trk
= wrk

(trk−1 , xrk
, urk

). (18)

Both the physical state xrk
and the next temporal state trk

are affected by the
choice of the control schemes at the abstract state rk. Note that in order to solve
the optimization problem, tr0 , tr1 , tr2 , . . . , trk

are considered as temporal states
intricately connected to the control of the system.

In a CHA MAS, events corresponding to the actions of one agent can be
indexed as k = 0, 1, . . . , Ni − 1, where subscript i represents the ith agent in
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the system. Each agent can be considered as a multi-stage process modeled as
a single-server queuing system. The objective for the ith agent is to finish Ni

actions. In the CHA framework, once the agent takes an action, it cannot be
interrupted, and continues its task until it finishes it. Let ak ∈ A represent an
enabled action for rk. As an agent takes an action ak, the physical state, denoted
by xrk

, evolves according to the time-driven dynamics of the form

ẋrk
= fprk

(xrk
, urk

, t), (19)

where the initial condition for xrk
is xrk

(trk−1). The continuous control variable
urk

is used to attain a desired physical state.
If the time required to finish the kth action is srk

and Γrk
(urk

) ⊂ Rn is a
given set that defines xrk

satisfying the desired physical state, then the control
signal urk

can be chosen to satisfy the criteria

srk
(urk

) = min
(
t ≥ 0 :

(
xrk

(trk−1 + t)

= xrk
(trk−1) +

∫ trk−1+t

trk−1

fprk
(xrk

, urk
, τ)dτ

)
∈ Γrk

(urk
)
)

(20)

where we can assume that under the best circumstance (i.e. without any distur-
bance), urk

is a fixed constant value at the abstract state rk. The temporal state
trk

of the kth action represents the time when the action finishes.
In an MAS, we have two or more agents interacting with each other in order

to achieve a global goal. Therefore, when the ith agent finishes its kth action
aki , it might have to wait for the jth agent finishes its lth task alj before the
ith agent can start its (k + 1)th task a(k+1)i

. Assume that agent i’s tasks will
depend only on agent j’s tasks. Let ta(k+1)i

represent the starting time of the
(k+1)th action for the i agent. In this case ta(k+1)i

�= trki
. Instead, ta(k+1)i

= trlj

where the temporal state trlj
represents the time when the lth action of the jth

agent finishes. Therefore, the event-driven dynamics of the temporal state trki

of the ith agent can be acquired by

trki
= max(tr(k−1)i

, trlj
) + srki

(urki
) (21)

where l = 0, 1, 2, . . . , Nj − 1, j is the index of the agent and j �= i. Thus if action
aki does not depend on the completion of any actions of any other agents, (21)
can be simplified as

trki
= tr(k−1)i

+ srki
(urki

). (22)

One may notice that we need to set t0i = 0 to make sure that tr0i
= trlj

+
sr0i

(ur0i
) and tr0i

= sr0i
(ur0i

) in case action a0i does not depend on the com-
pletion of other actions.

In order to simplify the optimization problem for the ith agent, we assume
that the temporal states trlj

of the lth action of the jth agent are known. Then
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we can see that when trlj
> trki

, there is an idle period in the interval [trki
, trlj

]
during which the physical state of the ith agent does not change.

Therefore, the optimization problem for the ith agent of the CHA framework
becomes the optimization problem of the hybrid control layer (i.e., the optimiza-
tion of the hybrid system that combines the time-driven dynamics in (18) and
the event-driven dynamics in (21)).

The optimization problem to be solved for the ith agent has the general form

min
ur0 ,...,urNi−1

( Ni−1∑
k=0

Lrk
(trki

, urki
)
)

(23)

where Lrk
(trki

, urki
) is the cost function defined for the kth action of the ith

agent in the system. The cost function has been defined without including xrki

because xrki
is supposed to reach the desired value as defined in (20) which gives

the srk
(urk

) for the ith agent here.
Notice that for the optimization problem defined in (23), the index k =

0, 1, 2, . . . , Ni − 1 does not count time steps, but rather asynchronous actions.
Rewrite (23), we can represent the optimization problem using the following
form

min
ur0 ,...,urNi−1

( Ni−1∑
k=0

(
φ(trki

) + θ(urki
)
))

. (24)

We propose the direct identification algorithm for the optimization of a CHA
MAS as listed in Table 1.

Table 1. The Direct Identification Algorithm

for i = 0 to N − 1
Step 0 initialize k = 0, n = 0;

while n ≤ Ni − 1 do
Step 1 solve the sub-optimization problem Q(k, n);
Step 2 identify busy periods:

if trn < trn
lj

then

k ← n + 1
end if

Step 3 increment index n
n ← n + 1
end while
end for

In the algorithm, N represents the number of agents in the MAS. Q(k, n)
represents the sub-optimization problem of a sequence of actions that starts
from state rk and ends at state n. In the algorithm, we assume that agent 0
depends on some external events, and agent i depends on actions of previous
agents, i = 1, . . . , N − 1. By applying the direct identification algorithm for the
optimization of the CHA framework, we are able to optimize the performance
and time of agents in a CHA MAS based on the given cost function.
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4 Implementations

This section gives some experimental and simulation results for systems modeled
using the CHA framework. The goal is to implement the tools we have proposed
to develop the control algorithm for multi-agent systems. It is demonstrated that
the framework is generic and can be applied to the control of both homogeneous
and heterogeneous multi-agent systems.

The CHA framework is applied to control a heterogeneous multi-agent system.
The control systems involved in this system are:

1. A mobile robot, iRobot ATRV-mini, which is a flexible, robust platform for
either indoor or outdoor experiments and applications.

2. An overhead crane.
3. A robot manipulator, CRS F3, which can provide six degrees of freedom.

The goal for this control system is to develop cooperative tasks among the over-
head crane, the mobile robot and the robot manipulator. As shown in Figure 2,
the mobile robot picks up an object in the overhead crane’s workspace (zone 1)
and carries it to the manipulator’s workspace (zone 2). The robot manipulator is
mounted on a track which is an extra axis of control for the robot manipulator.
The robot manipulator picks up the object from the mobile robot (zone 2) and
delivers it to the other end of the track (zone 3). There are four landmarks set
in the workspace to guide the mobile robot to move along the desired trajectory.

Since the analysis of this multi-agent system can be found in [16], we only
briefly give the results of this multi-agent system.

4.1 The Mobile Robot

In this multi-agent system, the mobile robot is a nonholonomic mobile robot
with kinematic constraints in the two dimensional workspace.

The Action Executor
In order to pick up an object from the crane and deliver it to the robot manip-
ulator, the mobile robot needs to execute the following desired actions:

(search) - turn the servo motor of the CCD camera to scan the environment
in order to find the landmark;

(align) - align the robot body to the target;
(vision navigation) - move toward the landmark using the output of the fuzzy

controller;
(turn left) - turn left 90o;
(turn right) - turn right 90o;
(turn back) - turn 180o;
(move back) - move backward into the loading area of the manipulator.

These actions are guaranteed to be executed by the hybrid action executor.



A Framework for Coordinated Control of Multi-Agent Systems 59

ATRV-mini

landmark 1

landmark 2 landmark 3

landmark 4

F3

zone 1

zone 3

zone 2

object

overhead crane

track

Fig. 2. The Setup of the Multi-Agent System

The Coordination States
For the mobile robot, we have the following coordination states:

1m idle;
2m first landmark located;
3m aligned;
4m first landmark reached;
5m second landmark located;
6m second landmark reached;
7m loaded;
8m third landmark located;
9m third landmark reached;
10m fourth landmark located;
11m fourth landmark reached;
12m ready to be unloaded.

4.2 The Robot Manipulator

The robot manipulator is made by CRS Robotics. The robot is connected to the
robot server that processes all the requests from the clients that command the
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robot manipulator. The robot server gets the control of the robot manipulator
through the manipulator’s controller. Then the robot server controls the joints
through the functions described in the table.

The Action Executor
In order to pick up an object from the mobile robot and deliver it to the other
side of the track, the robot server needs to send out the following desired actions
to the robot manipulator:

(approach) - the tip of the manipulator approaches the object;
(close gripper) - the manipulator grabs the object;
(move up) - the tip moves up in order to pick up the object;
(move left) - the manipulator moves to the left end of the track;
(turn left) - the manipulator turns left 90o;
(drop) - the gripper opens in order to drop the object;
(turn right) - the manipulator turns right 90o;
(move right) - the manipulator moves right and goes back to the initial

position.

These actions are guaranteed to be executed by the controller.

The Coordination States
For the robot manipulator, we have the following coordination states:

1r ready to pick up;
2r picked up.

4.3 Modeling the System Using the Proposed Framework

In this subsection, the CHA framework is applied to model the control of the
multi-agent system with the mobile robot, the robot manipulator and the over-
head crane.

The Coordination Rule Base
Based on the nature of this multi-agent system, the following coordination rule
base is defined.

The optimal choices for the crane:

1c (pick up) 2c

2c (move to) 3c

3c (put down) 4c

4c (pick up) 5c

5c (move to) 6c

6c (put down) 1c

The constraints are:
If mobile robot is not at state 6m, (put down) is not allowed for 3c

The optimal choices for the mobile robot:

1m (search) 2m
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2m (align) 3m

3m (vision navigation) 4m

4m (turn left) 5m

5m (vision navigation) 6m

6m (null) 7m

7m (turn back) 8m

8m (vision navigation) 9m

9m (turn right) 10m

10m (vision navigation) 11m

11m (turn back)(move back) 12m

12m (null) 1m

The constraints are:
If crane is not at state 5c, only (null) is allowed for 6m, and the transition is

prohibited
If manipulator is not at state 2r, only (null) is allowed for 12m, and the

transition is prohibited
The optimal choice for the robot manipulator:

2r (move left)(turn left)(drop)(turn right)(move right) 1r 1r (approach)(close
gripper)(move up) 2r

The constraint for the manipulator is:
If the mobile robot is not at state 12m, (approach)(close gripper)(move up) is

not allowed for 1r

Note that since there is no states defined between a series of actions for the
manipulator, several actions can be executed in consequences. This series of
actions can be thought as one single action.

The coordination rule base defines the optimal choices and the constraints for
the agents to cooperate and coordinate with each other.

4.4 Simulation and Experimental Results

Before the agents are developed, simulation is implemented to verify the feasi-
bility of the framework. In Figure 3, the simulation results for the cooperation
and coordination between the mobile robot and the robot manipulator are given.
The simulation is implemented using Matlab. The dimensions of the overhead
crane, the mobile robot and the robot manipulator are measured to program
the multi-agent system. In the figure, the round object represents the load of
the overhead crane, while the square object represents the mobile robot. The
trajectories of both the overhead crane and the mobile robot are given. From
the figure, we can see that the overhead crane starts from the initial position
and delivers the object to the loading area to wait for the mobile robot to pick
up the object. The mobile robot follows the landmarks into the loading area and
picks up the object. Then, the mobile robot turns around. For clarity, the path
of the robot returning to the robot manipulator’s track, which is shown as a long
solid bar in the figure, is omitted. Note that even with a push, the robot can
still follow the landmark and finish the desired task.
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Fig. 3. Simulation Results for the Heterogeneous Multi-Agent System

The simulation result shows that the CHA framework can model the control
of this multi-agent system. In addition, experiments also verify that the multi-
agent system can achieve the desired goal successfully, for example, the overhead
crane delivers an object in its workspace to the designated area, then with the
vision navigation control, the mobile robot picks up the object from the crane’s
workspace and delivers it to the robot manipulator. The robot manipulator then
picks up the object and transports it to its own workspace. The whole process
involves cooperation, coordination and communication among multiple agents.
By applying the CHA framework to the control of this multi-agent system, we
are able to achieve coordinated control of the heterogeneous multi-agent system.
The agents cooperatively work together to achieve the desired global goal.

4.5 The Stability of the Multi-Agent System

Based on the definition of the stability of CHA multi-agent systems, the multi-
agent system with the mobile robot, the robot manipulator and the overhead
crane is stable.

Proof:

1. Because of the design of the hardware and the software of the overhead
crane, the mobile robot and the robot manipulator, the action executors can
accomplish the hybrid actions. After the actions have been executed, the coor-
dination state transitions to the next coordination state according to the coor-
dination rule base.

2. As described above, all the actions taken by the overhead crane, the mobile
robot and the robot manipulator are on the allowed event trajectories Ea which is
governed by the coordination rule base. For r ∈ R, a ∈ A, c ∈ C, we have r |= lo
holds and (a, lo) ∈ C, r |= lc holds and (a, lc) ∈ C respectively. Recall that for the
overhead crane, coordination states 1c and 7c represent state ‘idle’ and state ‘put
down without load’ respectively. For the mobile robot, coordination states 1m

and 12m represent ‘idle’ and ‘ready to be unloaded’ respectively. For the robot
manipulator, coordination state 1r represents ‘ready to pick up’. The goal set is
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the region around state (7c, 12m, 1r) for (crane, mobile robot, robot manipulator)
and the origin set corresponds to the coordination state (1c, 1m, 1r). Ea leads the
system to the goal set.

3. We wish to show that for this multi-agent system, the invariant set Rm ⊂ R
is stable in the sense of Lyapunov w.r.t. Ea.

We use the metric defined by the Euclidean distance between each agent and
the goal region along the allowed event trajectories Ea, which is

ρ(R, Rm) = Σ3
i=1{|xi − x̄i| + |yi − ȳi| + |zi − z̄i|} (25)

in which the goal region is defined as Rm = {(7c, 12m, 1r)} which corresponds
to {(x̄1, ȳ1, z̄1), (x̄2, ȳ2, z̄2), (x̄3, ȳ3, z̄3)}. Subscript 1 is used to represent the
overhead crane, 2 represents the mobile robot, and 3 represents the robot ma-
nipulator. Note that for the mobile robot z2 = z̄2. We choose

V (R) = ρ(R, Rm), (26)

then we need to show that in a sufficiently small r-neighborhood of the set Rm

the Lyapunov function V has the required properties.

(1) If we choose c2 = c1, it is obvious that for all sufficiently small c1 > 0,
when V (r) > c2 for r ∈ r-neighborhood of Rm, ρ(r, Rm) > c1.

(2) Same as above, if we choose c3 = c4 > 0 as small as desired, when
ρ(r, Rm) < c3 for r ∈ r-neighborhood of Rm, we have V (r) ≤ c4.

(3) By design, all the agents only move toward the next goal along the allowed
event trajectories Ea, they don’t go backward. So we have V (R(r0, Ek, k)) a non-
increasing function for k ∈ Z+, as long as R(r0, Ek, k) ∈ r-neighborhood for all
Ek such that EkE ∈ Ea(r0).

4.6 Optimization

The mobile robot needs to finish various tasks in order to coordinate and coop-
erate with the overhead crane to achieve the final goal of the multi-agent system.
The “quality” of the work of the mobile robot has to be maintained otherwise
the cooperation would not be possible. For example, if the mobile robot turns
too early or too late, the mobile robot would not stay on track when it gets into
the overhead crane’s workspace and it will fail the task. As a result, the whole
system would not complete the mission. In particular, the mobile robot’s actions
involve searching the landmark, aligning its body to the target, landmark follow-
ing, turning left, turning right, and so on. The goal of the whole system is that
the mobile robot needs to move into the overhead crane’s workspace and wait
there, until the overhead crane finishes its dropping action. Then, the mobile
robot takes the object that the overhead crane has dropped and transports the
object out of the overhead crane’s workspace. In [24], jobs are done for different
products by the single-stage process. However, in our framework, each agent has
to take various actions on a single object in order to accomplish the overall task.
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Fig. 4. The model of the 4-wheeled mobile robot

Of course, we can also apply the model to systems that require the same task to
be done on multiple products.

The mobile robot needs a certain amount of time to finish the task. The
position of the mobile robot is critical for the cooperation. The distances between
the mobile robot and the landmarks are used to determine the quality level of
the actions. In a sufficiently large empty space, a mobile robot can be driven
to any position with any orientation, hence the robot’s configuration space has
three dimensions, two for translation and one for rotation. The physical state of
the kth action of the mobile robot is denoted by (xrk

, yrk
, θrk

) and represents
the translational and rotational position of the mobile robot. Thus the mobile
robot can be illustrated as the model shown in Figure 4, the wheels are aligned
with the vehicle. The kinematic model of the mobile robot can be represented
as

ẋrk
= u1rk

cos θrk
,

ẏrk
= u1rk

sin θrk
, (27)

θ̇rk
= u2rk

,

where u1rk
corresponds to the forward velocity of the vehicle and the angle of the

vehicle body with respect to the horizontal line is θrk
, the angular velocity of the

vehicle body is u2rk
, (xrk

, yrk
) is the location of the center point of the robot.

The forward velocity u1rk
and the angular velocity u2rk

are used to control the
motion of the mobile robot.

The path of the mobile robot can be obtained by integrating (27). Since the
mobile robot needs to take a series of actions to achieve the global goal for the
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multi-agent system, we use the subscript rk to represent the abstract state of
the mobile robot which indicates which action the robot is taking.

Next, the temporal state of the kth action of the mobile robot represents the
time when the mobile robot starts the next action. Let trlj

be the ending time
of the lth action of the jth agent that the mobile robot depends on in order to
finish its own action, the event-driven dynamics describing the evolution of the
temporal states of the mobile robot are given by

trk
= max(tr(k−1) , trlj

) + srk
(urk

), (28)

where srk
(urk

) is the time for the mobile robot to finish the kth action. Notice
that we have omitted subscript i for simplicity. In this system, we consider two
control objectives: 1) Increasing the performance of the mobile robot, and 2)
Reducing the time for the mobile robot to finish all the tasks. Thus, the optimal
control problem of interest can be expressed as:

min
ur0 ,...,urNi−1

( Ni−1∑
k=0

(
φ(trk

) + θ(urk
)
))

. (29)

The function φ(trk
) above is the cost related to the time an action is finished and

the time its depended task is finished. Generally, if the robot moves slower, its
performance is better. The function θ(urk

) is the cost function to penalize lower
speed since we want the robot finishes its tasks faster. The cost function should
be chosen by the designer based on the problem to be solved. As an example,
we can choose φ(trk

) = |trk
− trl′

j
| and θ(urk

) = 1
urk

.

5 Conclusion and Future Work

In this chapter, the CHA framework is introduced for the control of multi-agent
systems. In this framework, the control of multi-agent systems is considered as
decentralized control and coordination of agents. In this framework, we include
the concept of coordination states, a coordination rule base, an intelligent plan-
ner and a direct communication module in the intelligent coordination layer.
The hybrid control layer of the framework takes the output of the intelligent
coordination layer and generates discrete control signals and continuous control
signals to control the overall process. The stability of the framework is also ana-
lyzed. We also include a direct identification algorithm in the framework for the
optimization of multi-agent systems.

Although we have analyzed the optimization problem of the framework, it
is unclear how to optimize MASs modeled using the CHA framework where
actions are not sequential and agents do not wait for other agents to complete a
specific task. A more generic optimization approach should be investigated and
proposed. In addition, for the hybrid control layer, we need to define observers
properly so that the intelligent coordination control layer will be able to generate
actions accordingly. We need to solve problems related to partial observation or
limited views of the workspace.



66 H. Li, F. Karray, and O. Basir

References

[1] Russell, S., Norvig, P.: Artificial Intelligence - A Modern Approach. Prentice-Hall,
Englewood Cliffs (2003)

[2] Genco, A.: Mobile Agents - Principles of Operation and Applications. WIT Press,
Southampton, UK (2008)

[3] Brennan, W., Fletcher, M., Norrie, D.H.: An agent-based approach to reconfig-
uration of real-time distributed control systems. IEEE Transactions on Robotics
and Automation 18(4), 444–449 (2002)

[4] Baeza, J., Gabriel, D., Bejar, J., Lafuente, J.: A distributed control system based
on agent architecture for wastewater treatment. Computer-Aided Civil and In-
frastructure Engineering 17(2), 93–103 (2002)

[5] Earl, M.G., D’Andrea, R.: Modeling and control of a multi-agent system using
mixed integer linear programming. In: Proceedings of 41st IEEE Conference on
Decision and Control, vol. 1, pp. 107–111 (2002)

[6] Crespi, V., Cybenko, G., Rus, D., Santini, M.: Decentralized control for coordi-
nated flow of multi-agent systems. In: Proceedings of the 2002 International Joint
Conference on Neural Networks (IJCNN), pp. 2604–2609 (2002)

[7] Garza, L.E., Cantu, F.J., Acevedo, S.: Faults diagnosis in industrial processes
with a hybrid diagnostic system. In: Coello Coello, C.A., de Albornoz, Á., Sucar,
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Abstract. During the summer (2000), wholesale electricity prices in California 
were approximately 500% higher than those during the same months in 1998-
1999. This study proposes a practical use of a reengineered Multi-Agent 
Intelligent Simulator (MAIS) to numerically examine several reasons on why 
the crisis has occurred during May 2000-Janurary 2001. The proposed MAIS 
generates artificially numerous trading agents equipped with different learning 
capabilities and duplicates their bidding strategies in the California electricity 
markets during the crisis period. In this study, we confirm the methodological 
validity of MAIS by comparing the estimation accuracy of MAIS with those of 
the three well-known computer science techniques (Support Vector Machines, 
Neural Networks and Genetic Algorithms). This study also investigates the 
dynamic change on agent composition in a time horizon. This investigation 
finds that all agents gradually shift to multiple learning capabilities so as to 
adjust themselves to the price fluctuation of electricity. Finally, we apply the 
sensitivity analysis of MAIS to identify economic rationales concerning the 
crisis. The sensitivity analysis results in the estimation accuracy (91.15%) 
during the crisis period. This study finds that 40.46% of the price increase 
during the crisis period was due to an increase in marginal production cost, 
17.85% to traders’ greediness, 5.27% to a real demand change and 3.56% to 
market power. The remaining 32.86% came from other unknown market 
fundamentals and an estimation error. This numerical result indicates that the 
price hike has occurred due to an increase in fuel prices and real demand. The 
change of the two market fundamentals explained 45.73% (= 40.46% + 5.27%) 
of the price increase and fluctuation during the crisis. The responsibility of 
energy utility firms was 21.41% (= 17.85% + 3.56%).  

Keywords: Agent-based Approach, Partial Reinforcement Learning, Electricity, 
Auction.  



70 T. Sueyoshi 

1   Introduction 

An agent-based approach has been applied to investigate various complex systems 
(Tesfatsion, 2001). The applicability of the agent-based approach can be found in not 
only computer science but also social science. For example, Samuelson (2005) 
discussed the applications of agent-based approach to various social science systems 
from a perspective of optimization. Similarly, Makowski et al. (2005) assembled 
seventeen articles, all of which discussed various linkages between the agent-based 
approach and complex systems from the perspective of optimization. In a same vein, 
Jiang and Leyton-Brown (2007) discussed automated bidding agents within machine 
learning and Vorobeychik et al. (2007) explored the learning of agents in game 
theory.  

An important feature of the agent-based approach is its role in modeling and 
simulation. The structure of a complex system is modeled with many different types 
of agents equipped with various learning capabilities. Their learning processes are 
usually characterized by adaptive learning through which agents determine their 
decisions by interacting with an environment. The proposed model is numerically 
expressed and examined by a simulation-based investigation. The incorporation of a 
problem structure, along with a simulation study, provides us with a numerical 
capability to handle a large complex system where many components have 
interactions among them. Consequently, the agent-based approach is gradually 
recognized as a new promising approach among researchers in natural and social 
sciences.  

The agent-based approach has been recently applied to investigate a dynamic 
change of wholesale power trading. For example, Jacobs (1997), Bagnall (2000), 
Bunn and Oliveira (2001), Morikiyo and Goto (2004) developed multi-agent adaptive 
systems that incorporated a dynamic bidding process for power trading. See Axelrod 
(1997) that discussed a general view on complexity of agent’s cooperation. 
Unfortunately, the previous studies described only the development of agent-based 
modeling and simulations. Almost no research discussed the development of an 
agent-based approach from the perspectives of machine learning.  

To deal with such an issue, Sueyoshi (2010) as well as Sueyoshi and Tadiparthi 
(2005, 2007, 2008a,b,c) have recently explored the agent-based approach applied to 
investigate a dynamic change of wholesale power trading. Their first study (2005) 
discussed how to incorporate machine learning techniques into the agent-based 
approach. The second research (2007) extended their study (2005) by considering two 
groups of adaptive agents. One of the two groups incorporated multiple learning 
capabilities. The other group incorporated limited learning capability. Their research 
(2007) confirmed that agents with multiple learning capabilities did not have an 
advantage over agents with limited capability in predicting the market price of 
electricity. However, a theoretical extension of multiple learning capabilities had a 
potential for developing the agent-based approach for power trading, because 
experience in power trading needed other types of learning capabilities in addition to 
their prediction capability. The authors also developed an agent-based simulator, 
referred to “Multi Agent Intelligent Simulator (MAIS),” based upon the adaptive 
behaviors and algorithms discussed in the two studies (2005 and 2007). To extend the 
applicability of MAIS further, Sueyoshi and Tadiparthi (2008a) considered various 
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influences of a transmission capacity limit on the wholesale electricity price. As a 
result of incorporating such a transmission issue in power trading markets, the study 
(2008a) could enhance the practicality and applicability of the proposed MAIS. The 
computer software and its operation on a computer monitor were documented in the 
fourth study (2008b). They applied the proposed MAIS to investigate an occurrence 
of the California electricity crisis (2008c) as a primary study. Sueyoshi (2010) 
extended the study (2008c) by incorporating additional market fundamentals and a 
dynamic process of power trading. 

To extend the previous studies, this research needs to restructure the use of MAIS 
from the perspective of “partial reinforcement learning” in economics and machine 
learning in computer science (not conventional “reinforcement learning” as discussed 
by well-known researchers such as Sutton and Barto, 1999). After the completion of 
the MAIS reengineering, this study applies the software to investigate why the 
California electricity crisis has occurred in 2000–2001. In this study, the performance 
of MAIS is compared with the three well-known approaches in computer science (i.e., 
Support Vector Machines, Neural Networks and Genetic Algorithms), using a real 
data set on power trading related to the California electricity crisis (2000–2001). The 
methodological comparison examines whether the proposed MAIS performs as well 
as the other well-known approaches in predicting a dynamic price fluctuation of 
wholesale electricity during the crisis. After confirming the methodological validity of 
MAIS, this study investigates the dynamic change on agent composition in a time 
horizon. This investigation finds that all agents gradually shift to multiple learning 
capabilities so as to adjust themselves to the dynamic price fluctuation of electricity 
during the crisis. Finally, we apply the sensitivity analysis of MAIS to identify 
rationales regarding why the crisis has occurred in California. We compare economic 
implications obtained from the MAIS’s sensitivity analysis with those of the very well 
known economic studies (i.e., Joskow and Kahn, 2002, Borenstein et al., 2002 and 
Wolak, 2003) regarding the California electricity crisis. The application of MAIS 
provides new evidences and policy implications regarding the crisis, all of which 
cannot be found in the previous economic studies. That is the research task of this 
study.  

It is important to note that the previous studies (Sueyoshi, 2010; Sueyoshi and 
Tadiparthi, 2008c) investigated the California electricity crisis, using the agent-based 
approach. Unfortunately, their studies could not document the whole computation 
process and results because of a page limit in journal publication. This study 
reorganizes the whole research process and adds new computational results (i.e, a 
learning rate), not published in the previous studies. Thus, this research is the final 
version of a series of studies on the agent-based approach applied to the California 
electricity crisis. 

The remaining structure of this article is organized as follows: The next section 
briefly reviews underlying economic concepts used for the proposed MAIS 
reengineering. Section 3 describes the market clearing scheme in the US wholesale 
power markets. A numerical model for wholesale power trading is incorporated in the 
proposed MAIS. Section 4 discusses adaptive behaviors and algorithms incorporated 
in the MAIS. Section 5 applies the MAIS to a data set related to California electricity 
markets in the crisis period. The performance of the MAIS is compared with those of 
the other well known approaches in computer science that estimate a dynamic 
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fluctuation of wholesale electricity price. The MAIS-based sensitivity analysis 
investigates rationales regarding why the electricity crisis has occurred in California. 
Section 6 summarizes this research along with future research agendas. 

2   Economic Concepts for Agent-Based Learning Systems 

In computer science, reinforcement learning is a subarea of machine learning that is 
concerned with how an agent takes actions in an environment to maximize some 
notion of a reward. Reinforcement learning algorithms attempt to find a policy that 
maps states of the world to the actions that the agent should to take in those states. An 
application example of reinforcement learning in power trading can be found in 
Nanduri and Das (2007) and the other studies described in Section 1. See Sutton and 
Barto (1999) for a general framework of reinforcement learning and applications. 
When applying the reinforcement learning to investigate the dynamic fluctuation of 
electricity price, this study needs to mention the following four concerns:  

Multiple Learning Rate: Conventionally, reinforcement learning incorporated a single 
“learning rate” that made a linkage from a reward at step t to the one at step t+1. The 
previous research paid attention to the convergence of the learning rate. The use of a 
single learning rate was due to computational convenience. The single learning rate is 
not sufficient for representing a complex problem such as US wholesale power 
markets. The US wholesale power markets (like PJM: a large regional transmission 
controller covering the region of Pennsylvania-New Jersey-Maryland) consist of Day 
Ahead (DA), Hour Ahead (HA) and Real Time (RT) markets. Moreover, in a spot 
market of electricity, each software agent (being as an artificial trader) must consider 
his bidding price and quantity. Thus, it is easily imagined that we need to consider the 
multiple learning rates of agents in investigating the dynamics of power trading. The 
proposed MAIS has such a numerical capability to incorporate multiple learning rates 
as specified by a user. Hence, the proposed MAIS can provide more reliable 
information on the dynamics of power trading than the previous studies (e.g., Nanduri 
and Das, 2007), which are based upon the conventional use of reinforcement learning. 

Reinforcement Learning vs. Partial Reinforcement Learning: In addition to the single 
learning rate, the conventional use of reinforcement learning in machine learning 
considers that an agent selects a strategy to maximize some notion of a long-term 
reward. The reward allocation is usually “deterministic” in the use of reinforcement 
learning. The concept is inconsistent with the reality of power trading. In a power 
market, traders make their bidding decisions within a limited time. For example, in 
the RT market, traders must make their bidding decisions within an interval of 5 
minutes. Hence, it is impossible for traders to think about their rewards in a long term 
horizon. Furthermore, the conventional reinforcement learning assumes that a reward 
is always given to an agent in each learning process. Such an underlying assumption 
is questionable because a trader cannot always win in a power market. Sometime, he 
wins and obtains a reward, but he often loses in the electricity market. Thus, the 
reward is not always given to each agent and it is allocated by a “stochastic” process. 
This type of reinforcement learning (a reward in a short time horizon and a limited 
number of chances to obtain the reward) is referred to as “Partial Reinforcement 
Leaning”. See the reseaerch of Bereby-Meyer and Roth (2006) for a description on 
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the important of partial reinforcement learning from the perspective of game theory. 
The reengineering of MAIS discussed in this study is based upon the economic 
concept of partial reinforcement learning. 

Law of Effects and Power Law of Practice: In addition to the above two concerns, we 
need to mention that the history of reinforcement (or partial reinforcement) learning 
originated from animal and human learning psychology, which was first explored in 
Thorndike (1989). According to the study, “choices that have led to good outcomes in 
the past are more likely to be repeated in the future” (Erev and Roth, 1998, p.859). 
The observation was widely known as “Law of Effect” which has been a basic 
principle for human’s adaptive behaviors. Robustness on learning was also found in a 
learning curve that tended to be steep initially and then be flat. The observation was 
known as “Power Law of Practice” which dated back at least to Blackburn (1936). 
See Erev and Roth (1998, p. 859). 

In examining the previous research, we find two important lessons for the 
reengineering of MAIS. First, human intelligence is different from machine 
intelligence in terms of these learning functions such as a computational capability 
and a memory space. The concepts of human learning such as “Law of Effect” and 
“Power Law of Practice” need to be restructured for the development of machine 
learning. Second, the previous research on machine learning has been focused upon 
the reinforcement learning of an individual or a single group of people. In contrast, 
this study is interested in the partial reinforcement learning of multiple adaptive 
agents who have different preferences on rewards and different bidding strategies in a 
competitive electricity market. Hence, the partial reinforcement learning discussed in 
this study needs to be conceptually and computationally reorganized in such a way 
that it can be fitted for power trading of wholesale electricity.  

Learning from Mistakes: It is true that we learn many things from our mistakes. In a 
similar manner, traders adjust their bidding strategies from their mistakes (loses) in 
power trading. The principle of “Learning from Mistakes” needs to be incorporated 
into the proposed MAIS. Hence, the partial reinforcement learning is separated into 
positive and negative experiences in this study. These experiences act as feedbacks 
for partial reinforcement learning within the proposed MAIS, where the positive 
experience is originated from a successful bid and the negative experience comes 
from a failed bid. See, for example, Chialvo and Bak (1999) and Si and Wang (2001) 
that discussed the principle of “Learning from Mistakes” from the perspectives of 
active synaptic connections and neural networks. According to their studies, we have 
a strong desire to avoid making the same mistake within our brains. The aspect on 
learning from mistakes has been insufficiently considered in the previous studies on 
agent-based approaches on power trading. 

3   Market Clearing Scheme 

3.1   US Wholesale Power Trading and California ISO (Sueyoshi and Tadiparthi, 
2008c) 

The electric power business is separated into the following four functions: (a) 
generation, (b) transmission, (c) distribution and (d) retailing. The main parts are 
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generation and transmission, both of which are traded in US wholesale markets of 
electricity. Generally speaking, two types of transactions can be found in the US 
wholesale markets. One of the two is a bilateral (usually long-term) exchange contract 
between a generator(s) and a wholesaler(s). The other is a short-term auction-based 
transaction. In the short-term transaction, a market operator accepts biddings from 
both generators and wholesalers. The operator then determines the market price and 
quantity of electricity. Thus, this type of wholesale market is controlled and 
coordinated by ISO (Independent System Operator) and RTO (Regional Transmission 
Organization) such as PJM that operates not only a wholesale market but also a 
transmission market (Wilson, 2002).  

The US wholesale market is functionally separated into (a) a power exchange 
market and (b) a transmission market. The power exchange market is functionally 
separated into the four markets: (a1) a Real Time (RT) market, (a2) an Hour-Ahead 
(HA) market, (a3) a Day-Ahead (DA) market and (a4) a long-term contract market. 
These markets need to integrate the supply capabilities to satisfy a constantly 
changing demand on electricity. Coordinated auctions are used for the first three types 
of exchange market. Bilateral contracts are found in the fourth market (Stoft, 2002).  
 
California ISO and PX (Power Exchange): Before the electricity crisis (2000/2001), 
utility firms in California use power trading in short-term auction markets: DA market 
run by PX and HA market run by ISO. Both PX and ISO are market institutions for 
power trading. The DA market is a “financial and forward” market because all the 
transactions in the DA market stop one day before real delivery of electricity. The 
bidding decisions in the DA market are determined by the speculation of traders. 
Meanwhile, the HA market can be considered as a “physical and spot” market, because 
the delivery of power in the HA market is not optional like in the DA market. All 
traders enter the HA market to correspond to actual flows of electricity. Hence, the 
aspect of financial speculation is very limited in the HA market. Thus, HA is a physical 
market. In the HA market, traders need to make their decisions within a limited time 
(one hour). So, it can be considered as a physical spot market in this study.   

In this study, a wholesale power exchange market is separated into multiple zones 
based on the geographical location of nodes and a transmission grid. Each zone 
consists of several generators and loads. There are two types of transmission 
connections such as intra-zonal link and inter-zonal link. Intra-zonal links are 
connections that exist among generators and loads within a zone. Inter-zonal links are 
connections that exist among the zones. A common MCP (Market Clearing Price) 
exists if these zones are linked together. However, if those are functionally separated 
by a capacity limit on an interconnection line, then these zones have different 
“locational marginal prices” as MCPs.     

To explain why we need to consider the influence of capacity limits on 
transmission on a wholesale power market, we consider the wholesale market 
operated by California ISO as a real example. The market is divided into three zones 
for the purpose of pricing; NP-15 is in the north, SP-15 is in the south, and ZP-26 is in 
the center of the state. The central zone (ZP-26) has only two transmission links, one 
to northern path (NP-15) and one to southern path (SP-15). The northern path and 
southern path are not directly connected to each other. If they need excess electricity, 
they have to obtain it from other states as shown in Figure 1.  
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Fig. 1. Three Zones in California ISO 
(Source: http://www.ucei.berkeley.edu/) 

3.2   Market Clearing Scheme for Multiple Market Zones (Sueyoshi and 
Tadiparthi, 2008a) 

This study considers a wholesale electricity exchange market which consists of Z zones (z 
= 1, .., Z) and all the zones are connected to each other by transmission links. The 
subscription “z” indicates the z-th zone. Figure 2 illustrates an algorithm for clearing a 
wholesale electricity market with multiple zones. In Figure 2, we assume that all links are 
not limited in the proposed MAIS. Then, the assumption is dropped because we are 
interested in investigating the influence of a capacity limit on the market clearing process.  

The terms used in Figure 2 are summarized as follows: (a) AG (Allocated 
Generator): a group of generators that are allocated for current generation in all zones. 
(b) UAG (Unallocated Generators): a group of generators that are not allocated for 
current generation in all zones. (c) C (Cleared Zones): a set of cleared zones where 
load requirements are fulfilled. (d) NC (Not Clear Zones):  a set of zones that are not 
cleared. (e) PG (Participating Generators): a group of generators that can participate 
in the market clearing process of the z-th zone. (f) TCG (Transmission Connected 
Generators): a group of generators whose transmission lines are connected to the z-th 
zone. (g) MCPG (Market Clearing Participating Generators): a group of generators 
who can belong to both PG and TCG. 

In addition to these subsets, Figure 2 uses a subscript “t” to indicate the t-th period 
for real delivery of electricity. Two subscripts “i” and “j” indicate the i-th generator 
and the j-th wholesaler, respectively. To avoid a descriptive duplication, the study 
often omits the descriptions on subscripts through this manuscript.   

As a preprocessing step in Figure 2, ISO forecasts a total demand ( t)z(D ) for the z-

th zone at the t-th period. The total demand is specified as ∑= j t)z(jt)z( dD , where 
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t)z(jd  is the demand forecast for the t-th period by the j-th wholesaler in the z-th zone. 

The total supply capability ( t)z(S ) for the z-th zone is obtained from all generators and 

is expressed by ∑= i
m

t)z(it)z( sS , where m
t)z(is is the maximum generation capacity of 

the i-th generator in the z-th zone. It is assumed that the total sum of maximum 
generation capacities (∑ t)z(S ) is larger than or equal to the total forecasted demand 

(∑ t)z(D ) for all periods (t = 1, .., T). Hence, an excess amount of power supply for the 

zone is specified by t)z(t)z(t)z( DSE −=  (for all z and t).   

 

 
 

Fig. 2. Market Clearing Scheme for Multiple Zones 
 

a) AG (Allocated Generator), UAG (Unallocated Generator), C (Cleared Zone), NC (Not 
Cleared Zone), PG (Participating Generator), TCG (Transmission Connected Generator) and 
MCPG (Market-Clear Participating Generator). 
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In Figure 2, a zone is said to be “cleared” if all the load requirements in a zone are 
satisfied. That is, if t)z(t)z( DS ≥ , then the z-th zone is cleared. Otherwise, 

( t)z(t)z( DS < ), the zone is not cleared. In this case, ISO arranges additional electricity 

by using extra (usually expensive) generators within its own zone and/or obtaining 
electricity from other linked zone(s). In the former case, ISO needs to reexamine the 
selection of generators and dispatch scheduling within the zone. In the latter case, ISO 
needs to examine whether unused generators are available in other zones.  

This initial clearing process of Figure 2 continues sequentially for all zones, as 
depicted in the upper part of the figure. In the initial stage, AG is empty, UAG covers 
all the generators in a power market (with multiple zones), C is an empty set, and NC 
consists of all the Z zones. At the end of the initial market clearing process, all the 
zones are classified into either cleared or not cleared. In Figure 2, the “win” of a 
generator implies that he bids in the power market and obtains a generation 
opportunity. So, the generator becomes a member of AG. The market clearing process 
is repeated Z times because the wholesale market consists of Z zones. 

After the initial clearing process is completed, ISO needs to clear all zones where 
demand is larger than or equal to supply. All these zones belong to NC. Since the 
market clearing process depends upon whether there is any capacity limit on links, 
this study first describes an algorithm under no line limit. See the left (no line limit) of 
Figure 2. To clear the z-th zone in NC, ISO prepares a market for the zone where all 
unused generators in UAG can participate in the bidding process. Since there is no 
line limit in transmission, the bidding process of those generators works as a single 
market entity.  

The right hand side of Figure 2 indicates an algorithm within ISO when the z-th 
zone is not cleared and the links between the not-cleared zone and the other zones 
have a capacity limit. To clear the zones in NC, ISO identifies not only all generators 
in NC but also UAG in other zones. Such a group of generators is expressed by PG. In 
this stage, ISO needs to consider both (a) whether there is a link(s) between the not-
cleared z-th zone and the other zones and (b) whether the link has a capacity limit for 
transmission. The issue regarding whether all generators should be connected to the 
not-cleared z-th zone through a link is solved by identifying a group of generators 
whose zones have a link to the not-cleared zone. The group of generators is expressed 
by TCG. Consequently, a group of generators, which can participate into the market 
clearing process of the z-th zone, is selected from MCPG that is expressed by an 
intersection between PG and TCG. The z-th zone is cleared by using all generators in 
MCPG. Based on the market clearing effort, all the sets (C, NC, AG, UAG, PG, TCG 
and MCPG) are identified and updated as depicted in Figure 2.  

3.3   Bidding Strategy of Agents (Sueyoshi and Tadiparthi, 2008a) 

Figure 3 depicts the bidding strategy of agents in a market with multiple zones that 
are connected by links with a capacity limit. Let us select a zone (say, the z-th zone) 
from NC (a set of zones that are not cleared). Then, n generators for i(z)t =1,..,n(z)t 
are selected from MCPG and k wholesalers for j(z)t =1,..,k(z)t are selected from the z-
th zone for the t-th period. In Figure 3, wholesalers are selected from the z-th zone. 
Meanwhile, generators are selected from not only the z-th zone (as a target zone) but 
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also the z’-th zone where the z’-th zone is a representative of the other zones. So, z’ 
indicates multiple zones in the manner that z’(≠ z) = 1, 2, ..,Z. Generators in both the 
z-th and the other zones as well as wholesalers in the z-th zone can enter a market 
clearing process of the z-th zone. The zone market consists of DA and HA. The 
superscripts “1” and “0” indicate DA and HA markets, respectively. We drop the 
description on the subscripts “z” and “t” to avoid descriptive redundancy. The terms 
used in Figure 3 are summarized as follows: 

 

m
t)z(is   : the maximum amount of power generation capacity of the i-th generator in 

the z-th zone. 
1

t)z(is  :  the bidding amount ( m
t)z(i

1
t)z(i ss ≤ ) of the i-th generator for DA in the z-th 

zone. 

t)z(iα  ( 10 t)z(i ≤α≤ ): a decision parameter of the i-th generator that expresses the 

ratio of the bidding amount ( 1
t)z(is ) to the maximum generation capacity 

( m
t)z(it)z(i

1
t)z(i ss α= ).  

1
t)z(iMC  : the marginal cost of the i-th generator in DA. 

)]1/(MC[ p t)z(i
1

t)z(i
1

t)z(i β−= : the bidding price of the i-th generator for DA. 

t)z(iβ  ( 10 t)z(i <β≤ ): a mark-up ratio of the i-th generator that indicates how much the 

bidding price is increased from the marginal cost.  

t)z(je  : the demand estimate of the j-th wholesaler at the t-th period of DA.  

1
t)z(jw  : the price estimate the j-th wholesaler from the demand estimate ( t)z(je ). 

]e[d t)z(jt)z(j
1

t)z(j δ= : the bidding amount of the j-th wholesaler for DA. 

t)z(jδ  ( 10 t)z(j ≤δ≤ ): a decision parameter to express the reduction of the bidding 

amount from the demand estimate ( t)z(je ).  

)w( p 1
t)z(jt)z(j

1
t)z(j λ= : the bidding price of the j-th wholesaler for DA.  

t)z(jλ )10( t)z(j ≤λ≤ : a decision parameter to indicate the reduction of the bidding 

price from the price estimate.  
1
ztp̂   : the market clearing price for the z-th zone in DA. 

1
t)z(iŝ  : the power request to the i-th generator in DA. 

1
t)z(jd̂  : the power allocation to the j-th wholesaler in DA.  

0
t)z(is  : the bidding amount ( m

t)z(i
0

t)z(i ss ≤ ) of the i-th generator for HA. 

t)z(iυ  ( 10 t)z(i ≤υ≤ ): a decision parameter of the i-th generator to express 

m
t)z(it)z(i

0
t)z(i ss υ= .  
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)]1/(MC[ p t)z(i
0

t)z(i
0

t)z(i η−= : the bidding price of the i-th generator for HA.  

0
t)z(iMC  : the marginal cost of the i-th generator in HA. 

t)z(iη   : a mark-up ratio ( 10 t)z(i <η≤ ) of the i-th generator for HA. 

t)z(jr  : the real demand to the j-th wholesaler from end-users in the z-th zone at the 

t-th period. 
0

t)z(jd  : the bidding amount of the j-th wholesaler for HA. 

0
ztp̂    : the market clearing price of the z-th zone for HA. 

0
t)z(iŝ  : the power request to the i-th generator in HA. 

0
t)z(jd̂  : the power allocation for the j-th wholesaler in HA. 

 

The above description related to the z-th zone can be directly applied to those of the 
z’-th zone. An exception is found in a line capacity on transmission from the z’-th 
zone to the z-th zone. Figure 3 includes the following terms related to a line capacity: 

 

t)z'z(i →α  : a decision parameter of the i-th generator in the z’-th that expresses the 

ratio of the bidding amount ( 1
t)'z(is ) in DA to the maximum generation 

capacity ( m
t)'z(it)z'z(i

1
t)'z(i ss →α= ). The generator sends the amount of 

electricity from the z’-th zone to the z-th zone in DA. 

t)z'z(i →υ  : a decision parameter of the i-th generator in the z’-th that expresses the 

ratio of the bidding amount ( 0
t)'z(is ) in HA to the maximum generation 

capacity ( m
t)'z(it)z'z(i

0
t)'z(i ss →υ= ). The generator sends the amount of 

electricity from the z’-th zone to the z-th zone in HA. 
m

t)z'z( →l   : the maximum capacity limit on an interlink from the z’-th zone to the 

z-th zone. 
 
Supply Side in DA: All the generators are classified into two groups: (a) generators 
within the z-th zone and (b) generators in the other zones (say, the z’-th zone in 
MCPG). In Figure 3, the z-th zone is a specific zone whose market needs to be 
cleared. Meanwhile, the z’-th zone indicates all the other zones whose transmission 
lines are connected to the z-th zone (z’≠ z∈MCPG).  

The i-th generator selected from the z-th zone bids 1
t)z(is for DA. The bidding 

amount is expressed by =1
t)z(is

m
t)z(it)z(i sα where t)z(iα  is a decision parameter of the 

i-th generator to express the ratio of the bidding amount to his maximum generation 

capacity ( m
t)z(is ). Meanwhile, the i-th generator selected from the other z’-th zone in 

MCPG bids 1
t)'z(is for DA ( },smin{s m

t)z'z(
m

t)'z(it)z'z(i
1

t)'z(i →→α≤ l ). In determining his 



80 T. Sueyoshi 

bidding amount, the generator needs to consider both how much he can send 
electricity to the z-th zone and the maximum transmission limit on an interlink from 

the z’-th zone to the z-th zone. His bidding strategy is expressed by m
t)'z(it)z'z(i s→α
 

where t)z'z(i →α  is a decision parameter to express the ratio of the bidding amount to 

the maximum capacity ( m
t)'z(is ). Furthermore, 

m
t)z'z( →l  stands for the maximum 

capacity limit on an interlink from the z’-th zone to the z-th zone. Thus, the generator 
in the z’-th zone must consider not only his generation capacity but also the line 
capacity for transmission.  
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Supply Demand

1α0 i(z)t ≤≤

1δ0 j(z)t ≤≤

1β0 i(z)t <≤

1λ0 j(z)t ≤≤

)sυ(s m
i(z)ti(z)t

0
i(z)t =

1υ0 i(z)t ≤≤

)d̂ r(d 1
j(z)tj(z)t

0
j(z)t −=

}),sαmin{(s m
z)tz(

m
)tzi(z)tzi(

1
)tzi( →′′→′′ = l

)
β1

MC
(p

)tzi(

1
)tzi(1

)tzi(
′

′
′ −
=

)
η1

MC
(p

)tzi(

0
)tzi(0

)tzi(
′

′
′ −
=

}),sυmin{(s m
z)tz(

m
)tzi(z)tzi(

0
)tzi( →′′→′′ = l

1
i(z)tŝ
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Fig. 3. Bidding Strategies for Multiple Zone Markets 

 

Let 1
t)z(iMC  be the marginal cost of the i-th generator in the z-th zone at the t-th 

period. The generator determines a bidding price ( 1
t)z(ip ) for DA by 

)1/(MCp t)z(i
1

t)z(i
1

t)z(i β−= . Here, t)z(iβ  ( 10 t)z(i <β≤ ) is a mark-up ratio of the 

generator for DA. The mark-up ratio expresses numerically how much the bidding 
price is inflated from the marginal cost. The mark-up rate reflects the price strategy of 
the generator toward DA. Considering different magnitudes of the mark-up ratios, the 
proposed MAIS examines various price strategies for DA. Since a line limit does not 
influence the pricing strategy, the description on his pricing strategy can be applied to 
another generator in the z’-th zone. 
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Demand Side Strategy in DA: A wholesaler predicts an expected amount of electricity 
demanded on a delivery day, using a forecasting method. Let t)z(je be the demand 

estimated by the j-th wholesaler in the z-th zone. The wholesaler determines a bidding 

price ( 1
t)z(jw ) by using an inverse function (IF) of demand. That is, 1

t)z(jw  = IF( t)z(je ). 

See Sueyoshi and Tadiparthi (2005, 2008b) for a visual description on the inverse 

function. In the proposed MAIS, the wholesaler makes a demand bid ( 1
t)z(jd ) whose 

amount is less than or equal to the demand estimate ( t)z(je ) so that it can be expressed 

by t)z(jt)z(j
1

t)z(j ed δ= , where )0(0  t)z(jt)z(j ≤δ≤δ  is a parameter to indicate how 

each bid is strategically reduced from the demand estimate. Similarly, the bidding 

price is determined by 1
t)z(jt)z(j

1
t)z(j wp λ= . Here, t)z(jλ  ( 10 t)z(j ≤λ≤ ) is a parameter 

for price adjustment from the estimated price.  

DA Market: After ISO obtains their bids from all generators and all wholesalers, the 

organization allocates 1
t)z(iŝ  to the i-th generator within the z-th zone and 

1
t)'z(iŝ  to 

the i-th generator in the other z’-th zone. The real allocations are different from their 

bidding amounts (
1

t)'z(i
1

t)z(i s  and s ). ISO also determines 1
t)z(jd̂ (a real allocation) to 

each wholesaler in the z-th zone. The market clearing price ( 1
ztp̂ ) is equally allocated 

to both supply and demand sides in the DA market. 

Supply Side in HA: The i-th generator selected from the z-th zone bids 0
t)z(is for DA 

where the bidding quantity is expressed by m
t)z(it)z(i

0
t)z(i ss υ=  and. t)z(iυ  is a decision 

parameter to express the ratio of the bidding amount for HA to his maximum 

generation capacity ( m
t)z(is ). Meanwhile, the i-th generator selected from the other z’-

th zone in MCPG bids the amount  0
t)'z(is   for HA that is expressed 

by },smin{s m
t)z'z(

m
t)'z(it)z'z(i

0
t)'z(i →→υ≤ l . His bidding amount for HA is determined by 

comparing his power generation capability supplied to the z-zone with the maximum 
capacity limit on an interlink from the z’-th zone to the z-th zone. The power 

generation capability is expressed by m
t)'z(it)z'z(i s→υ where t)z'z(i →υ  is a decision 

parameter to express the ratio of the bidding amount to the maximum capacity. 

Furthermore, m
t)z'z( →l  stands for the maximum capacity limit on an interlink from the 

z’-th zone to the z-th zone. Thus, the generator in the z’-th zone considers both his 
generation capacity and the line capacity for transmission.  

The i-th generator in the z-th zone bids )]1/(MC[ p t)z(i
0

t)z(i
0

t)z(i η−= , where t)z(iη  

is a mark-up rate ( 10 t)z(i <η≤ ). In a similar manner, the generator in the z’-th zone 
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bids )]1/(MC[ p t)'z(i
0

t)'z(i
0

t)'z(i η−= . The mark-up ratio indicates each generator’s pricing 

strategy in HA. 

Demand Side Strategy in HA: In the HA market, all the wholesalers specify their 
required quantities on electricity. Since they need to satisfy the actual amount from 
end users, they must purchase all the necessary electricity from DA and/or HA 
markets. Let t)z(jr  be a real demand to the j-th wholesaler on the delivery day. The 

wholesaler specifies the purchasing amount, ]d̂r[  d 1
t)z(jt)z(j

0
t)z(j −=  in the HA 

market.  

HA Market: ISO adjusts all the requests from market participants to determine 0
t)z(iŝ  

and 0
t)'z(iŝ  (real requests to all generators), 0

t)z(jd̂  (a real allocation for the wholesaler) 

and 0
ztp̂  (a market clearing price) for the HA market of the z-th zone.  
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        Fig. 4. Clearing Scheme for DA                        Fig. 5. Clearing Scheme for HA  

 
Auction Process: Figure 4 visually describes the market clearing mechanism for the 
DA market. ISO reorders the biddings of generators and wholesalers. In the figure, 

the supply side combinations ( 1
t)z(is  and 1

t)z(ip ) for all i = 1, .., n in the z-th zone are 

reordered according to the ascending order of these bidding prices. The bidding 
process can be considered as a sealed English auction with acceptance of multiple 

bids. In contrast, the demand side combinations ( 1
t)z(jd  and 1

t)z(jp ) are reordered 

according to the descending order of these bidding prices. The bidding process is a 
sealed Dutch auction with acceptance of multiple bids. In Figure 4, ISO allocates the 

generation amount ( 1
t)z(1s ) of the first generator to satisfy the demand ( 1

t)z(1d ) of 

the first wholesaler. Such a power allocation is continued until an Equilibrium Point 
(EP) is found in the DA market. The equilibrium point is identified on EP, where the 
four generators are used to satisfy the demand required by the three wholesalers. 
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Consequently, 1
t)z(4p  (the bidding price of the fourth generator) becomes the market 

price ( 1
ztp̂ ) for all participating traders in the DA market for the z-th zone. 

Figure 5 depicts the market clearing mechanism for the HA market, where 

generators bid both 
0

t)z(is  and 0
t)z(ip . The combination of quantities and bidding 

prices are reordered according to the ascending order of these bidding prices. 

Meanwhile, wholesalers submit their demands ( 0
t)z(jd ), but not the bidding prices, 

because the HA market is a physical market where the demand of end users must be 
always satisfied. In Figure 5, ISO accumulates the generation amounts until the total 

demand is satisfied. In the figure, 0
ztD  is such a point, where 

== ∑ j
0

t)z(j
0
zt dD ( )∑ −j

1
t)z(jt)z(j d̂r . In Figure 5, an equilibrium point is 

identified as EP, where five generators are used to satisfy the total demand required 

by wholesalers. Consequently, 0
t)z(5p  (the bidding price of the fifth generator) 

becomes the market price ( 0
ztp̂ ) for all participating traders in the HA market of the 

z-th zone. 

Reward to Agents: Table 1 summarizes a reward of the i-th generator in the z-th zone 
at the t-th period. Each cell of Table 1 indicates a winning reward of the generator. 

For example, if 
1

t)z(i
1
zt pp̂ < , then he cannot have any chance to generate electricity, 

so having no reward in DA. Conversely, if 
1

t)z(i
1
zt pp̂ ≥ , then he receives a reward 

(
1

t)z(it)z(i
1
zt ŝ)MCp̂ − ), as listed in the cell under “DA” and “within the z-zone.” In a 

similar manner, if 
0

t)z(i
0
zt pp̂ ≥  in HA, then he obtains .ŝ)MCp̂( 0

t)z(it)z(i
0
zt −   

In addition to the sale, the i-th generator in the z-th zone can sell electricity in the 
z’-th market. That is, if the generator sells electricity to the z’-th zone, he can obtain a 

reward from the zone. In this case, the reward becomes 1
t)'zz(it)z(i

1
t'z ŝ)MCp̂( →−  in 

DA and 0
t)'zz(it)z(i

0
t'z ŝ)MCp̂( →−  in HA. Here, 1

t)'zz(iŝ →  and 
0

t)'zz(iŝ →  are the amount 

of electricity transmitted in DA and HA, respectively, from the z-th zone to the z’-th 
zone. The transmission from one zone to another zone is associated with a 
transmission cost that is listed as )'zz(TC →  in Table 1. The total reward ( )z(iR ) for 

the i-th generator in the z-th zone is determined by subtracting the transmission cost 
from a sum of these sales. The transmission cost within a same zone is zero. Here, 

)'zz(TC →  stands for a unit transmission cost ($/MWH), that is associated with 

physical losses, ancillary services and others related to transmission services) from 
the z-th zone to z’-th zone. The cost in the table indicates a total transmission cost ($).  

Next, a reward to the j-th wholesaler in the z-th zone can be specified as follows: If 
1

t)z(j
1
zt pp̂ > , then the wholesaler cannot access electricity through the DA market. So, 
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his reward is zero. In contrast, if 1
t)z(j

1
zt pp̂ ≤ , then he can obtain electricity from DA 

and sell the electricity to end users. The reward is listed in the left side of Table 2 

where R
ztp  is the retail price of the z-th zone at the t-th period. Similarly, if 0d̂0

t)z(j ≥ , 

then the wholesaler can access electricity in HA. The reward is listed in the right side 

of Table 2. An opposite case can be found if 0d̂0
t)z(j = . The wholesaler provides end-

users with electricity whose retail price is ruled by a regulatory agency.  
 

Table 1. Reward for Generators 

Reward = Sale - Cost DA HA
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Table 2. Reward for Wholesalers  
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At the end of this section, it is important to describe that the reward allocations 

summarized in Tables 1 and 2 are based upon the performance in a short term (i.e., 
DA and HA) horizon. [The speculation capability is incorporated into each agent as 
his knowledge base in a long term horizon. Thus, there is a difference between the 
reward allocation (in a short term horizon) and the knowledge base development (in a 
long term horizon). The former comes from business and the latter comes from 
computer science.] It is possible to reorganize the rewards into a finite or infinite 
horizon. In this case, we need to re-compute the rewards in a long term (finite or 
infinite) horizon. Then, the simulator needs to incorporate such a computation process 
into the speculation process of each agent so that the agent can compute a discount 
value from the long term horizon to the short term horizon. In the other aspects are the 
same in the proposed simulator. An exception is that the proposed transmission cost 
needs to incorporate a maintenance cost due to the transmission failure in a long term 
horizon. This study does not consider the transmission failure because the reward 
allocation belongs to a short term horizon. 
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4   Adaptive Behavior of Agents 

4.1   Adaptive Behavior 

In the proposed MAIS, traders are represented by software agents. Figure 6 illustrates 
an adaptive learning process and its related knowledge base development, both of 
which are incorporated into the agents. As depicted in the figure, each agent 
recognizes that there is an opportunity to obtain a reward by participating into 
wholesale power markets. He understands that the market participation is always 
associated with risk and therefore, he tries to obtain risk-hedge ability through trading 
experience.  

Adaptive Learning of Agents (Partial Reinforcement Learning / Non-Reinforcement 
Learning): In the simulator, each market consists of many agents who can accumulate 
knowledge from their bidding results to adjust their proceeding bidding strategies. 
The agents operate in two modes: practice and real experience, as depicted in Figure 
6. During practice (at the left hand side of Figure 6), the agents use non-reinforcement 
learning (or self-learning) where a power trading market determines the win or lose of 
each practice bid.  

 

 

Fig. 6. Adaptive Learning and Knowledge Base Development 
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The non-reinforcement learning is separated into three processes: (a) knowledge 
generation, (b) knowledge accumulation and (c) knowledge creation. In the 
knowledge generation, each agent has to generate knowledge by itself. The purpose of 
“knowledge generation” process is to discover or become familiar with the market as 
an environment. Thus, the agent bids in the markets (DA & HA) by changing decision 
parameters and mark-up ratios, using random data generation. After their biddings, 
the values of decision parameters and their win-lose results are stored in a 
“knowledge accumulation” process. The accumulated knowledge is further processed 
by a sigmoid decision rule (for speculation on a winning probability) and an 
exponential utility function (for risk preference of each agent). This process is 
referred to as “knowledge creation.” This non-reinforcement learning is repeated until 
the practice period (H) is over. The period can be considered as a training process for 
each agent. The final knowledge developed at the knowledge creation process 
becomes a starting basis for the own-bidding process of the partial reinforcement 
learning (at the right hand side of Figure 6).    

After the practice is completed, each agent starts real trading experience. The bidding 
decisions during the real experience period are based upon the knowledge/information 
obtained from the previous trading practice period. The real experience period follows 
“partial reinforcement learning” because the agent reacts according to the feedback 
obtained from the external environment. The partial reinforcement learning is 
functionally separated into three sub-processes: (a) “knowledge utilization,” (b) 
“knowledge accumulation” and (c) “knowledge creation.” In the knowledge utilization 
process, each agent fully utilizes both the processed information from the knowledge 
creation process of both non-reinforcement learning (practice period) and the 
information from the partial reinforcement learning (real experience period) in order to 
create a bidding strategy. Based on the positive and negative experience, the agents may 
change the direction of decision parameters and mark-up ratios according to the partial 
reinforcement learning algorithm. The positive feedback is generated from successful 
bidding experience which an agent wins and obtains a reward in the market. In contrast, 
the negative feedback is generated from a bidding result when he loses and does not 
obtain any reward in the market. The win-lose results and the corresponding values 
regarding decision parameters and mark-up ratios are stored in the knowledge 
accumulation process of each agent. The knowledge accumulation and knowledge 
creation process is similar to that of the practice period. The partial reinforcement 
learning is repeated until all iterations (T) are completed. 

At the end of this subsection, we need to mention two concerns: One of the two 
concerns is that the adaptive behavior of agents in the proposed simulator has the non-
reinforcement learning (self-learning) as a preparatory process of the partial 
reinforcement learning. The rationale regarding why the proposed simulator has the 
non-reinforcement learning is because a knowledge base at the initial stage is often 
inaccurate in terms of selecting decision parameters. This study considers that all 
agents in the training period do not have any knowledge base (i.e. experience). They 
need a practice period to obtain their biding experience. Their practices are not 
associated with any reward. Thus, the practice period is not formulated by a 
conventional use of reinforcement learning. The other concern is that both the non-
reinforcement learning and the partial reinforcement learning operate under an 
episodic mode (not a batch mode).  
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4.2   Types of Agents (Type I: Multiple Capabilities and Type II: Limited 
Capability) 

Following the research results of Sueyoshi and Tadiparthi (2007), this study uses two 
groups of adaptive agents who investigate the dynamics of electric power trading. The 
first group consists of agents who are equipped with multiple learning capabilities. Their 
learning capabilities include a risk-averse utility function and a long-term view (using a 
speculation capability) on how to obtain a reward from electric power trading. This 
group is referred to as “Type I” in this study. Meanwhile, the other group of agents 
looks for a short-term gain via limited learning capability. They do not incorporate any 
utility functions or any speculation capability. Thus, the second group is less informed 
than Type I. This group of agents is referred to as “Type II” in this research. See 
Appendix of this article that provides the adaptive behaviors of Types I and II. 

In developing the two types of agents, Sueyoshi and Tadiparthi (2007) depended 
upon the assertions on adaptive behaviors discussed by Roth and Erev (1995) and 
Erev and Roth (1998). The study (2007) prepared two hypotheses to investigate the 
adaptive behaviors of agents in power trading. One of the two is that “Type II predicts 
a price change of electricity more accurately than Type I in a real auction market.” 
The research (2007) concluded that Type II slightly outperformed Type I in terms of 
estimating electricity price.  The other assumption is that “Type I outperforms Type II 
in a power market where the two groups compete with each other.” The research 
(2007) concluded that Type I outperformed Type II in terms of head-to-head 
competition because the power trading needed other learning capabilities in addition 
to the price estimation ability. 

The following concerns are important in extending the two assertions into research 
regarding why the electricity crisis has occurred in California. First, Sueyoshi and 
Tadiparthi (2008c) assumed that the two groups of agents did not coexist in a power 
trading market. Furthermore, the type of agents did not depend upon the change of 
market fundamentals. The two assumptions, not clearly discussed in the study 
(2008c), do not reflect the reality of power trading. The two groups of agents usually 
coexist in the auction market for power trading and the agent composition changes 
constantly along with a dynamic fluctuation of market fundamentals. For example, 
agents in Type II could survive before the California electricity crisis because the 
market was stable and they could easily predict a price fluctuation of electricity. 
However, they needed to shift to Type I during the crisis period because the price 
fluctuation was drastically changing and consequently they had to speculate carefully 
the electricity price during the crisis period. Thus, the agent composition between 
Types I and II depends upon the dynamic change of electricity price and market 
fundamentals. The previous study (2008c) did not consider the important issue 
regarding the change of agent composition in a time horizon.  

5   An Application to the California Electricity Crisis (Sueyoshi, 2010) 

5.1   California Electricity Market from Data Structure 

As depicted in Figure 1, the California market is divided into three zones for the 
purpose of pricing. A data set on the California electricity market used in this study is 



88 T. Sueyoshi 

available from the University of California Energy Institute website. The data set 
consists of market information such as time of transaction, date of transaction, price at 
each zone in DA and HA markets, unconstrained price and quantity of the system, 
import/export quantities in each zone and prices of various auxiliary services. The DA 
trading was stopped from the California electricity market after 31st January 2001.  

Table 3. Data Description on California Market Price 

Market Mean Median Skewness Kurtosis Mean Median Skewness Kurtosis
SP-15 DA 26.77 26.04 3.98 29.66 136.91 92.65 5.43 71.51
SP-15 HA 26.84 23.99 5.53 70.96 126.01 105.03 1.86 6.92
NP-15 DA 28.69 27.04 11.88 343.80 155.07 109.49 4.89 60.31
NP-15 HA 29.42 25.47 4.80 35.61 155.76 150.00 1.71 6.82
ZP-26 DA 28.87 29.91 8.72 119.51 131.14 91.21 6.05 85.09
ZP-26 HA 28.38 29.31 4.80 59.14 124.35 105.13 1.79 6.96

AVG 28.16 26.96 6.62 109.78 138.21 108.92 3.62 39.60

Before crisis During crisis

 

a) Skewness gives an idea about the direction of the tail of a distribution (a degree of 
asymmetry). A positive value of skewness means that the tail extends more to the 
right. A negative value of skewness means that the tail extends more to the left. A 
normal distribution has a skewness of 0. 

b) Kurtosis gives an idea about size of the tail of a distribution. A positive value of 
kurtosis means that the distribution is relatively peaked. A negative value of kurtosis 
means that the distribution is flat. A normal distribution has a kurtosis of  0. 

 
Table 3 provides a descriptive statistics on the data set regarding the three 

California zones (DA and HA) over two different periods: before crisis and during 
crisis. Each sample represents hourly prices representing 24 hours per day. The before 
crisis period for SP-15 DA and HA and NP-15 DA and HA is from 1st April, 1998 to 
30th April, 2000. The before crisis period for ZP-26 DA and HA is from 1st February, 
2000 to 30th April, 2000. The during crisis period for SP-15 DA and HA, NP-15 DA 
and HA, and ZP-26 DA and HA is from 1st May 2000 to 31st January 2001.  

For all the DA markets, a maximum price of $2499.58/MWH was observed at 7 
PM on 21st January 2001. All the HA markets had a maximum price of $750/MWH 
starting from 26th June 2000. It was observed that prices started rising steadily from 
the summer of 2000.  

A data set regarding the capacity limits of California transmission links is not 
available publicly. To estimate a capacity limit on the lines between zones, we 
calculate the difference between import and export quantities to the wholesale market. 
A rationale behind choosing such a method is the assumption that a quantity more 
than the transmission limit has not been transferred on the transmission lines. After 
observing the data set, the transmission limit was set to a value of 11752 GWH 
(maximum difference between imports and exports). The limit was applied on both 
the transmission links: the transmission link between central zone and northern zone 
and the transmission link between central and southern zones.  
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Market Composition: As mentioned previously, the electricity market consists of 
generators and wholesalers. Since we do not have any information about an exact 
composition of the market during the years from 1998 to 2001, we use the 
information provided by California Energy Commission on their website for year 
2005. The website (http://www.energy.ca.gov/maps/electricity_market.html) provides 
an approximate composition of the generators. Thus, this study considers that 964 
generators of which 343 are hydroelectric with 20% market capacity, 44 are 
geothermal with 3% market capacity, 373 are oil/gas with 58% market capacity, 17 
are coal with 6% market capacity, 94 are wind with 4% market capacity, 80 are WTE 
with 2% market capacity, 2 are nuclear with 7% market capacity, 11 are solar with 
1% market capacity. The wholesaler composition is estimated from the website: 
http://www.energy.ca.gov/ electricity/electricity_consumption_utility.html. There are 
a total of 48 wholesalers. Pacific Gas and Electric has 30% of the share, San Diego 
Gas & Electric has 7% of the share, Southern California Edison has 31% of the share, 
LA Department of Water and Power has 9% of the share. Sacramento Municipal 
Utility District has 4% of the share, California Dept. of Water Resources has 3% of 
the share, and other 41 utilities have a 12% share. Self-generating agencies account 
for 4% of the share. 

5.2   Alternate Approaches to Predict Market Price 

Evaluation Criterion: An evaluation criterion is estimation accuracy (%) which is 
defined as 

. 
(t) PriceMarket    Real  Average

(t) PriceMarket    Estimated(t) PriceMarket    Real

N

1
1

N

1t
∑
=

−
−                  (1) 

Here, N stands for the number of evaluation periods. This criterion is suggested by 
Shahidehpour et al. (2002). 

 
Support Vector Machines (SVMs):  We use the kernlab package of R version 2.5.1 for 
running our experiments (source: http://www.r-project.org/). We chose an epsilon 
support vector regression model to predict the market price of electricity. The 
different parameters of the SVM regression were optimally chosen based on many 
repetitions of the experiment. The optimal value of C, a parameter to assign penalties 
to the errors in the support vector regression, was set to 1.5. A Gaussian radial basis 
kernel function with σ =16 was used as a kernel parameter. A 3-fold cross-validation 
was applied for training data.  

The input vectors for the DA market consisted of day-of-the-week, temperature, and 
DA demand. The target vector was the DA market price. Similarly, for an HA market, 
the input vectors consisted of day-of-the-week, temperature, HA demand, and 
corresponding DA price. The target vector was the HA market price. For SP-15DA, SP-
15HA, NP-15DA, and NP-15HA, the first 6216 data points (259 days x 24 hours) are 
used for training and the next 18672 data points (778 days x 24 hours) are used for 
predicting the performance of the trained SVM. For ZP-26DA and ZP-26HA, the first 
2160 data points (90 days x 24 hours) are used for training and the next 6624 data points 
(276 days x 24 hours) are used for predicting the performance of the trained SVM. 
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Neural Networks (NN): The second alternative is NN whose use for price estimation 
has been recommended by many researchers (e.g., Taylor and Buizza, 2002 and 
Zhang et al 2003). We use a Normalized Gaussian Radial Basis Function Neural 
Networks to forecast the price. [See, for example, neural v1.4.2 package on R 2.5.1 
http://www.r-project.org/).] The network uses a back propagation algorithm for 
training the network. The input parameters used are as follows: time of day, day of 
week, power imports, power exports, temperature, system wide load, and previous 
day’s price. These parameters are reported in Gao et al (2000). The width of each 
gauss function is assigned as the Euclidean distance between the two nearest training 
samples. [Source: Documentation of neural v1.4.2 package]. The learning rate, alpha, 
is assigned to 0.20. The error condition to stop is specified as 0.001, i.e. the algorithm 
will stop if the average error between the target vector and the predicted vector is 
lower than 0.001. As a preprocessing step, the data was normalized to lie in the range 
between -1 and 1. Each sample has been divided into three sets: training set, 
validation set and testing set. For SP-15 and NP-15, the first 456 days are used for 
training, the next 305 days are used for validation, and the next 60 days are used for 
testing. For ZP-26, the first 216 days are used for training, the next 148 days are used 
for validation, and the next 31 days are used for testing. To avoid a problem of over 
fitting, we conducted experiments repeatedly by varying the number of neurons in the 
hidden layer from 5 to 13. It is found that the number of neurons that gives the least 
error is 10, 10, and 7 for SP-15, NP-15, and ZP-26, respectively.  

 
Genetic Algorithm (GA): We use “genalg” package (version 0.1.1), an R based 
Genetic Algorithm to run our experiments. A genetic algorithm essentially consists of 
three steps: initialize population, evaluate the fitness of a population, and apply 
genetic operators. We modeled the problem as a parameter estimation problem for a 
nonlinear regression model. See Pan et al. (1995) for more information on the use of a 
genetic algorithm for nonlinear regression model.  The DA and HA prices are 
modeled as unknown parameters that have to be estimated. The known parameters are 
day-of-the-week, hour of the day, temperature, and system wide load. Each individual 
in the population is encoded by two binary strings. The first binary string represents 
the DA price. The second binary string represents the HA price. We know from the 
dataset that the maximum value of DA price is 2499.58. Thus, the range of DA price 
is [0, 2500]. Since we assume a precision of 2 digits after decimal point, the domain 
of DA price should have 250000 equal divisions. That is, it should be represented by a 
18 bit binary string (131072 = 217 < 250000 < 218 = 262144). We know that the range 
of HA price is [0,750]. Assuming a precision of 2 digits after decimal point, the 
domain of HA price should have 75000 equal divisions. i.e. it should be represented 
by a 17 bit binary string (65536=216<75000<217=131072). Thus, an individual in the 
population is represented by a 35 (18+17) bit binary string.  

The fitness value (FV) of an individual in a population in z-th zone is given by the 

following equation: [ ]20
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1
ztt

0
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Here, SWL is system-wide load, DW is day of week, HD is hour of day, Temp is a 
temperature. We use a rank-selection strategy to choose the individuals based on the 

rank of the fitness function (FV) for the market prices for DA ( 1
ztp̂ )and HA ( 0

ztp̂ ). 

The strategy is similar to the one described in Pan et al. (1995). The initial population 
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size is 50. The maximum generation is 25000. The mutation chance is varied from 
0.02 to 0.10. Elitism is set to 0.25. The prices for the (t+1)-th period is estimated from 
the t-th period. 

5.3   Estimation Results 

Each agent in the MAIS can bid by using either a Type I learning algorithm or a Type 
II learning algorithm. Table 4 summarizes the estimation accuracy of MAIS under 11 
different combinations of trader composition. There are 6 market zones (2 types of 
markets x 3 market zones). Each market zone has 11 agent combinations between 
Type I and Type II. For example, the second row indicates that all agents (generators 
and wholesalers) belong to Type II (equipped with limited learning capability). There 
is no trader in Type I (equipped with multiple learning capabilities). An opposite 
agent combination can be found in the last row of Table 4. The row with (60%, 40%) 
implies that 60% of traders belong to Type I (multiple learning capabilities) and 40% 
of traders belong to Type II (limited learning capability). An agent does not change 
his learning strategy during the course of the simulation. The purpose of calculating 
the estimation accuracy for different combinations of agents is to find the closest mix 
of agents that represent the market composition. 

Table 4 indicates that the best agent composition between Type I and Type II is 
(60%, 40%) in terms of estimation accuracy. As listed in the last column, the average  
 

Table 4. Estimation Accuracy (%) of MAIS with Different Combinations of Traders 

(Type I %, 
Type II %)

SP-15 DA SP-15 HA NP-15 DA NP-15 HA ZP-26 DA ZP-26 HA Mean

(0%, 100%) 72.68 71.24 66.28 70.34 86.19 89.12 75.98
(10%, 90%) 72.86 71.29 67.22 70.50 85.55 89.10 76.09
(20%, 80%) 74.54 72.14 68.29 71.53 84.84 88.34 76.61
(30%, 70%) 74.32 72.68 69.47 72.91 86.33 87.19 77.15
(40%, 60%) 76.19 75.50 69.76 72.19 84.64 88.45 77.79
(50%,50%) 84.98 87.15 76.91 80.33 86.32 88.67 84.06
(60%, 40%) 86.19 88.59 79.22 82.57 88.05 90.62 85.87
(70%, 30%) 85.24 87.21 78.01 81.67 87.54 90.07 84.96
(80%, 20%) 85.93 87.48 77.65 81.20 86.90 89.07 84.71
(90%, 10%) 86.21 87.35 78.55 79.21 88.12 89.57 84.84
(100%, 0%) 85.76 86.89 75.19 79.32 89.71 89.12 84.33  

a) Estimation accuracy (%) on each zone market is measured by Equation (1). The 
mean, at the bottom of the table, implies the total average (the sum of estimation 
accuracies related to market zones divided by six) of these market zones. 

b) The number of observations (hourly) is 24888 for the two markets in both 
SP-15 and NP-15. The number of observations is 8784 (hourly) for the two 
markets in ZP-26. Hence, the numbers in the table is the averages of these 
hourly observations. The numbers in the last column are the total average of 
each market zone. 
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estimation accuracy is 85.87(%) under the trader composition. The average estimation 
accuracy of Table 4 is related to the changes of price fluctuation and market 
fundamentals before and during the California electricity crisis. The result indicates 
that agents in Types I and II have coexisted in the power trading markets in the entire 
observed periods (SP-15 and NP-15: from 1st April 1998 to 31st January 2001 as well 
as ZP-26: from 1st February 2000 to 31st January 2001). Hence, this study uses the 
estimation accuracy of the agent combination (60% of traders belong to Type I and 
40% of traders belong to Type II) as the computational result of the proposed MAIS.  

Table 5 lists the estimation accuracies of MAIS before and during the electricity 
crisis at the right column. The table compares them with the estimation accuracies of 
the three other well-known computer science techniques (i.e., SVM: Support Vector 
Machines, GA: Genetic Algorithms and NN: Neural Networks). Figure 7 visually 
compares the observed prices of electricity with the estimated ones obtained by MAIS 
in the SP-15 (DA) market before the electricity crisis. Figure 8 depicts such a 
comparison during the electricity crisis. 

Table 5. Estimation Accuracy Comparison (%) among Four Approaches 

Market
SP-15 DA [82.58] (69.41) 79.10 [68.15] (49.87) 63.32 [87.95] (47.10) 77.16 [87.17] (83.45) 86.19
SP-15 HA [82.73] (63.47) 77.64 [68.37] (44.53) 62.10 [85.37] (52.46) 76.67 [89.67] (85.59) 88.59
NP-15 DA [79.76] (80.96) 80.08 [65.84] (41.97) 59.54 [84.27] (61.46) 78.24 [83.54] (67.19) 79.22
NP-15 HA [79.90] (80.85) 80.15 [65.67] (42.95) 59.67 [83.91] (61.95) 78.11 [85.46] (74.52) 82.57
ZP-26 DA [89.45] (90.15) 89.97 [65.19] (58.42) 60.12 [73.54] (61.05) 64.19 [92.97] (86.40) 88.05
ZP-26 HA [91.53] (92.29) 92.10 [67.53] (59.79) 61.74 [75.46] (60.09) 63.95 [93.96] (89.50) 90.62

Mean [84.33] (79.52) 83.17 [66.79] (49.59) 61.08 [81.75] (57.35) 73.05 [88.80] (81.11) 85.87

SVM GA NN MAIS

 
a) [  ] and (  ) indicate the average estimation accuracy before the California 

electricity crisis and the one during the crisis, respectively.  The total average 
between them is listed at the right hand side of each column. 

b) SVM: Support Vector Machines, GA: Genetic Algorithms, NN: Neural Networks 
and MAIS: Multi-Agent Intelligent Simulator (proposed in this study). 
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Fig. 7. MAIS Price Estimate of SP-15 for DA (the Pre-Crisis) 
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Fig. 8. MAIS Price Estimate of SP-15 for DA (During the Crisis) 

 
Table 5 indicates that the proposed MAIS (average estimation accuracy = 85.87%) 

estimates the dynamic price fluctuation of electricity as well as the other three 
methods (SVM: 83.17%, GA: 61.08% and NN: 73.05%). The average estimation 
accuracy of MAIS before the electricity crisis is 88.80%, while its accuracy during the 
crisis is 81.11%. Furthermore, as depicted in Figure 8, there is a significant difference 
between observed market prices and MAIS’s estimates. Such results indicate that the 
observed high electricity prices in the crisis period may not be explained as a natural 
outcome of changes in market fundamentals. Therefore, we need to investigate the 
issue further in this study. Such a difference (88.80% and 81.11%) can be visually 
confirmed in Figures 7 and 8, as well. Both figures compare the price fluctuation of 
observed prices with that of the price estimates in the two periods (before and during 
the crisis). Note that the price range of Figure 7 (from $0/MWH to $90/MWH) is 
much smaller than that of Figure 8 (from $25/MWH to $400/MWH). 

5.4   Learning Speed (Convergence) 

Table 6 compares learning speeds (convergences) of decision parameters and mark-up 
rates before and during the crisis when the market consists of trading agents whose 
60% have multiple learning capabilities (Type I) and 40% have limited learning 
capability (Type II).  

The learning speeds (measured by the convergence rates concerning decision 
parameters and mark-up rates) of trading agents before the crisis are less than those 
during the crisis. For example, the decision parameter (α ) needs an average of 41.49 
iterations to converge at an average value of 0.42 before the crisis. Meanwhile, the 
parameter needs 99.40 iterations on average to obtain an average convergence value 
of 0.46 during the crisis. The observation can be applied to the other decision 
parameters and mark-up ratios. The result indicates that the learning speeds of agents 
depend upon the dynamic change of market fundamentals. Before the crisis, agents 
can adjust themselves to a market change within a shorter time period because the 
market is stable and predictable. In contrast, they need a long time for their learning 
during the crisis because a large market fluctuation occurs in the market.  
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Table 6. Learning Speeds of Trading Agents before and during California Electricity Crisis 

α β ν η δ λ α β ν η δ λ
35.69 54.44 35.50 62.56 30.41 81.06 81.74 94.35 81.55 88.91 55.56 114.74
(0.45) (0.68) (0.55) (0.79) (0.53) (0.81) (0.43) (0.67) (0.57) (0.79) (0.52) (0.77)
53.52 69.79 53.50 69.01 26.42 85.94 108.36 108.08 108.54 123.12 63.14 136.61
(0.39) (0.79) (0.61) (0.85) (0.57) (0.81) (0.41) (0.76) (0.59) (0.85) (0.57) (0.82)
35.27 55.22 35.50 57.97 20.72 72.42 97.60 96.30 98.00 115.37 48.79 123.79
(0.43) (0.84) (0.57) (0.84) (0.61) (0.74) (0.45) (0.84) (0.55) (0.84) (0.61) (0.72)
41.49 59.82 41.50 63.18 25.85 79.80 95.90 99.58 96.03 109.13 55.83 125.05

(0.42) (0.77) (0.58) (0.83) (0.57) (0.79) (0.43) (0.76) (0.57) (0.83) (0.57) (0.77)
84.94 97.25 78.94 83.96 57.44 113.49 98.52 105.20 90.22 96.23 78.60 122.81
(0.49) (0.79) (0.51) (0.90) (0.69) (0.89) (0.53) (0.85) (0.47) (0.86) (0.55) (0.81)
111.04 109.62 106.11 129.05 60.40 132.24 117.60 122.94 123.72 131.35 86.11 151.53
(0.45) (0.89) (0.55) (0.91) (0.59) (0.89) (0.51) (0.88) (0.49) (0.88) (0.59) (0.86)
102.21 98.00 100.77 110.89 49.69 127.40 116.37 108.71 109.06 123.65 69.07 130.72
(0.45) (0.89) (0.55) (0.94) (0.65) (0.79) (0.46) (0.89) (0.54) (0.86) (0.62) (0.85)
99.40 101.62 95.27 107.97 55.84 124.37 110.83 112.28 107.67 117.08 77.93 135.02

(0.46) (0.86) (0.54) (0.92) (0.64) (0.86) (0.50) (0.87) (0.50) (0.87) (0.59) (0.84)

Market 
zone

(Type I: 60% Multiple Learning Capabilities; Type II: 40% Limited Learning Capabilities)

Generator Wholesaler Generator Wholesaler
Type I Type II

Before

During

SP-15

NP-15

ZP-26

AVG

SP-15

NP-15

ZP-26

AVG

 
a)  The number of iterations, indicating a learning speed, is listed at the top portion of each 

cell. The convergence value is listed at the bottom portion of each cell and is denoted with  
(    ).    

5.5   Dynamic Change in Agent Composition (Type I vs Type II) 

In subsection 5.3, we assumed that the composition of the MIAS is initialized as one 
of 11 different possible combinations between Type I and Type II. To examine the 
change of agent composition in a time horizon, this study incorporates a time horizon 
in the adaptive behaviors of agents visually summarized in Figure 6. That is, each 
agent has an opportunity to change his learning strategy. Figure 9 summarizes a 
computational flow regarding the adaptive behaviors in a time horizon. The figure 
describes the flowchart for an adaptive strategy for a generator. A similar algorithm 
can be extended to a wholesaler. There are n generators (i = 1,.., n) that can participate 
in a market. The generator is represented by an agent in the proposed MAIS. Each 
agent has to choose either Type I learning or Type II learning. The premise of the 
algorithm is that an agent prefers a learning strategy that fetches more reward in the 
previous learning experience. The agent evaluates its previous learning strategy at the 
end of every month based on the reward obtained in previous month.  

Let x represent the percentage of agents who are of Type I. Then, (100-x) 
represents the agents who are of Type II. Each agent is assigned two variables: 
Ownstrategy (the learning strategy of agent) and AltStrategy (the alternate strategy of 
agent). For example, if Ownstrategy(i) = Type I, then AltStrategy(i) = Type II, and 
vice versa. As a starting step, the learning strategies of each agent are initialized. 
Initialize the iteration period t to 1 April 1998. The variable, monthly reward, 
calculates the total reward obtained by an agent in during each month. The time 
variable is incremented by one day. During the simulation, the i-th agent calls both 
Type I and Type II learning. Then, the agent bids based on the value in 
OwnStrategy(i). If the bidding price is less than the market price, the reward obtained  
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Fig. 9. Computational Process to Identify Dynamics of Agent Composition 

 
is added to the monthly reward of OwnStrategy. Similarly, if the bidding price 
obtained using the alternate strategy is less than the market price, the reward obtained 
is added to the monthly reward of alternate strategy. See Table 1 and Table 2 for the  
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methodology to calculate rewards for a generator and wholesaler, respectively. Note 
that the market price is obtained as a result of bids using own strategy, not alternate 
strategy. The alternate strategy is used to analyze a “what-if” case. Such a simulation 
is repeated for each month. At the end of each month, the monthly reward obtained by 
own strategy is compared with the hypothetical monthly reward that could have been 
obtained if the agent followed an alternate strategy. If the monthly reward of the 
alternate strategy is greater than the monthly reward of own strategy, then the agent 
switches strategy for the next month. That is, the agent follows an alternate strategy 
that could fetch more profit than the own strategy. The value of x is calculated at the 
end of each month and is plotted in the graph. 

Using the algorithm in Figure 9, this study investigates a dynamic change in the 
agent composition between Type I and Type II in the California market from April 
1998 to January 2001. Figure 10 visually summarizes the dynamics. This study 
considers two initial agent compositions: (a) 50%  agents are equipped with Type I 
adaptive learning and the remaining 50% consists of Type II at April 1998  and (b) all 
agents are equipped with Type II adaptive learning (so, there is no Type I agent). In 
Figure 10, the solid line represents a dynamic change in the portion of Type I for the 
first agent composition and the dotted line represents the dynamic change in the 
portion of Type I for the second agent composition.  
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Fig. 10. Agent Composition (Type I and Type II) in Time Horizon 

 
Agents in Types I and II coexisted in the California electricity market before the 

crisis. During the initial period of the simulation and before the crisis period, all 
agents fluctuated between Type I and Type II. But, there was a gradual increasing 
trend in the number of agents of Type I. All agents in the electricity market became  
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Type I during the crisis period (from May 2000 to January 2001). This result was 
because the price of wholesale electricity increased sharply and fluctuated drastically 
during the crisis. Agents equipped with Type II adaptive learning needed to adjust 
themselves to the change in price dynamics during the crisis. Consequently, they 
became agents of Type I for their survival purposes.    

5.6   Sensitivity Analysis  

As previously mentioned, a significant advantage of MAIS is that we can analyze 
different market scenarios by sensitivity analysis. To explore a rationale regarding 
why a price hike has occurred during the California electricity crisis, this study 
prepares seven economic assertions related to market fundamentals, all of which are 
examined by the MAIS-based sensitivity analysis.  

 
Hypothesis 1 (Increase in Marginal Cost): An increase in the marginal cost of oil and 
natural gas has influenced an increase in the wholesale price during the California 
electricity crisis. 

 
This assertion is due to Joskow and Kahn (2002) and Borenstein et al (2002). 
Borenstein et al. (2002) reported that production costs contributed to 21% of the 
power price increase. A drought in Northwest Pacific region caused a significant 
shortage of electricity from hydro-electric dams. The price of natural gas started 
increasing gradually from the beginning of 2000. See Lee (2004) and Joskow and 
Kahn (2002, pp.5-7 and p.17) that reported a similar description on the fuel increase.  
The significant increase in the price of natural gas contributed to an increase in the 
marginal cost of oil/gas power plants. The sensitivity analysis examines the first 
hypothesis by increasing the marginal cost, )z(iMC , of 373 gas-fired generators 

according to the rates depicted in Figure 1 of Joskow and Kahn (2002, p.7). This 
study uses marginal costs for hydroelectric, geothermal, oil/gas, coal, wind, and 
nuclear is $25, $30, $40, $35, $10, and $50, respectively as the initial starting values 
of the simulation analysis. These marginal costs are all observed before the crisis. The 
marginal costs, except that of oil/gas, are used to examine the price fluctuation of 
electricity during the electricity crisis, because a major price change has been not 
found for those fuels during the observed period.   

 
Hypothesis 2 (Increase in Real Demand): An increase in electricity consumption has 
influenced an increase in the wholesale price during the California electricity crisis. 

 

The second assertion is due to an observed data set on real demand, t)z(jr , in the 

three zones of the California market. This increase in demand attributes to the 
temperature and economic growth in California. The summer of 2000 was “unusually 
hot” (Lee, 2004). While the temperature increase explained the increase in power 
price for summer, it failed to explain the reasons for the continued increase in power 
for the rest of the year. The economic growth of the industry due to the opening of  
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many startup companies increased the power demand. The unusually high prices in 
the summer of 2000 caused financial difficulties for many utilities. See also Joskow 
and Kahn (2002, p. 28) in which increased demand is considered as one factor of the 
price hike in the crisis. The data set indicates a load increase during the crisis. Hence, 
the sensitivity analysis increases the real demand by 20% from the original values. 
This increase in demand is applied only during the peak load time (from 7:00 to 
21:00), because a price hike occurred during the peak load period. Any major price 
change was not found in the other period. The 20% increase is due to the information 
that is obtained from the website (www.ucei.berkeley.edu/datamine/uceidata/ 
uceidata.zip). According to the information source, the real demand increased during 
the period from 4th May 2000 to 31st January 2001. For example, the load was 
20,880.40 GWH (at 9:00 on 1st June 1999) and 23,694.10 GWH (at 9:00 on 1st June 
2000), respectively. This denotes an increase of 13.48% during that time. An average 
of all such increase in loads is 19.69% and hence, the proposed sensitivity analysis 
uses 20% for increase.  

 
Hypothesis 3 (Greed of Traders): Traders have exhibited overwhelming desire for 
more profit during the California electricity crisis. Generators increased their bidding 
prices, while wholesalers reduced their bidding prices.  

 
An important numerical capability of the proposed MAIS is that it can examine the 
level of trader’s greed by observing the utility function of each trader. It was observed 
that the wholesale market price of electricity maintained an increasing trend, but the 
retail price of electricity did not increase significantly during the crisis. Rather, the 
retail price almost remained the same under the control of regulatory agencies. The 
increase in market price implies that the generators obtained a profit and the 
wholesalers suffered from an economic loss from the power market. Thus, it is 
assumed that generators were looking for a more risk-taking behavior to more profit 
by bidding high prices. Meanwhile, the wholesalers were looking for an opposite 
direction in the manner that they reduced their bidding prices in the power market. In 
the experiments, the parameter ( ζ ) represents the level of risk aversion. See 

Equations from (A-5) to (A-7) in the appendix. For evaluating the economic assertion, 
the range of ζ for generators is changed from (0.004, 0.065) to (0.0003, 0.0015). 

Similarly, the range of ζ for wholesalers is changed from (0.004, 0.065) to (0.01, 

0.07). See Appendix (A) of this article that explains the exponential utility function. 
 

Hypothesis 4 (Electricity Withholding by Generators): Large generators withheld 
electricity during the California electricity crisis. The exercise of market power 
attributed to the price hike during the period. 

 
The fourth hypothesis is due to Joskow and Kahn (2002, pp. 19-28) and Borenstein et 
al. (2002).  Their empirical analyses suggested that some generation firms 
deliberately did not make their maximum supply capacities available for the 
California electricity market. This study reexamines their assertion. The proposed 
sensitivity analysis uses the mean values of output gap that are summarized in Table 7 
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of Joskow and Kahn (2002, p. 23). In our experiments, the maximum supply (
m

t)z(is ) 

was reduced to its adjusted vale (= 
m

t)z(is - a mean value of output gap).  

 
Hypothesis 5 (Capacity Limit in Transmission Lines): A capacity limit in transmission 
lines was a source of supplier withholding. The transmission congestion occurred 
during the California electricity crisis and influenced the price hike of electricity. 

 
Joskow and Kahn (2002, p.8) reported that there was relatively little significant 
transmission congestion during the crisis period. However, it is important to 
investigate whether the supplier withholding during the crisis was intentional by 
generators or was due to an occurrence of congestion in transmission lines (so, the 
withholding in the supply side was accidental). There is no data available on  
the transmission line limits in the California transmission grid. We depend upon  
the information about system-wide imports and exports for both DA and HA  
market which is available at the source (www.ucei.berkeley.edu/datamine/uceidata/ 
uceidata.zip). To estimate a transmission limit, we calculate the average of the 
absolute difference between the imports and exports for both DA and HA markets. 
The average is 11,752 GWH, which is chosen as the line limit for all the transmission 
lines. For the sensitivity analysis, the line limit is reduced by 25%. Thus, the new line 
limit is 8,814 GWH.  

 
Hypothesis 6 (Competitive Rent): An increase in competitive rent has influenced an 
increase in the wholesale price during the California electricity crisis. 

 
The research of Borenstein et al. (2002, p.1397) defines competitive rent as the profit 
that fossil-fuel and reservoir generators make in a competitive market. Since the out-
of-state generators cannot participate in the competitive market, those generators 
supply power at a fixed price. Thus, competitive rents apply only for in-state 
generators. The in-state generators increase the market price by increasing the 
competitive rent (profit). In the proposed simulation, this means an increase in 
bidding price, or an increase in the mark-up ratios, β and η. β = 0 implies that the 
competitive rent for DA is 0. Similarly, η = 0 implies that the competitive rent for HA 
is 0. Originally, we assume that the parameters (β and η) exist in the range (0, 1). See 
Borenstein et al. (2002, p.1396, Table 3) in which the competitive rent increased 3 
times approximately from 708 (in 1999) to 2101 (in 2000). To verify the hypothesis, 

we change the values of β to 
)21(

3

β+
β  and η to 

)21(

3

η+
η .  

 
Hypothesis 7 (Combination): The price hike in the California electricity crisis was not 
caused by a single source (i.e., a market fundamental that is specified by each 
hypothesis). Rather, the price hike was caused by some combination of multiple 
market fundamentals. 
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Table 7 summarizes the estimation accuracies of MAIS under 64 combinations of 
different market fundamental changes. The right hand side of the table indicates the 
average estimation accuracy of MAIS. The simulator starts from the initial values on 
decision parameters and markup ratios that are obtained from a data set before the 
crisis and then it computes the estimation accuracy, using a data set during the crisis.  
The average estimation accuracy of MAIS (at the first row of the left hand side) is 
73.06% that serves as a benchmark score for proceeding comparison. The estimation 
accuracy indicates how much a price fluctuation of electricity during the crisis can be 
explained by the market fundamentals before the crisis. See the last row of Table 4 
that indicates the average estimation accuracy (84.33%) of MAIS when all the agents 
in the market belong to Type I for the whole simulation period (before and during 
crisis). The average (84.33%) is computed from 90.35% (the average estimation 
accuracy before the crisis) and 73.06% (the average estimation accuracy during the 
crisis).  

The second row indicates the result of MAIS-based sensitivity analysis that 
examines the first hypothesis by increasing the marginal cost of 373 gas-fired 
generators according to the rate depicted in Joskow and Kahn (2002, p.7). The 
estimation accuracy increases from 73.06% to 83.96%. This implies that the increase 
in the marginal cost of oil/natural gas explains the price increase and fluctuation of 
electricity during the crisis with an estimation accuracy of 83.96%. There is an 
increase of 10.90% (= 83.96%-73.06%) in its estimation accuracy. Thus, the first 
hypothesis is confirmed by the MAIS-based sensitivity analysis. A similar result is 
identified in the second hypothesis (an increase in real demand), the third hypothesis 
(traders become greedy) and the sixth hypothesis (an increase in competitive rent) 
because these estimation accuracies (75.40%, 80.66% and 82.92%) are higher than 
the benchmark estimation accuracy (73.06%), but lower than the highest value 
(83.96%). Conversely, the fourth hypothesis (withholding by market power in the 
supply side) and the fifth hypothesis (a capacity limit on transmission lines) cannot be 
confirmed by the sensitivity analysis because those estimation accuracies (72.94% 
and 72.60%) are lower than the benchmark score (73.06%). The estimation accuracy 
of 83.96(%) serves as a benchmark score for the proceeding sensitivity analysis with 
two market fundamentals. 

Under the MAIS-based sensitivity analysis of two market fundamentals, the 
combination of the first hypothesis (an increase in the marginal cost of oil/natural gas) 
and the third hypothesis (all traders became greedy for more profit) produces the best 
estimation accuracy (88.77%). This implies that the changes of the two market 
fundamentals explain the price increase and fluctuation of electricity during the crisis 
with the estimation accuracy of 88.77%. There is an increase of 4.81% (= 88.77%-
83.96%). The estimation accuracy (88.77%) becomes a benchmark score for the 
proceeding sensitivity analysis with three market fundamentals.   

Under the MAIS-based sensitivity analysis of three market fundamentals, the 
combination of the previous two hypotheses and the second hypothesis (an increase in 
real demand) produces the best estimation accuracy (90.19%). This implies that the 
increase in real demand influences the price increase and fluctuation of electricity 
during the crisis. There is an increase of 1.42% (= 90.19%-88.77%) in the estimation 
accuracy. The estimation accuracy (90.19%) becomes a benchmark score for the 
proceeding sensitivity analysis with four market fundamentals.   
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Under the MAIS-based sensitivity analysis of four market fundamentals, the 
combination of the previous three hypotheses and the fourth hypothesis (withholding 
capacity of generators) produces the best estimation accuracy (91.15%). This implies 
that the withholding capacity of generators influences the price increase and 
fluctuation of electricity during the crisis. There is an increase of 0.96% (= 91.15%-
90.19%). The estimation accuracy (91.15%) becomes a benchmark score at this stage 
of sensitivity analysis.   

Finally, there is no increase in estimation accuracy under the five and six market 
fundamentals. Hence, this study considers that the changes in the four market 
fundamentals are the main sources of the price hike and large fluctuation of electricity 
during the California electricity crisis.  

The California electricity crisis was initiated by an increase in the marginal cost of 
oil / natural gas. The price increase occurred along with an increase in real demand of 
electricity. Under such a business circumstance, all traders became greedy for more 
profit. The three market fundamentals explain the price fluctuation of electricity 
during the crisis period at the level of 90.19% estimation accuracy. Besides the three 
market fundamentals, the withholding of large generators had an additional impact (at 
the level of 1%) to the price hike during the electricity crisis. The estimation accuracy 
increased to 91.15% under the four combinations. Meanwhile, both a capacity limit 
on transmission lines (or an occurrence of congestion) and a competitive rent did not 
have any major influence on the price hike during the crisis. These results indicate 
that 40.46%[= (83.96%-73.06%) / (100%-73.06%)] of the price increase during the 
crisis was due to an increase in marginal cost, 17.85% [= (88.77%-83.96%) / (100%-
73.06%)] to traders’ greediness, 5.27% [= (90.19%-88.77%) / (100%-73.06%)] to a 
real demand change and 3.56% [= (91.15%-90.19%) / (100%-73.06%)] to market 
power (withholding electricity). The remaining 32.86% is from other unknown 
market components and an estimation error.  

Consequently, the price hike during the crisis occurred due to an increase in fuel 
prices and real demand at the level of 45.73% (= 40.46%+5.27%). The responsibility 
of energy utility firms (their greediness and a use of market power) was 21.41% (= 
17.85%+3.56%). The increase of fuel price and real demand was twice more 
influential than the responsibility of energy utility firms in terms of the price hike and 
large fluctuation during the crisis. 

6   Conclusion and Future Extensions 

This study proposed a use of MAIS to numerically examine rationales regarding why 
the crisis occurred during May 2000-Janurary 2001. The proposed MAIS generated 
numerous trading agents equipped with different learning capabilities and artificially 
duplicated their bidding strategies in the California electricity markets during the 
crisis period.  

In this study, we confirmed the methodological validity of MAIS by comparing  
its estimation accuracy with those of the three well-known computer science 
techniques (Support Vector Machines, Neural Networks and Genetic Algorithms).  
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The estimation accuracy of MAIS outperformed those of the three techniques. The 
result indicates that MAIS performs as well as the three other methods in terms of 
price estimation.  

After confirming the methodological validation of MAIS, this study investigated 
the dynamic change on agent composition in a time horizon. We found that all agents 
in Types I and II coexisted in the electricity market, but they gradually shift to Type I 
(equipped with multiple learning capabilities) so as to adjust themselves to the price 
fluctuation of electricity during the crisis. This study considered two types of market 
compositions as initial settings: (a) all agents belonged to Type II and (b) 50% of 
agents were Type I and the remaining 50% were Type II. All agents in the two cases 
converged to Type I during the crisis period. This result indicated that the market 
composition depended upon the change of market fundamentals in an electricity 
trading market. Different types of agents could coexist in a stable market (like the 
California market before the crisis) where they could easily predict the change of 
price and market fundamentals. However, all agents needed to speculate more 
carefully the change of electricity price and market fundamentals in an unstable 
market (like the California market during the crisis) where they could not predict the 
dynamics between price and market fundamentals. Consequently, all agents shifted to 
Type I in such an unstable market. 

Finally, the sensitivity analysis of MAIS found that 40.46% of the price increase 
was due to an increase in marginal production cost, 17.85% to traders’ greediness, 
5.27% to a real demand change and 3.56% to market power. The remaining 32.86% 
was attributed to other unknown market fundamentals and an estimation error. This 
numerical result indicated that the price hike in the crisis occurred due to an increase 
in fuel price and real demand. The change of two market fundamentals explained 
45.73% (= 40.46% + 5.27%) of the price increase during the crisis period. The 
responsibility of energy utility firms was 21.41% (= 17.85% + 3.56%). Consequently, 
the price hike during the California electricity crisis was mainly due to the increase in 
production cost and real demand. This study found the exercise of market power 
during the crisis, but the influence of the market power was less (half) than that of the 
increase in fuel price and real demand. The policy implication obtained from this 
study was different from very well-known economic research (Joskow and Kahn, 
2002 and Borenstein et al. 2002), which had attributed the crisis to the exercise of 
market power by large energy utility firms. 

As a future research extension, we apply the proposed approach to investigate the 
fluctuation of price and the market changes of other commodities (e.g., CO2 emission 
trade) which are traded in international markets. In particular, the CO2 emission trade 
will be an important application of the proposed MAIS because the CO2 reduction is a 
major policy issue in the world. The market fundamentals for the CO2 emission trade 
are considerably different from those of electricity trade explored in this study. 
Hence, we need to develop a new type of modeling and simulation studies for such an 
application.  

Finally, it is hoped that this study makes a contribution to the agent-based approach 
applied to power trading. We expect further research extensions as specified in this 
study. 
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Appendix (Sueyoshi and Tadiparthi, 2007) 

(A)   Type I: Adaptive Behavior of Agents Equipped with Multiple Learning 
Capabilities 

In the proposed simulator, each market consists of many artificial traders who can 
accumulate knowledge from their bidding results in order to adjust their proceeding 
bidding strategies. As depicted in Figure 6, their adaptive learning process is 
separated into (a) a non-reinforcement learning (self-learning) process and (b) a 
partial reinforcement learning process. The former process provides each trading 
agent with not only a forecasted estimate on wholesale power price and amount, but 
also a win-loss experience from their biddings. The learning process can be 
considered as a training process for each trading agent. After the non-reinforcement 
learning process is completed, each agent starts his bidding decisions based upon 
previous trading experience. All agents constantly update and accumulate their 
knowledge (experiences) at each trade. The bidding and learning process is 
considered as the partial reinforcement learning process. The bidding experience in 
the learning process is incorporated into his database as updated information.  

Adaptive Sigmoid Decision Rule: In the adaptive learning process of the proposed 
MAIS, each agent constantly looks for an increase in an estimated winning 
probability. In other words, he looks for a combination of unknown decision variables 
and mark-up rates that can increase a winning probability. The win or lose of each 
agent is considered as a binary response. To express an occurrence of the binary 
response, a sigmoid model is widely used to predict a winning probability. 
Mathematically, the probability cumulative function of the sigmoid model is 

expressed by ( ) due1e)(F
2uu∫

σ
∞− +=σ  ( )σ−+= e11  .  

The win or loss status of the i-th generator of the z-th zone at the t-th period is 
predicted by the following linear probability model: 

           =t)z(iR +0c +α t)z(i1c +β t)z(i2c ε+η t)z(i3c .         (A-1) 

Here, t)z(iR is a reward obtained by the i-th generator. Parameters to be estimated are 

denoted by c in (A-1). An observational error is listed as ε . The parameters are 
unknown. Hence, we need estimate them by OLS (Ordinary Least Squares) 
regression. The winning probability (Prob) can be specified as follows:     

Prob(WIN)=Prob( 0R t)z(i ≥ ) = ( )
( )t)z(i3t)z(i2t)z(i10

t)z(i3t)z(i2t)z(i10

ĉĉĉĉEXP1

ĉĉĉĉEXP

η+β+α++
η+β+α+ .    (A-2) 

The symbol ( ^ ) indicates a parameter estimate obtained by ordinary least square 
method. The above equations suggest that the winning probability can be predicted 
immediately from the parameter estimates of the sigmoid model. The losing 
probability is measured by 1- Prob(WIN). 

The reward of the j-th wholesaler of the z-th zone at the t-th period can be 
estimated by the following linear probability model:  
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      =t)z(jR +0c +δ t)z(j1c ε+λ t)z(j2c .     (A-3) 

Hence, the winning probability is specified as  

 Prob( WIN )= Prob( )0R t)z(j ≥  = ( )
( )t)z(j2t)z(j10

t)z(j2t)z(j10

ĉĉĉEXP1

ĉĉĉEXP

λ+δ++
λ+δ+ .        (A-4) 

The adaptive learning process of the wholesaler provides three parameter estimates of 
the sigmoid model. Two ( 1ĉ  and 2ĉ ) of the three parameter estimates are important 

in determining the bidding strategies of the wholesaler. If the parameter estimate is 
positive, the wholesaler should increase its corresponding decision variable in order to 
enhance a winning probability. Conversely, an opposite strategy is necessary if the 
estimate is negative. Thus, the sign of each parameter estimate provides information 
regarding which decision variable needs to be increased or decreased. However, the 
winning probability, obtained from the sigmoid model, does not immediately imply 
that the agent can always win in a wholesale market with the estimated probability. 
That is a theoretical guess. The win or lose is determined through the DA and HA 
market mechanism. 

Exponential Utility function: It is assumed that all the agents have an exponential 
utility function. The utility function represents a risk aversion preference. 
Mathematically, the exponential utility function employed in this study is expressed 
by =)R(U t)z(j  )R(EXP1 t)z(jζ−−  on 0R t)z(j ≥ , where ζ indicates a parameter to 

express the level of risk aversion. The utility function is a smooth concave function. 
Different ζ  values represent different risk-hedge behaviors of traders.  

Returning to (A-3), the utility value )( t)z(jφ  for a reward )R( t)z(j  of the 

wholesaler is given by . )R(EXP1 t)z(jt)z(j ζ−−=φ  Hence, given t)z(jφ , the reward 

is expressed by  

=t)z(jR ζφ−− )1ln( t)z(j t)z(j2t)z(j10 ĉĉĉ λ+δ+= ,      (A-5) 

where “ln” stands for a natural logarithm. After obtaining the parameter estimates of 
the sigmoid model, along with a given utility value or its range; the wholesaler 
considers a bidding strategy for the next period. In this study, the bidding strategy for 

the next period (t+1) is specified as follows: λ
+ Δτ+λ←λ t)z(jt)z(j1t)z(j and 

δ
+ Δτ+δ←δ t)z(jt)z(j1t)z(j , where L

t)z(j
U

t)z(jt)z(j λ−λ=Δλ  and L
t)z(j

U
t)z(jt)z(j δ−δ=Δδ . The 

prescribed quantities ( U
t)z(jλ  and L

t)z(jλ ) indicate the upper and lower bounds on 

t)z(jλ , respectively. The other prescribed quantities ( U
t)z(jδ and L

t)z(jδ ) also indicate 

the upper and lower bounds on t)z(jδ . In this case, we need to identify these quantities 

from the upper and lower bounds of previous bidding amounts. An unknown 
parameter ( τ ) indicates the magnitude of such a bidding change.  Along with the 
changes and given 1t)z(j +φ , (A-5) becomes  
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  =ζφ−− + )1ln( 1t)z(j )(ĉ)(ĉĉ t)z(jt)z(j2t)z(jt)z(j10
λδ Δτ+λ+Δτ+δ+ .           (A-6) 

From (A-6), the magnitude variable is determined by  

. ĉĉĉĉĉ)1ln( t)z(j2t)z(j1t)z(j2t)z(j101t)z(j ⎟
⎠
⎞⎜

⎝
⎛ Δ+Δ⎟

⎠
⎞⎜

⎝
⎛ λ+δ++ζφ−−=τ λδ

+
             

(A-7) 

Thus, we can determine the magnitude of a bidding change ( τ ) along with a 
previously determined strategic direction. Different utility values produce different 
magnitudes of τ , consequently generating different bidding prices and amounts for 
the j-th wholesaler. Note that the description on the utility function of the wholesaler 
can be extended to the utility function of the i-th generator in a similar manner.  

Algorithm: Each agent is assumed to have two databases: positive database and 
negative database. A positive database stores all the decision variables and mark-up 
ratios of an agent when the bidding result is a win. In the same vein, a negative 
database stores all the decision variables and mark-up rations of an agent when the 
bidding result is a loose. Using the partial reinforcement learning depicted in Figure 6 
(the right hand side), the j-th wholesaler in the z-th zone has the following bidding 
strategy (with t = H as the start), where H is the practice period: 

 
Step 1:  Set initial bidding variables from the current knowledge base. A forecasting 

method (e.g., moving average and exponential smoothing) with different time 
periods is used to compute the initial bidding variables. Also, set the upper 

( U
t)z(jδ  and  U

t)z(jλ ) and lower ( L
t)z(jδ  and L

t)z(jλ ) limits from the current 

knowledge base. 
Step 2: Use OLS to obtain parameter estimates of the sigmoid model from the 

knowledge accumulation process. Obtain the magnitude of a bidding change 
( τ ) from an exponential utility function. 

Step 3:  Based upon the signs of parameter estimates, the decision variables on 
bidding are changed as follows:  
(a) If 0ĉ1 >  & 0ĉ2 > , then ( 1t)z(j1t)z(j , ++ λδ ) = { }λδ Δτ+λΔτ+δ t)z(jt)z(jt)z(jt)z(j  , .  

(b) If 0ĉ1 > & 0ĉ2 = , then ( 1t)z(j1t)z(j , ++ λδ ) ={ }j(z)tt)z(jt)z(j  , λΔτ+δ δ .  

(c) If 0ĉ1 >  & 0ĉ2< , then ( 1t)z(j1t)z(j , ++ λδ ) ={ }λδ Δτ−λΔτ+δ t)z(jt)z(jt)z(jt)z(j  , .  

(d) If 0ĉ1 = & 0ĉ2 > , then ( 1t)z(j1t)z(j , ++ λδ )={ }λΔτ+λδ t)z(jt)z(jt)z(j  , .  

(e) If 0ĉ1 = & 0ĉ2 = ,
 
then ( 1t)z(j1t)z(j , ++ λδ ) ={ }t)z(jt)z(j   , λδ .  

(f) If 0ĉ1 = & 0ĉ2 < , then ( 1t)z(j1t)z(j , ++ λδ ) ={ }λΔτ−λδ t)z(jt)z(jt)z(j  , . 

(g) If 0ĉ1 < & 0ĉ2 > , then ( 1t)z(j1t)z(j , ++ λδ )={ }λδ Δτ+λΔτ−δ t)z(jt)z(jt)z(jt)z(j  , .  

(h) If 0ĉ1 < & 0ĉ2 = , then ( 1t)z(j1t)z(j , ++ λδ )={ }j(z)tt)z(jt)z(j  , λΔτ−δ δ .  

(i)  If 0ĉ1 < & 0ĉ2 < , then ( 1t)z(j1t)z(j , ++ λδ )={ }λδ Δτ−λΔτ−δ t)z(jt)z(jt)z(jt)z(j  , . 



 A Use of MAIS to Measure the Dynamics of US Wholesale Power Trade 109 

Step 4: Compute 
1

t)z(jd and 1
t)z(jp  using ( t)z(jt)z(j ,λδ ), and check whether the 

bidding variables belong to the negative database (from losing experience). 
If those belong to the negative database, then go to Step 1. If it does not 
belong to the negative database, submit the bids to the DA market.  If t = T, 
then stop. Otherwise, go to Step 5. 

Step 5: If the wholesaler loses, then update the bidding variable in his negative 
database (form losing experience) to generate a negative feedback. Go to 
Step 6. If the wholesaler wins, then update the bidding strategy in his 
positive database (form winning experience) to generate a positive feedback. 
Go to Step 6. 

Step 6: Add information on the current bidding variables into the positive and 
negative databases and determine the strategy related to Step 1. Go to Step 1. 

 

Note that (a) even if a trading agent keeps the same strategy, his market result may be 
different from the previous one, because the wholesale markets determines the price 
and amount of power allocation. (b) In Step 3 for each generator, the generator has 27 
(= 3 x 3 x 3) bidding strategies, as structured for the wholesaler. The three parameters 
need to be considered in the algorithmic steps for the generator. (c) The algorithm 
proposed for DA can be applied to the bidding price and quantity of a generator for 
HA in a similar manner.  

(B)   Type II: Adaptive Behavior of Agents Equipped with Limited Learning 
Capability 

In addition to Type I, this study develops agents in Type II who prepare the 
proceeding bidding strategies only from the current bidding results. So, the bidding 
strategies are myopic. They are equipped with neither the exponential utility function 
nor the sigmoid decision rule, both of which are incorporated in Type I. 
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                   Fig. A-1. DA Market                                       Fig. A-2. HA Market 

 

Figures A-1 and A-2 visually describe the bidding strategies of agents in Type II. 

In the two figures, equilibrium points for DA and HA are depicted on EP )p̂,q̂( 1
zt

1
zt  
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and EP )p̂,q̂( 0
zt

0
zt  respectively, along with supply and demand curves. Centering on 

each equilibrium point, each figure is separated into four regions. The north-east 
region indicates that a generator (GEN) loses in the DA market. Let us consider that a 
current bid for the DA market exists on A along a supply curve in Figure A-1. The 
generator loses in the DA market because the bidding price is higher than the market 
price on equilibrium. So, the generator loses an opportunity to supply electricity. The 
loss generates a “negative feedback” to the agent. As a result of the negative 
feedback, he reduces both the bidding price and quantity for the proceeding DA 
market. An opposite strategy is observed on C in the south-west region where the 
generator wins in the DA market. The north-west region indicates that a wholesaler 
(WS) on B wins in the current DA market, because the bidding price is higher than 
the market price on equilibrium. So, the wholesaler obtains electricity through the DA 
market. The result produces a “positive feedback” to the agent. As a result of the 
positive feedback, he decreases the bidding price and increases the bidding quantity to 
obtain more profit in the proceeding DA market. An opposite strategy is found on D 
in the south-east region where the wholesaler loses in the DA market. 

The bidding strategy in the DA market illustrated in Figure A-1 is shifted to the 
HA market of Figure A-2. As mentioned previously, the HA is a physical and spot 
market, so a generator’s bidding strategy in the HA market is different from that for 
the DA market. The pricing strategy for the HA market is identified by the two arrows 
in Figure A-2. A wholesaler enters the HA market with his strategy on quantity. The 
wholesaler does not have any strategy concerning price, because he must satisfy 
demand of end-users without any choice about price. As listed at the bottom of Figure 

A-2, the total amount of demand submitted by all wholesalers is listed as ∑ j
0

t)z(jd , 

and it determines the quantity of EP.  
The bidding strategy of agents in Type II is separated into the following four 

strategies for the DA market: 

(a)   If the j-th wholesaler wins in the current DA market, then he increases the bidding 
amount and decreases the bidding price for the proceeding DA market as follows:  

 δdqdd 1tj(z)
1

(z)tj1(z)tj
1

(z)tj
1

1(z)tj +++ −+= and 1(z)tj1j(z)t
1

(z)tj
1

(z)tj
1

1(z)tj λp~ppp +++ −−=  (A-8) 

The above strategy indicates that the next bidding amount ( )1
1j(z)td +  is increased 

from the current bidding amount ( )1
j(z)td  by  ,δdq 1(z)tj

1
(z)tj1(z)tj ++ − where 

1
tj(z)1j(z)t dq −+  is a difference between a forecasted amount (for the proceeding 

DA market) and the current bidding amount. The difference in an absolute value 
is adjusted by .1j(z)t+δ   Similarly, the next bidding price )p( 1

1j(z)t +
 is reduced 

from the current bidding price )(p1
j(z)t  by 1tj(z)1j(z)t

1
tj(z) λp~p ++− . Here, the 

wholesaler compares the current bidding price with the forecasted price estimate 
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),p~( 1j(z)t+ obtained from the knowledgebase. The difference between them in an 

absolute value is adjusted by 1j(z)tλ + .   

 (b) If the j-th wholesaler loses in the current DA market, then he decreases the 
bidding amount and increases the bidding price for the proceeding DA market as 
follows:   

 dqdd 1t)z(j
1

t)z(j1t)z(j
1

t)z(j
1

1t)z(j +++ δ−−= and 1t)z(j
1

t)z(j1t)z(j
1

t)z(j
1

1t)z(j pp~pp +++ λ−+=
 
(A-9) 

The difference between (A-8) and (A-9) is identified by the quantity reduction 
and price increase in (A-9).  

 (c) If the i-th generator wins in the current DA market, he increases both the bidding 
amount and price for the proceeding DA market as follows: 

 ssss 1t)z(i
1

t)z(i
m

1t)z(i
1

t)z(i
1

1t)z(i +++ α−+= and  1t)z(i
1

t)z(i1t)z(i
1

t)z(i
1

1t)z(i pp~pp +++ β−+=  (A-10) 

The above strategy indicates that the next bidding amount )( 1
1)( +tzis  is increased 

from the current bidding amount )s( 1
t)z(i  by 1t)z(i

1
t)z(i

m
1t)z(i ss ++ α− where 

1
t)z(i

m
1t)z(i ss −+  is a difference between a maximum generation capacity (for the 

proceeding DA market) and the current bidding amount. The difference in an 
absolute value is adjusted by .1t)z(i +α  Similarly, the next bidding price 

)p( 1
1t)z(i +  is increased from the current bidding price )(p1

i(z)t  by 

1i(z)t
1
i(z)t1(z)ti βpp~ ++ − . Here, the generator compares the current bidding price 

with the price estimate )p~( 1i(z)t+  that is obtained from the current 

knowledgebase. The difference between them in an absolute value is adjusted by 

1i(z)tβ + .   

 (d) If the i-th generator loses in the current DA market, he decreases both the bidding 
price and amount for the proceeding DA market as follows: 

ssss 1i(z)t
1

ti(z)
m

1i(z)t
1

ti(z)
1

1ti(z) and  1i(z)t1(z)ti
1
i(z)t

1
i(z)t

1
1(z)ti p~ppp   (A-11) 

The difference between (A-10) and (A-11) can be found in the quantity and price 
reduction in (A-11). 

 
Comment: The HA pricing strategies of a generator is depicted in Figure A-2. The HA 
strategies correspond to (c) and (d) for the DA market. A wholesaler bids only an 
amount of electricity in HA.  
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Abstract. Argumentation is an interdisciplinary research area that in-
corporates many fields such as artificial intelligence, multi-agent systems,
and collaborative learning. In this chapter, we describe argument min-
ing techniques from a structured argument database “RADB”, a sort
of relational database we designed specially for organizing argument
databases, and their usage in arguing agents and intelligent tutoring sys-
tems. The RADB repository depends on the Argumentation Interchange
Format Ontology (AIF) using “Walton Theory” for argument analysis.
It presents a novel approach that summarizes the argument data set
into structured form “RADB” in order to (i) facilitate the data inter-
operability among various agents/humans/tools, (ii) provide the ability
to freely navigate the repository by integrating the data mining tech-
niques gathered in a classifier agent; mine the RADB repository and
retrieve the most relevant arguments to the users’ queries, (iii) illustrate
an agent-based learning environment outline, where the mining classi-
fier agent and the RADB are incorporated together within an intelligent
tutoring system (ITS). Such incorporation assists in (i) deepening the
understanding of negotiation, decision making, and critical thinking, (ii)
guiding the analysis process to refine the user’s underlying classification,
and improving the analysis and the students’ intellectual process.

Later in the chapter, we describe an effective usage of argument min-
ing for arguing agents, which interact with each other in the Internet
environment and argues about issues concerned, casting arguments and
counter-arguments each other to reach an agreement. We illustrate how
argument mining allows to strengthen arguing agent intelligence, result-
ing in expanding the main concern in formal argumentation frameworks
that is to formalize methods in which the final statuses of arguments
are to be decided semantically and/or dialectically. In both usages, we
yield new forms of argument-based intelligence, which allows establishing
one’s own argument by comparing diverse views and opinions and un-
covering new leads, differently from simple refutation aiming at cutting
down other parties.

D. Srinivasan & L.C. Jain (Eds.): Innovations in MASs and Applications – 1, SCI 310, pp. 113–147.
springerlink.com c© Springer-Verlag Berlin Heidelberg 2010
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1 Introduction

Argumentation theory embraces the arts and sciences of civil debate, dialog,
conversation, and persuasion. It studies rules of inference, logic, and procedu-
ral rules in both artificial and real world settings. Argumentation is concerned
primarily with reaching conclusions through logical reasoning, that is, claims
based on premises. We argue all the time in our daily life, scientific communi-
ties, parliaments, courts, and online discussion boards and so on. That is, we
would say “living is arguing in the age of globalization just as living is eating
in the days of plenty”. Humans’ knowledge and wisdom produced there usually
have the form of arguments that are built up from more primitive knowledge
of the form of facts and rules. Those repositories or treasuries of knowledge are
now about to be organized, by different tries, to argument data bases or corpora
that can be retrieved, stored, and reused online freely. One of these trials is
the argument mapping tools (e.g., Compendium1, Araucaria2, Rationale 3, etc.)
that aims at improving our ability to articulate, comprehend and communicate
reasoning. This can be achieved by supporting to produce diagrams of reasoning
and argumentation for especially complex arguments and debates. It is greatly
anticipated that it helps end users learning critical thinking methods as well as
promoting critical thinking in daily life[20,22]. Although much work has been
done in this area, there are still some concerns about formal computational ar-
gumentation frameworks; formalizing methods in which the internal statuses of
arguments have to be decided semantically and/or dialectically[9]. These con-
cerns can briefly be summarized into the following three general points: (i) both
areas for argumentation-conscious works lack means of arguments’ search for an
argument to be retrieved, classified or summarized. Put it differently, such an
idea of argument to be retrieved, summarized or classified in order to gain useful
information and get used from a large argument database is missing. (ii) The ex-
isting frameworks miss the interoperability among each other, such that instead
of producing an appropriate common files type, that enables the user to access
the same argument using different tools, special types of files are generated such
as AML files that are primarily committed to be used by Araucaria DB only.
(iii) The context analysis, presented in the existing frameworks, does not fol-
low empirical regularities, where any one can analyze any document depending
on his own thoughts and beliefs and not on a dedicated structure for different
argument schemes.

In this chapter, we discuss an effective usage of argument mining for both
arguing agents and intelligent tutoring system in order to overcome the men-
tioned obstacles. We firstly present a novel approach that sustains argument
analysis, retrieval, and re-usage from a relational argument database (RADB).
The database is considered as a highly structured argument repository managed
by a classifier agent. This agent makes use of different mining techniques that

1 http://compendium.open.ac.uk/software.html
2 http:// araucaria.computing.dundee.ac.uk/
3 http://rationale.austhink.com/
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are gathered and used to:(i) summon and provide a myriad of arguments at the
user’s fingertips, (ii) reveal more relevant results to users’ queries. The chapter
mainly concerns with mining arguments through RADB that (i) summarizes
the argument dataset, (ii) supports the fast interaction between the different
mining techniques and the pre-existing arguments, (iii) and facilitates the inter-
operability among various agents/tools/humans. Then, an agent-based learning
environment (ALES) outline is illustrated, where the mining classifier agent and
the RADB are integrated to an intelligent tutoring system (ITS). Such integra-
tion should assist in (i)deepening the understanding of argumentation, decision
making and critical thinking, (ii)guiding and tracing the user during the anal-
ysis process to refine his/her underlying classification by providing the suitable
individualized feedback. Finally, we declare how argument mining and retrieval
can strengthen arguing agent intelligence and can enhance computational agents
with an ability of argumentation. Where the agents could benefit a huge amount
of knowledge for argumentation, and reciprocally argument mapping systems
could gain a mechanism for deciding final argumentation statuses with the help
of formal argumentation systems.

The chapter is organized as follows. Section 2 provides a background about
the AIF ontology[5] and Walton theory of argumentation. Section 3 presents
the benefits, design and implementation of the structured/relational argument
database “RADB”. Section 4 states different mining techniques and strategies
in a certain classifier agent, which mines the RADB repository, as a managing
tool, to verify some goals. Section 5 outlines the usage of the RADB together
with the classifier agent in an agent-based learning environment named “ALES”
and provides an illustrative example for student-system interaction. Section 6
describes an effective usage of argument mining for arguing agents that interact
with each other. In Section 7, we discuss and compare our work with the most
relevant work performed in the same field, particularly from the motivational
point of view. Finally, conclusions and future work are presented in Section 8.

2 Background: AIF Ontology and Walton Theory of
Argumentation

Argumentation theory has provided several sets of forms such as deductive, in-
ductive and presumptive patterns of reasoning [10]. The earliest accounts of ar-
gument schemes were advanced and developed in several researches by different
authors [10]. Each scheme set unanimously presupposes a particular theory of
argument, which in turn, implies a particular perspective regarding the relation
between logic and pragmatic aspects of argumentation, and notions of plausi-
bility and defeasibility. However, the most influential theories in argumentation
are Toulmin and Walton[21,25,26]. The latter, which is our main interest in this
paper, represents a new form of reasoning that depends on fallacious argument,
where each argument is considered as a set of premises presented as reasons
to accept or reject the conclusion. It could be reformulated based on the AIF
ontology[5] and be used thereafter in different context analysis.
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AIF is a core ontology, which reveals a way that can be extended to capture a
variety of argumentation formalisms and schemes [5][18]. It assumes that every
argument can be represented semantically in the form of nodes connected to-
gether with directed edges in a directed graph known as argument network [5].
The nodes can be classified as information nodes (I-nodes) that hold pieces of
information or data, and scheme nodes (S-nodes) that represent the applications
of schemes. In other words, I-nodes contain the content as the declarative aspects
of the domain of discourse such as claims, data, evidence, and propositions. On
the other hand, S-nodes are applications of schemes that can be considered as
patterns of reasoning or deductive patterns associated with argumentative state-
ments. The ontology deals with three different types of scheme nodes namely:
rule of inference application nodes (RA-nodes), preference application nodes
(PA-nodes) and conflict application nodes (CA-nodes) [5][18].

The Walton theory of argumentation depicts a new aspect in informal logic by
using critical questions to evaluate and analyze arguments dialogs. These critical
questions help to find the gaps and problems in the argument and evaluate it
as weak or strong. This kind of fallacious argumentation reasoning has become
the tool of choice in numerous argumentation studies for evaluating arguments
[25][26]. Thus, the theory formalized the most common kinds of arguments in
structures and taxonomies of schemes, where each scheme type has a name,
a conclusion, a set of premises and a set of critical questions bound to it. An
example of Walton-style schemes is the ’Argument from Expert Opinion [12] that
contains a set of premises, a conclusion and a set of six basic critical questions.
Let us see the following example 1.

Example 1. The scheme Argument from Expert Opinion has two premises and
a conclusion:

– Premise:Source E is an expert in the subject domain X containing proposi-
tion B.

– Premise:E asserts that proposition B in domain X is true.
– Conclusion:B may plausibly be taken to be true.

Its basic critical questions consist of:

1. Expertise Question: How credible is expert E as an expert source?
2. Field Question: Is E an expert in the field that the B is in?
3. Opinion Question: Does E’s assertions imply B?
4. Trustworthiness Question: Is E reliable as source?
5. Consistency Question: Does B consistent with the assertions of other ex-

perts?
6. Backup Evidence Question: Are there any evidences sustain B?

Considering the AIF ontology, if the cyclic problem (the same information node
(I-node) refines more than one scheme node (S-node)) is avoided, each scheme
structure can be semantically represented in the form of directed tree “argument
network”. From that, any Walton-style scheme can be represented as a general
skeleton as seen in Fig.1.
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Fig. 1. Argument network representation for Walton schemes

– CA-node: conflict application nodes.
– RA-node: rule of inference application nodes.
– C/R-node: either CA-node or RA-node.

3 The Relational Argument Database Structure “RADB”

In spite of the different argument repositories, such as Araucaria DB[20,22], that
facilitates the data preprocessing and contains different analyzed contexts, the
problem of producing appropriate common files types still are left unsolved. In-
stead, special types of files are generated, such as AML[22] files that are primarily
committed to be used by Araucaria only. In addition, the context analysis, as
in discourse DB4, does not follow empirical regularities, and indeed any one can
analyze any document depending on his own thoughts and beliefs, not on a dedi-
cated structure for different argument schemes. Furthermore, usual textual data
representation is also intractable to be processed, mined or manipulated [8] [13].
As a result, such representations limit the knowledge extraction abilities that
could be beneficial and valuable for different end users. So, the relational argu-
ment database “RADB” is presented in this paper, as a solution for argument
representation, that overcomes the mentioned barriers.

The RADB can be defined as a set of information reformulated and catego-
rized into a set of files (tables) that are general enough to be accessed, gath-
ered (queried), and manipulated in different manners. Therefore, the resulting
“clumps” of this organized data is much easier to be understood. The RADB
enjoys a number of advantages in comparison with traditional representation. It
aims to summarize the high-scale argument dataset, such that all information

4 http://discoursedb.org
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required are encoded in an appropriate form in order to (i)support the fast inter-
action between the different mining techniques and the pre-existing arguments,
(ii)facilitate the interoperability among various argument tools/agents/humans.

In a more abstract view, according to the AIF ontology [5] [18] and Walton
theory of argumentation that were discussed in Section 2, any argument can
semantically be represented in the form of a directed tree that can be structured
as well-established relational argument database “RADB”. Not only Walton
theory of argumentation is regarded to be an abstract propositional form, but
also a pattern instantiated in real dialogs. This property allows the possibility
of the relational database conversion. In addition, It provides a space to create
a new argumentation scheme, whereas this feature importance will be explained
later in Section 3.2.2.

3.1 The RADB Main Building Blocks

In the mean time, our repository “RADB” summons a number of arguments
that were selected from Araucaria database. However, the RADB design and
structure take into account that: (i)Araucaria DB contains general contexts that
do not belong to a specific domain, so the RADB structure is general enough
to encapsulate multiple domains, (ii)the chosen contexts’ analyses do not follow
any empirical regularities, so these arguments’ context were re-analyzed based
on different schemes structures of Walton theory of argumentation [26][25][12],
preserving the constraints of the AIF ontology [5] (such that no information
node (I-node) refines another I-node), and were visualized using compendium as
a mapping tool to reflect the analysis trees.

Accordingly, the current repository can semantically be represented as a forest
of a numerous directed trees [7]. Wherein, each directed tree lays out a semantic
representation for a specific argument analysis based on specific schemes. This
representation is illustrated in the following Example 2 and Fig2.

Example 2. The following context from Araucaria repository database[27][22][20]
was reanalyzed based on the expert opinion scheme [12][25][26], and its directed
tree is shown by means of Compendium in Fig. 2.

“Eight-month-old Kyle Mutch’s tragic death was not an accident and he suf-
fered injuries consistent with a punch or a kick, a court heard yesterday. The
baby, whose stepfather denies murder, was examined by pathologist Dr. James
Grieve shortly after his death. Dr. Grieve told the High Court at Forfar the
youngest was covered in bruises and had suffered a crushed intestine as well as
severe internal bleeding. When asked by Advocate Depute Mark Stewart, prose-
cuting, if the bruises could have been caused by an accident, he said “No. Not
in a child that is not walking, not toddling and has not been in a motor car.”
Dr. Grieve said the injuries had happened “pretty quickly” and would be “diffi-
cult for an infant to cope with”. The lecturer in forensic medicines at Aberdeen
University told the jury that the bruises could have been caused by a single blow
from a blunt instrument, like a closed hand. Death, not accident, court told”
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Fig. 2. The analysis diagram of the context in Example 2 based on the expert opinion
scheme (this is represented by the table form of the RADB in Fig. 6)

The main building blocks of the RADB are: (a) the table of schemes
“Scheme TBL”, which gathers the names and the indexes for different schemes
notations, (b) the schemes structure table “Scheme Struct TBL” that assembles
the details of each scheme stated in “Scheme TBL”, (c) the transaction table
“Data TBL”, which contains the analyses of arguments based on scheme struc-
tures and preserves the constraints of the AIF ontology [5]. The relation between
those basic tables is shown in Fig. 3. In what follow, we describe the various
building blocks concerned with “RADB” by the use of the screen shots of our
implemented system.

3.1.1 The Scheme TBL Table
This table gathers different scheme kinds, such that schemes are formulated, as
seen in Fig. 4, in the form of rows and columns. The rows act as records of
data for different schemes, and the columns as features (attributes) of records.
The Scheme TBL has two features (ID, discrete) and (SCH Name, text). The
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Fig. 3. The relation between the basic tables in RADB

ID denotes the identification number proper to SCH Name that stands for
the different schemes’ names. Moreover, this ID plays a role of primary key for
this table and foreign key in the others. (Note that any ID attribute/feature
mentioned later will stand for the same function)

Fig. 4. The design and structure of Scheme TBL table

3.1.2 The Scheme Struct TBL Table
The details of each scheme stated in the Scheme TBL is exemplified in this ta-
ble. Its rows represent records for the different information associated with the
different schemes, and columns reveal the features/attributes of these records.
The attributes are defined as follows: (ID, discrete) specified as above, and
(SCH Id, discrete) that acts as a foreign key of Scheme TBL indicating the
concerned scheme, (Content, text) contains the context of the associated infor-
mation, and (Type, discrete ∈ {P, C, CQ, CC}), such that P for premises, C for
conclusion, CQ for critical question and CC for critical argumentation conclu-
sion. For instance, the corresponding RADB formulation of the expert opinion
scheme [12], shown in Section 2, is represented in Fig. 5.
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Fig. 5. The design and structure of Scheme Struct TBL table

3.1.3 The Data TBL Table
The Data TBL table, as seen in Fig. 6, contains all users’ transactions. The
table gathers all the analysis done by the different users for specific argument
contexts. It consists of (ID, discrete) attribute, defined as before, (Stru Id,
discrete) that serves as foreign key of Scheme Struct TBL table referring to a
specific part of the scheme details, (Content, text) attribute contains a portion
of the analyzed context that fulfills the referred fixed part of the scheme details,
and (Type, discrete ∈ {-1, 0, 1}) attribute, which holds three values only, 1 for
the supported node, -1 for rebuttal node, and 0 for undetermined value that
denotes neither support nor rebuttal nodes. One of these values is to be given to
the final conclusion of the analysis. Since we consider any argument network as a
kind of directed root trees, (Child Of , discrete) attribute points to the parent of
each node, whereas the root node has no parents (0 refers to no parent). (level,
discrete) attribute refers to the level of each node in the tree, such that the value
0 indicates the root node of the argument. Finally, (argumentation no, text)
attribute contains the identification name of the analyzed argument context.

3.2 Benefits of the RADB Structure

The described design and structure of the various RADB components emphasize
a good foundation to gain valuable knowledge and extract useful information by
i) querying the different argument component, ii) manipulating (add, update
and delete) both schemes and arguments analyses in a flexible way, iii) mining
the different analyses transactions using different mining techniques, which will
be described in Section 4.
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Fig. 6. The design and structure of Data TBL table (this is a table for Fig. 2)

3.2.1 Some SQL Queries Examples
The following examples illustrate the flexibility of the design of the RADB as
a repository of structured arguments. They put forward different ways to query
different argument components in order to extract various information, which in
turn, could usefully be used by different end users.

Example 3. Starting with a simple example, if we want to retrieve all the details
of the “expert opinion” scheme, we simply run the following SQL query:

– SELECT * FROM Scheme Struct TBL INNER JOIN Scheme TBL ON
Scheme Struct TBL.SCH Id = Scheme TBL.ID
WHERE Scheme TBL.SCH Name LIKE ’Expert Opinion’.

Then the result is obtained as shown in Fig. 7.

Example 4. If we want to retrieve all the transactions that use the “Backup
Evidence Question” in their analysis, the following SQL queries are consecutively
applied, and the clumps from these queries are obtained as shown in Fig. 8.

1. id = “SELECT ID FROM Scheme Struct TBL WHERE
Scheme Struct TBL.Content LIKE ’Backup Evidence Question%’ ”;

2. “SELECT * FROM Data TBL WHERE Data TBL.
Stru ID=id”;
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Fig. 7. The SQL query result in Example 3

Fig. 8. The SQL queries result in Example 4

Example 5. Suppose we want to retrieve all the arguments that have the word
“war” in their analyses’ conclusion. Firstly, the schemes’ structures are classi-
fied such that all different schemes’ conclusions are gathered in one set “CRS”.
Secondly, the arguments’ transactions or analysis are categorized such that each
item in the CRS set has a corresponding set of transactions. Finally, the different
sets of transactions are summarized such that the selected items are the groups
that contains “war” word in their context. These steps can be expressed by the
following two SQL queries, where the second query meets both the second and
the last steps. The resulted clumps from these queries are shown in Fig. 9.
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– CRS = “SELECT * FROM Scheme Struct TBL
WHERE Scheme Struct TBL.Type LIKE ’C’ ”;

– For Each Item I ∈ CRS;
– “SELECT * FROM Data TBL

WHERE Data TBL.Stru ID = I.ID
AND Data TBL.Content LIKE ”’% war %’ ”;

Fig. 9. The transaction final result

3.2.2 Data Manipulation
Argumentation can be defined as an intellectual process that depends on one’s
thoughts and beliefs and affected by the surrounding environment and culture.

Fig. 10. The adding scheme tab
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It is known that, cultural aspects are well-reflected in the style of mutual argu-
ment analysis, so appropriate schemes are obligatory to suit the different cultural
influences. In response to this, an extendible repository is recognized. The devel-
oped RADB repository enjoys the extendibility feature, where it permits adding,
deleting and updating both: schemes and arguments analyses. For example, new
schemes, such as “Islamic Inheritance scheme” that divides the inheritance be-
tween different heirs based on Islamic regularities, can simply be added using the
form shown in Fig. 10. Within the same form, different parts of the scheme can
sequentially be inserted to the RADB repository using the ODBC connection
through the object oriented (OOP) form. Then, the already existed schemes can
be deleted as well as updated through the ODBC connection of the OOP forms
that are shown in Fig. 11 and 12. These manipulations consider the different
arguments analyses as well, where another different OOP forms are used.

Fig. 11. The deleting scheme tab

Fig. 12. The updating scheme tab
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4 Mining Classifier Agent

So far we have described the retrieval methods of argument parts via some SQL
statements to highlight the flexibility of the structured arguments formulation.
However, those described methods retained some elementary tasks that are ded-
icated to arguments’ parts only. The underlying RADB repository arguments
can be more exploited for more general objectives. Some of these objectives are
to:

– give the end user the freedom to navigate into the existing arguments to
search for specific subjects,

– extricate information by classifying the RADB arguments and retrieving the
most relevant arguments to the subject of search,

– discover hidden patterns and correlations between different pre-existing ar-
guments,

– analyze any argument context based on a set of crucial hints that direct the
analysis process.

To accomplish these objectives, different data mining techniques, which vary in
functionality, were integrated together with the RADB repository. For example,
the ApriorTid technique[4], the Substructure mining technique and the Rule
Extraction mining technique [see subsections 4.1-4.3] that are used to classify
the pre-existing arguments in order to retrieve the most relevant arguments, and
discover hidden correlation between different argument parts.

Accordingly, a classifier agent that gathers and controls different mining tech-
niques based on users’ specification has been developed as discussed in the sub-
sections below. The agent mines the RADB repository aiming to: (i) direct the
search process towards hypotheses that are more relevant to users’ queries; clas-
sifying the analogous arguments in different ways based on users’ choice, seeking
for the most relevant arguments to the users’ subject of search. (ii) add flexibility
to the retrieving process by providing different search techniques, and (iii) offer
a myriad of arguments at users’ fingertips.

4.1 AprioriTid Mining Classification

The AprioriTid algorithm [4] has been implemented and embedded to the clas-
sifier agent as “Priority Search” as seen in Fig. 13. The Priority search aims to
retrieve the most relevant arguments to the users’ subject of search and queu-
ing them based on the maximum support number, such that the first queued
argument is the one that has more itemsets[3] related to the subject of search.
Although the AprioriTid algorithm has originally been devised to discover all
significant association rules between items in large database transactions, the
agent employs its mechanism in the priority search to generate different com-
binations between different itemsets [4,3]. These combinations are then used to
classify the retrieved contexts and queued them in a descending order based on
its support number. As a response to the priority search purpose, an adapted
version of the AprioriTid mining algorithm has been developed and applied. This
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adapted version, as seen in Fig. 14, considers the single itemset (1-itemset) size
as well as the maximum support number usage, rather than k-itemset for k≥2
and the minimum support number “minsup” mechanism.

Fig. 13. The main window of our implemented system in Visual C++

Fig. 14. An enhanced version of AprioriTid

For more clarification, the priority search mines specific parts of the pre-
existing arguments based on the users’ search criteria. This search criteria en-
ables the user to seek the premises, conclusions or the critical questions lying
in the different arguments. For example, suppose the user queries the RADB
searching for all information related to “Iraq war”. Simply, he may write “the
destructive war in Iraq” as the search statement and can choose the conclu-
sion as the search criteria. In this case, the classifier agent receives the set of
significant tokens {destructive, war, Iraq} from the parser module (for more ex-
planation about parser functionality see [3]). This set is considered as the single
size itemset (1-itemset) C1={w1, w2, w3} that contains the most crucial set
of words in the search statement. Then, the agent uses the adapted version of
the AprioriTid algorithm to generate the different super itemsets C2≤k≤3, which
are the different combinations between different tokens. So, the generated super
itemsets, as seen in Fig.15, will be the 2-itemset C2={ w1w2, w1w3, w2w3 },
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and the 3-itemset C3={ w1w2w3 }. Afterward, the different conclusions in the
different arguments trees will be mined seeking for the most relevant set of ar-
guments Ans={d1, d2, ..., dm } such that ∀ di∈D ∃ Ck∈{1,2,..,j}⊆ di . Finally,
the results will be queued in a descending order and exposed in a list, where the
user can choose the argument name “Argument 314” from the list to expose the
associated context and analysis as in Fig. 21.

Fig. 15. The adapted AprioriTid mechanism

4.2 Tree Substructure Mining

The substructure mining technique utilizes the tree structure lying in the RADB
repository, and retrieves the most relevant arguments to the subject of search.
This search mechanism is considered substantial for the structured repository
and annotated as “General Search” (see Fig. 13). It uses the breadth first search
technique [15][14] in order to encounter all nodes in the argument trees and
retrieves the most relevant group. For example, suppose the user writes “the
destructive war in Iraq” as a search statement. The revealed contexts, as shown
in Fig. 16, will be ordered based on the nodes’ cardinality. Which means that
the first queued argument is the one that contains more nodes related to the
subject of search.

With respect to Fig. 17, the breadth first search seeks each tree in our RADB
forest, preserving the ancestor-descendant relation [7][14] by searching first the
root Fig. 17(a), then the children in the same level as in Fig. 17(b) and so on
as in Fig. 17(c). Finally, if the user picks one of the resulted search arguments,
the associated context and analysis are depicted as shown in Fig. 21.
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Fig. 16. The General search representation form

Fig. 17. The breadth first search

4.3 Rule Extraction Mining

Rule extraction mining is a search technique in which argument trees are encoun-
tered to discover all hidden patterns “embedded subtrees [7][14]” that coincide
with the relation between some objects. These objects express a set of the most
significant tokens of the user’s subject of search. Precisely, suppose the user wants
to report some information about the relation between the “USA war” and the
“weapons of mass destruction”. At the beginning, the user’s search statements
are reduced to the most significant set of tokens by the parser [1][3][2]. Then,
the different argument trees, pre-existing in the RADB repository, are mined in
order to fetch these different tokens. Fig. 19(a) shows the analysis of an argu-
ment tree, where some enclosed nodes coincide with the user’s search statements,
while Fig. 19(b) shows the revealed embedded subtree.

Finally, each resulted subtree is expressed in the form of a rule as shown in
Fig. 18, where “+” indicates that this node is a support to the final conclusion
and its type is 1. Similarly, “-” is a rebuttal node to the final conclusion, and its
type is -1 as specified in Section 3.1.3.
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Fig. 18. The representation form of Rule Extraction search result

(a) (b)
The main argument tree The resulted embedded subtree

Fig. 19. The Rule Extraction search

5 Use and Benefit of RADB and Argument Mining
Agent in ITS

The RADB structure formulation and the mining classifier agent can be incorpo-
rated into an intelligent tutoring system (ITS) to construct an agent-based learn-
ing environment, which aims to teach argument analysis and construction. This
section describes an architecture of an argument learning environment (ALES) as
depicted in Fig. 20. The environment utilizes the RADB and the classifier agent
in order to (i) guide the analysis process to refine the user’s underlying classifica-
tion, (ii) deepen the user’s understanding of debating, decision making, and crit-
ical thinking. It consists of four main models: domain model, pedagogical model,
student model, and the GUI model. The domain model utilizes the represented
structured argument repository “RADB” (already discussed in Section 3.1), and
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enjoys the extendability feature as described in the subsection 3.2.2. The ped-
agogical model has three components (parser, classifier agent, teaching model)
that co-operate together in order to achieve the required aims. The student model
keeps track of the student performance and assists the pedagogical model in of-
fering individualized teaching. Visual C++ was used to implement the graphical
user interface “GUI” of the proposed environment. It provided a stable encoding
application and satisfiable interface. Not only does ALES teach argument analy-
sis, but also assesses the student and guides him through personalized feedback.
Since the RADB design and structure have been discussed in Section 3.1. The
next subsections will describe the pedagogical model, the student model and
provide an illustrative example that explains the student-system interactions.

Fig. 20. ALES architecture
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5.1 Pedagogical Model

The pedagogical model is responsible for reasoning about the student behavior
according to the student model. It aims to: (i) retrieve the most relevant results

“
k∑

i=1

Si” to both the subject of search and the student’s background, (ii) present

the corresponding context and analysis “Di” of the selected result Si, (iii) guide
the student analysis, during the assessing phase. The pedagogical model as seen
in Fig. 20 consists of three main components: the parser, the classifier agent,
and the teaching model.

– The importance of the parser lies in reducing the set of tokens into a set of
significant keywords, which in turn (i) improves the results of the classifier
where combinations of unnecessary words vanish, (ii) reduces the number of
iterations done by the classifier agent. For more details and discussion see
[1,3,2].

– The classifier agent classifies the retrieved contexts depending on the stu-
dent’s specification, using general classification or rule extraction or priority
based on specific search criteria such as premises (with/against) or conclu-
sions. For more details about different retrieving techniques and the impor-
tance of the classifier agent see Section 4.

– The teaching model The teaching model monitors the student actions, guides
the learning process and provides the appropriate feedback. The model starts
its role when the classifier agent sends the document Di selected by the stu-
dent. The teaching model checks, according to the current student model,
whether the student is in the learning or the assessing phase. If the stu-
dent is in the learning phase, the document is presented associated with the
corresponding analysis as the shown in Fig. 21. On the other hand, if the
student is in the assessment phase, the student is able to do his own anal-
ysis, and the teaching model will guide him during analysis by providing
personalized feedback whenever required. The feedback aims to guide the
student and refine his analysis and intellectual skills. Two kinds of feedback
are provided by the teaching model; partial argument negotiation and total
argument negotiation.
• Case of partial argument negotiation: In this case, the student

starts analyzing the argument context in the form of a tree in which the
root holds the final conclusion of the issue of discussion. The teaching
pedagogy used in this case provides partial hints at each node of the
analysis tree. They are results of comparing the student’s current node
analysis to the original one in the argument database. These hints are
provided before allowing the student to proceed further in the analysis
process; they aim to minimize the analysis error ratio, as much as possi-
ble, for the current analyzed node. Generally, the teaching model guides
the student via the partial hints at each node till the error of the current
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Fig. 21. The chosen context and the associated analysis

node is minimized to a specific ratio. After then, the student is able to
move to the next analysis step (i.e., node).

• Case of total argument negotiation: The total argument negotiation
is similar to the partial argument negotiation. However, the teaching
pedagogy is different in that it provides hints only at the end of the
analysis process. In other words, after the student builds the full analysis
tree for the selected context, the system interprets and evaluates the
student’s analysis comparable to the pre-existing one and remarks the
errors.

Generally, in the assessing phase, the teaching model presents the transcript
of the chosen argument associated with an empty tree skeleton as seen in
Fig. 22 and asks the student to start his own analysis. The student starts the
analysis by copy and paste text passages from the transcript or freely enters
text into the nodes. The teaching model traces each node text and divides it
into set of significant tokens, then interprets and evaluates the errors ratios
comparable to the pre-existing analysis underlying in the RABD. Finally
the model provides the feedback, partially or totally, based on the student
choice and records the student’s errors for the current transcript, which in
turn will be used, by the student model, to evaluate the performance and to
follow the progress of the student.
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Fig. 22. The Partial Assessment Form

5.2 Student Model

The student model stores details about student’s current problem-solving state
and long term knowledge progress, that is essential for future student’s per-
formance evaluations. The model considers personal information, pre-test eval-
uation, and performance history. Personal information contains personal data
as name, ID, password, ..., etc. The pre-test evaluation permanently assesses
the student’s argument analysis skills and follows the student progress through
learning process. Finally, the performance history implicitly reflects how much
the student has done and how well.

5.3 Student-System Interaction Example

This is an illustrative example of a complete run that shows the student-system
interactions. The system interactions are written in normal font. The student’s
actions are in bold. My illustrations to some actions will capitalized.

THE SYSTEM ASKS THE USER TO LOG IN OR REGISTER IF IT IS HIS
FIRST TIME.

System� please sign in or register as a new user.

User� safia.
User�******.
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System� Hello safia, do you have background about argumentation?

THE USER SHOULD CHOOSE AN ANSWER FROM AN EXISTED LIST.
SUPPOSE THE USER HAVE NO IDEA ABOUT ARGUMENTATION OR
ARGUMENT ANALYSIS.

User� No.

IN THIS CASE, THE SYSTEM GIVES THE USER A BRIEF INTRODUC-
TION ABOUT THE SYSTEM AND HOW HE CAN INTERACT WITH IT IN
ORDER TO GAIN KNOWLEDGE ABOUT ARGUMENTATION.

System� OK. Let’s see how you can use the different screens. You can nav-
igate in our system searching for specific issue using different criteria through
the search tab, then from the exposed arguments list you can pick any argument.
This allows you to see the original context and the associated expert analysis.
Next you can use the assessing tab for quiz arguments, you are asked to analyze
it based on your selected scheme. This stage can provides you with two kinds
of feedback “node/whole”, this feedback will help and guide you during your
analysis procedure.
System� Are you ready to start now?
USER� Yes.

THE MAIN FORM WILL APPEAR TO THE USER AS SHOWN IN Fig.13.

SUPPOSE THE USER WANTS TO SEARCH ABOUT ALL ARGUMENTS
OR REPORTS RELATED TO “IRAQ WAR”

User� presses the search tab
User� selects the General search tab.
User� writes in the search text “the destructive war in Iraq”.
User� presses search button.

THE SYSTEM RETRIEVES THE DIFFERENT RELATED ARGUMENTS
BASED ON SUBSTRUCTURE MING TECHNIQUES.

System� the search results are the following list [argument 214, argument 810]
as in 16.
User� picks up argument 214 from the retrieved list to see the main
context and the associated analysis.
System� presents the associated context and analysis as in Fig.21.
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DURING STUDENT NAVIGATION, THE STUDENT MODEL RECORDS
EACH ACCESSED ARGUMENT. AFTER THE USER FINISHES NAVIGAT-
ING, HE CAN move TO THE ASSESSING TAB IN ORDER TO START THE
LEARNING BY ASSESSING PHASE, WHICH PROVIDES THE ABILITY
TO ANALYZE SPECIFIC CONTEXT GUIDED BY FEEDBACK.

User� presses the assessing tab.
System� please select a specific scheme to be used in your analysis.
User� “expert opinion scheme”.
System� select the kind of feedback “either node “partially” or whole “totally”
”.
User� node feedback.

THE WHOLE ARGUMENTS, THAT USE THE “EXPERT OPINION
SCHEME” IN ITS ANALYSIS, WILL BE LISTED SUCH THAT THE PRI-
ORITY IS TO THE CONTEXTS THAT HAVE NOT BEEN ACCESSED YET
BY THE USER DURING NAVIGATIONS.

System� [argument 602, argument 1, argument 214].

User� picks up one of the listed arguments, argument 602 as example.

THE SYSTEM PRESENTS THE TRANSCRIPT OF THE CHOSEN
argument 602 ASSOCIATED WITH AN EMPTY TREE SKELETON AND
ASKS THE STUDENT TO START HIS OWN ANALYSIS.THE TRANSCRIPT
IS SHOWN AS IN EXAMPLE 2

SINCE THE USER CHOOSE THE NODE FEEDBACK THE SYSTEM WILL
SUPPLY ADVICE AT EACH NODE COMPARING THE USER ANALYSIS
WITH THE PRE-EXISTING ONE, AND WILL NOT GO STEP FURTHER
UNLESS THE USER ADJUST THE CURRENT NODE ANALYSIS BY RA-
TIO WITH THE EXPERT ANALYSIS FOR THE SAME NODE.
User� starts to fill his first node waiting the system advices. Suppose
the student writes “final decision is the death was not accident”.

System� divides the user node statement in the set of significant tokens final,
decision, death, accident, and then compares this tokens with the expert anal-
ysis for the same node. then calculates and records the error ratios for that node.

System� shows out the following message “your analysis is partially correct
try to use the words Kyle Mutch, tragic, suffered, punch, in your node analy-
sis, rather than the words final,decision,.... that have been used in the current
analysis”.
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User� he will reanalyze the current node adding the context that
contains the advised keywords.

System� compares again the current context node with the pre-existing analy-
sis and negotiate again, guiding the user, till he reaches to the correct analysis
for this node.

User� fills the other nodes.

System� negotiates based on the pre-existing expert analysis guiding the user
during his analyses.

AFTER THE USER FINISHES HIS ANALYSIS TO THE WHOLE CONTEXT,
FILLING THE SUITABLE ANALYSIS FOR EACH NODE, THE SYSTEM
WILL RECORD THE FIRST ANALYSIS RATIO FOR EACH NODE, THEN
CALCULATE AND RECORD THE WHOLE ARGUMENT ANALYSIS RA-
TIO FOR THAT ARGUMENT. THEN FOR EACH ASSESSMENT THE SYS-
TEM WILL RECORD THE CORRECTNESS RATIO TILL IT COMES TO BE
MORE THAN OR EQUAL TO 90% IDENTICAL TO THE PRE-EXISTING
ANALYSIS. THEN THE SYSTEM WILL ASK THE USER TO GO TO THE
EVALUATION PHASE.

System� wow, you achieving well, it is better to accept the challenge and go to
the evaluation phase.
User� OK, and then press the tab evaluation.

System� loads a context to be analyzed by the user; however the system shows
a context that has not been accessed before by the user.

User� starts to analyze without any help till press check analysis.
System� compares each node of the user’s analysis with the expert analysis and
deduce a report for the wrong nodes, and record this analysis for future progress
report.

6 Argument Mining-Driven Arguing Agents

In the previous sections, we have described some argument mining techniques
from natural arguments organized in RADB, and their effective uses in ITS.
In this section, we will consider how argument mining can enhance computa-
tional agents with an ability of argumentation that is well suited for agent self-
deliberation, negotiation, communication, a decision aiding process, and so on
in agent-oriented computing.

Computational argumentation has proven to be a useful mechanism for un-
derstanding and resolving several AI problems in the presence of inconsistent,
uncertain and incomplete information. In particular, it has been considered as a
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best approach to dealing with those information in a networked distributed com-
puting environment that is often open and changing. To this ends, logical mod-
els of argumentation have emerged as a promising paradigm for modeling agent
reasoning and communication in light of interaction with other agents[6][16][19].
Arguing agents argues about issues concerned, through casting arguments and
counter-arguments each other to reach an agreement. The formal argumentation
frameworks have been mathematical apparatuses for mainly stipulating these
items:

– What arguments are (well-formed argument and structure).
– What agent-interaction protocols are (dialectical process).
– What correct arguments are (semantics).

Thus, the formal argumentation frameworks tell both us and agents the final
statuses of arguments such as ’justified’, ’overruled’, and ’defensive’ or ’unde-
cided’ semantically and/or dialectically. In the argumentation process, agents
are supposed to make arguments from their own knowledge bases provided by
their originals.

The past works, unfortunately, lack a means of consulting other argument data
bases in constructing arguments, nor a means of retrieving, reusing, processing
(such as modifying, adjusting, etc.) preexisting arguments for an argument to
be newly constructed. Put it differently, such an idea as argument construction
from a large argument data base is missing. Humans’ knowledge and wisdom
produced usually have the form of arguments that are built up from more prim-
itive knowledge of the form of facts and rules. Those repositories or treasuries
of knowledge are now about to be organized to argument data bases or corpora
that can be retrieved, stored, and reused online freely [20][9]. Recently, the online
data on arguments of daily topics is rapidly growing due to Internet and Web
technologies, such as in the form of blogs, SNS, and so on. Argument mining and
argument discovery technology now turn out to play a particularly important
role in supporting to create new ideas, opinions and thoughts by finding out
meaningful arguments and reusing them from large-scale argument repositories.

6.1 A Way to Arguing Agents with Argument Mining Ability

For formal argumentation systems, the significance and importance of argument
mining and argument discovery technology apply as well. If agents can consult
argument data bases and have retrieving or mining methods proper to formal
argumentation, they could make and put forward more fruitful and influential
arguments to other parties, resulting in more successful results under more active
argumentative dialogues. Thus, argument retrieval and mining are expected to
strengthen arguing agent intelligence. In this subsection, we describe two possible
scenarios for arguing agents to exploit argument discovery and mining, in order
to enhance autonomous agents whose arguable abilities are based on formal
logical models of argumentation.

(i) At the time of building up knowledge base: Agents usually are given their
knowledge bases from their masters. However, it would be better for them to
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collect various forms of knowledge such as facts, rules and arguments from
the outside argument DBs, which are relevant to the issues concerned and
acceptable to them. The argument retrieval and mining techniques in the
previous sections are applicable to formal argumentation systems as well.

(ii) At the time of arguing dynamically: During argumentation, agents might
be aware of lack of knowledge and weakness of their arguments. Then, they
immediately consult argument DBs and find out reasons or grounds support-
ing or augmenting their arguments. Then, the frequent substructure mining
method [4] becomes most effective since frequently appearing substructures
of arguments may be construed as commonly approved significant ideas and
views among people. Interestingly, the frequent substructure mining might
allow for extracting argument schemata not only like Walton’ ones [26] but
also like those argument patterns of broad sense that are deep-rooted in the
culture.

In either case, our RADB and argument mining techniques are applicable and
helpful for arguable agents. One major issue, however, occurs in these scenarios.
It is how we can convert natural arguments to formal ones since argument sources
around us consist of natural language sentences. As a first step to overcome
this, we provided a preliminary work towards transforming natural arguments in
Araucaria [20] to formal arguments in EALP/LMA [23], a formal argumentation
framework. The overall flow of the semi-automated transformation consists of
the following three processes:

(1) Analyze and diagrammatize natural arguments with Araucaria.
(2) Extract knowledge (rules and facts) from those diagrammatized arguments,

and construct formal arguments in EALP semi-automatically for each agents
participating in argumentation.

(3) Argue about an issue and decide the argument status with the dialectical
proof theory of EALP/LMA.

It greatly relieves us from burden involved in knowledge base preparation for ar-
gumentation. In this manner, if analyzed and diagrammatized arguments have
been exported to formal knowledge and argumentation bases that formal argu-
mentation systems can deal with, agents could benefit a huge amount of knowl-
edge for argumentation, and reciprocally argument mapping systems could gain
a mechanism for deciding final argumentation statuses with the help of formal
argumentation systems. Interested readers should refer to [24] for its details. This
method can be applied to other argument mapping systems like Compendium,
Rationale, etc. as well in a similar manner.

6.2 Knowledge and Argument Transformation

In this subsection, we describe some basic ideas on how to use facts, rules and
sub-arguments in the formal argumentation frameworks, which have been found
by the argument retrieval and mining techniques.
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[Argument transformation rules] Agents can make their arguments bet-
ter or more convincing by applying the following subtree replacement transfor-
mations: Rule replacement for information refinement and diversification, Fact
replacement for information refinement and diversification, and Weak literal re-
placement for information completion.

Rule replacement allows agents to employ more persuasive or preferable rules
in their arguments. Atom replacement allows agents to introduce more ev-
idences to arguments. Weak literal replacement allows agents to reduce in-
complete knowledge (belief) included in arguments. The defeasible rule L0 ⇐
L1, ..., Lj,∼Lk, ...,∼Ln has the assumptions ¬Lk, ..., ¬Ln [16][23]. This means
that agents are allowed to submit arguments without any grounds for those weak
literals as can be seen in the definition of arguments. However, we could reinforce
arguments or make them better if the assumptions of weak literals were replaced
by mined arguments with those assumptions as rule heads.

These transformations are not always accepted for arguments. We introduce
the following acceptability conditions under which an agent can accept the mined
subarguments: (i) The agent can neither undercut nor rebut any part of those
subarguments . This acceptability condition is important since the agent should
keep its knowledge base coherent or conflict-free, (ii) The agent replaces subtrees
in arguments if the number of facts as evidences can be increased after the re-
placement, and (iii) let arg be a subargument to be replaced and arg’ a candidate
argument mined. Then, arg’ is acceptable if the number of weak literals in arg’
is less than or equal to the number of weak literals in arg to avoid increasing the
incompleteness of weak literals.

Agents can learn rules (knowledge) that have been included in the subargu-
ment accepted. This may be said to be a sort of knowledge acquisition or discov-
ery attained through argumentation. Three transformations are best illustrated
by representing arguments in a tree form, as in Figure 23, where readers could
see three kinds of replacements introduced above: the subtree with the node b
is transformed into a new subtree with the same node b (Rule replacement), the
leaf with the weak literal ∼ e is expanded to a new subtree with a strong literal
¬e and the evidence k (Weak literal replacement), the fact d is further expanded
to a new subtree (Fact replacement). As the results, the subtree with the node
c amounts to having been transformed into a bigger subtree that incorporates
the above transformations.

It should be noted that the purposes of argument transformation is, in a sense,
similar to those of proof transformation or program transformation that can be
seen in logic or computer science. The typical ones in logic are the cut elimination
in LK, proof normalization in ND and various deductive equivalences between
proof architectures.

In addition to the argument transformation introduced above, there are other
useful and versatile directions. They include: (iv) Argument transformation
based on the concept of similarity (for example, an argument on the issue p(a) is
changed into the argument on the issue p(b), using a certain similarity relation
a ∼ b), (v) Argument transformation based on the concept of strengthening (or
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Before argument transformation
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After argument transformation
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Fig. 23. Argument transformation

specificity) (for example, an argument on the issue p is changed into the argu-
ment on the issue q, where p → q), and (vi) Argument transformation based on
the concept of weakening (for example, an argument on the issue p is changed
into the argument on the issue q, where q → p). These three transformations are
subject to such a condition that the transformed arguments are justified.

[Knowledge transformation rules] Agents may want to polish the knowl-
edge bases beefed up by argument retrieval and mining techniques, for the future
argumentation. For this, we provide two plausible rules: (vii) The reductant of
rules and (viii) The rule abridgment. The reductant is a result obtained by re-
ducing several rules with the same head to a single rule. The reductant is known
to be a logical consequence from the several rules used. The rule abridgment,
on the other hand, is its converse operation of the reductant. That is sort of
a detachment and has a role of digesting complicated rules generated by the
reductant. For example, {a ← b, c, d, e.} is a reductant from {a ← b, c, .} and
{a ← d, e.}. Conversely, {a ← b, d.} is an abridgment of the reductant, including
b from the first rule and d from the second rule in their rule premises, where b
and d are assumed to have most significant and relevant relationship with the
conclusion a.

We have briefly described knowledge and argument transformation that can
be used as a way to reorganize, improve and refine acquired knowledge and
arguments. This can be also seen as a means for agents to grow through ar-
gumentation. Here, the term “grow” has a meaning similar to recent concepts
such as those appearing in learning, evolutionary computing, genetic computing,
emergent computing and so on, whose purpose is to realize not behavior-fixed
computing entities but environment-sensitive ones.

7 Related Work and Discussion

Although a number of argument mark-up languages tools have been proposed
to facilitate data preprocessing, using diagrams for argument representation, the
integration between them is missing. This barrier limits the ability of the same
user to access the same argument using different tools. The argument-markup
language (AML, XML based language) behind the Araucaria, compendium, and
reason!able systems [27][22][17][20] are examples of these trials. Indeed, Arau-
caria system provides many retrieving criteria, however an irrelevant result may
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be obtained when using more than one word in the search statement. Moreover,
the user analyzes any document depending on his beliefs and understanding, and
not based on a dedicated structure of different schemes or previous analysis. This
kind of analysis encompasses an intractable knowledge, which undermines the
mining process. These mining processes and the artificial intelligence influence
together are needed to guide the user’s understanding via the relation between
scientific theories and evidences, and to refine his argument analysis ability.

Regarding the AI and education fields, many instructional systems have been
developed to hone student’s argumentation skills, for example SCHOLAR and
WHY[14] systems. However, these systems were mainly designed to engage stu-
dents in a Socratic dialog, which faces significant problems to develop a So-
cratic tutor[15]. Such as, knowledge representations, especially in the complex
domains like legal reasoning, control or preprocessing, and manipulate the nat-
ural language. Later, as a response to these difficulties, a number of case-based
models[11] and mining weblogs[8,16] have been proposed to tackle the mining
and the artificial influence problem. The mining weblogs are considered as a clas-
sification problem for the legal or informal reasoning considering law. Though,
it mines the textual data that is intractable to be processed. On the other hand,
the case-based argumentation systems, such as the CATO[11], use the case based
reasoning method in order to reify the argument structure through tools for an-
alyzing, retrieving, and comparing cases in terms of factors.

Comparing CATO to our proposed application, both of them provides exam-
ples of specific issue to be studied by the different students, as well as evaluates
students’ arguments comparable to the pre-existing one. With respect to the
search for arguments, both systems support students’ search for the existing
database, and retrieve the most relevant argument. However, CATO limits the
students’ search by a boolean combination of factors. On one hand, in the full-
text retrieval search, one can retrieve documents, by matching phrases, which is
not relevant to the search subject. On the other hand, ALES provides different
search criteria to tackle this problem, as seen in section 5, utilizing the provided
search engine in order to: summon and provide a myriad of arguments at the
student’s fingertips, retrieve the most relevant results to the subject of search,
and organize the retrieved result such that the most relevant is the first rowed.

Finally, I. Rahwan presents the ArgDf system [5,18], through which users can
create, manipulate, and query arguments using different argumentation schemes.
Comparing ArgDf system to our approach, both of them sustain creating new
arguments based on existing argument schemes. In addition, the ArgDf system
guides the user during the creation process based on the scheme structure only,
the user relies on his efforts and his background to analyze the argument. How-
ever, in our approach, the user actions is monitored and guided not only by
the scheme structure but also by crucial hints devolved through the appropri-
ate feedback. Accordingly, the creation process is restricted by comparing the
contrasting reconstruction of the user’s analysis and the pre-existing one. Such
restriction helps in refining the user’s underlying classification.
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In the ArgDf system, searching existing arguments is revealed by specifying
text in the premises or the conclusion, as well as the type of relationship between
them. Then the user is allowed to filter arguments based on a specific scheme.
Whereas, in our approach, searching the existing arguments is not only done by
specifying text in the premises or the conclusion but also by providing different
strategies based on different mining techniques in order to: refine the learning
environment by adding more flexible interoperability, guarantee the retrieval of
the most convenient hypotheses relevant to the subject of search, facilitate the
search process by providing a different search criteria. At last, ALES enjoys a
certain advantage over ArgDf system, it can trace the users progress and pro-
duce representative reports about the learner analysis history, which in turn
excavate the proper weakness points in the learners’ analysis skills. Fig.24(a),
as example, shows the analysis progress of the current student, spotting on the
conclusion node analysis ratio for different arguments using different schemes.
Looking deeply in this diagram we can conclude that this student cannot high-
light the final conclusion of different context correctly, which means that the stu-
dent cannot well understand the proposed contexts. Whereas Fig.24(b) shows
that the student total argument analysis skill starts to be improved after the
fourth exam.

(a)

(b)

Fig. 24. The resulted progress reports
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On the other hand, ALES handles special types of arguments, in which only
one scheme is used in the analysis process. So, if the context is much bigger and
needs more than one scheme in its analysis, ALES cannot be used.

8 Conclusion and Future Work

In this chapter, we have described an effective usage of argument mining for both
arguing agents and intelligent tutoring system. The mining techniques have been
implemented over the “RADB”, which describes a novel approach of building a
highly structured argument repository aims to (i) summon and provide a myr-
iad of arguments at the user’s fingertips,(ii) facilitate the interoperability among
various agents/tools/humans. The novelty of the RADB approach lies in the
proposed structured knowledge base, that are used to answer users’ queries re-
lated to the domain entities, rather than the diagrams forms that encoded by the
argument-markup language (AML, XML based language) and limits the argu-
ment interoperability between different argument mapping tools. Moreover, the
structured knowledge base (RADB) enjoys the extendable property, in which
adding of new schemes proper to different cultures and beliefs is applicable if
they are formulated in the form of Walton theory of argumentation.

In the latter usage, intelligent tutoring system, we have proposed an agent-
based educational environment (ALES), that utilizes both the RABD and the
mining classifier agent together, aiming to (i)guide the analysis process to re-
fine the user’s underlying classification, (ii)deepen the users’ understanding of
negotiation, decision making, and critical thinking. The classifier agent has been
introduced as a managing tool that uses different mining techniques to enrich the
argument analysis, retrieval, and re-usage processes. The main purposes of the
mining agent are (i)retrieving the most relevant results to the subject of search,
(ii) supporting the fast interaction between the different mining techniques and
the existing arguments. ALES considers two phases, the learning and the assess-
ment phases, and has four main components: domain model, pedagogical model,
student model, and the GUI model. These components co-operate together in or-
der to verifying the stated targets. The system enjoys certain advantages when
compared to others, especially with respect to the search of pre-existing ar-
guments. The results obtained are very promising, where highly relevant and
convenient arguments are obtained, especially when the search statement is in
this form “the destructive war in Iraq” or “USA war and the mass of destruction
weapons”. It also can trace the users progress and produce representative reports
about the learner analysis history, which in turn excavate the proper weakness
points in the learners’ analysis skills[see section7].

In the former usage, arguing agents, we have discussed how argument mining
and retrieval can strengthen arguing agent intelligence and can enhance com-
putational agents with an ability of argumentation. The agents could make and
put forward more fruitful and influential arguments to other parties if they can
consult argument data bases and have retrieving or mining methods proper to
formal argumentation. They could benefit a huge amount of knowledge for argu-
mentation, and reciprocally argument mapping systems could gain a mechanism
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for deciding final argumentation statuses with the help of formal argumentation
systems. Finally, we have also describe some basic ideas on how to use facts, rules
and sub-arguments, founded by the argument retrieval and mining techniques,
in the formal argumentation frameworks.

In the future, we intend to (i) continue in the learning environment imple-
mentation using the frequent tree mining techniques[7] in order to search for
frequent patterns in different arguments, (ii) add more schemes together with
related arguments that consider various cultures and beliefs, and (iii) integrate
an NLP software to the classifier agent in order to aid in a new search crite-
ria annotated as polarity classification that provides more flexibility to users’
queries.
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Abstract. Several models have been proposed for describing grouping
behavior such as bird flocking, terrestrial animal herding, and fish school-
ing. In these models, a fixed rule has been imposed on each individual
a priori for its interactions in a reductive and rigid manner. We have
proposed a new framework for self-organized grouping of agents by re-
inforcement learning. It is important to introduce a learning scheme for
developing collective behavior in artificial autonomous distributed sys-
tems. This scheme can be expanded to cases in which predators are
present. In this study we integrate grouping and anti-predator behaviors
into our proposed scheme. The behavior of agents is demonstrated and
evaluated in detail through computer simulations, and their grouping
and anti-predator behaviors developed as a result of learning are shown
to be diverse and robust by changing some parameters of the scheme.

1 Introduction

In various scenes in nature, the collective behavior of creature can often be seen.
As its typical cases, bird flocking, land animal herding, and fish schooling are
well-known. Many previous observations suggest that there are no leaders to
control the behavior of the group; rather it emerges from the local interactions
among individuals in the group[1,2]. Several models have been proposed for
describing the flocking behavior. In these models, a fixed rule is given to each of
individuals a priori for their interactions[3,4,5]. This reductive and rigid approach
is plausible for modeling flocks of biological organisms, for they seem to inherit
the ability of making a flock. However what is more, it will become important
to introduce a learning scheme for making collective behavior. In a design of
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artificial autonomous distributed system, fixed interactive relationships among
agents (individuals) lose the robustness against nonstationary environments. It
is necessary for agents to be able to adjust their parameters of the ways of
interactions. Some learning framework to form individual interaction will be of
importance. In addition to securing the robustness of systems, this framework
will give a possibility to design systems easier, because it determines the local
interactions of agents adaptively as a certain function of the system.

The classes of learning paradigm have been roughly divided into two kinds; one
is a supervised learning that needs external teacher data corresponding to input,
and the other is an unsupervised learning to which the behavior of the system
is automatically improved by its experience only. Reinforcement learning[6,7,8]
characterizes its feature of the unsupervised learning introducing a process of
trial and error called exploration to maximize the reward obtained from envi-
ronment. Introducing appropriate relations between the agent behavior (action)
and its reward, we could make a new scheme for flocking behavior emergence by
reinforcement learning.

In this paper, we propose an adaptive scheme for self-organized making flock
of agents[23,24,25,26,27,28]. Each of agents is trained in its perceptual internal
space by Q-learning[9,10], which is a typical reinforcement learning algorithm.
The behavior of agents is demonstrated through computer simulations. We fur-
ther explore the characteristics of behavior under various situations.

2 Reinforcement Learning

Machine learning has been developed and used in various situations. Hence, it
provides a computer system with the ability to learn. To acquire desired func-
tions in a step-by-step manner, many learning algorithms and methods have
been proposed for systems. Reinforcement learning [6,7,8] is one of such machine
learning. In reinforcement learning, the system receives only an evaluative scalar
feedback from its environment and not an external teacher data corresponding to
the input is required as in supervised learning. Reinforcement learning was orig-
inally applied to the single agent problems and it has been applied extensively
to multi-agent problems in recent studies [11]. The target level of its application
has also been extended from an individual creature to a neuron in the brain [12].
At present, there are many studies in reinforcement learning like this [13], but
the exploration factor in it has not been reflected enough.

In reinforcement learning, it is necessary to introduce a process of trial and
error that is designed to maximize the rewards obtained from the environment.
This trial and error process is called exploration. Because there is a trade-off
between exploration and exploitation (avoiding bad rewards), balancing their
usage is very important. This is known as the exploration-exploitation dilemma.
The scheme of exploration is called a policy. There are many types of policies
such as ε-greedy, softmax, weighted roulette, and so on. In these existing policies,
exploration is performed by generating stochastic random numbers, according
to the reference value and the provided criterion [7,14,15].
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2.1 Q-Learning

Q-learning is considered to be the best-understood reinforcement learning al-
gorithm [9,10]. It forms a Q-mapping from state-action pairs (s, a) based on
rewards r obtained from interaction with the environment. Q-learning is defined
as follows:

Q(st+1, at+1) = Q(st, at) + α[r + γ max
a′∈A(s′)

Q(s′, a′) − Q(st, at)] (1)

where α denotes the learning rate (0 ≤ α ≤ 1); and γ, the discount rate (0 ≤
γ ≤ 1). Q-learning is employed for maximizing the sum of the rewards received.
It attempts to learn the optimal policy by building a table of Q-values Q(s, a)
according to the above update equation. Q(s, a) provides the estimated values of
expected return by considering action a in state s. Once these Q-values have been
learned, the optimal action from any state is the one with the highest Q-value.
In the original Q-learning algorithm, the greedy policy with pure exploitation is
used. However, it is generally difficult to obtain satisfactory results by employing
this policy. Therefore, in the present study, a policy that allows the adoption of
a nonoptimal action (exploration) is introduced.

2.2 Exploration Policies

In reinforcement learning, many types of exploration policies have been pro-
posed for the process of trial and error, such as ε-greedy, softmax, and weighted
roulette. Further, exploration is performed by generating stochastic random
numbers in these existing policies. We use ε-greedy as the exploration policy;
this policy decides whether exploration or exploitation is required on the basis
of a given threshold value ε ∈ [0, 1]. In ε-greedy, the action with the highest
Q-value is selected as exploitation with probability 1 − ε, and any other action
is selected as exploration with probability ε/(k − 1), where k denotes the total
number of actions in a given state.

In the reinforcement learning, many kinds of exploration policies have been
proposed as a process of trial and error such as ε-greedy, softmax, and weighted
roulette action selection. In this research, I adopt softmax action selection, and
the rule is given as follows:

p(a|s) =
exp{Q(s, a)/T }∑

ai∈A exp{Q(s, ai)/T } (2)

where T is a positive parameter called the temperature. High temperatures cause
the actions to be all (nearly) equi-probable, and low temperatures cause a greater
difference in selection probability for actions that differ in their value estimates.

2.3 Previous Models for Grouping Behavior of Multi-agents

In the design of an artificial autonomous distributed system, fixed interactive
relationships among agents (individuals) lose their robustness in the case of
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nonstationary environments. It is necessary for agents to be able to adjust their
manner of interaction. A learning framework for individual interactions is of
importance. In addition to securing the robustness of systems, this framework
could possibly make it easier to design systems because it adaptively determines
the local interactions of agents as a function of the system.

The collective behavior of creatures can often be seen in nature. Bird flocking,
land animal herding, and fish schooling are typical well-known cases. Many pre-
vious observations suggest that there are no leaders to control the behavior of a
group; on the other hand, collective behavior emerges from the local interactions
among individuals in the group and/or against predators [1,2,16]. Several models
have been proposed for describing the grouping behavior and the anti-predator
behavior [3,4,5,17,18,19,20,21,22]. In these models, a fixed rule is provided for
each of the individuals a priori for their interactions. This reductive and rigid
approach is suitable for modeling groups of biological organisms since they seem
to inherit the ability of forming a group. However, it is important to introduce
a learning scheme for causing collective behavior.

3 Model and Method for Grouping and Anti-predator
Agent

3.1 Perceptual Internal Space for Each Agent

We employ a configuration where N agents that can move in any direction are
placed in a two-dimensional field. Learning of each agent (agent i) progresses
asynchronously in the discrete time-step t following timing ti = dit + oi where
di and oi are integers proper to agent i (0 ≤ oi < di). The agents act in discrete
time t, and at each time-step ti an agent (agent i) finds other agent (agent j)
among N − 1 agents and learns.

In the perceptual internal space, state st of Q(st, at) for agent i is defined
as [R], which is the maximum integer not exceeding the Euclidean distance R
from agent i to agent j. For action at of Q(st, at), four kinds of action patterns
(a1, a2, a3, a4) are considered as follows (also illustrated in Fig. 1).

a1 : Attraction to agent j
a2 : Parallel positive orientation to agent j

(ma · (mi + mj) ≥ 0)
a3 : Parallel negative orientation to agent j

(ma · (mi + mj) < 0)
a4 : Repulsion to agent j

Here, ma is the directional vector of at, and mi and mj are the velocity vectors
of agents i and j, respectively. If the velocities of agents are set to be one body
length (1 BL), then |ma| = |mi| = |mj| = 1BL. Agent i moves in accordance
with mi in each time step, and mi is updated by the expression

mi ← (1 − κ)mi + κma

|(1 − κ)mi + κma| (3)

where κ is a positive parameter (0 ≤ κ ≤ 1) called the inertia parameter.
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Fig. 1. Constitution of perceptual internal space for each agent

Table 1. Reward r for the selected action at in the state st = [R] against the same
kind of agent

st 0∼R1 R1∼R2 R2∼R3 R3∼
at a4 a1∼a3 a2 a1,a3,a4 a1 a2∼a4 a1∼a4

r 1 -1 1 -1 1 -1 0

In this work, as we consider the same kind of agent and a predator as the per-
ceptional objects, two sorts of the corresponding Q-value should be introduced.

3.2 Learning Mode against Agents of the Same Kind

In our proposed model, we prepare the reward r for (st, at) of each agent ac-
cording to the distance R from the perceived agent of same kind. The learning
of the agents proceeds according to a positive or negative reward, as shown in
Table 1, where R1, R2, and R3 have the relationship of R1 < R2 < R3. In case
0 < [R] ≤ R3, agent i can perceive another agent of same kind with the prob-
ability in proportion to R−β, where β is a positive parameter. This means that
the smaller R value is, the easier the agent at that position is selected. When
0 < [R] ≤ R1, the agent gets the positive reward (+1) if it takes the repulsive
action against the perceived agent (a4); otherwise it gets the penalty (−1). In
the cases of R1 < [R] ≤ R2 and R2 < [R] ≤ R3, the agent also gets the reward
or penalty defined in Table 1 with respect to the actions. In case [R] > R3, agent
i cannot perceive agent j, and then receives no reward and chooses an action
from the four action patterns (a1, a2, a3, a4) randomly.

3.3 Learning Mode against Predators

When there is a predator within R3, agent i perceives the predator with the
probability 1 and the above learning mode is switched to this mode. In this case,
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Table 2. Reward r for the selected action at in the state st = [R] against predator

st ( = [R] ) 0 ∼ R3 R3 ∼
at a4 a1 ∼ a3 a1 ∼ a4

r 1 -1 0

the agent i gets the positive reward (+1) if it takes the repulsive action to evade
the predator (a4); otherwise it gets the penalty (−1) as defined in Table 2.

4 Grouping Behavior in No Predator Case

To demonstrate our proposed scheme via computer simulations, we consider the
following experimental conditions: α = 0.1 and γ = 0.7 in Eq. (1), T = 0.5
(under learning) in Eq. (2), and β = 0.5 for the distance dependence of R−β .
All the velocities of agents are set to one body-length (1BL). The total number
of time-steps is set to 5000 in all simulations. Under these conditions, we check
whether agents make a flock for the number of agents N , distance parameter
(R1, R2, R3), and inertia parameter κ in Eq. (3).

4.1 Typical Example: N = 10 with (R1, R2, R3) = (4, 20, 50)

We simulated our model for the case in which N = 10, and R1 = 4 (BL), R2 = 20
(BL), and R3 = 50 (BL). Figures 2(a), 2(b), and 2(c) show the trajectories in
the range of 0–100 steps, 4900–5000 steps under learning, and 500–600 steps
after learning, respectively. In Fig. 2(a), each agent changes its direction often
without regard to the other agents’ behavior; however, an agent maintains its
direction for a long time-step with the others, as shown in Figs. 2(b) and 2(c).
This indicates that the learning works well in flocks.

In order to quantitatively evaluate how the agents exhibit flocking behavior,
we introduce a measure |M| of the uniformity in direction and a measure E of
the spread of agents:

|M| =
1
N

∣∣∣∣∣
N∑

i=1

mi

∣∣∣∣∣ , (4)

E =
1
N

N∑
i=1

√
(xi

A − xG)2 + (yi
A − yG)2 , (5)

where (xi
A,yi

A) and (xG, yG) are the two-dimensional coordinate of agent i and
the barycentric coordinate among the agents, respectively. The value of |M|
approaches 1 when the directions of agents match to a greater excellent. The
agents come close together when the value of E decreases.
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(a) Under learning, in the range of 0–
100 steps

(b) Under learning, in the range of
4900–5000 steps

(c) After learning, in the range of 500–
600 steps

Fig. 2. Trajectories of agents under and after learning for the case in which N = 10
and (R1,R2,R3) = (4,20,50)

Figure 3 shows the time-step dependences of |M| and E for this case. The
transition of |M| evolves well except for the fluctuation caused by the explo-
ration effect at every time-step. The value of E takes a large value at the early
stage of learning, and then, it decreases with fluctuations to around 8 as the
learning proceeds. Further, we take the average of 100 events by repeating the
above simulation with various random series in exploration. As a result, Fig. 4
is obtained in which the value of |M| increases up to around 0.9 and that of E
decreases to 8.
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Fig. 3. Time-step dependence of |M| (Eq. (4)) and E (Eq. (5)) for the case shown in
Fig. 2

Fig. 4. Step-time dependence of the averaged |M| and E for 100 events for the case
shown in Fig. 3
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4.2 Dependence on Number of Agents

We investigate the behaviors of the agents for various numbers of agents. The
parameters R1, R2, and R3 are the same as those described in Section 4.1.
Figures 5(a)–5(e) show the trajectories of agents after learning, which correspond
to the result shown in Fig. 2(c). The agents can make flocks in all these cases.
We also calculated the values of |M| and E for these cases and confirmed that
their step-time evolutions exhibit a tendency that is very similar to that of the
N = 10 case.

To clarify the N dependence when making flocks, we show the values of |M|
and E at the end of the learning stage (t = 5000) with respect to N in Fig. 6.
These are the averaged values for 1000 events. 〈|M|〉 does not decrease signifi-
cantly with an increase in N , i.e., the uniformity of agents in a flock is maintained
for a larger number of agents. It is observed that 〈E〉 for a smaller value of N
(except for N = 2) takes rather larger values. In this region of N , a flock tends to
split into two flocks and each of them goes ahead in different direction; therefore
the spread of agents increases. For N = 2, this situation rarely occurs unless the
two agents are initially placed far away, because each of them can always catch
the other.

4.3 Dependence on Distance Parameter (R1, R2, R3)

In this section, we examine the cases in which each agent has different values of
R1, R2, and R3. Two settings of (R1, R2,R3) for N = 10, which are listed in
Table 3, are examined. This results shown in Fig. 7 exhibit tendencies that are
similar to those in the case of (R1, R2, R3) = (4, 20, 50) that is common for all
agents, as described in Section 4.1. With regard to the learning performance, the
agents in setting 2 exhibited a worse tendency as compared to those in setting
1 and the setting described in Section 4.1 in the early stage (t < 1000). This
is because of the large values of R2 and R3 in setting 2. However, in the latter
stage (t > 3000), flocking was attained well, as in the case of the other settings.

4.4 Effect of Inertia Parameter on Grouping

The effects of changing the inertia parameter κ are investigated in this section.
From the definition of updating the velocity vector of an agent mi (Eq. (3)), an
agent has stronger inertia (tendency to keep its own direction unchanged) when
(1 − κ) takes a larger value.

Figure 8 shows the (1 − κ) dependences of 〈|M|〉 and 〈E〉 at the end of the
learning stage (t = 5000). The spread of agents 〈E〉 increases considerably and
the directional uniformity of agents 〈|M|〉 decreases when (1 − κ) exceeds 0.5.
This implies that two (or more) flocks of agents are formed due to the breakup of
a flock. Because agents with strong inertia (large (1−κ)) require some time-steps
to change their directions according to other agents, they occasionally cannot
keep track of other agents, and several agents get segregated. An example of the
trajectories of agents when their actions have strong inertia are shown in Fig. 9,
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(a) N = 2 (b) N = 4

(c) N = 6 (d) N = 12

(e) N = 14 (f) N = 16

Fig. 5. Trajectories of agents after learning in the cases of N = 2, 4, 6, 12, 14, and 16
with (R1, R2, R3) = (4, 20, 50)
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Fig. 6. N dependences of 〈|M|〉 and 〈E〉 at the end of the learning stage (t = 5000),
averaged over 1000 events

Table 3. Two settings of (R1, R2,R3) for 10 agents

Agent No. Setting 1 Setting 2

1 (3,16,40) (4,40,100)
2 (3,17,45) (4,39,99)
3 (4,19,47) (4,38,98)
4 (4,18,48) (4,37,97)
5 (4,20,50) (4,36,96)
6 (4,21,51) (3,35,95)
7 (4,22,52) (3,34,94)
8 (5,25,45) (3,33,93)
9 (5,23,53) (3,32,92)
10 (6,25,55) (3,31,91)

where agents are in the learning stage (0–1000 time-steps), and (1−κ) = 0.75 is
set for each agent. We observe that several agents depart from other agents and
move far away.
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(a) Setting 1

(b) Setting 2

Fig. 7. Time-step dependence of the averaged |M| and E in 100 events, where each
agent has different value of (R1, R2, R3)
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Fig. 8. (1−κ) dependences of 〈|M|〉 and 〈E〉 at the end of the learning stage (t = 5000),
averaged for 100 events

Fig. 9. Trajectories of agents in learning (0–1000 time-steps) with strong inertia ((1−
κ) = 0.75)

4.5 Asynchronous and Slow Pace Learning

The grouping behavior of biological organisms is a familiar phenomenon; how-
ever, the manner in which each agent learns synchronously cannot be observed.
In addition, each agent possesses a certain individuality. Therefore, we consider
the cases of slow pace learning and asynchronous learning. In the next simula-
tion, the learning of each agent progresses asynchronously in discrete time-step
t. We employ a configuration in which N agents that can move in any direction
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are placed in a two-dimensional field. The learning of each agent (agent i) pro-
gresses asynchronously in the discrete time-step t following timing ti = dit + oi,
where di and oi are integers proper to agent i (0 ≤ oi < di). The agents act in
discrete time t, and at each time-step ti, an agent (agent i) finds another agent
(agent j) among N − 1 agents and learns. In the next simulation, we consider
a case in which there is only one slow learning agent in the group. That is,
di=SLOW > di�=SLOW and all di�=SLOW are the same. We define the learning
pace d as d = di�=SLOW /di=SLOW . We consider oi = i and di�=SLOW = N for
consistency.

In order to evaluate how the slow pace learning agent affects the grouping
behavior, we introduce another measure η of the uniformity for the slow pace
learning agent as follows.

|η| =
1

N − 1

∑
i�=SLOW

(mi ·mSLOW) , (6)

If η approaches |M|, the direction of the slow pace learning agent and the group
of other agents matches to a greater excellent.

We show the results for asynchronous learning and the slow pace learning
agent. In 100 events without a slow pace learning agent, shown in Fig. 10, the
averaged value of η approaches 〈|M|〉. In 100 events with one slow pace learning
agent, shown in Fig. 11, the group of agents splits into two groups having different
sizes in several cases and the measure 〈E〉 increases. In almost all such cases,
the slow pace learning agent is not included in the main group. Therefore 〈|M|〉
remains large but η decreases.

We show the dependence of 〈E〉, 〈|M|〉, and η on the learning pace. Figure 12
shows the dependence of 〈E〉, 〈|M|〉, and η on the learning pace in the case

0

0.2

0.4

0.6

0.8

1

0 10000 20000 30000 40000 50000

t [steps]

<
M

>
, <
η>

0

5

10

15

20

25

30

<
E

>

<M>

<η>

<E>

Fig. 10. Case of same pace learning agents



Grouping and Anti-predator Behaviors for Multi-agent Systems 163

0

0.2

0.4

0.6

0.8

1

0 10000 20000 30000 40000 50000

t [steps]

<
M

>
, <
η>

0

5

10

15

20

25

30

<
E

>

<M>

<η>

<E>

Fig. 11. Case of one slow pace learning agent

0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1

learning pace

<
|M

|>
, <
η>

140
120
100

80
60
40
20

0

<
E

>

<E>

<η>

<|M|>

Fig. 12. Dependence of 〈E〉, 〈|M|〉, and η on learning pace in the case of same pace
learning agents

of same pace learning agents. 〈|M|〉 and η are sufficiently large and 〈E〉 is suf-
ficiently small when the learning pace approaches 1. When the learning pace
decreases, 〈|M|〉 maintains a good value but η and 〈E〉 worsen. This suggests
that the slow pace learning agent is easily left when the learning pace decreases.
Figure 13 shows the dependence on the learning pace in the case of one slow
pace learning agent. Even if the agents perceive the slow learning pace agent by
priority to include it in their group, the effect is not achieved. On the contrary,
〈|M|〉 and η maintain good values but 〈E〉 worsens from the beginning. This
suggests that a few of the agents leave the group in many cases.
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learning agent

5 Grouping and Anti-predator Behavior

5.1 The Case Predator Appears Later

Each agent learns its flocking behavior without predator up to first 5000 time-
steps and then a predator appears first. The predator appears behind the group
of agents in the place where agents cannot perceive. Then, the predator ap-
proaches the center of the group from behind and passes straight. The predator
appears in every 500 time-steps up to 10000 time-steps. The velocity of the
predator is twice of the agent. Figure 14 shows the average of 100 events as like
as in Fig. 4.

When the predator appears, the learning mode is changed. So, 〈E〉 takes a
large value and 〈|M|〉 decreases down to near 0.3. This means that the agents do
not make flocking behavior. When the predator disappears, the learning mode
is changed back. 〈E〉 takes a small value and 〈|M|〉 increases up again to near
0.9 because of the re-flocking behavior of agents.

As shown in Fig. 14, the base line of 〈E〉 increases gradually. This is caused
by appearing of a lone agent or splitting into two or more groups of agents. In
100 events in Fig. 14, there are 16 such events which have the maximum value
of E(t) > 40. By eliminating these events from the average, the result becomes
as in Fig. 15. The base line of 〈E〉 is kept to be almost constant.

Figure 16 is the magnification near the first appearance of the predator (5000
time-step) of Fig. 15. Also, Figure 17 is the magnification near the final ap-
pearance of the predator (9500 time-step) of Fig. 15. The peak of 〈E〉 grows
up following the predator appearance. This suggests that each agent learns to
escape from the predator gradually through the experience meeting it.



Grouping and Anti-predator Behaviors for Multi-agent Systems 165

0

0.2

0.4

0.6

0.8

1

0 2000 4000 6000 8000 10000
t [steps]

<
|M

|>

0

5

10

15

20

25

30

<
E

>
<|M|>

<E>

Fig. 14. The step-time dependence of the averaged |M| and E in 100 events of the
case predator appears later
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Fig. 15. The step-time dependence of the averaged |M| and E in non-splitting 84
events corresponding to Fig. 14

To see the effect of these learning, we check the difference of the trajectories of
agents in some learning stages. Stopping the learning of each agent corresponds
to fixing the Q-value. Figure 18 shows the trajectories of the agents by fixing
the Q-value at t=5000 before the first appearance of predator and by setting
T → 0 in Eq. (2) as the greedy behavioral policy. At this stage, the agents learn
nothing about the predator, so they do not escape from the predator.
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Fig. 16. The magnification near the first appearance of the predator (5000 time-step)
in Fig. 15
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Fig. 17. The magnification near the final appearance of the predator (9500 time-step)
in Fig. 15

Figure 19 shows the trajectories of agents including the range of the first
learning stage against predator (5000–5099 steps). The agents in the first learning
stage (5000–5099 steps) are panicked under learning.

Figure 20 shows the trajectories of the agents by the fixed Q(t=5500) after
the first appearance of predator and the greedy behavioral policy. It seems that
the agents learned a little from the predator, so they try to move away from the
predator as they find it.
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Trajectory of an agent

Trajectory of a predator

20BL

Fig. 18. The trajectories of agents of 100 steps against the predator in the fixed
Q(t=5000) case

Trajectory of an agent

Trajectory of a predator

20BL

Fig. 19. The trajectories of agents in the range of 5000–5099 steps against the predator
under learning

The trajectories of agents including the range of the 10th learning stage
against predator (9450–9649 steps) are shown in Fig. 21. Compared with the
panicked agents in Fig. 19, they learn well to escape from the predator. Due
to some exploration for learning in the action of agents, the trajectories have a
little fluctuation.
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Trajectory of an agent
Trajectory of a predator

20BL

Fig. 20. The trajectories of agents of 100 steps against the predator in the fixed
Q(t=5500) case

Trajectory of agent

Trajectory of predator

20BL

Fig. 21. The trajectories of agents in the range of 9450–9649 steps against the predator
under learning

Figure 22 shows the trajectories of the agents by the fixed Q(t=10000) after
the 10th appearance of predator and the greedy behavioral policy. Through 10
learning stages, they learned to evade well the predator compared with Figs. 18
and 20.
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Trajectory of agent

Trajectory of predator

20BL

Fig. 22. The trajectories of agents of 200 steps against the predator in the fixed
Q(t=10000) case

5.2 The Case Predator Appears from the Beginning

Figure 23 shows the case the predator appears from the beginning at the 1000
time-step. Before the agents learn the grouping behavior enough, they begin
to learn the escape from the predator. In the examined 100 events, there are
5 events of the case of appearing of a lone agent or splitting into two or more
groups of agents. Figure 24 shows the average of the remaining 95 events. In this
case, similar relation as in Fig. 15 can be seen.

In the case predator appears from the beginning, the agents simultaneously
learn the flocking behavior and the escape from the predator. Figure 25 shows
the trajectories of agents in the range of 0–2200 steps under learning. In the
insufficient learning stage, the trajectories of agents are crowded near the meeting
point against the predator though the flocking behavior can be observed.

To see the effect of the learning, we check the difference of the trajectories of
agents after learning. Stopping the learning of each agent corresponds to fixing
the Q-value. Figure 26 shows the trajectories of the agents of 1000 steps against
the predator in the fixed Q(t=5000) case. In this case, each agent uses fixed
Q-value at t=5000 under learning and temperature parameter setting T → 0
in Eq. (2) as the greedy behavioral policy. Through the learning stages, they
learned to group together and evade well the predator compared with Fig. 25.

The magnifications of each 100 steps in Fig. 26 are shown in Fig. 27. After
learning, there is no fluctuation by the exploration under learning. Finding the
predator, the agents draw the shape like a (polarized) fountain to escape from
it. This suggests that adaptive behaviors of agents including the escape from the
predator emerge as a result of two mode learning.
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Fig. 23. The step-time dependence of the averaged |M| and E in 100 events of the
case predator appears from the beginning
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Fig. 24. The step-time dependence of the averaged |M| and E in non-splitting 95
events corresponding to Fig. 23

Figure 28 shows the trajectories of the agents by the fixed Q(t=5000) after the
8th appearance of the predator and greedy behavioral policy. Contrary to the
insufficient learning stage, escaping behavior from the predator can be observed
as well as flocking behavior.

Many kinds of anti-predator strategy are observed and recorded from a field
study on predator-prey interactions, such as split, join vacuole, hourglass, ball,
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Trajectory of an agent

Trajectory of a predator

Fig. 25. The trajectories of agents in the range of 0–2200 steps against the predator
under learning

20BL

Trajectory of an agent

Trajectory of a predator

Fig. 26. The trajectories of agents of 1000 steps against the predator in the fixed
Q(t=5000) case

bend, fountain and herd [16,20]. We show an anti-predator behavior of agents like
vacuole observed in our simulation in Fig. 29. In this case, the speed of predator
is changed to 0.5 BL (a half speed of agent) from 2 BL. Then, keeping their
distance from the predator, the agents have surrounded the predator. Fig. 30
shows one more anti-predator behavior of agent like herd obtained by changing
the speed of the predator to 1 BL (the same speed of agent) from 2 BL. Then,
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Trajectory of agent

Trajectory of predator
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Trajectory of agent

Trajectory of predator

20BL

Fig. 27. The magnifications near the appearance of the predator in Fig. 26

keeping their distance from the predator, the agents advance as p party together
with the predator.

5.3 Another Example: N = 30 with (R1;R2;R3) = (4;20;50) Case

Here, ma is the directional vector of at, and mi and mj are the velocity vectors
of agents i and j, respectively. Agent i moves in accordance with mi in each
time step, and mi is updated by the expression

mi ← (1 − κ)mi + κma , (7)

where κ is a positive parameter (0 ≤ κ ≤ 1) called the inertia parameter.
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Trajectory of agent

20BL

Fig. 28. The trajectories of agents of 5000 steps against the predator in the fixed
Q(t=5000) case

Trajectory of agent

Trajectory of predator

20BL

Fig. 29. Anti-predator behavior like vacuole in the case that the speed of predator is
0.5 BL as a half speed of agent

In the computer simulations, we have assumed the following experimental
conditions: α = 0.1, γ = 0.7 in Eq.(1), T = 0.5 (under learning) for the softmax
action selection method, κ = 0.4 in Eq.(3), β = 0.5 for the distance dependence
of R−β, di = 1, and oi = 0. The initial velocities of the same type of agents are
set to one body length (1 BL). The velocity |ma| which is the directional vector
of at is also set to one body length (1 BL). The velocity of the predator is set
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Trajectory of agent

Trajectory of predator

20BL

Fig. 30. Anti-predator behavior like herd in the case that the speed of predator is
1.0 BL as same speed of agent
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Fig. 31. Time step dependence of averaged |M| and E in 100 events for no predator
case

to two body lengths (2 BL). We have simulated our model for the number of
agents N = 30 and R1 = 4 (BL), R2 = 20 (BL), and R3 = 50 (BL).

In order to quantitatively evaluate how the agents develop grouping behavior,
we use the measure |M| (Eq. (4)) of the uniformity in direction and the measure
E (Eq. (5)) of the spread of agents.

Figure 31 shows the time step dependences of averaged |M| and E for no
predator case. The transition of 〈|M|〉 evolves good in every time step. The
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Fig. 32. Time step dependence of averaged |M| and E in non-splitting 94 events for
the case predator appears

value of 〈E〉 takes a large value at the early stage of learning, after which it
decreases to a value around 8 as learning proceeds.

In the case predator appears, the predator appears behind the group of agents
in the place where agents cannot perceive. Then, the predator approaches the
center of the group from behind and passes straight. The predator appears in
every 500th time step up to 5000 time steps. Figure 32 shows the average of
non-splitting 94 events in 100 events. When the predator appears, the learning
mode is changed. Hence, 〈E〉 takes a large value and 〈|M|〉 decreases to around
0.2. This implies that the agents do not exhibit grouping behavior. When the
predator disappears, the learning mode is reverted to the original mode. 〈E〉
takes a small value and 〈|M|〉 increases again to around 0.9 because of the
grouping behavior exhibited by the agents.

5.4 Effect of Inertia Parameter on Grouping in No Predator Case

From the definition of updating the velocity vector of an agent mi (Eq.(3)), an
agent has stronger inertia (tendency to keep its own direction unchanged) when
(1−κ) takes a larger value. Figure 33 shows (1−κ) dependences of 〈|M|〉 and 〈E〉
at the end of learning (t = 5000). The spread of agents 〈E〉 becomes considerably
large and the directional uniformity of agents 〈|M|〉 becomes lower when (1−κ)
exceeds 0.6. This means that there grow two (or more) groups of agents, due to
breakup of a group. Because agents with strong inertia (large (1−κ)) need some
time steps to change their directions according to other agents, they sometimes
cannot keep track of other agents, and several agents get segregated. Figure 34
shows the case under the condition that the velocities |mi| of all agents are fixed
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Fig. 33. (1 − κ) dependences of averaged |M| and E at t = 5000 in Eq. (3)
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Fig. 34. (1 − κ) dependences of averaged |M| and E at t = 5000 in |mi| = 1

to 1 (mi ← (1−κ)mi+κma

|(1−κ)mi+κma| ). Due to the restriction, the threshold (1 − κ) for
breakup of a group becomes 0.5 lower than 0.6 in Fig. 33.
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Fig. 35. The velocity distribution of the group in no predator case

5.5 Velocity Distribution of the Group

The agent changes the velocity mi in each time step based on the definition for
the velocity vector of an agent. Learning grouping and anti-predator behaviors,
the agent also improves its speed for such behaviors. In order to confirm the
influence of learning on the velocity of the agent, we check the velocity |mi| of
the agent under learning and after learning. Figure 35 shows the velocity |mi|
distribution of the group in no predator case for 500 steps intervals (500steps×
30agents data). In the distribution for 0-500 steps under learning, low speed
holds more than 10% and high speed does not reach 40%. In the distribution
for 500-1000 steps under learning, low speed decreases to 7% and high speed
increases to 52%. At the stage of 1000-1500 steps under learning, the distribution
becomes same as that for 500 steps after learning. The velocity |mi| distributions
of the group when a predator appears are shown in Fig. 36. A similar tendency
to Fig. 35 is obtained for 100 steps intervals against the predator.

5.6 Trajectories of Agents and Predator

Figure 37 shows the trajectories of the agents in 1700 steps against the predator
after learning. In this case, each agent uses fixed Q-value at t=5000 under learn-
ing and by setting T → 0 in the softmax action selection method as the greedy
behavioral policy. Through the learning stages, they have learned grouping and
anti-predator behaviors. The magnification of 100 steps in Fig. 37 is shown in
Fig. 38. On spotting the predator, the agents form a shape resembling a (polar-
ized) fountain to escape from it. This suggests that the adaptive behaviors of
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Fig. 36. The velocity distribution of the group in the case predator appears

Trajectory of agent
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Fig. 37. Trajectories of agents in 1700 steps after learning

agents, including escaping from the predator, is developed as a result of the two
learning modes. Many kinds of anti-predator strategy are observed and recorded
from a field study on predator-prey interactions [16,20]. In our simulation, such
anti-predator behaviors of agents like herd and vacuole are also observed. They
are shown in Fig. 39 and Fig. 40, respectively.
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Trajectory of predator
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Fig. 38. Magnification of Fig. 37 near appearance of predator

Trajectory of agent

Trajectory of predator
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Fig. 39. Anti-predator behavior like herd in the case that the speed of predator is
1.05 BL as same speed as agent
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Trajectory of agent

Trajectory of predator
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Fig. 40. Anti-predator behavior like vacuole in the case that the speed of predator is
0.5 BL as a half speed of agent

6 Conclusion

We have demonstrated a scheme for forming autonomous groups of agents by
reinforcement Q-learning. In addition to the grouping behavior of agents, the
anti-predator behavior exhibited while escaping from predators can be devel-
oped by learning. This indicates the adaptive flexibility of our proposed scheme.
In order to confirm effectiveness of our scheme for various situations and pat-
terns of escaping behavior, we have carried out further investigations. We are
interested in the examination of the group that has complex and diverse learn-
ing conditions. We are carrying out a simulation on a group of agents in which
learning progresses asynchronously and on a group that includes slow-learning
agents.
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Abstract. Multi-agent systems can be used to address problems in a variety of
domains, including robotics, distributed control, telecommunications, and eco-
nomics. The complexity of many tasks arising in these domains makes them dif-
ficult to solve with preprogrammed agent behaviors. The agents must instead
discover a solution on their own, using learning. A significant part of the research
on multi-agent learning concerns reinforcement learning techniques. This chapter
reviews a representative selection of multi-agent reinforcement learning (MARL)
algorithms for fully cooperative, fully competitive, and more general (neither co-
operative nor competitive) tasks. The benefits and challenges of MARL are de-
scribed. A central challenge in the field is the formal statement of a multi-agent
learning goal; this chapter reviews the learning goals proposed in the literature.
The problem domains where MARL techniques have been applied are briefly
discussed. Several MARL algorithms are applied to an illustrative example in-
volving the coordinated transportation of an object by two cooperative robots. In
an outlook for the MARL field, a set of important open issues are identified, and
promising research directions to address these issues are outlined.

1 Introduction

A multi-agent system is a group of autonomous, interacting entities sharing a common
environment, which they perceive with sensors and upon which they act with actuators
[107, 135, 139]. Multi-agent systems are finding applications in a variety of domains in-
cluding robotic teams, distributed control, resource management, collaborative decision
support systems, data mining, etc. [4, 33, 88, 100, 115, 125]. They may arise as the most
natural way of looking at a system, or may provide an alternative perspective on systems
that are originally regarded as centralized. For instance, in robotic teams the control au-
thority is naturally distributed among the robots [115]. In resource management, while

� Portions reprinted, with permission, from [20], ‘A Comprehensive Survey of Multiagent Rein-
forcement Learning’, by Lucian Buşoniu, Robert Babuška, and Bart De Schutter, IEEE Trans-
actions on Systems, Man, and Cybernetics—Part C: Applications and Reviews, vol. 38, no. 2,
March 2008, pages 156–172. © 2008 IEEE.
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the resources could be managed by a central authority, identifying each resource with
an agent may provide a helpful, distributed perspective on the system [33].

Although the agents in a multi-agent system can be endowed with behaviors designed
in advance, they often need to learn new behaviors online, such that the performance
of the agent or of the whole multi-agent system gradually improves [106, 115]. This is
usually because the complexity of the environment makes the a priori design of good
agent behaviors difficult or even impossible. Moreover, in an environment that changes
over time, a hardwired behavior may become unappropriate.

A reinforcement learning (RL) agent learns by interacting with its dynamic environ-
ment [58, 106, 120]. At each time step, the agent perceives the state of the environment
and takes an action, which causes the environment to transit into a new state. A scalar
reward signal evaluates the quality of each transition, and the agent has to maximize
the cumulative reward along the course of interaction. The RL feedback (the reward) is
less informative than in supervised learning, where the agent would be given the correct
actions to take [27] (such information is unfortunately not always available). The RL
feedback is, however, more informative than in unsupervised learning, where there is no
explicit feedback on the performance [104]. Well-understood, provably convergent al-
gorithms are available for solving the single-agent RL task. Together with the simplicity
and generality of the setting, this makes RL attractive also for multi-agent learning.

This chapter provides a comprehensive overview of multi-agent reinforcement learn-
ing (MARL). We mainly focus on autonomous agents learning how to solve dynamic
tasks online, using algorithms that originate in temporal-difference RL. We discuss the
contributions of game theory to MARL, as well as important algorithms for static tasks.

We first outline the benefits and challenges of MARL. A central challenge in the
field is the definition of an appropriate formal goal for the learning multi-agent system.
We present the different learning goals proposed in the literature, which consider the
stability of the agent’s learning dynamics on the one hand, and its adaptation to the
changing behavior of the other agents on the other hand. The core of the chapter consists
of a detailed study of a representative selection of MARL algorithms, which allows us
to identify the structure of the field and to provide insight into the state of the art. This
study organizes the algorithms first by the type of task they address: fully cooperative,
fully competitive, and mixed (neither cooperative nor competitive); and then by the type
of learning goal they target: stability, adaptation, or a combination of both. Additionally,
we briefly discuss the problem domains where MARL techniques have been applied,
and we illustrate the behavior of several MARL algorithms in a simulation example
involving the coordinated transportation of an object by two cooperative agents. In an
outlook for the MARL field, we identify a set of important open issues and suggest
promising directions to address these issues.

The remainder of this chapter is organized as follows. Section 2 introduces the nec-
essary background in single-agent RL, multi-agent RL, and game theory. Section 3
reviews the main benefits and challenges of MARL, and Section 4 presents the MARL
goals proposed in the literature. In Section 5, MARL algorithms are classified and
reviewed in detail. Section 6 reviews several application domains of MARL, while
Section 7 provides an example involving object transportation. Finally, Section 8
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distills an outlook for the MARL field, Section 9 presents related work, and Section 10
concludes the chapter.

2 Background: Reinforcement Learning

In this section, the necessary background on single-agent and multi-agent RL is intro-
duced. First, the single-agent task is defined and its solution is characterized. Then, the
multi-agent task is defined. Static multi-agent tasks are introduced separately, together
with necessary game-theoretic concepts. The discussion is restricted to discrete state
and action spaces having a finite number of elements, as a large majority of MARL
results is given for this setting.

2.1 The Single-Agent Case

The formal model of single-agent RL is the Markov decision process.

Definition 1. A finite Markov decision process is a tuple 〈X ,U, f ,ρ〉 where X is the
finite set of environment states, U is the finite set of agent actions, f : X ×U ×X →
[0,1] is the state transition probability function, and ρ : X ×U ×X → R is the reward
function.1

The state xk ∈ X describes the environment at each discrete time step k. The agent ob-
serves the state and takes an action uk ∈U . As a result, the environment changes its state
to some xk+1 ∈ X according to the transition probabilities given by f : the probability
of ending up in xk+1 after uk is executed in xk is f (xk,uk,xk+1). The agent receives a
scalar reward rk+1 ∈ R, according to the reward function ρ : rk+1 = ρ(xk,uk,xk+1). This
reward evaluates the immediate effect of action uk, i.e., the transition from xk to xk+1.
It says, however, nothing directly about the long-term effects of this action. We assume
that the reward function is bounded.

For deterministic systems, the transition probability function f is replaced by a sim-
pler transition function, f : X ×U → X . It follows that the reward is completely deter-
mined by the current state and action: rk+1 = ρ(xk,uk), ρ : X ×U → R. Some Markov
decision processes have terminal states, i.e., states that once reached, can no longer be
left; all the rewards received from a terminal state are 0. In such a case, the learning
process is usually separated in distinct trials (episodes), which are trajectories starting
from some initial state and ending in a terminal state.

The behavior of the agent is described by its policy, which specifies how the agent
chooses its actions given the state. The policy may be either stochastic, h : X ×U →
[0,1], or deterministic, h : X → U . A policy is called stationary if it does not change
over time. The agent’s goal is to find a policy that maximizes, from every state x, the
expected discounted return:

1 Throughout the chapter, the standard control-theoretic notation is used: x for state, X for state
space, u for control action, U for action space, f for environment (process) dynamics. We
denote reward functions by ρ , to distinguish them from the instantaneous rewards r and the
returns R. We denote agent policies by h.
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Rh(x) = E

{
∞

∑
k=0

γkrk+1

∣∣∣x0 = x,h

}
(1)

where γ ∈ [0,1) is the discount factor, and the expectation is taken over the probabilis-
tic state transitions under the policy h. The return R compactly represents the reward
accumulated by the agent in the long run. Other possibilities of defining the return ex-
ist [58]. The discount factor γ can be regarded as encoding an increasing uncertainty
about rewards that will be received in the future, or as a means to bound the sum which
otherwise might grow unbounded.

The task of the agent is therefore to maximize its long-term performance (return),
while only receiving feedback about its immediate, one-step performance (reward). One
way it can achieve this is by computing the optimal state-action value function (Q-
function). The Q-function Qh : X ×U → R gives the expected return obtained by the
policy h from any state-action pair:

Qh(x,u) = E

{
∞

∑
k=0

γkrk+1

∣∣∣x0 = x,u0 = u,h

}

The optimal Q-function is defined as Q∗(x,u) = maxh Qh(x,u). It satisfies the Bellman
optimality equation:

Q∗(x,u) = ∑
x′∈X

f (x,u,x′)
[
ρ(x,u,x′)+ γmax

u′
Q∗(x′,u′)

] ∀x ∈ X ,u ∈U (2)

This equation states that the optimal value of taking u in x is the expected immediate
reward plus the expected (discounted) optimal value attainable from the next state (the
expectation is explicitly written as a sum since X is finite).

Once Q∗ is available, an optimal policy (i.e., one that maximizes the return) can be
computed by choosing in every state an action with the largest optimal Q-value:

h
∗(x) = argmax

u
Q∗(x,u) (3)

When multiple actions attain the largest Q-value, any of them can be chosen and the
policy remains optimal. In such a case, here as well as in the sequel, the ‘arg’ operator is
interpreted as returning only one of the equally good solutions. A policy that maximizes
a Q-function in this way is said to be greedy in that Q-function. So, an optimal policy
can be found by first determining Q∗ and then computing a greedy policy in Q∗.

A broad spectrum of single-agent RL algorithms exists, e.g., model-free methods
based on the online estimation of value functions [6, 89, 118, 120, 137], model-based
methods (typically called dynamic programming) [8, 96], and model-learning methods
that estimate a model, and then learn using model-based techniques [79, 119]. The
model comprises the transition probabilities and the reward function. Many MARL
algorithms are derived from a model-free algorithm called Q-learning2 [137], see e.g.,
[17, 42, 49, 67, 69, 70].

2 Note that algorithm names are shown in italics throughout the chapter, e.g., Q-learning.
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Q-learning [137] turns (2) into an iterative approximation procedure. Q-learning
starts with an arbitrary Q-function, observes transitions (xk,uk,xk+1,rk+1), and after
each transition updates the Q-function with:

Qk+1(xk,uk) = Qk(xk,uk)+αk
[
rk+1 + γmax

u′
Qk(xk+1,u

′)−Qk(xk,uk)
]

(4)

The term between square brackets is the temporal difference, i.e., the difference be-
tween the current estimate Qk(xk,uk) of the optimal Q-value of (xk,uk) and the updated
estimate rk+1 + γmaxu′ Qk(xk+1,u′). This new estimate is a sample of the right-hand
side of the Bellman equation (2), applied to Qk in the state-action pair (xk,uk). In this
sample, x′ is replaced by the observed next state xk+1, and ρ(xk,uk,x′) by the observed
reward rk+1. The learning rate αk ∈ (0,1] can be time-varying, and usually decreases
with time.

The sequence Qk provably converges to Q∗ under the following conditions [53, 129,
137]:

• Explicit, distinct values of the Q-function are stored and updated for each state-
action pair.

• The sum ∑∞k=0α2
k is finite, while ∑∞k=0αk is infinite.

• Asymptotically, all the state-action pairs are visited infinitely often.

The third requirement can be satisfied if, among others, the agent keeps trying all the
actions in all the states with nonzero probabilities. This is called exploration, and can
be done e.g., by choosing at each step a random action with probability ε ∈ (0,1), and a
greedy action with probability (1−ε). The ε-greedy exploration procedure is obtained.
The probability ε is usually decreased over time. Another option is to use the Boltzmann
exploration procedure, which in state x selects action u with probability:

h(x,u) =
eQ(x,u)/τ

∑ū eQ(x,ū)/τ (5)

where τ > 0, the temperature, controls the randomness of the exploration. When τ→ 0,
(5) becomes equivalent with greedy action selection (3). When τ → ∞, action selection
is purely random. For τ ∈ (0,∞), higher-valued actions have a greater chance of being
selected than lower-valued ones.

2.2 The Multi-agent Case

The generalization of the Markov decision process to the multi-agent case is the stochas-
tic game.

Definition 2. A stochastic game is a tuple 〈X ,U1, . . . ,Un, f ,ρ1, . . . ,ρn〉 where n is the
number of agents, X is the finite set of environment states, Ui, i = 1, . . . ,n are the finite
sets of actions available to the agents, yielding the joint action set UUU = U1 × ·· ·×Un,
f : X ×UUU ×X → [0,1] is the state transition probability function, and ρi : X ×UUU ×X →
R, i = 1, . . . ,n are the reward functions of the agents.
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We assume that the reward functions are bounded. In the multi-agent case, the state
transitions are the result of the joint action of all the agents, uuuk = [uT

1,k, . . . ,u
T
n,k]

T,uuuk ∈UUU ,
ui,k ∈ Ui (where T denotes vector transpose). The policies hi : X ×Ui → [0,1] form
together the joint policy hhh. Because the rewards ri,k+1 of the agents depend on the joint
action, their returns depend on the joint policy:

Rhhh
i (x) = E

{
∞

∑
k=0

γkri,k+1

∣∣∣x0 = x,hhh

}

The Q-function of each agent depends on the joint action and on the joint policy, Qhhh
i :

X ×UUU → R, with Qhhh
i (x,uuu) = E

{
∑∞k=0 γkri,k+1 |x0 = x,uuu0 = uuu,hhh

}
.

In fully cooperative stochastic games, the reward functions are the same for all the
agents: ρ1 = · · · = ρn. It follows that the returns are also the same, Rhhh

1 = · · · = Rhhh
1,

and all the agents have the same goal: to maximize the common return. If n = 2 and
ρ1 = −ρ2, the two agents have opposing goals, and the stochastic game is fully com-
petitive.3 Mixed games are stochastic games that are neither fully cooperative nor fully
competitive.

2.3 Static, Repeated, and Stage Games

Many MARL algorithms are designed for static (stateless) games, or work in a stage-
wise fashion, i.e., separately in the static games that arise in every state of the stochastic
game. Next, we introduce some game-theoretic concepts regarding static games that are
necessary to understand such algorithms [3, 39].

A static (stateless) game is a stochastic game with no state signal and no dynamics,
i.e., X = /0. A static game is described by a tuple 〈U1, . . . ,Un,ρ1, . . . ,ρn〉, with the re-
wards depending only on the joint actions ρi : UUU → R. When there are only two agents,
the game is often called a bimatrix game, because the reward functions of each of the
two agents can be represented as a |U1|× |U2| matrix with the rows corresponding to
the actions of agent 1, and the columns to the actions of agent 2, where |·| denotes set
cardinality. Fully competitive static games are also called zero-sum games, because the
sum of the agents’ reward matrices is a zero matrix. Mixed static games are also called
general-sum games, because there is no constraint on the sum of the agents’ rewards.

A stage game is the static game that arises in a certain state of a stochastic game. The
reward functions of the stage game in state x are the Q-functions of the stochastic game
projected on the joint action space, when the state is fixed at x. In general, the agents
visit the same state of a stochastic game multiple times, so the stage game is a repeated
game. In game theory, a repeated game is a static game played repeatedly by the same
agents. The main difference from a one-shot game is that the agents can use some of
the game iterations to gather information about the other agents’ behavior or about the
reward functions, and make more informed decisions thereafter.

In a static or repeated game, the policy loses the state argument and transforms into
a strategy σi : Ui → [0,1]. An agent’s strategy for the stage game arising in some state x

3 Competition can also arise when more than two agents are involved. However, the literature
on RL in fully-competitive games typically deals with the two-agent case only.
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of the stochastic game is the projection of its policy hi on its action space Ui, when the
state is fixed at x. MARL algorithms relying on the stage-wise approach learn strategies
separately for every stage game. The agent’s overall policy is then the aggregate of these
strategies.

An important solution concept for static games is the Nash equilibrium. First, define
the best response of agent i to a vector of opponent strategies as the strategy σ∗

i that
achieves the maximum expected reward given these opponent strategies:

E{ri |σ1, . . . ,σi, . . . ,σn} ≤ E{ri |σ1, . . . ,σ∗
i , . . . ,σn} ∀σi (6)

A Nash equilibrium is a joint strategy [σ∗
1 , . . . ,σ∗

n ]T such that each individual strategy
σ∗

i is a best-response to the others (see e.g., [3]). The Nash equilibrium describes a
status quo, from which no agent can benefit by changing its strategy as long as all the
other agents keep their strategies constant. Any static game has at least one (possibly
stochastic) Nash equilibrium; some static games have multiple Nash equilibria. Many
MARL algorithms reviewed in the sequel strive to converge to Nash equilibria.

Stochastic strategies (and consequently, stochastic policies) are of a more immediate
importance in MARL than in single-agent RL, because they are necessary to express
certain solution concepts, such as the Nash equilibrium described above.

3 Benefits and Challenges in Multi-agent Reinforcement Learning

In addition to benefits owing to the distributed nature of the multi-agent solution, such
as the speedup made possible by parallel computation, multiple RL agents can harness
new benefits from sharing experience, e.g., by communication, teaching, or imitation.
Conversely, besides challenges inherited from single-agent RL, including the curse of
dimensionality and the exploration-exploitation tradeoff, several new challenges arise
in MARL: the difficulty of specifying a learning goal, the nonstationarity of the learning
problem, and the need for coordination.

3.1 Benefits of MARL

Experience sharing can help RL agents with similar tasks learn faster and reach better
performance. For instance, the agents can exchange information using communication
[123], skilled agents may serve as teachers for the learner [30], or the learner may watch
and imitate the skilled agents [95].

A speed-up can be realized in MARL thanks to parallel computation, when the agents
exploit the decentralized structure of the task. This direction has been investigated in
e.g., [21, 38, 43, 61, 62].

When one or more agents fail in a multi-agent system, the remaining agents can take
over some of their tasks. This implies that MARL is inherently robust. Furthermore, by
design most multi-agent systems also allow the easy insertion of new agents into the
system, leading to a high degree of scalability.

Existing MARL algorithms often require some additional preconditions to theoret-
ically guarantee and to exploit the above benefits [67, 95]. Relaxing these conditions
and further improving the performance of MARL algorithms in this context is an active
field of study.
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3.2 Challenges in MARL

The curse of dimensionality is caused by the exponential growth of the discrete state-
action space in the number of state and action variables (dimensions). Because basic
RL algorithms like Q-learning estimate values for each possible discrete state or state-
action pair, this growth leads directly to an exponential increase of their computational
complexity. The complexity of MARL is exponential also in the number of agents,
because each agent adds its own variables to the joint state-action space. This makes
the curse of dimensionality more severe in MARL than in single-agent RL.

Specifying a good MARL goal in the general stochastic game is a difficult challenge,
because the agents’ returns are correlated and cannot be maximized independently. Sev-
eral types of MARL goals have been proposed in the literature, which consider stability
of the agent’s learning dynamics [50], adaptation to the changing behavior of the other
agents [93], or both stability and adaptation [14, 16, 17, 26, 70]. A detailed analysis of
this open problem is given in Section 4.

Nonstationarity arises in MARL because all the agents in the system are learning
simultaneously. Each agent is therefore faced with a moving-target learning problem:
the best policy changes as the other agents’ policies change.

The exploration-exploitation trade-off requires online (single-agent as well as multi-
agent) RL algorithms to strike a balance between the exploitation of the agent’s cur-
rent knowledge, and exploratory, information-gathering actions taken to improve that
knowledge. For instance, the Boltzmann policy (5) is a simple way of trading off ex-
ploration with exploitation. The exploration procedure is crucial for the efficiency of
RL algorithms. In MARL, further complications arise due to the presence of multiple
agents. Agents explore to obtain information not only about the environment, but also
about the other agents in order to adapt to their behavior. Too much exploration, how-
ever, can destabilize the other agents, thereby making the learning task more difficult
for the exploring agent.

The need for coordination stems from the fact that the effect of any agent’s action
on the environment depends also on the actions taken by the other agents. Hence, the
agents’ choices of actions must be mutually consistent in order to achieve their in-
tended effect. Coordination typically boils down to consistently breaking ties between
equally good joint actions or strategies. Although coordination is typically required in
cooperative settings, it may also be desirable for self-interested agents, e.g., if the lack
of coordination negatively affects all the agents. Consider, as an example, that a num-
ber of countries have interconnected electricity networks, and each country’s network
is managed by an agent. Although each agent’s primary goal is to optimize its own
country’s energy interests, the agents must still coordinate on the power flows between
neighboring countries in order to achieve a meaningful solution [84].

4 Multi-agent Reinforcement Learning Goal

In fully cooperative stochastic games, the common return can be jointly maximized.
In other cases, however, the agents’ returns are typically different and correlated, and
they cannot be maximized independently. Specifying a good general MARL goal is a
difficult problem.
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In this section, the learning goals proposed in the literature are reviewed. These goals
incorporate the stability of the learning dynamics of the agent on the one hand, and the
adaptation to the changing behavior of the other agents on the other hand. Stability es-
sentially means the convergence to a stationary policy, whereas adaptation ensures that
performance is maintained or improved as the other agents are changing their policies.

The goals typically formulate conditions for static games, in terms of strategies and
rewards. Some of the goals can be extended to dynamic games by requiring that con-
ditions are satisfied stage-wise for all the states of the dynamic game. In this case, the
goals are formulated in terms of stage strategies and expected returns instead of strate-
gies and rewards.

Convergence to equilibria is a basic stability requirement [42, 50]. It means the
agents’ strategies should eventually converge to a coordinated equilibrium. Nash equi-
libria are most frequently used. However, concerns have been raised regarding their
usefulness [108]. For instance, one objection is that the link between stage-wise con-
vergence to Nash equilibria and performance in the dynamic stochastic game is unclear.

In [16, 17], convergence is required for stability, and rationality is added as an adap-
tation criterion. For an algorithm to be convergent, the authors of [16, 17] require that
the learner converges to a stationary strategy, given that the other agents use an algo-
rithm from a predefined, targeted class of algorithms. Rationality is defined in [16, 17]
as the requirement that the agent converges to a best response when the other agents
remain stationary. Though convergence to a Nash equilibrium is not explicitly required,
it arises naturally if all the agents in the system are rational and convergent.

An alternative to rationality is the concept of no-regret, which is defined in [14] as
the requirement that the agent achieves a return that is at least as good as the return
of any stationary strategy, and this holds for any set of strategies of the other agents.
This requirement prevents the learner from ‘being exploited’ by the other agents. Note
that for certain types of static games, no-regret learning algorithms converge to Nash
equilibria [54, 143].

Targeted optimality/compatibility/safety are adaptation requirements expressed in
the form of bounds on the average reward [93]. Targeted optimality demands an aver-
age reward, against a targeted set of algorithms, which is at least the average reward of a
best-response. Compatibility prescribes an average reward level in self-play, i.e., when
the other agents use the learner’s algorithm. Safety demands a safety-level average re-
ward against all other algorithms. An algorithm satisfying these requirements does not
necessarily converge to a stationary strategy.

Other properties of (but not necessarily requirements on) MARL algorithms can also
be related to stability and adaptation. For instance, opponent-independent learning is re-
lated to stability, whereas opponent-aware learning is related to adaptation [15, 70]. An
opponent-independent algorithm converges to a strategy that is part of an equilibrium
solution regardless of what the other agents are doing. An opponent-aware algorithm
learns models of the other agents and reacts to them using some form of best-response.
Prediction and rationality as defined in [26] are related to stability and adaptation, re-
spectively. Prediction is the agent’s capability to learn accurate models of the other
agents. An agent is called rational in [26] if it maximizes its expected return given its
models of the other agents.
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Table 1 summarizes these requirements and properties of MARL algorithms. The
names under which the authors refer to the stability and adaptation properties are given
in the first two columns. Pointers to some relevant literature are provided in the last
column.

Table 1. Stability and adaptation in MARL. Reproduced from [20], © 2008 IEEE.

Stability property Adaptation property Some relevant work
convergence rationality [17, 31]
convergence no-regret [14]
— targeted optimality, compatibility, safety [93, 108]
opponent-independent opponent-aware [15, 70]
equilibrium learning best-response learning [13]
prediction rationality [26]

Remarks and Open Issues

Stability of the learning process is needed, because the behavior of stable agents is
more amenable to analysis and meaningful performance guarantees. Moreover, a stable
agent reduces the nonstationarity in the learning problem of the other agents, mak-
ing it easier to solve. Adaptation to the other agents is needed because their behavior
is generally unpredictable. Therefore, a good MARL goal must include both compo-
nents. Since ‘perfect’ stability and adaptation cannot be achieved simultaneously, an
algorithm should guarantee bounds on both stability and adaptation measures. From a
practical viewpoint, a realistic learning goal should also include bounds on the transient
performance, in addition to the usual asymptotic requirements.

Convergence and rationality have been used in dynamic games in the stage-wise
fashion already explained [16, 17]. No-regret has not been used in dynamic games, but it
could be extended in a similar way. It is unclear how targeted optimality, compatibility,
and safety could be extended.

5 Multi-agent Reinforcement Learning Algorithms

This section first provides a taxonomy of MARL algorithms, followed by a detailed
review of a representative selection of algorithms.

MARL algorithms can be classified along several dimensions, among which some,
such as the task type, stem from properties of multi-agent systems in general. Others,
like the awareness of the other agents, are specific to learning multi-agent systems. The
proposed classifications are illustrated using the set of algorithms selected for review.
All these algorithms will be discussed separately in Sections 5.1–5.4.

The type of task considered by the learning algorithm leads to a corresponding classi-
fication of MARL techniques into those addressing fully cooperative, fully competitive,
or mixed stochastic games. A significant number of algorithms are designed for static
(stateless) tasks only. Figure 1 summarizes the breakdown of MARL algorithms by task
type.
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Fig. 1. Breakdown of MARL algorithms by the type of task they address. Reproduced from [20],
© 2008 IEEE.

The degree of awareness of other learning agents exhibited by MARL algorithms
is strongly related to the learning goal that the agents aim for. Algorithms focused on
stability (convergence) only are typically unaware and independent of the other learning
agents. Algorithms that consider adaptation to the other agents clearly need to be aware
to some extent of their behavior. If adaptation is taken to the extreme and stability
concerns are disregarded, algorithms are only tracking the behavior of the other agents.
The degree of agent awareness exhibited by the algorithms can be determined even if
they do not explicitly target stability or adaptation goals. All agent-tracking algorithms
and many agent-aware algorithms use some form of opponent modeling to keep track
of the other agents’ policies [25, 49, 133].

The field of origin of the algorithms is a taxonomy axis that shows the variety of
research inspiration contributing to MARL. MARL can be regarded as a fusion of
temporal-difference RL (especially Q-learning), game theory, and more general direct
policy search techniques. Figure 2 presents the organization of the MARL algorithms
considered by their field of origin.

Other classification criteria include the following:

• Homogeneity of the agents’ learning algorithms: the algorithm only works if all the
agents use it (homogeneous learning agents, e.g., team-Q, Nash-Q), or other agents
can use other learning algorithms (heterogeneous learning agents, e.g., AWESOME,
WoLF-PHC).

• Assumptions on the agent’s prior knowledge about the task: a task model is avail-
able to the learning agent (model-based learning, e.g., AWESOME) or not (model-
free learning, e.g., team-Q, Nash-Q, WoLF-PHC). The model consists of the tran-
sition function (unless the game is static) and of the reward functions of the agents.
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Fig. 2. MARL encompasses temporal-difference reinforcement learning, game theory and direct
policy search techniques. Reproduced from [20], © 2008 IEEE.

• Assumptions on the agent’s inputs. Typically the inputs are assumed to exactly
represent the state of the environment. Differences appear in the agent’s observa-
tions of other agents: it might need to observe the actions of the other agents (e.g.,
team-Q, AWESOME), their actions and rewards (e.g., Nash-Q), or neither (e.g.,
WoLF-PHC).

The remainder of this section discusses in detail the MARL algorithms selected for re-
view. The algorithms are grouped first by the type of task they address, and then by the
degree of agent awareness, as depicted in Table 2. So, algorithms for fully cooperative
tasks are presented first, in Section 5.1. Explicit coordination techniques that can be ap-
plied to algorithms from any class are discussed separately in Section 5.2. Algorithms
for fully competitive tasks are reviewed in Section 5.3. Finally, Section 5.4 presents
algorithms for mixed tasks. Algorithms that are designed only for static tasks are dis-
cussed in separate paragraphs in the text. Simple examples are provided to illustrate
several central issues that arise.

Table 2. Breakdown of MARL algorithms by task type and degree of agent awareness. Repro-
duced from [20], © 2008 IEEE.

Task type →
↓ Agent awareness

Cooperative Competitive Mixed

Independent coordination-free
opponent-

independent
agent-independent

Tracking coordination-based — agent-tracking

Aware indirect coordination
opponent-

aware
agent-aware
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5.1 Fully Cooperative Tasks

In a fully cooperative stochastic game, the agents have the same reward function (ρ1 =
· · · = ρn) and the learning goal is to maximize the common discounted return. If a cen-
tralized controller were available, the task would reduce to a Markov decision process,
the action space of which would be the joint action space of the stochastic game. In this
case, the goal could be achieved e.g., by learning the optimal joint-action values with
Q-learning:

Qk+1(xk,uuuk) = Qk(xk,uuuk)+α
[
rk+1 + γmax

uuu′
Qk(xk+1,uuu

′)−Qk(xk,uuuk)
]

(7)

and then using a greedy policy. However, the agents are independent decision makers,
and a coordination problem arises even if all the agents learn in parallel the common
optimal Q-function using (7). It may seem that the agents could use greedy policies
applied to Q∗ to maximize the common return:

h
∗
i (x) = argmax

ui

max
u1,...,ui−1,ui+1,...,un

Q∗(x,uuu) (8)

However, in certain states, multiple joint actions may be optimal. In the absence of addi-
tional coordination mechanisms, different agents may break these ties among multiple
optimal joint actions in different ways, and the resulting joint action may be suboptimal.

Example 1. The need for coordination. Consider the situation illustrated in Figure 3:
two mobile agents need to avoid an obstacle while maintaining formation (i.e., main-
taining their relative positions). Each agent i has three available actions: go straight (Si),
left (Ri), or right (Li).

1
R2

S2

obstacle

2
L2R1

S1

L1

R2S2L2

R1

S1

L1

Q

10 -5 0

-5 -10 -5

-10 -5 10

Fig. 3. Left: two mobile agents approaching an obstacle need to coordinate their action selection.
Right: the common Q-values of the agents for the state depicted to the left. Reproduced from
[20], © 2008 IEEE.

For a given state (position of the agents), the Q-function can be projected on the
joint action space. For the state represented in Figure 3 (left), a possible projection
is represented in the table on the right. This table describes a fully cooperative static
(stage) game. The rows correspond to the actions of agent 1, and the columns to the
actions of agent 2. If both agents go left, or both go right, the obstacle is avoided while
maintaining the formation: Q(L1,L2) = Q(R1,R2) = 10. If agent 1 goes left, and agent 2
goes right, the formation is broken: Q(L1,R2) = 0. In all other cases, collisions occur
and the Q-values are negative.
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Note the tie between the two optimal joint actions: (L1,L2) and (R1,R2). Without a
coordination mechanism, agent 1 might assume that agent 2 will take action R2, and
therefore it takes action R1. Similarly, agent 2 might assume that agent 1 will take L1,
and consequently takes L2. The resulting joint action (R1,L2) is severely suboptimal, as
the agents collide.

Coordination-Free Methods

The Team Q-learning algorithm [70] avoids the coordination problem by assuming that
the optimal joint actions are unique (which is not always the case). Then, if all the agents
learn the common Q-function in parallel with (7), they can safely use (8) to select these
optimal joint actions and maximize their return.

The Distributed Q-learning algorithm [67] solves the cooperative task without as-
suming coordination and with limited computation (its computational complexity is
similar to that of single-agent Q-learning, see Section 5.4). However, the algorithm
only works in deterministic problems with non-negative reward functions. Each agent
i maintains a local policy hi(x), and a local Q-function Qi(x,ui), depending only on its
own action. The local Q-values are updated only when the update leads to an increase
in the Q-value:

Qi,k+1(xk,ui,k) = max
{

Qi,k(xk,ui,k),rk+1 + γmax
u′i

Qi,k(xk+1,u
′
i)
}

(9)

This ensures that the local Q-value always captures the maximum of the joint-action
Q-values: Qi,k(x,ui) = max

u1,...,ui−1,ui+1,...,un
Qk(x,uuu) at all k, where uuu = [u1, . . . ,un]T with

ui fixed. The local policy is updated only if the update leads to an improvement in the
Q-values:

hi,k+1(xk) =

{
ui,k if maxūi Qi,k+1(xk, ūi) > maxūi Qi,k(xk, ūi)
hi,k(xk) otherwise

(10)

This ensures that the joint policy [h1,k, . . . ,hn,k]T is always optimal with respect to the
global Qk. Under the condition that Qi,0 = 0 ∀i, the local policies of the agents provably
converge to an optimal joint policy.

Coordination-Based Methods

Coordination graphs [43] simplify coordination when the global Q-function can be ad-
ditively decomposed into local Q-functions that only depend on the actions of subsets
of agents. For instance, in a stochastic game with 4 agents, the decomposition might
be Q(x,uuu) = Q1(x,u1,u2)+ Q2(x,u1,u3)+ Q3(x,u3,u4). The decomposition might be
different for different states. The local Q-functions have smaller dimensions than the
global Q-function. The maximization of the joint Q-value is done by solving simpler,
local maximizations in terms of the local Q-functions, and aggregating their solutions.
Under certain conditions, the coordinated selection of an optimal joint action is guaran-
teed [43, 61].
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In general, all the coordination techniques described in Section 5.2 below can be
applied to fully cooperative MARL tasks. For instance, a framework to explicitly reason
about possibly costly communication is the communicative multi-agent team decision
problem [97].

Indirect Coordination Methods

Indirect coordination methods bias action selection toward actions that are likely to re-
sult in good rewards or returns. This steers the agents toward coordinated action selec-
tions. The likelihood of obtaining good rewards (returns) is evaluated using e.g., models
of the other agents estimated by the learner, or statistics of the rewards observed in the
past.

Static tasks. Joint Action Learners (JAL) learn joint-action values and empirical mod-
els of the other agents’ strategies [29]. Agent i learns models for all the other agents
j �= i, using:

σ̂ i
j(u j) =

Ci
j(u j)

∑ū j∈Uj
Ci

j(ū j)
(11)

where σ̂ i
j is agent i’s model of agent j’s strategy and Ci

j(u j) counts the number of
times agent i observed agent j taking action u j. Note that agent i has to observe the
actions taken by the other agents. Several heuristics are proposed in [29] to increase the
learner’s Q-values for the actions with high likelihood of getting good rewards given
the models.

The Frequency Maximum Q-value (FMQ) heuristic is based on the frequency with
which actions yielded good rewards in the past [59]. Agent i uses Boltzmann action
selection (5), plugging in modified Q-values Q̄i computed with the formula:

Q̄i(ui) = Qi(ui)+ν
Ci

max(ui)
Ci(ui)

rmax(ui) (12)

where rmax(ui) is the maximum reward observed after taking action ui, Ci
max(ui) counts

how many times this reward has been observed, Ci(ui) counts how many times ui has
been taken, and ν is a weighting factor. Increasing the Q-values of actions that fre-
quently produced good rewards in the past steers the agent toward coordination. Com-
pared to single-agent Q-learning, the only additional computational demands of FMQ
come from maintaining and using the counters. However, FMQ can fail in some prob-
lems with strongly stochastic rewards [59], and the weighting parameter ν must be
tuned in a problem-specific fashion, which may be difficult to do.

Dynamic tasks. In Optimal Adaptive Learning (OAL), virtual games are constructed
on top of each stage game of the stochastic game [136]. In these virtual games, optimal
joint actions are rewarded with 1, and the rest of the joint actions with 0. An algo-
rithm is introduced that, by biasing the agent towards recently selected optimal actions,
guarantees convergence to a coordinated optimal joint action for the virtual game, and
therefore to a coordinated joint action for the original stage game. Thus, OAL prov-
ably converges to optimal joint policies in any fully cooperative stochastic game. This
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however comes at the cost of increased complexity: each agent estimates empirically a
model of the stochastic game, virtual games for each stage game, models of the other
agents, and an optimal value function for the stochastic game.

Remarks and Open Issues

All the methods presented above rely on exact measurements of the state. Some of them
also require exact measurements of the other agents’ actions. This is most obvious for
coordination-free methods: if at any point the perceptions of the agents differ, this may
lead different agents to update their Q-functions differently, and the consistency of the
Q-functions and policies can no longer be guaranteed.

The algorithms discussed above also suffer from the curse of dimensionality. Dis-
tributed Q-learning and FMQ are exceptions in the sense that they do not need to take
into account the other agents’ actions (but they only work in restricted settings: Dis-
tributed Q-learning only in deterministic tasks, and FMQ only in static tasks).

5.2 Explicit Coordination Mechanisms

A general approach to solving the coordination problem is to make sure that any ties
are broken by all the agents in the same way, using explicit coordination or negotiation.
Mechanisms for doing so based on social conventions, roles, and communication, are
described next [135]. These mechanisms can be used for any type of task.

Both social conventions and roles restrict the action choices of the agents. An agent
role restricts the set of actions available to that agent prior to action selection, as in
e.g., [112]. This means that some or all of the ties in (8) are prevented. Social conven-
tions encode a priori preferences toward certain joint actions, and help break ties during
action selection. If properly designed, roles or social conventions eliminate ties com-
pletely. A simple social convention relies on a unique ordering of the agents and actions
[11]. These two orderings must be known to all the agents. Combining them leads to a
unique ordering of the joint actions, and coordination is ensured if in (8) the first joint
action in this ordering is selected by all the agents.

Communication can be used to negotiate action choices, either alone or in combi-
nation with the above coordination techniques, as in [37, 135]. When combined with
the above techniques, communication can relax their assumptions and simplify their
application. For instance, in social conventions, if only an ordering between agents is
known, they can select actions in turn, in that order, and broadcast their selection to the
remaining agents. This is sufficient to ensure coordination.

Besides action choices, agents can also communicate various other types of infor-
mation, including partial or complete Q-tables, state measurements, rewards, learning
parameters, etc. For example, the requirements of complete and consistent perception
among all the agents (discussed under Remarks in Section 5.1) can be relaxed by allow-
ing agents to communicate interesting data (e.g., partial state measurements) instead of
relying on direct measurement [123].

Learning coordination approaches have also been investigated, where the coordina-
tion mechanism is learned, rather than being hardwired into the agents. The agents learn
social conventions in [11], role assignments in [81], and the structure of the coordina-
tion graph (see Section 5.1) together with the local Q-functions in [60].
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Example 2. Coordination using social conventions in a fully-cooperative task. In Exam-
ple 1 above (see Figure 3), suppose the agents are ordered such that agent 1 < agent 2
(a < b means that a precedes b in the chosen ordering), and the actions of both agents
are ordered in the following way: Li < Ri < Si, i ∈ {1,2}. To coordinate, the first agent
in the ordering of the agents, agent 1, looks for an optimal joint action such that its
action component is the first in the ordering of its actions: (L1,L2). It then selects its
component of this joint action, L1. As agent 2 knows the orderings, it can infer this de-
cision, and appropriately selects L2 in response. If agent 2 would still face a tie (e.g., if
(L1,L2) and (L1,S2) would both be optimal), it could break this tie by using the ordering
of its own actions (which because L2 < S2 would also yield (L1,L2)).

If communication is available, only the ordering of the agents has to be known.
Agent 1, the first in the ordering, chooses an action by breaking ties in some way be-
tween the optimal joint actions. Suppose it settles on (R1,R2), and therefore selects R1.
It then communicates this selection to agent 2, which can then select an appropriate
response, namely the action R2.

5.3 Fully Competitive Tasks

In a fully competitive stochastic game (for two agents, when ρ1 = −ρ2), the mini-
max principle can be applied: maximize one’s benefit under the worst-case assumption
that the opponent will always endeavor to minimize it. This principle suggests using
opponent-independent algorithms.

The minimax-Q algorithm [69, 70] employs the minimax principle to compute strate-
gies and values for the stage games, and a temporal-difference rule similar to Q-learning
to propagate the values across state transitions. The algorithm is given here for agent 1:

h1,k(xk, ·) = argm1(Qk,xk) (13)

Qk+1(xk,u1,k,u2,k) = Qk(xk,u1,k,u2,k)+α
[
rk+1 + γm1(Qk,xk+1)−Qk(xk,u1,k,u2,k)

]
(14)

where m1 is the minimax return of agent 1:

m1(Q,x) = max
h1(x,·)

min
u2
∑
u1

h1(x,u1)Q(x,u1,u2) (15)

The stochastic strategy of agent 1 in state x at time k is denoted by h1,k(x, ·), with the
dot standing for the action argument. The optimization problem in (15) can be solved
by linear programming [82]. The Q-table is not subscripted by the agent index, because
the equations make the implicit assumption that Q = Q1 = −Q2; this follows from
ρ1 = −ρ2.

Minimax-Q is truly opponent-independent, because even if the minimax optimization
has multiple solutions (strategies), any of them will achieve at least the minimax return
regardless of what the opponent is doing. However, if the opponent is suboptimal (i.e.,
does not always take the action that is the worst for the learner), and the learner has a
model of the opponent’s policy, it can actually do better than the minimax return (15).
An opponent model can be learned using e.g., the M* algorithm described in [25], or a
simple extension of (11) to multiple states:
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ĥi
j(x,u j) =

Ci
j(x,u j)

∑ū j∈Uj
Ci

j(x, ū j)
(16)

where Ci
j(x,u j) counts the number of times agent i observed agent j taking action u j in

state x.
Such an algorithm then becomes opponent-aware. Even agent-aware algorithms for

mixed tasks (see Section 5.4) can be used to exploit a suboptimal opponent. For in-
stance, in [17] WoLF-PHC was used with promising results in a fully competitive task.

Example 3. The minimax principle. Consider the situation represented in the left part
of Figure 4: agent 1 has to reach the goal in the middle while still avoiding capture by
its opponent, agent 2. Agent 2 on the other hand, has to prevent agent 1 from reaching
the goal, preferably by capturing it. The agents can only move to the left or to the right.

2
L2R1 R2

R2L2

R1

L1

Q

0 1

-10 10
1

L1

Fig. 4. Left: an agent (◦) attempting to reach a goal (×) while avoiding capture by another agent
(•). Right: the Q-values of agent 1 for the state depicted to the left (Q2 =−Q1). Reproduced from
[20], © 2008 IEEE.

For this situation (state), a possible projection of agent 1’s Q-function on the joint
action space is given in the table on the right. This represents a zero-sum static game
involving the two agents. If agent 1 moves left and agent 2 does likewise, agent 1 es-
capes capture, Q1(L1,L2) = 0; furthermore, if at the same time agent 2 moves right, the
chances of capture decrease, Q1(L1,R2) = 1. If agent 1 moves right and agent 2 moves
left, agent 1 is captured, Q1(R1,L2) = −10; however, if agent 2 happens to move right,
agent 1 achieves the goal, Q1(R1,R2) = 10. As agent 2’s interests are opposite to those
of agent 1, the Q-function of agent 2 is −Q1. For instance, when both agents move right,
agent 1 reaches the goal and agent 2 is punished with a Q-value of −10.

The minimax solution for agent 1 in this case is to move left, because for L1, regard-
less of what agent 2 is doing, it can expect a return of at least 0, as opposed to −10 for
R1. Indeed, if agent 2 plays well, it will move left to protect the goal. However, it might
not play well and move right instead. If this is true and agent 1 can find it out (e.g., by
learning a model of agent 2) it can take advantage of this knowledge by moving right
and achieving the goal.

5.4 Mixed Tasks

In mixed stochastic games, no constraints are imposed on the reward functions of the
agents. This model is most appropriate for self-interested (but not necessarily com-
peting) agents. The influence of game-theoretic equilibrium concepts is the strongest
in MARL algorithms for mixed stochastic games. When multiple equilibria exist in a
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particular state of a stochastic game, the equilibrium selection problem arises: the agents
need to consistently pick their part of the same equilibrium.

A significant number of algorithms in this category are designed only for static tasks
(i.e., repeated, general-sum games). Even in repeated games, the learning problem is
still nonstationary due to the dynamic behavior of the agents playing the repeated game.
This is why most of the methods in this category focus on adaptation to the other agents.

Besides agent-independent, agent-tracking, and agent-aware techniques, the appli-
cation of single-agent RL methods to multi-agent learning is also presented here. That
is because single-agent RL methods do not make any assumption on the type of task,
and are therefore applicable to general stochastic games, although without guarantees
of success.

Single-Agent RL

Single-agent RL algorithms like Q-learning can be directly applied to the multi-agent
case [105]. They learn Q-functions that only depend on the current agent’s action, us-
ing the basic Q-learning update (4), and without being aware of the other agents. The
nonstationarity of the MARL problem invalidates most of the single-agent RL theoret-
ical guarantees. Despite its limitations, this approach has found a significant number of
applications, mainly because of its simplicity [32, 73, 74, 75].

One important step forward in understanding how single-agent RL works in multi-
agent tasks was made in [130]. The authors of [130] applied results in evolutionary
game theory to analyze the learning dynamics of Q-learning with Boltzmann policies
(5) in repeated games. It appeared that for certain parameter settings, Q-learning is able
to converge to a coordinated equilibrium in particular games. In other cases, unfortu-
nately, Q-learners exhibit non-stationary cyclic behavior.

Agent-Independent Methods

Many algorithms that are independent of the other agents share a common structure
based on Q-learning, where policies and state values are computed with game-theoretic
solvers for the stage games arising in the states of the stochastic game [13, 42]. This
structure is similar to that of (13)–(14); the difference is that for mixed games, solvers
are usually different from minimax.

Denoting by
{

Q·,k(x, ·)} the stage game arising in state x and given by all the agents’
Q-functions at time k, learning takes place according to:

hi,k(x, ·) = solvei
{

Q·,k(xk, ·)
}

(17)

Qi,k+1(xk,uuuk) = Qi,k(xk,uuuk)+α
[
ri,k+1 + γ · evali

{
Q·,k(xk+1, ·)

}−Qi,k(xk,uuuk)
]

(18)

where solvei returns agent i’s part of some type of equilibrium (a strategy), and evali
gives the agent’s expected return given this equilibrium. The goal is to converge to an
equilibrium in every state.

The updates use the Q-tables of all the agents. So, each agent needs to replicate the
Q-tables of the other agents. It can do that by applying (18). This requires that all the
agents use the same algorithm and can measure all the actions and rewards. Even under
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these assumptions, the updates (18) are only guaranteed to maintain identical results
for all the agents if solve returns consistent equilibrium strategies for all the agents.
This means the equilibrium selection problem arises when the solution of solve is not
unique.

A particular instance of solve and eval for Nash Q-learning [49, 50] is:{
evali

{
Q·,k(x, ·)} = Vi(x,NE

{
Q·,k(x, ·)})

solvei
{

Q·,k(x, ·)} = NEi
{

Q·,k(x, ·)} (19)

where NE computes a Nash equilibrium (a set of strategies), NEi is agent i’s strat-
egy component of this equilibrium, and Vi(x,NE

{
Q·,k(x, ·)}) is the expected return for

agent i from x under this equilibrium. The algorithm provably converges to Nash equi-
libria for all the states if either: (a) every stage game encountered by the agents during
learning has a Nash equilibrium under which the expected return of all the agents is
maximal; or (b) every stage game has a Nash equilibrium that is a saddle point, i.e.,
not only does the learner not benefit from deviating from this equilibrium, but the other
agents do benefit from this [12, 49]. This requirement is satisfied only in a small class
of problems. In all other cases, some external mechanism for equilibrium selection is
needed to guarantee convergence.

Instantiations for correlated equilibrium Q-learning (CE-Q) [42] or asymmetric Q-
learning [64] can be performed in a similar fashion, by using correlated or Stackelberg
(leader-follower) equilibria, respectively. For asymmetric Q-learning, the follower does
not need to model the leader’s Q-table; however, the leader must know how the follower
chooses its actions.

Example 4. The equilibrium selection problem. Consider the situation illustrated in
Figure 5, left: two cleaning robots (the agents) have arrived at a junction in a build-
ing, and each needs to decide which of the two wings of the building it will clean. It is
inefficient if both agents clean the same wing, and both agents prefer to clean the left
wing because it is smaller, and therefore requires less time and energy.

1

R2

2
L2

R1L1
Left
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Right
Wing

R2L2

R1

L1 0 3

2 0

R2L2

R1

L1

Q1
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Fig. 5. Left: two cleaning robots negotiating their assignment to different wings of a building.
Both robots prefer to clean the smaller left wing. Right: the Q-values of the two robots for the
state depicted to the left. Reproduced from [20], © 2008 IEEE.

For this situation (state), possible projections of the agents’ Q-functions on the joint
action space are given in the tables on the right. These tables represent a general-sum
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static game involving the two agents. If both agents choose the same wing, they will not
clean the building efficiently, Q1(L1,L2) = Q1(R1,R2) = Q2(L1,L2) = Q2(R1,R2) = 0.
If agent 1 takes the (preferred) left wing and agent 2 the right wing, Q1(L1,R2) = 3, and
Q2(L1,R2) = 2. If they choose the other way around, Q1(R1,L2)=2, and Q2(R1,L2)=3.

For these returns, there are two deterministic Nash equilibria4: (L1,R2) and (R1,L2).
This is easy to see: if either agent unilaterally deviates from these joint actions, it can
expect a (bad) return of 0. If the agents break the tie between these two equilibria inde-
pendently, they might do so inconsistently and arrive at a suboptimal joint action. This
is the equilibrium selection problem, corresponding to the coordination problem that
arises in fully cooperative tasks. Its solution requires additional coordination mecha-
nisms, e.g., social conventions.

Agent-Tracking Methods

Agent-tracking algorithms estimate models of the other agents’ strategies or policies
(depending on whether static or dynamic games are considered) and act using some
form of best-response to these models. Convergence to stationary strategies is not a
requirement. Each agent is assumed capable to observe the other agents’ actions.

Static tasks. In the fictitious play algorithm [19], agent i acts at each iteration according
to a best-response (6) to models σ̂ i

1, . . . , σ̂
i
i−1, σ̂

i
i+1, . . . , σ̂

i
n learned with (11). Fictitious

play converges to a Nash equilibrium in certain restricted classes of games, among
which are fully cooperative, repeated games [29].

The MetaStrategy algorithm, introduced in [93], combines modified versions of fic-
titious play, minimax and a game-theoretic strategy called Bully [71] to achieve the
targeted optimality, compatibility, and safety goals (see Section 4).

To compute best-responses, the fictitious play and MetaStrategy algorithms require a
model of the static task, in the form of reward functions.

The Hyper-Q algorithm uses the other agents’ models as a state vector and learns a
Q-function Qi(σ̂1, . . . , σ̂i−1, σ̂i+1, . . . , σ̂n,ui) with an update rule similar to Q-learning
[124]. By learning values of strategies instead of only actions, Hyper-Q should be able
to adapt better to nonstationary agents. One inherent difficulty is that the action selection
probabilities in the models increase the dimensionality of the state space and therefore
the severity of the curse of dimensionality. Additionally, the probabilities are continuous
variables, which means that the classical, discrete-state Q-learning algorithm cannot be
used. Approximate versions of Q-learning are required instead.

Dynamic tasks. The Non-Stationary Converging Policies (NSCP) algorithm [138] com-
putes a best-response to the models and uses it to estimate state values. This algorithm
is very similar to (13)–(14) and (17)–(18); this time, the stage game solver gives a best-
response:

4 There is also a stochastic (mixed) Nash equilibrium, where each agent goes left with
probability 3/5. This is because the strategies σ1(L1) = 3/5,σ1(R1) = 2/5 and σ2(L2) =
3/5,σ2(R2) = 2/5 are best-responses to one another. The expected return of this equilibrium
for both agents is 6/5, worse than for any of the two deterministic equilibria.
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hi,k(xk, ·) = argbri(Qi,k,xk) (20)

Qi,k+1(xk,uuuk) = Qk(xk,uuuk)+α
[
ri,k+1 + γbri(Qi,k,xk+1)−Qk(xk,uuuk)

]
(21)

where the best-response value operator br is implemented as:

bri(Qi,x) = max
hi(x,·)

∑
u1,...,un

hi(x,ui) ·Qi(x,u1, . . . ,un)
n

∏
j=1, j �=i

ĥi
j(x,u j) (22)

The empirical models ĥi
j are learned using (16). In the computation of br, the value of

each joint action is weighted by the estimated probability of that action being selected,
given the models of the other agents (the product term in (22)).

Agent-Aware Methods

Agent-aware algorithms target convergence, as well as adaptation to the other agents.
Some algorithms provably converge for particular types of tasks (mostly static), others
use heuristics for which convergence is not guaranteed.

Static tasks. The algorithms presented here assume the availability of a model of the
static task, in the form of reward functions. The AWESOME algorithm [31] uses ficti-
tious play, but monitors the other agents and, when it concludes that they are nonstation-
ary, switches from the best-response in fictitious play to a centrally precomputed Nash
equilibrium (hence the name: Adapt When Everyone is Stationary, Otherwise Move to
Equilibrium). In repeated games, AWESOME is provably rational and convergent [31]
according to the definitions from [16, 17] given in Section 4.

Some methods in the area of direct policy search use gradient update rules that guar-
antee convergence in specific classes of static games: Infinitesimal Gradient Ascent
(IGA) [109], Win-or-Learn-Fast IGA (WoLF-IGA) [17], Generalized IGA (GIGA) [144],
and GIGA-WoLF [14]. For instance, IGA and WoLF-IGA work in two-agent, two-action
games, and use similar gradient update rules:⎧⎪⎪⎨⎪⎪⎩

αk+1 = αk + δ1,k
∂E{r1 |α,β}

∂α

βk+1 = βk + δ2,k
∂E{r2 |α,β}

∂β

(23)

The strategies of the agents are represented by the probability of selecting the first out
of the two actions, denoted by α for agent 1 and by β for agent 2. IGA uses constant
gradient steps δ1,k = δ2,k = δ . For an infinitesimal step size, i.e., when δ → 0, the
average rewards achieved by the IGA policies converge to Nash rewards. In WoLF-IGA,
δi,k switches between a smaller value when agent i is winning, and a larger value when
it is losing (hence the name, Win-or-Learn-Fast). WoLF-IGA is rational by the definition
in Section 4, and convergent for an asymptotically infinitesimal step size [17] (i.e., if
δi,k → 0 when k → ∞).

Dynamic tasks. Win-or-Learn-Fast Policy Hill-Climbing (WoLF-PHC) [17] is a heuris-
tic algorithm that updates Q-functions with the Q-learning rule (4), and policies with a
WoLF rule inspired from (23):



Multi-agent Reinforcement Learning: An Overview 205

hi,k+1(xk,ui) = hi,k(xk,ui)+

⎧⎨⎩∑ūi �=ui
δ ūi

i,k if ui = argmax
u′i

Qi,k+1(xk,u′i)

−δ ui
i,k otherwise

(24)

where δ ui
i,k = min

{
hi,k(xk,ui),

δi,k

|Ui|−1

}
(25)

and δi,k =

{
δwin if winning

δlose if losing
(26)

The probability decrements for the sub-optimal actions are bounded in (25) to ensure
that all the probabilities remain non-negative, while the probability increment for the
optimal action in (24) is chosen so that the probability distribution remains valid. The
gradient step δi,k is larger when agent i is losing than when it is winning: δlose > δwin.
For instance, in [17] δlose is 2 to 4 times larger than δwin. The rationale is that the
agent should escape quickly from losing situations, while adapting cautiously when it
is winning, in order to encourage convergence. The win/lose criterion in (26) is based
on a comparison of an average policy with the current one in the original version of
WoLF-PHC, and on the second-order difference of policy elements in PD-WoLF [5].

The Extended Optimal Response (EXORL) heuristic [116] applies a complementary
idea in two-agent tasks: the policy update is biased in a way that minimizes the other
agent’s incentive to deviate from its current policy. Thus, convergence to a coordinated
Nash equilibrium is encouraged.

Remarks and Open Issues

Static, repeated games represent a limited set of applications. Algorithms for static
games provide valuable theoretical insight; these algorithms should however be ex-
tended to dynamic stochastic games in order to become interesting for more general
classes of applications (e.g., WoLF-PHC [17] is such an extension). Many algorithms
for mixed stochastic games, especially agent-independent algorithms, are sensitive to
imperfect observations.

Game theory induces a bias toward static, stage-wise solutions in the dynamic case,
as seen e.g., in the agent-independent Q-learning template (17)–(18). However, the suit-
ability of such state-wise solutions in the context of the dynamic task is not always clear
[86, 108].

One important research direction is understanding the conditions under which single-
agent RL works in mixed stochastic games, especially in light of the preference towards
single-agent techniques in practice. This direction was pioneered by the analysis in
[130].

6 Application Domains

MARL has been applied to a variety of problem domains, mostly in simulation but also
in some real-life tasks. Simulated domains dominate for two reasons. The first reason it
is easier to understand and to derive insight from results in simpler domains. The second
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reason is that scalability and robustness to imperfect observations are necessary in real-
life tasks, and few MARL algorithms exhibit these properties. In real-life applications,
more direct derivations of single-agent RL (see Section 5.4) are preferred [73, 74, 75,
113].

In this section, several representative application domains are reviewed: distributed
control, multi-robot teams, trading agents, and resource management.

6.1 Distributed Control

In distributed control, a set of autonomous, interacting controllers act in parallel on
the same process. Distributed control is a meta-application for cooperative multi-agent
systems: any cooperative multi-agent system is a distributed control system where the
agents are the controllers, and their environment is the controlled process. For instance,
in cooperative robotic teams the control algorithms of the robots identify with the con-
trollers, and the robots’ environment together with their sensors and actuators identify
with the process.

Particular distributed control domains where MARL is applied are process control
[113], control of traffic signals [4, 141], and control of electrical power networks [100].

6.2 Robotic Teams

Robotic teams (also called multi-robot systems) are the most popular application do-
main of MARL, encountered under the broadest range of variations. This is mainly
because robotic teams are a very natural domain for multi-agent systems, but also be-
cause many MARL researchers are active in the robotics field. The robots’ environment
is a real or simulated spatial domain, most often having two dimensions. Robots use
MARL to acquire a wide spectrum of skills, ranging from basic behaviors like naviga-
tion to complex behaviors like playing soccer.

In navigation, each robot has to find its way to a fixed or changing goal position,
while avoiding obstacles and harmful interference with other robots [17, 50].

Area sweeping involves navigation through the environment for one of several pur-
poses: retrieval of objects, coverage of as much environment surface as possible, and
exploration, for which the robots have to bring into sensor range as much of the envi-
ronment surface as possible [73, 74, 75].

Multi-target observation is an extension of the exploration task, where the robots
have to maintain a group of moving targets within sensor range [35, 128].

Pursuit involves the capture of moving targets by the robotic team. In a popular
variant, several ‘predator’ robots have to capture a ‘prey’ robot by converging on it
[52, 60].

Object transportation requires the relocation of a set of objects into a desired final
configuration. The mass or size of some of the objects may exceed the transportation
capabilities of one robot, thus requiring several robots to coordinate in order to bring
about the objective [74]. Our example in Section 7 belongs to this category.

Robot soccer is a popular, complex test-bed for MARL, that requires most of the
skills enumerated above [77, 114, 115, 131, 142]. For instance, intercepting the ball
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and leading it into the goal involve object retrieval and transportation skills, while the
tactical placement of the players in the field is an advanced version of the coverage task.

6.3 Automated Trading

Software trading agents exchange goods on electronic markets on behalf of a company
or a person, using mechanisms such as negotiations and auctions. For instance, the
Trading Agent Competition is a simulated contest where the agents need to arrange
travel packages by bidding for goods such as plane tickets and hotel bookings [140].
Multi-agent trading can also be applied to modeling electricity markets [117].

MARL approaches to automated trading typically involve temporal-difference [118]
or Q-learning agents, using approximate representations of the Q-functions to handle
the large state space [48, 68, 125]. In some cases, cooperative agents represent the
interest of a single company or individual, and merely fulfill different functions in the
trading process, such as buying and selling [68]. In other cases, self-interested agents
interact in parallel with the market [48, 98, 125].

6.4 Resource Management

In resource management, the agents form a cooperative team, and they can be one of
the following:

• Managers of resources, as in [33]. Each agent manages one resource, and the
agents learn how to best service requests in order to optimize a given performance
measure.

• Clients of resources, as in [102]. The agents learn how to best select resources such
that a given performance measure is optimized.

A popular resource management domain is network routing [18, 28, 126]. Other exam-
ples include elevator scheduling [33] and load balancing [102]. Performance measures
include average job processing times, minimum waiting time for resources, resource
usage, and fairness in servicing clients.

6.5 Remarks

Though not an application domain per se, game-theoretic, stateless tasks are often used
to test MARL approaches. Not only algorithms specifically designed for static games
are tested on such tasks (e.g., AWESOME [31], MetaStrategy [93], GIGA-WoLF [14]),
but also others that can, in principle, handle dynamic stochastic games (e.g., EXORL
[116]).

As an avenue for future work, note that distributed control is poorly represented as
a MARL application domain. This includes systems such as traffic, power, or sensor
networks.
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7 Example: Coordinated Multi-agent Object Transportation

In this section, several MARL algorithms are applied to an illustrative example.5 The
example, represented in Figure 6, is an abstraction of a task involving the coordinated
transportation of an object by two agents. These agents (represented by numbered disks)
travel on a two-dimensional discrete grid with 7×6 cells. The agents have to transport a
target object (represented by a small rectangle) to the home base (delimited by a dashed
black line) in minimum time, while avoiding obstacles (shown by gray blocks).

home base

object

Fig. 6. The object transportation problem

The agents start from the positions in which they are shown in Figure 6, and can
move at each time step by one cell to the left, right, up, or down; they can also stand
still. If the target cell is not empty, the agent does not move; similarly, if both agents
attempt to move to the same cell, neither agent moves. In order to transport the target,
the agents first have to grasp it. When an agent reaches a cell immediately to the left
or right of the target, it automatically grasps the target; once the target is grasped, it
cannot be released. Only when the two agents have grasped either side the target, they
can move it. The target only moves when both agents coordinately pull in the same
direction. As soon as the target has reached the home base, the trial terminates, and the
agents and target are reinitialized for a new trial.

The state variables describing each agent i are its two position coor-
dinates, pi,X ∈ {1,2, . . . ,7}, pi,Y ∈ {1,2, . . . ,6}, and a variable indicating if
the agent is currently grasping the target, and if yes, to which side: gi ∈
{FREE,GRASPING-LEFT,GRASPING-RIGHT}. Therefore, the complete state vector is
x = [p1,X, p1,Y,g1, p2,X, p2,Y,g2]T. The grasping variables are needed to ensure that the
state vector has the Markov property (see Section 2). Each agent’s action ui belongs
to the set Ui = {LEFT,RIGHT,UP,DOWN,STAND-STILL}. So, the state space contains
|X |= (7 ·6 ·3)2 = 15876 elements, and the joint action space contains 52 = 25 elements.
Not all the states are valid, e.g., collisions prevent certain combinations from occurring.

5 A MARL software package written by the authors in MATLAB was used for this example. This
package can be downloaded at http://www.dcsc.tudelft.nl/ l̃busoniu, and includes the coordi-
nated object transportation example.
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The task is fully cooperative, so both agents have the same reward function, which
expresses the goal of grasping the target and transporting it to the home base:

rk+1 =

⎧⎪⎨⎪⎩
1 if an agent has just grasped the target

10 if the target has reached the home base

0 in all other conditions

The discount factor is γ = 0.98. The minimum-time character of the solution results
from discounting: it is better to receive the positive rewards as early as possible, other-
wise discounting will decrease their contribution to the return.

The agents face two coordination problems. The first problem is to decide which of
them passes first through the narrow lower passage. The second problem is to decide
whether they transport the target around the left or right side of the obstacle just below
the home base.

We apply three algorithms to this problem: (i) single-agent Q-learning, which is a
representative single-agent RL algorithm, (ii) team Q-learning, a representative MARL
algorithm for fully cooperative tasks, and (iii) WoLF-PHC, a representative MARL al-
gorithm for mixed tasks. An algorithm for competitive tasks (such as minimax-Q) is
unlikely to perform well, because the object transportation problem is fully cooperative.
In any given experiment, both agents use the same algorithm, so they are homogeneous.
For all the algorithms, a constant learning rate α = 0.1 is employed, together with an
ε-greedy exploration procedure. The exploration probability ε is initialized at 0.8, is
constant within a trial, and decays exponentially with a factor 0.9 after every trial. For
WoLF-PHC, the policy step sizes are δwin = 0.1 and δlose = 0.4. Note that the Q-tables
of Q-learning or WoLF-PHC agents contain |X |× 5 = 79380 elements, because they
only depend on that single agent’s action, whereas the Q-tables of team Q-learning
agents depend on the joint action and therefore contain |X |×52 = 396900 elements.

Figure 7 shows the mean learning performance of the three algorithms across 100
independent runs, together with 95% confidence intervals on this mean. Each graph
shows the evolution of the number of steps taken to reach the home base, as the number
of learning trials grows. The performance is measured while the agents are learning, and
the effects of exploration are included. All the algorithms quickly converge to a good
performance, usually after 20 to 30 trials. Remarkably, Q-learning performs very well,
even though a Q-learner is unaware of the other agent except through its state variables.
While team Q-learning and WoLF-PHC agents do take each other into account, they
do not use explicit coordination. Instead, all three algorithms achieve an implicit form
of coordination: the agents learn to prefer one of the equally good solutions by chance,
and then ignore the other solutions. The fact that explicit coordination is not required
can be verified e.g., by repeating the team Q-learning experiment after adding social
conventions. Indeed, such an algorithm produces nearly identical results to those in
Figure 7. Single-agent Q-learning is preferable in this problem, because it provides the
same performance as the other two algorithms, but requires smaller Q-tables than team
Q-learning and has simpler update formulas than WoLF-PHC.

Figure 8 shows a trajectory taken by the agents, after a representative run with team
Q-learning (the trajectories followed by Q-learning and WoLF-PHC agents are similar).
Agent 2 waits for agent 1 to go through the passage. Next, agent 1 grasps the target
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Fig. 7. Learning performance of single-agent Q-learning, team Q-learning, and WoLF-PHC. Note
the logarithmic scale of the vertical axes.

Fig. 8. A solution obtained with team Q-learning. Agent 1 travels along the thick gray line, and
agent 2 along the thin black line. Dots mark the states where the agents stand still; the size of
each dot is proportional with the time spent standing still in that cell.

waiting for agent 2, and after agent 2 also arrives, they transport the target to the home
base around the right of the obstacle.

8 Outlook

In this section, we discuss some general open issues in MARL, concerning the suitabil-
ity of MARL algorithms in practice, the choice of the multi-agent learning goal, and
the study of the joint environment and learning dynamics.
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8.1 Practical MARL

MARL algorithms are typically applied to small problems only, such as static games
and small grid-worlds (like the grid-world of Section 7). As a consequence, it is unclear
whether these algorithms scale up to realistic multi-agent problems, where the state and
action spaces are large or even continuous. Few algorithms are able to deal with incom-
plete, uncertain observations. This situation can be explained by noting that scalability
and dealing with imperfect observations are also open problems in single-agent RL.
Nevertheless, improving the suitability of MARL to problems of practical interest is an
essential research step. Below, we describe several directions in which this research can
proceed, and point to some pioneering work done along these directions.

Scalability is a central concern for MARL. Most algorithms require explicit tabu-
lar storage of the agents’ Q-functions and possibly of their policies. This means they
only work in problems with a relatively small number of discrete states and actions.
When the state and action spaces contain a large or infinite number of elements (e.g.,
when they are continuous), the tabular storage of the Q-function becomes impractical
or impossible. Instead, the Q-function must be represented approximately. Approximate
MARL algorithms have been proposed e.g., for discrete, large state-action spaces [1],
for continuous states and discrete actions [22, 52], and for continuous states and actions
[35, 122]. Unfortunately, many of these algorithms only work in restricted classes of
problems and are heuristic in nature. Significant advances in approximate MARL can
be made by putting to use the extensive results on single-agent approximate RL, which
are outlined next.

While offline, batch algorithms have been very successful in single-agent approx-
imate RL [34, 66, 80, 83, 85, 99], they are impractical in MARL, because an offline
solution can become inappropriate as the behavior of the other agents changes. In-
stead, online approximate RL algorithms are required, such as approximate variants
of Q-learning. Q-learning has been combined with Q-function approximators relying
on, e.g., basis-function representations [110, 121], neural networks and self-organizing
maps [127], and fuzzy rule bases [41, 47, 56]. Approximate Q-learning is provably con-
vergent if a linearly parameterized approximator is employed, and under the restrictive
condition that the agent’s policy is kept fixed while learning [76]. Linearly parameter-
ized approximators include basis-function representations, as well as certain classes of
neural networks and fuzzy rule bases. An alternative to using Q-learning is to develop
online, incremental versions of the successful offline, batch algorithms, see e.g., [57].
Another promising category of algorithms consists of actor-critic techniques, many of
which are specialized for continuous state and action spaces [7, 10, 63, 90]. The reader
interested in approximate RL is referred to [9, 23, 92], to Chapter 8 of [120], and to
Chapter 6 of [8].

A complementary avenue for improving scalability is the discovery and exploitation
of decentralized, modular structure in the multi-agent task [21, 38, 43].

Incomplete, uncertain state measurements could be handled with techniques related
to partially observable Markov decision processes [72], as in [44, 51].

Providing domain knowledge to the agents can greatly help them to learn solutions
of realistic tasks. In contrast, the large size of the state-action space and the delays in
receiving informative rewards mean that MARL without any prior knowledge is very



212 L. Buşoniu, R. Babuška, and B. De Schutter

slow. Domain knowledge can be supplied in several forms. Informative reward func-
tions, also rewarding promising behaviors rather than just the achievement of the goal,
can be provided to the agents [74, 75]. Humans or skilled agents can teach unskilled
agents how to solve the task [94]. Shaping is a technique whereby the learning process
starts by presenting the agents with simpler tasks, and progressively moves toward com-
plex ones [24]. Preprogrammed reflex behaviors can be built into the agents [74, 75].
Knowledge about the task structure can be used to decompose it in subtasks, and learn
a modular solution with e.g., hierarchical RL [40]. If approximate solutions are used, a
good way to incorporate domain knowledge is to structure the approximator in a way
that ensures high accuracy in important regions of the state-action space, e.g., close
to the goal. Last, but not least, if a (possibly incomplete) task model is available, this
model can be used with model-based RL algorithms to initialize Q-functions to reason-
able, rather than arbitrary, values.

8.2 Learning Goal

Defining a suitable MARL goal for general, dynamic stochastic games is a difficult open
problem. MARL goals are typically formulated in terms of static games. Their extension
to dynamic tasks, as discussed in Section 4, is not always clear or even possible.

Stability of the learning process is needed, because the behavior of stable agents is
more amenable to analysis and meaningful performance guarantees. Adaptation to the
other agents is needed because their behavior is generally unpredictable. Therefore, a
good multi-agent learning goal must include both components. This means that MARL
algorithms should not be totally independent of the other agents, nor just track their
behavior without concern for convergence.

Moreover, from a practical viewpoint, a realistic learning goal should include bounds
on the transient performance, in addition to the usual asymptotic requirements. Exam-
ples of such bounds include maximum time constraints for reaching a desired perfor-
mance level, or a lower bound on the instantaneous performance. Some steps in this
direction have been taken in [14, 93].

8.3 Joint Environment and Learning Dynamics

So far, game-theory-based analysis has only been applied to the learning dynamics of
the agents [130, 132, 134], while the dynamics of the environment have not been ex-
plicitly considered. Tools developed in the area of robust control can play an important
role in the analysis of the learning process as a whole, comprising the interacting en-
vironment and learning dynamics. In addition, this framework can incorporate prior
knowledge about bounds on imperfect observations, such as noise-corrupted variables;
and can help study the robustness of MARL algorithms against uncertainty in the other
agents’ dynamics.

9 Related Work

Besides its heritage relationship with single-agent RL, the MARL field has strong con-
nections with game theory, evolutionary computation, and more generally with the di-
rect optimization of agent policies. These relationships are described next.
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Game theory [3] and especially the theory of learning in games [39] make an essen-
tial contribution to MARL. In this chapter, we have reviewed relevant game-theoretic
algorithms for static and repeated games, and we have investigated the contribution
of game theory to MARL algorithms for dynamic tasks. Other authors have investi-
gated more closely the relationship between game theory and MARL. For instance,
Bowling and Veloso [17] have discussed several MARL algorithms, showing that these
algorithms combine temporal-difference RL with game-theoretic solvers for the static
games that arise in each state of the dynamic stochastic game. Shoham et al. [108] have
critically examined the focus of MARL research on game-theoretic equilibria, using a
selection of MARL algorithms to illustrate their arguments.

Rather than estimating value functions and using them to derive policies, it is also
possible to directly explore the space of agent behaviors using, e.g., nonlinear opti-
mization techniques. Evolutionary multi-agent learning is a prominent example of such
an approach. Evolutionary computation applies principles of biological evolution to the
search for solutions (agent behaviors) of the given task [2, 55]. Populations of candidate
behaviors are maintained. Candidates are evaluated using a fitness function related to
the return, and selected for breeding or mutation on the basis of their fitness. Panait and
Luke [86] have offered a comprehensive survey of evolutionary learning and MARL
for cooperative agent teams. For the interested reader, examples of co-evolution tech-
niques, where the behaviors of the agents evolve in parallel, can be found in [36, 87, 91].
Complementary, team learning techniques, where the entire set of agent behaviors is
discovered by a single evolution process, can be found e.g., in [45, 78, 101]. Besides
evolutionary computation, other approaches to the direct optimization of agent behav-
iors are gradient search [65], probabilistic hill-climbing [46], as well as more general
behavior modification heuristics [103]. Because direct behavior optimization cannot
readily benefit from the structure of the RL task, we did not focus on it in this chapter.
Instead, we have mainly discussed the contribution of direct behavior optimization to
MARL algorithms based on temporal-difference RL.

Evolutionary game theory sits at the intersection of evolutionary learning and game
theory [111]. Tuyls and Nowé [132] have investigated the relationship between MARL
and evolutionary game theory, focusing on static tasks.

10 Conclusions

Multi-agent reinforcement learning (MARL) is a young, but active and rapidly expand-
ing field of research. MARL aims to provide an array of algorithms that enable multiple
agents to learn the solution of difficult tasks, using limited or no prior knowledge. To
this end, MARL integrates results from single-agent RL, game theory, and direct policy
search.

This chapter has provided an extensive overview of MARL. First, we have presented
the main benefits and challenges of MARL, as well as the different viewpoints on defin-
ing the MARL learning goal. Then, we have discussed in detail a representative set of
MARL algorithms for fully cooperative, fully competitive, and mixed tasks. We have
focused on autonomous agents that learn how to solve dynamic tasks online, with algo-
rithms originating in temporal-difference RL, but we have also investigated techniques
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for static tasks. Additionally, we have reviewed some representative problem domains
where MARL techniques have been applied, and we have illustrated the behavior of
several MARL algorithms in a simulation example involving multi-agent object trans-
portation.

Many avenues for MARL are open at this point, and many research opportunities
present themselves. We have provided an outlook synthesizing these open issues and
opportunities. In particular, approximate RL is needed to apply MARL to realistic prob-
lems, and control theory can help analyzing the learning dynamics and assessing the
robustness to uncertainty in the observations or in the other agents’ behavior. In our
view, significant progress in the field of multi-agent learning can be achieved by a more
intensive cross-fertilization between the fields of machine learning, game theory, and
control theory.
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1   Summary 

One of the main characteristics of multi-agent systems (MAS) is fault tolerance. 
When an agent is unavailable for some reason, another agent with similar capabilities 
can theoretically compensate for this loss. Many key aspects of fault tolerance in 
MAS are described in this chapter including social knowledge, physical distribution, 
agent development, and validation. Therefore, the focus is not only on a fault tolerant 
agent platform with necessary services (e.g., fault tolerant social knowledge), but also 
on the design that can significantly reduce mistakes in agent programming and 
validation that can discover faults that manifest as failures during the testing phase. 

Another aspect of MAS is flexibility or agile control. For example, the ability to 
locate agents based on an agent name or based on a capability that is needed to 
accomplish some task results in a more flexible design of control systems. Any new 
agent in the system is therefore immediately considered for planning and similarly, 
agent removal will not disrupt the overall functionality of the system if there are 
agents still present that offer similar capabilities. Nevertheless, the same flexibility 
has to be present also in a visualization system to ensure that any structural change in 
MAS is reflected in a user interface. The same applies also to simulation that is used 
to test the system before it is deployed to control real hardware. 

In summary, it is not enough to apply MAS to immediately obtain fault tolerance 
and flexibility. The MAS has to be designed with all aspects of fault tolerance in mind 
and flexibility is achieved only when the application allows changes to be made on 
the fly and the MAS is designed accordingly. The goal of this chapter is to summarize 
all these aspects and present relevant solutions. 

2   Introduction 

An ability to tolerate failures, either foreseen or unexpected, is usually referred to as 
fault tolerance or robustness. For example, [30] declares that it is the ability of MAS 
to show predefined qualitative behavior in the presence of unaccounted types of 
events and technical disturbances. Fault tolerance is one of the key aspects of MAS 
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[46] that classical control is unable to satisfy for large-scale systems. For example, 
system components can fail in a variety of ways, and the control system (CS) must 
respond to all such possible situations correctly. A classical CS must expect all 
possible combinations of failures, a number that can have exponential complexity (see 
[22] for definitions of mistake, fault, failure, etc. from the area of software testing). 

Since a MAS consists of autonomous agents that are able to dynamically exchange 
information, any combination of failures can be resolved without preprogramming all 
possible combinations. Nevertheless, blindly applying an ordinary MAS to increase 
fault tolerance can lead to the opposite result. A fault tolerant MAS must satisfy the 
following characteristics: 

• Reliable communication. The system has to guarantee that no messages are 
lost or duplicated. Every message must be delivered, or else the sender must be 
notified if a message cannot be delivered. MAS can be designed to gracefully 
degrade, but keep functioning to some extent, when there is a problem with 
communication and reliable communication helps in this respect (e.g., there is 
a huge difference when an agent is immediately notified about undelivered 
message and when it has to wait for its communication response timeout). 

• Fault tolerant agent platform. Since the agent platform is an environment 
where agents live, the possible failure of some agent should affect neither its 
own environment nor the other agents in the system. 

• Fault tolerant social knowledge. Knowledge about other agents [26] is a 
fundamental part of a MAS. Thus this knowledge has to be present or 
dynamically obtained in a fault tolerant manner. For example, having only one 
directory facilitator that manages this knowledge is a single point of failure in 
the system. 

• Physical distribution. It should be possible to physically distribute the agents 
of a MAS and allow communication among them. This distribution increases 
fault tolerance in the case of a hardware failure, power failure, etc. 

• Fault tolerant agent architecture. An agent should be internally designed with 
respect to possible internal and external failures, e.g., when an agent is 
disconnected from other agents, it should still work correctly (possibly with 
decreased efficiency). 

• Fault tolerant negotiation. Communication protocols and interaction among 
agents have to ensure fault tolerance. For example, according to a given 
protocol an agent expects an answer from another agent. The receiving agent 
must know how long to wait for the answer and how to proceed if an answer is 
not received in time. 

 

There are also several approaches to decrease the number of failures in a MAS. The 
most important ones are the following: 
 

• Minimize agent programming mistakes. Agents are currently programmed by 
humans and thus the presence of mistakes in this process is unavoidable. Using 
a development environment (DE) that is based on libraries and provides 
automatic generation of code can decrease the number of faults in a MAS. The 
user can program the library once and deploy the agents to multiple projects. 
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• Ability to validate. Since a MAS can have emergent behavior [14], it is 
important to be able to efficiently validate overall behavior to ensure its correct 
functionality. 

 

Fault tolerance becomes more and more important in the design of MAS frameworks, 
e.g., the DARX framework [25] focuses on selectable agent replication within MAS 
and corresponding name service enhancements. Mobile agents represent another point 
of view for fault tolerance in MAS design [35]. 

We are focusing not only on a fault tolerant agent platform with necessary services 
(e.g., social knowledge), but also on the design that can significantly reduce mistakes 
in agent programming, and validation that can discover faults that manifest to failures 
during the testing phase. All of these aspects are important especially for industrial 
applications where the system is required to be as operational as possible to minimize 
production loss. The same applies for mission critical systems designed, for example, 
for space flights. 

The chapter is organized as follows. Section 3 describes traditional fault tolerance 
techniques that can be directly applied to MAS followed by classification of agent and 
MAS failures in Section 4. Section 5 presents the main characteristics of agent 
platform and their effect on fault tolerance. Social knowledge in MAS is another area 
where fault tolerance is very important and general techniques that can be applied 
here are presented in Section 6. Development Environment that is based on libraries 
and minimizes agent programming mistakes is presented in Section 7. How to 
program agents to increase robustness of an agent and the whole MAS is shown in 
Section 8. Section 9 is dedicated to validating agents that are used to observe behavior 
of the whole system and to discover potential problems and Section 10 shows 
examples of industrial applications from the chilled water and material handling 
domains. 

3   Traditional Fault Tolerance Techniques 

The traditional fault tolerance techniques have not been developed to be specifically 
used in MAS. The development of these techniques is targeted to database systems, 
application servers, resource managers, and distributed systems, but these techniques 
can be used in a much broader range of software or hardware systems. The summary 
of these techniques is described for instance in [24]. One of the first fault tolerant 
approaches is SWIF that is targeted to synchronization among processors and memory 
[45]. We will focus only on general techniques that can be directly applied to MAS. 

3.1   Warm and Hot Backup 

Assume that the system has one primary component (for example an agent or 
hardware equipment) in an active state and one secondary component in an inactive 
state. In the active state, a component can be contacted by other components and can 
respond to their requests. While in the inactive state, a component can not be 
contacted. 

In the warm backup technique, the initial goal of the secondary is only to observe 
the primary and wait for a failure of the primary. When the failure occurs, the 
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secondary becomes active and starts recovering to the last known state of the primary. 
After the recovery process has been completed the secondary becomes the primary 
component. 

In the hot backup technique, the initial goal of the secondary component is not only 
to observe the primary and wait for a failure of the primary, but also to monitor inputs 
and outputs of the primary. When the failure of the primary component occurs, the 
secondary component can immediately take over as primary without the recovery 
phase. 

3.2   N-Version Programming 

N-version programming is defined as an independent generation of N ≥ 2 functionally 
equivalent programs, called ‘versions’, from the same initial specification [5]. 

By the ‘independent generation of programs’ we mean that the programming 
efforts are carried out by N individuals or groups that do not interact with each other 
relative to the programming process. Whenever possible, different algorithms, 
programming languages, and translators are used in each effort. 

All N versions are running simultaneously and a voting mechanism is used to 
compute the result. Either exact voting, where all versions have the same number of 
ballots, or inexact voting, where each version has a specific number of ballots, can be 
used as the voting mechanism. 

A fault tolerant pipeline technique [29] is an example of N-version programming in 
MAS. In this technique a fault tolerant computation is achieved by multiple 
computations of the same problem running simultaneously. Several agents are used 
for the same phase of the computation and each partial result is obtained by the voting 
process. 

Both warm and hot backup techniques and N-version programming can be used 
throughout the development of MAS to increase fault tolerance of the whole system. 
For example, there can be N agents with the same capabilities programmed in 
different languages and/or by different algorithms. In this case when one agent fails 
then other agents with the same capabilities can still remain functional. 

Nevertheless, applying only these techniques is not sufficient in MAS. For 
example, assume that an agent can compute and execute only one solution to some 
task. Now, if this solution can not execute for some reason the agent must compute an 
alternative solution that is possibly worse or less efficient, but still better than no 
solution or the same solution again which is already known to fail. The backup 
techniques or N-version programming alone cannot help in this case. 

4   Classification of Failures in MAS 

Different types of failures can occur in agents and in MAS and each one has an 
impact on the robustness and survivability of the system architecture or on the 
particular implementation of the system. For example, [6] classifies basic failures 
such as timing failure, omission failure, and response failure. Nevertheless, more 
detailed classification can be found, for example, in [43] where possible types of 
agent failures and MAS failures are defined and briefly summarized as follows. 
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4.1   Agent Failure Types 

Failures of an agent can be classified by their observability (see Fig. 1). Unobservable 
agent failure can be defined as a failure of the agent that cannot be proven to have 
occurred by all possible observers of inputs and outputs of the agent. Observable 
agent failure can be defined as a failure that an observer of inputs and outputs of the 
agent can prove has occurred. 
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Fig. 1. Categorization of agent failures 

 
Unobservable failures can have two possible reasons that are again unobservable: 

• Internal failure - a failure in an internal processing of an agent that is not 
observable from outside the agent. The agent has been able to either recover 
from the failure or use an alternative way to avoid the manifestation of 
the failure. 

• Hidden fault - a fault in the implementation of an agent that has not 
manifested yet. After the fault gets triggered, the fault transforms into 
another type of failure, possibly an internal failure. 

 

The observable failures can be further classified as. Behavior failure manifests when 
an agent does not behave as expected according to a given specification. Knowledge 
failure appears when an agent deals with or provides incorrect, irrelevant, or old 
information according to a given specification for a particular situation. 
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The behavior failure manifests itself as one of the following types of failures: 

• No response – an agent fails to respond to a particular request in a given 
timeframe for the response. 

• False response – an agent responds to a particular request in a different way 
than noted in the given specification of the communication protocol. 

• Delayed response – an agent responds to a particular request in a given 
timeframe for response but slower than noted in a given specification. 

• False request/inform – an agent sends a request or an inform that is not 
correct according to the given specification. 

• Bogus requests/informs – an agent sends numerous requests or informs that 
can be considered as fussing. 

• Proactive failure – an agent either fails to take an action or chooses an 
incorrect action, according to a given specification, in a given situation, and 
in a current internal state. 

• Exterior failure – an agent fails to behave correctly, according to a given 
specification, other than in communication among agents. For instance, an 
agent agreed upon some action and failed to finish this action in a given 
timeframe due to an external failure. Another example is that the agent 
agreed to change its location and failed to do it. 

 
Furthermore, see [43] for reasons of these failures that do not have to be necessarily 
observable. 

Knowledge failures can also be further classified using the classification of faults 
in knowledge bases [4]. We omit the intractability knowledge failure since it is not 
observable and, according to the presented classification of agent failures, it is either a 
reason why a knowledge failure occurred or a type of unobservable internal failure. 
Thus we classify knowledge failures as: 

• Incorrect knowledge – some part of knowledge contains information that is 
not correct. 

• Incomplete knowledge – some part of knowledge that should be present is 
missing. For instance, the message of type request-for-search does not 
contain the subject that should be searched for. 

• Inconsistent knowledge – knowledge or a part of knowledge that is complete 
and correct per se, but in a broader view and/or in the current situation it is 
not correct. 

• Redundant knowledge – knowledge or a part of knowledge that can be found 
or extracted elsewhere. The redundant knowledge can be, for instance, in 
a message that is used to register an agent and this message contains the 
same capabilities of the agent twice. 

 
Again, see [43] for reasons of these failures that do not have to be necessarily 
observable. 
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4.2   Multi Agent System Failure Types 

All of the agent failure categories provide a framework to classify failures of a single 
agent. If we consider the whole MAS, we cannot simply assume that failures of the 
MAS consist just of failures of a single agent. The MAS can be designed either by 
applying the connectionist model or using the concept of a hierarchical collective 
system [14]. 

The connectionist model is based on the fact that the creator of the system designs 
the behavior of components (agents) instead of designing the behavior of the whole 
system. As the components are connected together, they create an emergent behavior 
that is possibly much more complex than if we sum up the behavior of the 
components. As the system creator does not design the behavior of the whole system 
but only the behavior of system components, this approach can lead to mistakes that 
cannot be considered as a fault in any particular component. In this case the fault that 
manifests in a failure can be located in the emergent behavior. 

The concept of a hierarchical collective system is based on a top-down design of 
the system. The system creator designs a rough large task that is divided into smaller 
and finer subtasks. By using this concept, the system creator has a possibility to 
identify the appropriate fault when a failure occurs. In another words, if there is no 
emergent behavior in the system, then fault in this behavior simply cannot exist. 

Agents are not running in isolation, but are a part of a MAS architecture. This 
architecture provides time and space to run the agents and a communication system, 
usually with given languages, protocols, and ontology definitions, that allows the 
agents to cooperate. These elements not only provide the possibility to create agents 
(components), but also represent the glue that connects them together. 

Based on these remarks, we can now define possible types of MAS failures. 
 

• Agent failure – any failure of an agent implicitly means a failure within 
the MAS. This failure does not necessarily mean the failure of the whole 
MAS. 

• Agent environment failure – the agent environment (platform) is not 
functioning properly. For instance, an agent tries to create a timer, but the 
creation failed for some reason. 

• Incorrect emergent behavior – the agents do not behave as expected although 
the behavior of each particular agent is according to a specification for 
a given situation and given internal states. This usually means that 
the designer of the specification did not consider a given situation, internal 
states, or a combination of these. 

• Missing capability – an agent that is running within a MAS fails in the search 
for a capability provider. This failure occurs when the system is missing an 
agent with the desired capability and agents are dependent on this capability. 

• Missing knowledge – an agent is unable to obtain some particular knowledge 
using all available requests at its disposal. This failure occurs when the MAS 
is not designed correctly to store or to provide this knowledge. 

• Hardware failure – any failure of hardware other than the hardware on which 
agents are running, for instance, the failure of communication media. 
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• Real-time response failure – a MAS fails to provide correct outputs in a 
given timeframe, occurring when the real time reaction of a MAS on a 
particular set of inputs is slower or faster than expected. 

• Robustness failure – a MAS fails to provide the desired or expected fault-
tolerant behavior after some other type of failure occurs. 

 

Note that in all of these MAS failure types, except for the agent failure and the 
robustness failure, no particular agent failed in the system at run-time. 

5   Fault Tolerant Agent Platform 

An agent platform is an environment where agents live, similar to the universe for 
human beings. To specify the main characteristics and requirements of an agent 
platform, we focus first on agents and their characteristics to make sure that we cover 
all their requirements. Consequently the agent architecture is organized mainly 
according to the following characteristics: 
 

• Autonomy – Each agent makes its own decisions and is responsible for 
carrying out its decisions toward successful completion. 

• Communication – Agents share a common language. They communicate 
directly via message passing or indirectly by other interaction means. 

• Collaboration and Coordination – Agents combine their capabilities with 
simple rules of interaction into collaboration groups (clusters) to adapt and 
respond to events and goals. Or, they at least coordinate their actions with 
others to avoid collisions and deadlocks or to improve their efficiency. 

• Negotiation – Agents use common protocols and communication mechanisms 
for interaction purposes, defined for example in [12]. 

• Fault tolerance – Agents possess the capability to detect equipment failures 
and to prevent failures from propagating, and the ability to process multiple 
solutions (plans) to overcome situations where the best solution is not 
applicable or the best plan fails to execute. 

• Pro-action – Agents periodically or asynchronously propose strategies to 
enhance the system performance or to prevent the system from entering 
harmful states. 

• Organization – Agents have the ability to create and maintain organizational 
structure in which each agent has its role and position. See [13] for major types 
of organizational structures. 

• Learning – Agents have the ability to adapt their behavior and knowledge of 
another agent to new facts to improve efficiency and performance. This 
adaptation can be achieved in a centralized manner, but usually is better 
implemented in a distributed manner. 

• Diagnostics – Agents can monitor and analyze itself or other agents to detect 
and identify failures. Again, a distributed implementation is usually better than 
a centralized one. 
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• Planning – Agents can construct a plan of future actions [10] including 
distributed plan decomposition, distributed resource allocation with resolution 
of deadlocks, and plan execution. 

 

To support agent autonomy, the agent platform provides agents with their own thread 
of execution (or interpretation), i.e., an agent has execution time available and can 
manage how this time is used efficiently, similar to a human being who is deciding 
how to use his time to live according to his preferences. The agent platform has to 
ensure that agents have threads of execution as independent as possible to make sure 
that a failure or deadlock in one agent does not affect others. Any resource that is 
accessed by more than one agent has to be synchronized in a fault tolerant way to 
avoid deadlocks, e.g., when an agent has a resource locked and terminates for some 
reason then the resource has to be unlocked. 

An agent platform has to ensure communication that is reliable. In addition, an 
agent platform should provide multiple communication protocols, languages, and 
communication media to increase fault tolerance. For example, when communication 
over a wire is malfunctioning then the agent platform can switch to wireless. An agent 
registers multiple addresses where it can be reached, e.g., one wire-based and the 
other wireless. 

There can be even more advanced techniques applied to increase robustness, such 
as transactional conversations proposed in [30], where agent conversations are 
treated as distributed transactions. 

An agent platform can guide cooperation among agents via platform agents, such 
as the Agent Management System (AMS), Directory Facilitator (DF), and Agent 
Communication Channel (ACC) agents defined in the Foundation for Intelligent 
Physical Agents (FIPA) [12]. 

 

• The Agent Management System (AMS) – provides the authentication of 
resident agents and the control of registration services (‘white pages’). 

• The Directory Facilitator (DF) – offers agent capabilities registration and 
lookup services (‘yellow pages’). The behavior of the DF agent is similar to 
the service matchmaking mechanism. One of the earliest matchmaker 
systems is the ABSI (Agent-Based Software Interoperability) facilitator [39]. 
The service matchmaking approach is also used in the coordination within 
the coalition formation methodology [38] and in the acquaintance model [32] 
during an initial search for possible cooperators. The matchmaker then steps 
aside and is not involved in any further negotiation process. 

• The Agent Communication Channel (ACC) – provides message routing 
(bridging) within or over the borders of an agent platform. The behavior of 
the ACC agent is similar to the embassy agent [16]. 

 

An agent platform need not contain all mentioned platform agents. But as long as 
these agents are offered by an agent platform it has to ensure that they are always 
present and redundant. We further focus on this task in next section. 

An ontology [31] can be used to ensure a good level of understanding among 
agents that can be part of a heterogeneous MAS. The use of a common ontology can 
increase the possibility for cooperation and thus indirectly increase fault tolerance. 
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An agent platform should allow distributing the intelligence of the system among 
multiple execution units, e.g., personal computers and PLCs (programmable logical 
controllers) for industrial purposes. The agents are loosely coupled, but they are 
cohesive and adaptable. 

Moreover, an agent platform can support mobility, i.e., the possibility to move an 
agent from one execution unit to another while running. An agent can replicate 
(clone) itself and move to a different location to increase fault tolerance and/or 
processing power. How to efficiently improve fault tolerance by agent replication 
without increasing system complexity is elaborated, for example, in [11]. 

There are numerous agent platforms available and it is beyond the scope of this 
chapter to provide a survey of them. Some of them even offer an Integrated 
Development Environment (IDE) for development. One of the most popular and 
widely used platforms is the FIPA-compliant Java Agent DEvelopment Framework 
(JADE) [19]. AGlobe [2] is a platform that has built-in support for communication 
inaccessibility and is known for its fast communication. JACK [18] supports the 
Belief-Desire-Intention (BDI) architecture. A list of platforms can be found for 
example at [1], unfortunately not further updated. 

For PLCs it is usually required to extend firmware to support MAS. For example, 
Rockwell Automation Inc. developed the Autonomous Cooperative System (ACS) 
[27] to run in its Logix family of controllers (see Fig. 2). With these extensions, 
component-level intelligence is possible and the physical devices can be converted 
into intelligent nodes with negotiation capabilities. These nodes are similar to, for 
example, intelligent components discussed in iShopFloor [36]. 
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Fig. 2. Agent extensions to Logix controllers 
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During the design of the ACS Rockwell took into consideration not only 
standardization efforts by FIPA [12], but also the fact that its goal is to use this system 
for control. Thus the ACS is able to interact with FIPA-compliant systems, for 
example, the Java Agent DEvelopment Framework (JADE) [19]. For industrial 
control implementation, the FIPA messages are encapsulated inside Common 
Industrial Protocol (CIP) packets [7]. This encapsulation enables communication on 
many types of industrial networks, e.g., EtherNet/IP, ControlNet, and DeviceNet. For 
the content language of the agent communication language (ACL) Rockwell uses 
either the FIPA Semantic Language (SL) [12] or its proprietary Job Description 
Language (JDL) [41], with XML, bit efficient, or Lisp representations. 

One of the key parts of a MAS is the ability to locate agents based on an agent 
name or based on a capability that is needed to accomplish some task. This ability 
allows for more flexible design of control systems. Any new agent in the system is 
therefore immediately considered for planning and similarly, agent removal will not 
disrupt the overall functionality of the system if there are agents still present that offer 
similar capabilities. 

The ACS includes full support for these features via a structure of Directory 
Facilitators, or more generally, MIiddle-Agents (MIAGs) [40]. These agents reside in 
a fault tolerant structure in ACS to overcome possible failures. 

6   Fault Tolerant Social Knowledge Distribution 

Social knowledge is the knowledge that is used to deal with other agents in the MAS. 
Social knowledge consists of the information about the names of agents, their location 
(address), their capabilities (services), the language they use, their actual state, their 
conversations, behavioral patterns, and so on [26]. 

Social knowledge can be distributed in multiple ways: 
 

• Centralized – stored, managed, and offered from one physical or functional 
point, for instance, the blackboard architecture and federated architectures with 
one MIAG. 

• Distributed – statically or dynamically plugged directly into all agents in the 
system, for instance, acquaintance models [32] or an architecture without any 
MIAG [15]. 

• Hybrid – social knowledge organized into groups, hierarchies, etc., for 
instance, a teamwork-based technique [23]. 

 
Rockwell designed and implemented a structure of MIAGs called dynamic 
hierarchical teams (DHT) [40][42]. This structure has a user defined level of fault 
tolerance and is moreover fixed scalable, i.e., the structure can be extended by fixed 
known cost. Several other approaches have been used already to deal with fault 
tolerance and scalability. One proposed approach is a teamwork-based technique [23] 
that uses a group of MIAGs in which each MIAG is connected to all other MIAGs, 
thus forming a complete graph. This technique offers fault tolerance but since it uses 
a complete graph this structure is not fixed scalable. 
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The main features of the DHT architecture are briefly described in what follows;  
detailed information can be found in [40]. 
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Fig. 3. Example of a 3-level DHT architecture 

 
Assume that a MAS consists of MIAGs and end-agents. MIAGs form a structure 

that can be described by graph theory. Graph vertices represent MIAGs and graph 
edges represent a possibility for direct communication between two MIAGs, i.e., 
some set of communication channels. Each MIAG that is not a leaf in the tree should 
be supported by another MIAG. Groups of these MIAGs are called teams (see Fig. 3). 
Whenever one of the MIAGs from the team fails, other MIAGs from the team can 
subrogate this agent. During normal operation of the DHT structure all MIAGs use 
only primary communication channels (solid lines). If a failure of a primary channel 
occurs then a secondary channel (dashed lines) is used instead. 

To describe the DHT structure more precisely, we use graph theory [8] to present 
the following formal definitions. 

 
Definition 1:  A graph G will be called a DHT graph if there exist non-empty sets 
V1, …, Vn ⊂ V(G) such that they are pairwise disjoint and V1 ∪ … ∪ Vn ≠ V(G). In that 
case, the complete subgraph Gi of the graph G induced by the set of vertices Vi will be 
called a team of G if all of the following is satisfied: 
 

1) ∀v(v ∈ V(G)∖V1 → ∃j∀w(w ∈ Vj → {v, w} ∈ E(G) ) ) 1 
2) ∀v(v ∈ V(G) ∧ v ∉ V1 ∪ …∪ Vn) → ∃!j∀w(w ∉ Vj → {v, w} ∉ E(G) ) ) 2 
3) ∀j((j > 1) ∧ (j ≤ n) → ∃!k((k < j) ∧ ∀v∀w(v ∈ Vj ∧ w ∈ Vk → {v, w} ∈ E(G)) ∧ 

∀u∀m(u ∈ Vm ∧ (m < j) ∧ (m ≠ k) → {v, u} ∉ E(G) ) ) 3 
 

Definition 2: The graph G is called DHT-λ if G is DHT and |Vi| = λ for every 

i = 1,…,n , where λ ∈ ℕ. 
 

                                                           
1 For all vertices v of G except V1 (since there is no team with lower index than V1) there has to 

be a team such that v is connected to all members of this team. 
2 For all vertices v that are not members of any team there are only connections to one team and 

there cannot be any other connection from v. 
3 All members of each team except G1 are connected to all members of exactly one other team 

with lower index. 



 Multi-Agent Technology for Fault Tolerant and Flexible Control 235 

The fault tolerance of an undirected graph is measured by its vertex and edge 
connectivity. It can be proved [43] that if the graph G is DHT-λ then the vertex 
connectivity κ(G) = λ and the edge-connectivity λ(G) = λ. The DHT structure in 
which teams consist of λ middle-agents is therefore fault tolerant to a simultaneous 
failure of at least λ - 1 MIAGs and also to a simultaneous failure of at least λ - 1 
communication channels. It can be also proved [43] that the graph G of type DHT-λ is 
maximally fault tolerant, i.e., there is no bottleneck in the structure of connections 
among nodes (MIAGs) in the DHT architecture. 

Several failure detection mechanisms can be used, not only between MIAGs, but 
also among other agents, to ensure that an agent detects the failure of a target agent, 
which oftentimes means that the agent is informed by a third agent in the case of the 
target’s unavailability. 

 

• Response Timeout Mechanism – This timeout is set by the originating agent 
and is used to ensure that the response arrives from the target agent back to the 
originating agent in a given timeframe. 

• Heartbeat Mechanism – Also called a keep alive mechanism [3], this 
mechanism is a periodic checking that the agent did not fail. 

• Meta Agent Observation – An “overseer” agent that observes the 
communication among agents and can use a reasoning process to discover 
possible failures of agents [33]. For example, Fault Tolerance Managers (that 
even have their backup) and other Adaptive Reconfigurable Mobile Objects 
for Reliability (ARMOR) in Chameleon architecture [20] work as meta agents 
and use four level error detection mechanism. Moreover, other types of MAS 
monitoring techniques such as the Socially Attentive Monitoring (SAM) [21] 
or the sentinel [15] approach can be used for similar purposes. 

 

The heartbeat mechanism can be implemented in two ways. Assume that an agent that 
is observed for possible failure is called the subject and an agent that is taking care of 
the subject is called the observer. The heartbeat mechanism can be either substantive 
or enforced. 
 

• Substantive heartbeat – The observer initiates the heartbeat mechanism with 
the subject first. Then the subject periodically sends a status to the observer. 
Upon each incoming status the observer sets up a timer or resets an already 
running timer to an initial value. If the timer in the observer expires the subject 
is declared as having failed (no response or delayed response failure). 

• Enforced heartbeat - The observer periodically sends a request for a report to 
the subject. Whenever the subject receives the request, the subject reports back 
status to the observer. If the observer did not receive the report within 
a specified timeframe, the subject is declared as having failed (no response or 
delayed response failure). 

 

For example, advanced techniques such as fault tolerant agent communication 
language (FT-ACL) [9] use all mentioned failure detection mechanisms to ensure that 
the interaction does not reach a dead lock. 
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7   Development Environment 

As the effort to program agents becomes significant, a natural approach is to develop 
the notion of an “agent library”, essentially a collection of class definitions that 
describe the behavior both of the agents and of any nonagent components. 

Each library is targeted to a specific application domain, e.g., material handling 
systems, and so can be used to create control systems for multiple similar facilities in 
the same domain. The control code is generated by the same process from the same 
templates. In this way, the effort to build the library is amortized over all the facilities 
(control applications) built with the library, and each facility garners the benefits of 
having CS software that is structured, well defined, predictable, and tested. Moreover, 
any additions and/or changes to the library subsequently appear in all affected 
instances. In other words, instead of changing all affected instances individually, the 
user applies the change only in one place in the library, thereby not only speeding up 
the process but also avoiding any inconsistencies and mistakes in programming. The 
description of control behavior consists of a set of class descriptions for the various 
component classes. A component may or may not be an agent. If so, in addition to 
control behavior, it contains a description of its intelligent behavior. 

For example, for the development of ACS agents there exists a development 
environment (DE) that introduces the following dimensions into the development 
process: 

 

• Allows the user to specify the physical and behavioral aspects of the 
application in a manner completely independent of the CS. 

• Enables the user to specify a multiprocessor control system in a manner 
completely independent of the application that is to run on it. 

• Assists the user in combining an application with a CS. 
• Generates the control code and behavior descriptions for each agent in the 

system. 
• Combines the code for all agents assigned to each processor in the system. 
• Augments each controller automatically to handle the communications to other 

controllers as a result of the program distribution. 
• Communicates with all the controllers involved in an application, for their 

programming and configuration, and for subsequent monitoring. 
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Fig. 4. Development process 
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Fig. 4 shows the general development flow through the system. One foundation for 
the DE is a library of components called the template library (TL). The library is 
editable by the user, and each template can contain both low-level control behavior 
(written in ladder diagram) and higher-level intelligent behavior. The model for the 
control behavior supports an “object” view of the components in that, for example, 
inheritance is supported. The TL author can express, for example, that “A Radar is a 
type of CombatSystem”. Each instance of Radar inherits all ladder data definitions 
and the logic from the CombatSystem template. 

The user creates a facility (F) from components of the template library and 
customizes their parameters. Next, the user establishes a CS that describes all the 
controllers, I/O cards, and networks, plus their interconnections. After the TL, F, and 
CS parts are completed, the user generates and compiles the code. After the agent 
assignment, the user downloads the software into the controllers. 

Since TL, F, and CS editors are independent, it is possible to change only the 
necessary parts when the system needs to incorporate changes. For example, a new 
controller can be added by the CS editor and subsequently have some agents assigned 
to it. The system is regenerated in a manner consistent with all modifications. 

8   Fault Tolerant Agent Programming 

There are many aspects of agent programming that significantly affect fault tolerance.  
 

• Automatic code generation – provided usually by DE. 
• Layered architecture – an agent can consist of several layers (for example 

high-level and low-level) and each level is loosely dependent on other levels. 
• Multiple solutions – an agent should process multiple solutions (plans) to 

overcome situations where the best solution is not applicable or the best plan 
fails to execute. 

 

Automatic code generation can significantly reduce the number of mistakes that the 
developer can produce. The user will program agents via the DE, allowing a 
simplified programming process since the resulting code is automatically generated. 

Each agent consists of two major parts. 
 

• High-level – written in a high-level programming language. This is the core of 
the agent, the part that is able to communicate with other agents, plan, reason, 
etc. 

• Low-level – written in relay ladder logic, IEC 61131-3 [17]. This part is 
responsible for real-time control to guarantee response times and safety of the 
control system, and also for generating events to the high-level part of the 
agent to notify it of some state or condition requiring its attention. 

 

The low-level ensures safe functionality of a control system even when the high-level 
part is not working properly or when there is a need for fast reaction for some critical 
situation, perhaps before the high-level part is able to make a more accurate decision.  
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Both these parts are automatically generated based on templates of agents stored in 
the library. After creation of any type of agent template it is possible to create as 
many instances as needed to match the application. 

Rockwell has so far been using a declarative style of programming agent behavior. 
Nevertheless, this approach has been reevaluated and has become clear that the 
declarative style has low flexibility since any additional feature has to be included 
into all parts of the system. Thus, a procedural style of programming has been 
designed and a procedural engine has been created. This engine enables us to use the 
full power of a programming language (Java or C++ in this case) together with a set 
of functions and attributes to interact with other agents, trigger planning processes, 
and so on. 

Agent behavior can be designed to provide multiple alternative solutions to achieve 
the highest possible level of fault tolerance (see [22] for definitions of basic levels of 
fault tolerance): 

• Full fault tolerance. An alternative solution(s) that is(are) possible to use when 
the main solution fails. The system continues to operate without a significant 
loss of functionality or performance. 

• Graceful degradation. Next alternative solution(s) with some loss of 
functionality or performance that is applied when full fault tolerant solution is 
not applicable. 

• Fail-safe. The last available solution(s), where vital functions are preserved 
while others may fail. This type of solution should always be available to 
ensure fail-safe overall functionality of the system. 

 

Agents in MAS depend on each other, e.g., an agent can use services of another agent 
and thus for each task agents form an acyclic graph of dependencies. For example [6] 
defines that “a server u depends on a server r if the correctness of u’s behavior 
depends on the correctness of r’s behavior”. Therefore presence of multiple agents 
with the same or overlapping services is important for fault tolerance since a faulty 
agent can be substituted by another agent, i.e., an agent is dependent on services 
(provided by multiple agents) and not on a single agent that can fail. 

9   Validating Agents 

Due to emergent behavior of agent systems, there is a strong need for agent testing to 
ensure that the whole system works properly and that the emergent system behavior is 
correct. Performing agent testing on simulators, not on the real hardware, is preferred 
not only to protect the real hardware but also to speed up the whole development 
process. The simulation has to be attached to the system via some synchronization 
module to ensure correct data transfer and time synchronization. 

To create a fully functional MAS, there is a need for a visualization and debugging 
tool to observe the internal communication among the agents and the behavior of the 
system and to discover potential problems. Usually multiple tools for a given  
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implementation of MAS exist. For example, JADE and AGlobe offer a sniffer agent 
that is able to capture messages sent among agents and display them in a form of a 
Unified Modeling Language (UML) sequential diagram. 

This tool can also present the information from different points of view and the 
user can also configure running agents by sending various service messages to them. 
One such tool is the JavaSniffer, a standalone Java application, developed by 
Rockwell Automation, Inc. It can remotely connect to a running JADE systems, 
Rockwell’s own ACS system, or any other FIPA compliant system. It is able to 
visualize messages as a low-level UML sequential diagram and provides a high-level 
view via dynamically created traceable workflow diagrams. XML, Lisp, and 
BitEfficient message encodings are supported (compatible with FIPA ACL 
specifications) and SL, XML, and JDL (job description language) content languages 
are supported. It offers visualization of statistical information, message and agent 
filtering, automatic log file creation, etc. 

 

Fig. 5. Main window of visualization and debugging tool 

 
The visualization screen is divided into four main sections (see Fig. 5). Each 

section provides the observer with information at a different level of detail. 

• Message detail view. The window located at the top left corner provides 
information about the content of the selected message. The format of the 
information displayed is dependent on the communication language used. 

• List of messages. The window located at the bottom left corner displays a list 
of messages sent among agents as a UML sequential diagram. A scrollable list 
of agents is located at the top of this window and each row represents one 
message sent from one agent to another agent, displayed as an arrow pointing 
from the sender of the message to the receiver. 
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• List of work units. The window located at the top right corner shows the list of 
work units requested by the agents. Each description of a work unit consists of 
work unit identification, work name, the number of subsequent messages 
belonging to this work unit, and the original requester. 

• Workflow view. The window located at the bottom right corner displays a 
dynamically created tree of a workflow that belongs to the work unit selected 
in the list of work units. Any request for and reply to planning, commitment, or 
execution of the work is visualized as an arrow pointing from the parent 
(creator of the work) to a child (solver) agent. The arrow represents all 
messages belonging to a particular part of the work. 

 
All parts of the visualization screen are interconnected. For example, it is possible to 
identify some problem in the workflow window, select the appropriate part of the 
conversation among the agents and receive the list of messages involved in the 
conversation. Any message in the list can be selected and automatically displayed in 
the message detail view. Also, upon selecting a message in the list of messages, the 
appropriate workflow and conversation in this workflow are automatically selected. 
Therefore, the user can seamlessly switch between low-level and high-level 
visualization views. 

10   Industrial Application Examples 

This section presents two examples of industrial applications [33] where fault tolerance 
is one of the major requirements. The system has to stay functioning when some part of 
it is not available or faulty, perhaps with reduced functionality or efficiency. 

10.1   Chilled Water System 

The CWS pilot system is based on the Reduced Scale Advanced Demonstrator 
(RSAD) model, a reconfigurable fluid system test platform. The RSAD has an 
integrated control architecture that includes Rockwell Automation technology for 
control and visualization. The RSAD model is currently configured as a CWS. 

The physical layout of the RSAD chilled water system is a scaled down version 
from a real U.S. Navy ship. There is one chiller per zone, i.e., currently two plants, 
shown in Fig. 6 as the right-most two boxes. The other 16 boxes represent heat 
sources onboard ship (for example, combat systems, communication systems, and 
radar and sonar equipment) that must be kept cool enough, i.e., below the equipment’s 
shutdown temperature, in order to operate. Each water cooling plant is an agent, as 
well as each heat source, each valve, and some parts of the piping system. 

Within the RSAD, immersion heaters provide the energy to increase the 
temperature of the heat sources. A temperature sensor at each source provides 
temperature input to the control system. The main circulation piping is looped to 
provide alternative paths from any chilled water plant to any heat source. 

This application is suitable for a MAS since survivability is one of the main 
requirements for shipboard systems. Reusability is another aspect that is addressed in 
a MAS by reconfiguration of present agent types. The agents are distributed according  
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Fig. 6. Chilled water system 

to the physical location of the hardware equipment, i.e., an agent is placed as closely 
as possible to the corresponding equipment. When some part of the system is 
damaged, usually only agents that are located in this part are lost. Single-point-of-
failure nodes, from the hardware distribution perspective, are avoided. Other rules 
need to be satisfied to be free from single-point-of-failure nodes, for example, use no 
remote I/O, deploy the smallest possible number of agents per component and 
controller, and use no mapped inter-controller data. With these rules in mind, the 68 
agents for this application are deployed within 23 industrial controllers. 

Each agent is associated with capabilities and each capability is associated with a 
specific set of operations. The negotiation among agents uses local planning and 
negotiated planning (i.e. cooperation). The agents use their local “world observations” 
to determine their actions which are then translated into execution steps. In the 
negotiated planning, the agents discover each other’s capabilities. When some part of 
the system is damaged and corresponding agents are not present, they are not further 
used in the planning process, i.e., the MAS dynamically reacts to the changes in 
system configuration. Also, when an agent or some part of the MAS is disconnected 
from the rest of the system, it is still able to make local decisions based on local 
knowledge and react accordingly. Moreover, active distributed diagnostics is present 
in agents, which are able to detect and localize problems with water distribution (e.g., 
water leakage and pipe blockage). This knowledge is used, for example, to isolate 
water leakage and use another route through the piping system. 

Agent behavior has been designed to provide multiple alternative solutions to 
increase fault tolerance (see Section 6). For example, the main solution for getting 
water to a service in the CWS can be to ask each adjacent valve whether there is water 
present next to it and whether the valve is able to open. An alternative solution is  
to trigger the water path planning process. A possible further solution is to turn all 
non-vital systems off and retry the path-planning process, causing some graceful 
degradation since there will be a significant loss of performance. A fail-safe solution  
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can be to turn all available chillers on, turn all non-vital systems off, and open all 
valves that are not isolating water leaks. 

A broken section in the piping system is found step by step by opening recently 
closed valves. As each valve is opened in turn, the leak detection algorithm 
determines whether the leak has been found, and if so, instructs the last opened valve 
to ask its relevant neighbors to isolate the other sides of the broken section. 

In case the system faces multiple pipe section destruction, the sections are isolated 
from the rest of the system step by step. After finding the first broken section the 
cooling is reestablished and the next broken section is searched for when the second 
leakage is detected. 

10.2   Material Handling System 

The Manufacturing Agent Simulation Tool (MAST) [44] provides simulation with 
embedded MAS aimed at the manufacturing domain, more precisely, at the 
transportation of (semi-)products or discrete materials on the factory’s shop floor 
using a network of conveyor belts and/or automated guided vehicles (AGVs). 

To show the robustness and flexibility of the agent solution, attention is paid to 
failure detection and recovery. A failure of any component can be emulated (e.g., a 
failure of a conveyor belt) causing the agents to start negotiations on alternative 
transportation paths while avoiding the broken component. MAST consists of the 
following parts: 

• The agent control part that contains a library of Java/JADE classes representing 
the material handling components 

• The emulation part that provides the agents with the emulation of the physical 
manufacturing environment. 

• The control interface is a bidirectional connection from each emulation object to 
the appropriate agent (sensor signals) and vice versa (actuator signals). 

• The GUI (see Fig. 7) for the graphical drag-and-drop design of the material 
handling system as well as for the visualization of the simulation. 

 

Fig. 7. Example of a MAST system 
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Via the GUI, the user can send workpieces between the work cells, introduce 
failures of different components and even change the structure of the system at 
runtime – any component can be removed (or disconnected from its neighbors) or a 
new component can be added without the need to stop the simulation. 

11   Conclusion 

This chapter summarizes the major areas of MAS where fault tolerance plays 
important role. Traditional fault tolerance techniques can be directly applied to all 
these areas, but there are also MAS specific techniques that can improve fault 
tolerance, such as social knowledge management, development environment 
utilization to minimize agent programming mistakes, and how to program agents to 
increase robustness of an agent. Important role play also validating agents that are 
used to observe behavior of the whole system and to discover potential problems. 
Agent simulation is needed to discover problems not only in basic agent behavior, but 
also in emergent behavior of the whole MAS. 
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Abstract. In recent decades, agent-based modeling and simulation (ABMS) has 
been increasingly used as a valuable approach for design and analysis of dy-
namic and emergent phenomena of large-scale, complex multi-agent systems, 
including socio-technical systems. The dynamic behavior of such systems in-
cludes both the individual behavior of heterogeneous agents within the system 
and the emergent behavior arising from interactions between agents within their 
work environment; both must be accurately modeled and efficiently executed in 
simulations. An important issue in ABMS of socio-technical systems is ensur-
ing that agents are updated together at any time where they must interact or ex-
change data, even when the agents’ internal models use fundamentally different 
methods of advancing their internal time and widely varying update rates. This 
requires accurate predictions of interaction times between agents within the en-
vironment. Predicting the time of interactions, however, is not a trivial problem. 
Thus, timing mechanisms that advance simulation time and select the proper 
agent to be executed are crucial to correct simulation results. This chapter de-
scribes a timing and prediction mechanism for accurate modeling of interac-
tions among agents which also increases the computational efficiency of agent-
based simulations. An experiment comparing different timing methods high-
lighted the gains in computational efficiency achieved with the new timing 
mechanisms and also emphasized the importance of identifying correct interac-
tion times. An intelligent timing agent framework for predicting the timing of 
interactions between heterogeneous agents using a neural network and a method 
for assessing the accuracy of interaction prediction methods based on signal de-
tection theory are described. An application of agent-based modeling and simu-
lation to air transportation systems serves as a test case and the simulation re-
sults of different interaction prediction models are presented. The insights of us-
ing the framework and method to the design and analysis of complex socio-
technical systems are discussed. 
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1   Introduction 

Computational agent-based modeling and simulation (ABMS) have emerged as criti-
cal tools for the design and safety analysis of large-scale complex multi-agent sys-
tems, including socio-technical systems, in which a large number of components, 
such as humans, machines, and technical systems, interact with each other to accom-
plish their tasks and goals [1]. In agent-based simulation, each of the entities within 
the system can be defined and modeled as an agent requiring a different simulation 
model. For instance, aircraft in the National Airspace System (NAS) may require a 
high-fidelity continuous-time simulation model to predict the dynamic behavior of the 
aircraft, certain stochastic events such as aircraft entry into the airspace, machine 
failures, and malfunctions require discrete-event simulation models, and human op-
erators such as pilots and air traffic controllers require computational human perform-
ance models. These models must interact with one another in significant ways to 
create the performance of the entire system. ABMS can potentially be a cost-effective 
method for evaluating new technologies and operating procedures during early stage 
design of large-scale socio-technical systems, for assessing sensitivity of overall sys-
tem performance to the performance of individual agents, and for providing a safe 
strategic analysis tool for examining the impact of potentially safety-critical changes 
[2]. ABMS also allows for experimentation to evaluate system designs and to identify 
the agent behaviors corresponding to interesting system-level emergent phenomena. 

However, existing conventional modeling and simulation methods are not suffi-
cient to fully understand and reflect the complex dynamic characteristics of large-
scale, complex socio-technical systems [3],[4, 5]. Although most real-world complex 
systems are often characterized by a combination of different types of models, such as 
continuous-time, discrete-event, and human performance models, and their interac-
tions, these systems have been mainly simulated by either entirely discrete-event 
simulation models capable of capturing and predicting stochastic effects within the 
system of study, or entirely continuous-time simulation models capable of predicting 
the dynamic behavior of physical systems such as aircraft trajectories and mechanical 
system performance. The different modeling and simulation approaches used for 
continuous-time, discrete-event, and human performance models must be integrated 
to represent their heterogeneous dynamic behavior. This dynamic behavior includes 
both the individual behavior of entities within the system and their interactions. While 
the individual behavior of agents may be simple, emergent behavior at the system 
level may not be predictable.  

Different simulation models in agent-based simulation use different timing mecha-
nisms to advance the simulation and also tend to require substantially different update 
rates. For example, a continuous-time model of aircraft flight dynamics might require 
very small time steps and frequent update rates, whereas a discrete-event model for 
generating aircraft objects into the airspace might require relatively large update in-
tervals. This disparity between the various timing mechanisms of different simulation 
models must be efficiently resolved in agent-based simulation. Despite these differ-
ences, agent-based simulation must also ensure that agents in the simulation are up-
dated together at any time where they must interact or exchange data, even when 
dramatically different time steps are used. This requires accurate predictions of the 
timing of agent interactions. Predicting these interactions, however, is not a trivial 
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problem. Using established methods, better predictions require more extensive com-
putations and knowledge about agents’ internal dynamics and future actions. This also 
imposes an obvious development cost not only in modeling the agents but also in 
reconfiguring the simulation to include new agents, as well as reducing computational 
efficiency. Thus, it is important to predict when an interaction between agents may 
next occur without requiring substantial computations and without a large develop-
ment effort each time the simulation is reconfigured to include new agents or new 
types of agent interactions.  

This chapter discusses mechanisms for accurately timing agent interactions  
in ABMS to support the design, analysis and evaluation of large-scale complex  
socio-technical systems, such as air transportation systems. Timing mechanisms for 
agent-based simulation are described, including an intelligent timing mechanism for 
accurately predicting the timing of interactions among heterogeneous agents using a 
neural network and a method for assessing the accuracy of interaction prediction 
methods based on signal detection theory. An application of agent-based simulation to 
air traffic control is illustrated as a test case and the simulation results of different 
interaction prediction models are also presented. The insights of using this method 
and framework to the design and analysis of complex socio-technical systems are 
discussed in the conclusion. 

2   ABMS of Socio-Technical Systems 

There has been considerable recent interest in multi-agent systems (or often called 
agent-based systems), which comprise multiple humans and autonomous software 
and/or hardware components (agents) cooperating within an environment to perform 
some tasks. Multi-agent systems are often extremely complex and it can be difficult to 
formally verify their properties [6]. In this context, simulation has traditionally played 
an important role in the design and analysis of agent architectures and agent-based 
systems, allowing the agent designer and researcher to investigate the dynamic behav-
ior of a system or to probe the relationship between agent architectures, environments 
and behavior [7, 8]. In this chapter we focus on an agent-based modeling and simula-
tion framework as a vehicle for studying complex multi-agent systems, specifically 
socio-technical systems. 

A socio-technical system can be defined as a system in which many humans and 
technology interact with each other within their work environment to accomplish their 
goals and tasks, and is a construct used in studies of human-computer interaction and 
cognitive systems engineering [9],[10],[11]. Examples of such systems include eco-
nomic and financial systems, health care systems, manufacturing systems, military 
systems, and ground/air transportation systems. The dynamic behavior of such a sys-
tem, to a great extent, can be characterized by both the individual behavior of entities 
within the system and the aggregate and emergent behavior of the entities interacting 
with each other. The task of performing design and analysis of the large-scale com-
plex socio-technical systems, therefore, requires a more robust and flexible modeling 
and simulation approach than is currently available due to the emergent dynamics and 
tightly coupled nature of these systems [12].  
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2.1   Agent-Based Modeling and Simulation 

Agent-based modeling and simulation (ABMS) has been widely used for modeling 
and simulation of complex socio-technical systems. Compared to other approaches, 
such as traditional discrete event simulation and object-oriented simulation, ABMS 
has a number of useful properties. For instance, it supports structure preserving mod-
eling of the simulated reality, simulation of pro-active human behavior, parallel com-
putations, and very dynamic simulation scenarios [13]. In ABMS, the specific behav-
iors of simulated entities are modeled and implemented in terms of agents and the 
structure is viewed as emergent from the interactions between the individual agents 
while traditional simulations attempt to model the averaged characteristics of the 
whole systems with mathematical models. 

The overall dynamic behavior of such a complex system typically emerges from 
the interactions among components.  The collective and emergent behavior of indi-
vidual system components including hardware, software, and human operators, there-
fore, can be modeled and simulated as an interaction among agent models [3],[14]. 
ABMS has strong roots in the fields of multi-agent systems (MAS) and robotics from 
the field of AI. However, ABMS is not only tied to designing and understanding “arti-
ficial” agents but also modeling human individual behavior and social behavior [15]. 
Historically, agent-based modeling concentrated on creating intelligent agents to-
wards achievement of autonomy, an artificial intelligence perspective on emulating 
humans and designing autonomous technologies [16].  More recently, researchers 
have applied “multi-agent” simulation of many interacting agents in complex ways.  
Such multi-agent simulations have two concerns: modeling individual entities as 
autonomous and interactive agents, and simulating the system behavior that emerges 
from the agent’s collective interactive actions. The agent-based simulation can inte-
grate agent models of human cognition and performance, physical models of technol-
ogy behavior, and models of their operating environment. Simulation of these indi-
vidual models interacting together, capable of supporting a wide variety of agents and 
environments, enables one to predict the impact of completely new transformations in 
the organizational structure, operating procedures and technologies of larger and more 
complex multi-agent systems. As such, agent-based modeling and simulation has 
been increasingly applied for examining complex socio-technical systems in a wide 
range of areas including social sciences [17],[18], telecommunications, manufacturing 
[19], supply chain systems [20], business processes [21], financial markets [22], envi-
ronment [23], transportation [24],[25], and military simulations. 

However, to be a good design and analysis tool simulation requires suitable models 
of elements, such as models of human behavior and performance and dynamic models 
of physical machines, to predict the evolution of complex interactions of the elements. 
It requires a deep knowledge of engineering principles and cognitive psychology to 
develop models of mechanical components and human performance. This requires the 
development of an agent-based simulation able to simulate collective and emergent 
behavior of heterogeneous agents including models of hardware, software, and human 
performance [26].  

As noted earlier, in simulating socio-technical systems by agent-based simulations, 
the overall behavior of the systems can be considered as emergent phenomena.  The 
global phenomena caused by locally interacting agents are called emergent properties 
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of the system. The emergent property is formally defined here as a system property in 
which system behaviors at a higher level of abstraction are caused by behaviors at a 
lower level of abstraction which could not be predicted, or made sense of, at that 
lower level. The emergent behavior can dominate overall system behavior and per-
formance. Even when the behavior of agents at the individual level may be simple, 
the emergent behavior at the system level may not be at all obvious. Thus, emergent 
properties are often unpredicted. As traditional simulation methods typically lack the 
capabilities to capture both the individual behavior of each entity and the system-wide 
emergent behavior, it is important that new simulation methods be established. The 
enormous complexity and complicated interactions among entities within large-scale 
socio-technical systems require ABMS approaches in order to understand their dy-
namic and emergent behavior [27]. In this case our levels of abstractions are the 
agents (typically humans) and the emergent system-wide behavior.  Agent-based 
simulation provides interesting insights at both levels of abstraction.  In addition to 
the system-wide behavior, the agents respond to their environment and each other in 
agent-based simulations.  While we can model what the agents’ responses would be to 
a variety of conditions, only simulation can predict what specific conditions they will 
need to respond to.  

Thus, agent-based simulations are uniquely suitable for evaluating the ‘macro’ 
level emergent behavior of multi-agent systems as well as the ‘micro’ level behavior 
of individual agents as they are not necessarily built upon or parameterized by the 
structures used within the system. The ABMS approach shows how processes evolve 
over time and how interactions and changes occurring at the micro-level affect overall 
system behavior over time. Both micro-level (agent) and macro-level (system-wide) 
behaviors can be simulated simultaneously, highlighting system-wide issues arising 
from a change in individual agents’ behavior, including new technologies, and 
changes in environmental structures – as well as identifying unreasonable demands 
that system dynamics may place on individual agents. Different systems can be de-
signed by manipulating not only individual agent configurations but also inter-
relationships between agents in their work environment. 

Specifically, in this chapter, the air transportation system is viewed as a large-
scale, complex socio-technical system composed of multiple agents such as control-
lers, pilots, airline dispatchers, aircraft, airports, and technical devices. Thus, the indi-
vidual behavior of these different entities and overall behavior of the system can be 
modeled by a combination of agent models, environment models, and their interac-
tions. More informally, our agent-based simulations are not based on any high-level 
system models; instead, we put agent models in a rich environment, simulate them in 
a realistic scenario, and see what system behavior comes out.   

2.1.1   Notion of Agents in ABMS 
Recent developments in software engineering, artificial intelligence, human-machine 
systems, and simulation science have placed an increasing emphasis on concepts of 
agents [28],[29],[30],[31]. There is no universal agreement on the precise definition of 
the term agent. The term agent has been used to mean anything between a mere sub-
routine or object and an adaptive, autonomous, intelligent entity; an independent 
component’s behavior can range from primitive reactive behavior to complex adap-
tive artificial intelligence (AI) [6],[32],[27]. A computer science view of agency  
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emphasizes the essential characteristic of autonomous behavior which requires agents 
to be proactive rather than purely reactive [31]. However, the term agent in agent-
based modeling and simulation needs to be distinguished from the term intelligent 
agent used in the domain of software engineering and artificial intelligence. The agent 
in agent-based simulation has a weak notion of agency. Thus, this paper defines an 
agent in ABMS as an entity with (1) autonomy, i.e., the capability to carry out some 
set of activities, (2) interactivity with other agents, i.e., the need and ability to interact 
with other agents to accomplish its own tasks and goals, and (3) interactivity with the 
simulated environment. 

In agent-based modeling and simulation, each entity satisfying the above properties 
can be defined and modeled as an agent. Agents can be physical entities or technolo-
gies such as aircraft, ground vehicles, technologies, and weather, or agents can be 
task-oriented entities such as strategic planning, scheduling, monitoring, communica-
tions, and decision making activities. Such agents interact with each other within the 
system to accomplish their tasks. Thus, each agent is itself typically a complex system 
with capabilities of sensing, interpreting, planning, inference, decision making, and 
taking an action etc., requiring considerable computational resources, and multiple 
agents may be required to evaluate the overall emergent behavior of the system as a 
whole or even the behavior of a individual agent [33],[34]. 

Agents used in agent-based simulation can also include rich cognitive human per-
formance models and sophisticated communication and interaction mechanisms 
[34],[35]. By representing the human as an agent in an agent-based simulation, it is 
possible to examine the interaction of human behavioral tendencies with system state 
over a wide range of circumstances. For example, studies have examined using hu-
man performance models as agents in large-scale agent-based simulations to evaluate 
air transportation safety and capacity issues [36],[37],[38],[38]. Agent models can 
identify the impact of the accuracy, speed, and variability of human performance, 
which are critical to the emergent behavior of the larger system. This approach adds 
fidelity both to the human performance models and to the larger simulation; corre-
spondingly, agent-based simulation brings to these human performance models a 
dynamic representation of their environment, including detailed models of the physi-
cal and technical systems, and the opportunity to dynamically interact with other 
humans. Even simple agent models of human cognition and performance provide 
valuable insight when used in the context of ABMS: they allow evaluation as to sys-
tem performance resulting from well-known aspects of human behavior.  With simple 
normative agent models, for example, agent-based simulation can observe whether 
the system will function as desired when all components act exactly as procedures, 
regulations and organizational structures mandate – and highlights areas where indi-
viduals’ flexibility and creativity are still required to operate the system.  

The level of detail to which each human agent needs to be modeled depends upon 
the purpose of the simulation model. Too detailed a simulation must be expected to 
cost more and may only complicate the evaluation procedure. Too shallow a simula-
tion provides insufficient or misleading information. Given the complexity of human 
performance models, creating the ability to interact with other simulation models 
(e.g., communicate with other agents and synchronize their time advance with the 
other agents) can require significant adaptations. Ultimately, it is hoped that these 
simulations will have sufficient fidelity in their agents’ ability to reason and react to 
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unexpected situations to examine a wide range of potential hazardous situations. It 
should also be noted, however, that even examining simple representations of agents’ 
behavior in normal circumstances can identify potential weakness or inconsistencies 
in performing standard operating tasks and procedures given a work environment. 

2.2   Timing Mechanisms and Interactions between Agents 

Heterogeneous agents in socio-technical systems, including agent models that can 
produce human-like behavior and other physical and technological agents, need to 
interact and communicate with each other in significant ways to accomplish their 
tasks and goals. The agent interactions can be with each other or with the environ-
ment, and thus the prediction of interaction times also fosters better modeling and 
simulation of interaction with the environment in support of ecological modeling 
approaches. In the real world, many interactions between entities can be easily per-
ceived and detected by themselves or by third entities; for example, in air traffic con-
trol, controllers can easily monitor a spatial radar display to perceive which pairs of 
aircraft are proximate. In ABMS, on the other hand, this process may require pair-
wise comparisons between all pairs of aircraft whose states are expressed at the same 
point in simulated time. When the agents update asynchronously, this difficulty is 
compounded by their immediate representations of state corresponding to different 
points in time.  

Thus, a simulation timing mechanism that advances simulation time and selects the 
subroutine or object to be executed is a vital component of every simulation [39], 
[40]. In agent-based modeling and simulation timing mechanisms need to address 
several issues beyond those found in traditional discrete-event or continuous-time 
simulations. First, timing mechanisms need to properly handle heterogeneous agent 
models, which may have considerably different methods for representing dynamics 
and the points in time where they should be updated but may not use the same under-
lying representation of time. Second, agents must be simultaneously updated when 
they interact to capture important interactions between agents and to improve the 
computational efficiency of agent-based simulation. 

Timing mechanisms can be typically defined as synchronous or asynchronous. 
While synchronous timing methods require all agents in the simulation to update at 
the same time, asynchronous timing methods allow each agent to update independ-
ently. For large-scale or repeated runs of the simulation, synchronous timing methods 
are usually computationally inefficient since the timing method requires all agents to 
update at every time step whether each needs to or not. In addition, synchronous tim-
ing mechanisms may or may not provide more accurate simulation results as very 
small time steps may reduce some types of error (e.g., numerical loss in numerical 
integration of ordinary differential equations in continuous-time models) but increase 
others (e.g., round-off errors corresponding to repeated operations on small incre-
ments to continuously-valued states). For example, cognitive agent architectures such 
as SIM_AGENT [41], SOAR [42], and ACT-R [43]  maintain a single, centralized 
representation of the agent’s internal state, e.g., a working memory or goal stack, 
making synchronous timing mechanism relatively straightforward. On the other hand, 
asynchronous timing mechanisms can provide correct modeling and simulation results 
if each agent is updated only when needed for its internal dynamics and interactions 
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with other agents, and can be much more computationally efficient than synchronous 
timing methods [44], [45]. 

At first glance, the best efficiency may be assumed to correspond to the optimistic 
prediction of interaction times between agents. However, several main issues limit the 
size of predicted interaction times. First, it is typically difficult to detect interactions 
between agents with larger predicted interaction times since the simulation does not 
know what stochastic events may occur during these intervals. Second, some types of 
agent models are incapable of rolling back to their state should an optimistic predic-
tion ‘miss’ an interaction. Typically, rollback mechanisms have most commonly been 
applied to systems with purely discrete dynamics or very simple continuous-time 
models, and at the cost of additional computational overhead due to the rollback 
mechanisms [46], [47]. Some agent models can not rollback, such as complex con-
tinuous-time models, expert systems with complex dependencies, etc [48]. Likewise, 
sometimes post-hoc assessment of whether an interaction was needed may not be 
feasible; for example, in an air traffic control simulation it can be as hard to estimate 
whether two aircraft did hit as to estimate whether they will hit, short of recording and 
compare their flight tracks over very small intervals.  

If the simulation cannot rollback to the time of a recent interaction, then estimates 
of interaction times need to be conservative so that the interactions between agents are 
not missed. However, if a predicted interaction time is conservatively set to be very 
short, the simulation will synchronize agents too frequently. While reducing the risk 
of missed interactions, it will also reduce computational efficiency, and the unneces-
sary updates of agents may adversely impact the accuracy of their functioning by 
asking them to change their states and interact with their environment at an unrealisti-
cally high frequency. While overly conservative predicted interaction times can be 
computationally inefficient due to the unnecessary agent updates they incur, they 
often do not require complex computations. On the other hand, more accurate pre-
dicted interaction times typically require more computationally extensive calcula-
tions; at an extreme, the most accurate predictor would need to internally simulate all 
agents. As such, the value of better predictions can reach a point of diminishing re-
turns where the additional computations used to predict interaction times more accu-
rately may offset any savings in computations through reduced numbers of updates of 
the agent models. When the predictions are based on a model of system dynamics, 
they are domain or scenario specific. If a simulation requires a different type of pre-
diction for each type of interaction, then there is an obvious development cost for any 
changes to the simulation configuration, and the predictors are limited to specific 
scenarios and agents. Therefore, in an agent-based simulation where a large number 
of heterogeneous agents may be involved, developing a predictor that is computation-
ally efficient, easy to implement, and accurate is not a trivial problem.  

In previous studies [12], several timing mechanisms for agent-based simulation 
have been developed and compared their computational efficiency. Specifically, 
asynchronous with resynchronization, allows agents to update asynchronously follow-
ing their own update times, and also estimates when interactions may occur, requiring 
the relevant agents to jointly update at these times. With this timing mechanism, accu-
rately predicting agent interaction times provides more accurate simulation results and 
also increases computational efficiency by reducing unnecessary updates of agents 
during the simulation.  
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However, deciding when an update may be required for correct interactions is gen-
erally non-trivial once the simulation contains stochastic elements. For example, in an 
agent-based simulation of air traffic control, loss of separation between aircraft cannot 
be efficiently predicted from dead-reckoning as aircraft may, at any time, maneuver in 
response to controller clearances or pre-established flight plans; such deterministic 
methods of estimating interactions are only valid when they are re-evaluated between 
all potentially-impacted agents in response to every event, with significant computa-
tional cost.  Such constant deterministic calculations may instead be viewed as the 
origin of training data for more intelligent predictors; once trained, the intelligent 
predictors (providing a statistical estimate of interaction time) may be used in lieu of 
exact deterministic predictors for computational efficiency. 

3   Timing Mechanisms and Interaction Prediction Methods 

As just noted, timing mechanisms for an agent-based simulation incorporating differ-
ent types of agent models need to address several issues. First, timing mechanisms for 
agent-based simulation need to adequately deal with different types of agent models, 
including discrete-event models and continuous-time models, often with considerably 
different update rates. The second issue is the computational efficiency of accurate 
and timely interactions. Time constitutes an important component in the behavior of 
the agents and their interactions. Thus, timing mechanisms for agent-based simulation 
must ensure that agents in the simulation are synchronized at any time when agents 
must interact with each other or exchange data between agents. However, methods of 
deciding when an update may be required for correct interactions or measurements 
are generally non-trivial once the simulation contains stochastic elements. This sec-
tion focuses on various aspects of timing mechanisms for the agent-based simulation 
of large, complex systems and describes their implementation using an object-
oriented approach.  

3.1   Timing Mechanisms for Agent-Based Simulation 

Based on the characteristics of different timing methods [4], several timing mecha-
nisms can be developed to advance time in agent-based simulation: synchronous fixed 
time step, synchronous variable time step, and asynchronous with resynchronization 
mechanisms. 

3.1.1   Synchronous Fixed Time Step 
This timing method requires all agents to update at every predetermined fixed time 
step. The advantage of this timing method is that synchronization will always be 
maintained since all different types of agent models are updated at the same time. By 
setting a sufficiently small time step, this method provides accurate results that can be 
guaranteed not to miss any important measurements or interactions, without requiring 
predictions of interactions between agents. The obvious drawback is that a small time 
step results in a large number of updates of every agent, whether needed or not. Thus, 
this method degrades the overall simulation speed. This method is commonly used in 
current vehicle simulation techniques, where the time step may be fixed by conserva-
tive analysis of the fastest dynamics in the system. 
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In this timing method, it is assumed that all agents within the system are executed 
at the same time, but not concurrently in reality. Even though some agents need to be 
updated concurrently, it is difficult to practically implement the concurrency of updat-
ing agents on a single machine (or even on parallel machines). Therefore, a potential 
problem is the ordering of agents to be executed at the predetermined fixed time steps. 
A set of rules must be embedded into this method to decide which agent needs to be 
processed first in order to satisfy cause and effect constraints. 

3.1.2   Synchronous Variable Time Step 
The synchronous variable time step timing method requires all agents in the simula-
tion to update at the same time, usually selecting the most restrictive time step de-
manded by any of the agents at that time, rather than always using a small predeter-
mined time step. Thus, the time step varies from one time step to the next to meet the 
needs of the simulation. This method still forces some agents to update unnecessarily 
even though this timing method offers more efficiency and better flexibility than the 
synchronous fixed time step method. This method also still has a ordering problem to 
decide the ordering of updating agents at a given simulation time step to produce 
temporal aspects of the system correctly. 

3.1.3   Asynchronous with Resynchronization Mechanisms 
In theory, asynchronous timing mechanisms should be much more computationally 
efficient than synchronous timing methods since asynchronous timing methods do not 
require all agents to update at every time step. However, a completely asynchronous 
method is not appropriate for agent-based simulation because it may not fully capture 
interactions between agents. In an agent-based simulation, it is common for one agent 
to collect state information from other agents. For example, in the simulation of the 
NAS, an air traffic controller agent might need the current values of the location, 
speed, and heading state variables of aircraft to determine a desired speed for the 
aircraft to avoid loss of separation. Therefore, it is necessary to resynchronize all 
aircraft at the time when the air traffic controller evaluates the current traffic situation. 

In order to capture important interactions between agents, periodic synchroniza-
tions are required in asynchronous timing mechanisms. Thus, this research proposes a 
new timing method, asynchronous with resynchronization. This timing method allows 
agents to update asynchronously following their own update times, but also makes 
conservative estimates of when interactions may occur in the future, and requires the 
relevant agents to jointly update at these resynchronization intervals. The new timing 
mechanism involves two varieties: asynchronous with complete resynchronization 
and asynchronous with partial resynchronization timing mechanisms. 

 
Asynchronous with Complete Resynchronization 
The asynchronous with complete resynchronization mechanism allows all agents in 
the simulation to update independently until any agent requires resynchronization. 
With this timing method, the state updater object synchronizes all agents at each re-
synchronization interval. This method is shown schematically in Fig. 1 for a simula-
tion with three agents. For example, agent1 and agent2 update at their own rates until 
agent3 requires resynchronization with at least one other agent. In large-scale agent-
based simulation, the asynchronous with complete resynchronization method can 
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reduce a lot of unnecessary updates of agents since all agents are not required to up-
date at every single time step.  However, this method still leads to unnecessary up-
dates since all agents are required to update at the resynchronization times. This 
method also still has an ordering problem with which agent needs to be updated first 
in the resynchronization (or last, since only the last agent updated can have current 
information about all the other agents). 
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Fig. 1. Schematic of Agent Updates Using Asynchronous with Complete Resynchronization 

Asynchronous with Partial Resynchronization  
At the times of resynchronization, only a subset of the agents may be required to 
update due to the interactions or measurements involving them. Therefore, a better 
approach is to update only those agents interacting with each other at resynchroniza-
tion times. The asynchronous with partial resynchronization timing method allows 
agents in the simulation to update at their own update times independently until an 
agent specifically requires some of the other agents to be resynchronized. With this 
timing method, the state updater agent synchronizes only those agents that another 
agent requires to also update at the resynchronization time. This method is shown 
schematically in Fig. 2: agent 2 requires only agent 1 to update at time 5; agent 3 re-
quires only agent 2 to be updated at time 20; and agent 3 requires both agent 1 and 
agent 3 to update at time 40. This timing method can improve computational effi-
ciency by updating just some of the agents interacting with each other at resynchroni-
zation intervals. Even though only some of agents interact with each other at a resyn-
chronization time, ordering of updating those agents needs to be established correctly 
based on the dependencies among those agents. 
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Fig. 2. Schematic of Agent Updates Using Asynchronous with Partial Resynchronization 
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3.2   Performance Measurements of Timing Mechanisms 

Typically, measuring the performance of a simulation is not a trivial problem.  
Specifically, once the simulation includes stochastic elements, it can be difficult to 
compare with certainty the relative speed of different timing mechanisms. The total 
run-time of simulation can be considered as a standard performance measure of com-
putational efficiency in many computer science and software engineering domains. 
However, the total run-time may not be a good single measurement of computational 
efficiency of agent-based simulation because it doesn’t capture the accuracy of inter-
actions in an agent-based simulation and may also depend on other factors such as the 
number of updates of agents, the fidelity of agents, and the interactions of agents. For 
example, if the agent models are very simple and there are no agent interactions then 
there might be no significant gain in computational efficiency with asynchronous 
simulations. On the other hand, if agents requires large amount of computation time 
and there are many interactions between agents then the total run-time of asynchro-
nous simulation will be much smaller than the total run-time of synchronous simula-
tion by reducing the large number of unnecessary updates of agents. The total  
run-time also depends on hardware configurations of the particular computer used, 
such as CPU speed, bus speed, and memories, and on software design such as how to 
implement the algorithm, data structures, and number of calculations.  

As described earlier in this chapter, overall efficiency is achieved when each agent 
updates only when needed for accurate modeling of its interior dynamics, correct 
interaction between agents, and timely measurement. Each agent requires some time 
to execute its internal dynamics. The cost of computation is proportional to the num-
ber of agent executions performed. Therefore, any unnecessary updates of agent may 
be considered wasted use of processor time, manifested as computational inefficiency. 
Thus, the number of updates (executions) of agents, especially the most computation-
ally intensive agents, can also serve as a measure of computational efficiency.  

Predicting interaction times must balance a tradeoff between conservative predic-
tions to avoid missing interactions and optimistic predictions to reduce unnecessary 
updates of agents. In complex systems, these tradeoffs are often difficult to quantify 
and evaluate. Our method recasts the prediction of interaction times as a signal detec-
tion problem, which allows methods from signal detection theory (SDT) to be applied 
to the evaluation of interaction prediction methods [49]. The basic idea is to apply 
Receiver Operating Characteristic (ROC) analysis [50],[51], a classic methodology of 
signal detection theory, now commonly called System Operating Characteristic 
(SOC) analysis when applied to systems other than receivers.  SOC analysis is com-
mon in medical diagnosis and radiology [52] and has recently begun to be used more 
generally in machine learning, data mining, AI, and aviation research communities 
[53],[54].  

The performance of a prediction algorithm can be evaluated by a decision matrix as 
shown in Table 1. In SDT, a false alarm (FA) occurs when an affirmative prediction is 
made in conditions where, in fact, no event is occurring; the probability of false alarm 

)(FAP  is defined as the conditional probability that an interaction is triggered given 

that no interaction is needed. Similarly, the probability of correct detection )(CDP  is 

defined as the conditional probability that a positive prediction is made given that an 
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event is occurred. The probability of missed detection )(MDP  can be defined in this 

case as the probability that the simulation fails to predict an interaction between 
agents before it occurs.  Finally, the probability of a correct rejection can be defined 
as the probability that the simulation does not predict an interaction within a specified 
interval. 

Table 1. Decision Matrix 

 
 

Note that missed detections and correct rejections are redundant with correct detec-
tions and false alarms. The probability of missed detection )(1)( CDPMDP −=  and 

the probability of correct rejection )(1)( FAPCRP −= . Therefore, accuracy in pre-

dicting interaction times can be perfectly described through knowledge of their prob-
abilities of correct detection and false alarm.  

Let ninteractiot be the time that an interaction actually occurs and predictiont̂ be the 

predicted time of interaction. The interaction times are continuous and can never be 

identically equal, so 0)ˆPr( ninteractio == tt prediction ; instead, if a prediction is within 

an allowable time range tΔ b before an actual interaction time and tΔ a after an actual 
interaction time, the prediction is considered to have accurately triggered an interac-

tion. The allowable time ranges ( btΔ  and atΔ ) can be chosen based on accuracy 

requirements of the simulation.  
In summary, the probabilities can be expressed by following equations and can be 

estimated experimentally through simulation. 
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In predicting the time of an interaction, any algorithm may choose to scale its pre-
dicted time to be more or less conservative; this is equivalent to the choice of scale 
factor, )(θtheta  (traditionally defined by SDT as a threshold). SOC curves are used 

to illustrate the fundamental tradeoff between false alarms and correct detections, as 
shown in Fig. 3. The SOC curve describes the locus of probability of correct detection 
(y-axis) against the probability of false alarm (x-axis) for all values of θ .  

 

Fig. 3. Schematic SOC curve with prediction threshold values 

A perfect method for predicting the time of interactions would have an SOC curve 
that passes through the extreme upper left corner, corresponding to an algorithm ca-
pable of )(CDP  of 1.0 and )(FAP  of 0.0. This would create a simulation that always 

synchronizes agents only when they need to interact, allowing for maximum compu-
tational efficiency. However, due to uncertainties in the dynamic behavior of agents, 
SOC curves generally do not pass through this point. Instead, as shown in Fig. 3, if 
predictions are weighted to be conservative (the threshold is relatively small), indi-
vidual agents will be updated more often during the simulation. This approach can 
reduce the number of missed detections at the expense of an increased rate of false 
alarms, at the expense of computational efficiency. If predictions are allowed to be-
come aggressive (the threshold is relatively large), fewer updates will occur (fewer 
false alarms), at the expense of increased missed detections. Here lies the fundamental 
tradeoff between missed detection and false alarm in setting the interaction times: 
reducing )(1)( CDPMDP −=  will increase )(FAP while )(FAP  reducing will in-

crease )(MDP . Thus, we propose that this application of SOC analysis is a useful 

method to evaluate the consequences in terms of )(CDP and )(FAP of making predic-

tions more or less conservative within the simulation.  
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3.3   Prediction of Agent Interactions   

The prediction of interaction times of agents is also very critical in implementing 
efficient timing mechanisms for agent-based simulations. This describes the issues of 
predicting interaction times between agents and limitations of developing a measure-
ment agent to more accurately predict the interaction times without significant com-
putation. Specifically, a generic interaction timing component can be developed to 
predict the interaction times between all combinations of pairs of designated sets of 
agents, as shown schematically in Fig. 4. This interaction timing component (ITC) 
maintains a list of modular interaction detection subcomponents, each of which is 
associated with one pair of agents to monitor; each predicts the time of their next 
interaction and calls for two relevant agents to be synchronized at that time. The ITC 
relates these agent update times to the broader simulation architecture.  

 

 

Fig. 4. Schematic of interaction timing component 

The ITC uses an object-oriented modular structure that makes it easy to develop 
new interaction detection subcomponents for predicting different types of interac-
tions. The ITC structure provides the interface to the broader simulation environment 
and establishes the intelligent detection subcomponent needed for all pairs of relevant 
agents. This modular interaction detection subcomponent structure has the direct 
benefit of allowing for easy implementation of new prediction models of interactions 
in the simulation, as a developer only needs to create a prediction function specific to 
an interaction between two agents without modifying the agent models themselves 
and without needing to duplicate the infrastructure provided by the ITC. Similar struc-
tures can also be easily created for interactions involving more than two agents. 

3.4   Intelligent Interaction Timing Prediction Using a Neural Network 

The accuracy and computational efficiency of the simulation depend on the prediction 
of agents’ interaction times. This section details a method for automatically determin-
ing the interaction times that needs neither extensive computation during run-time nor 
scenario-specific development of prediction algorithms. Specifically, this section 
examines building intelligence into the interaction timing component itself to first 
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learn from the dynamics of the simulation such that it can then predict the time of 
interactions between agents. This resulting ‘intelligent ITC’ also has the benefit of 
reducing the time and cost required to develop new large-scale simulations, as de-
tailed, scenario-specific predictors of interaction times are no longer be needed.  

Our method of predicting interaction times trains a back-propagation neural net-
work (BPNN) to predict interaction times between agents within the ITC, as shown in 
Fig. 5. A BPNN is trained to predict when interactions will occur from a set of train-
ing data created through the preliminary simulations with a conservative prediction 
method. Once the neural network is trained, it can be embedded into the simulation to 
automatically predict interaction times during run-time without expensive computa-
tions. This intelligent ITC control structure has the direct benefit of allowing for com-
paratively easy implementation of new interactions in the simulation: when a different 
interaction between agents needs to be modeled, the neural network can be re-trained.  

 

 

Fig. 5. Structure of intelligent interaction timing component using a neural network 

3.4.1   Procedures for Applying BPNN  
The concept of backpropagation neural network was first formalized by Paul Werbos 
for forecasting analysis [55] and later by Rumelhar and McClelland [56]. The 
backpropagation algorithm is the most popular supervised learning method for 
multilayer feedforward neural networks due to its simplicity and reasonable speed. 
The most appealing feature of backpropagation is its adaptive nature, which allows 
complex processes to be modeled through learning from training data by updating the 
weights of connecting neurons in each layer. Backpropagation and its variants have 
been applied to a variety of problems, including pattern recognition [52], signal 
processing, image compression, speech recognition, and nonlinear system modelling 
and control [57].  

Traditional backpropagation algorithms have some disadvantages, such as slow con-
vergence and trapping in local minima. Therefore, in the backpropagation with momen-
tum algorithm used here, a momentum parameter is used in scaling the adjustments 
from a previous iteration and adding to the adjustments in the current iteration. In most 
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cases, neural networks with a single hidden layer are capable of approximating all con-
tinuous functions [58]. Thus, our method of predicting interaction times uses the neural 
network with a single hidden layer and a single output neuron, and the network is 
trained with the backpropagation with momentum learning algorithm.  

This algorithm uses two phases: one to propagate the input pattern, and the other to 
adapt the output. After an input pattern has been applied as a stimulus to the first layer 
of network, it is propagated through each upper layer until an output is generated. 
This output value is then compared to the desired output, and an error is computed for 
each output unit. Specifically, the measure of the error on a training pattern is the sum 
of the squares of the errors for all output units as defined by Equation (3). In this case, 

p
jd is the desired value of the jth output neuron for input pattern p, and p

jo is the 

actual output value of the jth output neuron for pattern p: 
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where ijw  denotes a weight between neuron i and neuron j. 

The output value of our network is non-linearly scaled between 0 and 1 based on the 
sigmoid function (4). The output value at the output layer is then scaled to the correct 
magnitude of a predicted interaction time. The backpropagation algorithm generalizes 
the delta rule. The connection weights between nodes are adjusted backwards based on 
a generalized delta learning algorithm to reduce the total error. The errors at the output 
layer are propagated backward from the output layer to each node in the hidden layer 
during training phase. To determine the direction in which to change the weights, calcu-

late the negative of the gradient of pE with respect to the weights connected to output 
units. In the BPNN with momentum, a percentage of the last weight adjustments at time 
(t-1), called the momentum term, is added to current weight adjustments at time t, as 
defined in Equation (5). The adjustments to the weights when training the BPNN with 
momentum consider a learning rate (η), which has a significant effect on the network 
performance, and a momentum term (α), which increases the speed of convergence. A 
low learning rate can typically ensure more stable convergence while a high learning 
rate can speed up convergence in some cases.  
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The following three main phases are followed in using the intelligent ITC with the 
BPNN with momentum. 
 

1) Training Data Selection Phase: During preliminary simulation runs with a conser-
vative prediction algorithm, a set of training data (pairs of input variables and desired 
output value) for BPNN is collected. In this case, the training data describes the state 
of the agents whenever an interaction occurs. The desired output value is an interac-
tion time between a pair of agents. The performance of BPNN depends strongly on 
the quality of training data. The best training procedure is to compile a wide range of 
training data (for more complex problems, more training data is required) that exhibits 
all the different characteristics of the problem of interest [59].  

As shown in Fig. 6, this can be thought of as the space of training data. Determina-
tion of this space requires an understanding of the domain being simulated and the 
purpose of the simulation, such that the predictor will be trained sufficiently on all 
conditions of accuracy.  

 

 

Fig. 6. Training data space and distance between input points of training data 

Too many redundant elements in the collected training data set can degrade the 
performance of the network in terms of accuracy and training time. Therefore, we 
developed an algorithm to efficiently select good training data during the preliminary 
simulation runs. The idea is to measure a distance (called deviation) between existing 
training data and a new instance of training data. The deviation of each element of 
training data is determined by calculating the difference of new input variables (fea-
ture values) from the normalized input variables of the existing training data, sum-
ming up the squares of the difference measurements, and then taking the square root 
of the sum as follows:  

                                      Deviation (d) = ∑
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where xi = the ith input variable of the existing training data 
           yi = the ith input variable of the current training data  
       for i = 1,2, .. ,n.      n = the number of input variables 
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Whenever a new training data is collected during the preliminary simulation, its 
deviation is compared with that of all accepted existing training data. If the deviation 
is larger than a predefined minimum (ε) for all existing training data then the new 
training data is accepted as representing an aspect of the training space hitherto not 
captured in. The selection of the minimum deviation (ε) will affect the performance of 
the neural network. For example, if the minimum deviation is too small, many nearly-
identical elements of training data will be accepted, resulting in a slow convergence 
rate in training the neural network and a tendency to converge on a local minimum. 
On the other hand, if the minimum deviation is too large, the input data space will be 
too sparse, which means the performance of neural network may be degraded since 
the neural network is not well trained with a complete set of input patterns that covers 
the entire input space. Thus, while the algorithm can be applied automatically, its 
parameter ε must be chosen based on understanding of its implications for training 
BPNN. 

 

2) Training Network Phase: Next, BPNN must be trained using the selected set of 
training data. The backpropagation with momentum learning algorithm is used to 
efficiently modify the different connection weights to minimize the errors at the out-
put [60]. Most agent-based simulations need to predict the interaction times conserva-
tively to avoid missing any important interactions between agents. Therefore, the 
generalized delta learning rule in the BPNN can be modified to penalize more 
strongly over-estimates of interaction time as follows: 
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This modification imposes a penalty (λ) when the predicted output value of input 
pattern is overestimated to control how conservatively to train the neural network. 
The stopping criteria for learning need to be also defined: If the average error per 
input pattern drops below a specified error tolerance, then the learning process can be 
stopped. In the training phase, the training data is split into two parts: a training set 
and a test set. Once the neural network is trained with training data set, the total error 
of the neural network can be computed with the test data set. If this error meets the 
specified error tolerance, then the neural network may be considered validated; if it 
does not, then the network needs to be retrained with a different set of training data or 
network parameters to meet the specified error tolerance. Note that the network will 
never exactly learn the ideal function between input and output values, but rather it 
will asymptotically approach the ideal function. 
 

3) Simulation Phase: During the course of the simulation, interaction detection sub-
components provide the state of pairs of agents to the BPNN as input values of the 
neural network. The neural network then gives back a predicted next interaction time  
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of the pair. The intelligent ITC selects a minimum value among the next interaction 
times of all interaction detection agents and interacts with the timing mechanism of 
the simulation to synchronize those agents at their predicted interaction time.  

3.4.2   Main Issues of Using the BPNN  
There are several issues to be considered when designing and training a neural net-
work. The goal is to achieve a good performance of the network, which means the 
network can predict desired target values for any inputs within a specified operating 
space, even if not specifically identically captured in the training set.  

First, sufficient information about the agents must be provided to the neural net-
work to discriminate outputs with the desired degree of accuracy. Likewise, eliminat-
ing redundant or ineffective inputs can improve accuracy. The wise choice of inputs 
to the neural network requires expertise in the domain being simulated; with it the 
complexity and training time of the network can be reduced and predictive perform-
ance of the network can be improved [61], as manifested in shifting its SOC curve 
closer to the ideal point corresponding to P(CD) = 1 and P(FA) = 0.  

Second, it is a necessary condition for good performance that the training sample 
set should be sufficiently large. If an untrained input pattern is within the training data 
space and close to elements of the training data set, the trained network might be able 
to interpolate reliably. However, if an untrained input pattern is outside of the training 
data space or lies far away from elements of the training data set, the performance of 
the network can be unreliable. Unfortunately, there is no firm method for guarantee-
ing a priori that the training data set is sufficient to train the neural network. Selection 
of a set of significant features and suitable training data is often done experimentally 
and requires knowledge about the domain or system. The use of a separate set of data 
spanning the training space to validate the neural network provides a necessary, but 
only post hoc, assessment of the training data set.  

Third, the training time can be significant and a number of techniques may be war-
ranted to improve the training process. These include early stopping that is used for 
improving the generalization of a neural network during training and preventing it 
from overtraining, cross-validation for estimating generalization error based on re-
sampling and varying the size of the training data [62]. The effort required for training 
will be merited when the simulation will be used repeatedly and the trained neural net 
will provide beneficial levels of computational efficiency and prediction accuracy. 

Other issues relate to the network architecture, including the number of hidden lay-
ers and the number of units for each hidden layer. For applications where a nonlinear 
model is needed, typically one hidden layer with arbitrary large number of units is 
sufficient for a good approximation. However, there is no general ‘rule of thumb’ that 
gives the most appropriate number of hidden units for training the network. 

4   Test Scenario: Simulation of Air Traffic Control System 

To demonstrate the computational performance of different timing mechanisms, an 
experiment was conducted using agent-based simulation architecture [63], [64] and the  
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intelligent ITC using the BPNN described in the previous section. An agent-based simu-
lation model was developed for a stream of arriving aircraft flying the Macey Two 
Standard Terminal Arrival Route (STAR) into Atlanta Hartsfield-Jackson International 
Airport. Three different arrival paths merge into one traffic stream to the airport, defined 
by a sequence of waypoints for aircraft. Several different types of agent models were 
included in the simulation, including an air traffic controller and aircraft. Although a 
specific airport was modeled, this simulation model could easily be modified to nearly 
any airport traffic control center by changing the traffic flow pattern (and retraining the 
ITC) without any changes to the agent models themselves. 

One of the main interactions of concern is the loss of minimum separation between 
aircraft. A conflict can be defined as two or more aircraft violating their minimum 
allowed horizontal distance and altitude separation between aircraft. In our agent-
based simulation, the interaction timing agent predicts the conflict time at which a 
minimum separation distance between aircraft is violated using either a BPNN or a 
simple conservative prediction algorithm. 

To predict aircraft conflicts, it is necessary to project the future positions of aircraft 
over time. However, due to variability and uncertainty in the aircraft trajectory, linear 
extrapolations of the aircraft’s location at future times are frequently erroneous. For 
example, ‘dead-reckoning’ linearly extrapolates the position of aircraft and thus can 
be used to predict the conflict times between them. However, dead-reckoning will not 
account for interactions predictable in a stochastic sense as, in the air traffic 
environment modeled here, stochastic events such as air traffic controller commands 
and aircraft maneuvers to follow a defined arrival route can occur at any time. 
Instead, knowledge of the pattern of the traffic flow, including likely air traffic 
commands, can be learned to improve the statistical accuracy of the predictor even 
accounting for likely changes in any one aircraft’s trajectory. Analytic prediction 
algorithms, therefore, would need to be redesigned for every arrival route, while an 
intelligent ITC would need only for its neural network to be retrained.  

4.1   Agent Models  

For the agent-based simulation, several different types of agent models (heterogene-
ous agents) were developed, each with different methods for internally representing 
time and rates at which they do so. These models include: 

 
1)  Waypoint-Following Aircraft Agent: Each waypoint following aircraft can be 
given a desired trajectory defining the planned route of an aircraft by a list of way-
points. A dynamic model based on control algorithms and ordinary differential 
equations provides the necessary guidance and equations of motion to yield the ac-
tual trajectory of the aircraft. It requires very small time steps, which is computa-
tional intensive. It can be commanded by the air traffic control (ATC) controller 
agent to change its speed and heading.   
2)  Random Aircraft Generator: The random aircraft generator enters waypoint-
following aircraft agents stochastically into the three arrival routes with an inter-
arrival time specified by a statistical distribution. The stochastic input implies that  
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the amount of traffic in the simulation also varies stochastically; traffic can be very 
intense for short periods of time yet can drop off to nearly no traffic on other occa-
sions. This property is also true of actual operations. 
3)  Air Traffic Controller Agent: The air traffic controller monitors aircraft move-
ment and ensures that a safe separation distance is maintained between the in-flight 
aircraft under their control. In this scenario, a simple ATC agent determines air-
craft sequences within merging arrival streams and then commands desired speeds 
or headings to aircraft to maintain proper spacing. Several instances of ATC agents 
were created, one for each of the airspace sectors the aircraft would fly through. 
ATC agents monitor their control sectors for aircraft entering or leaving their con-
trol sectors. The ATC agent also routinely requires aircraft to synchronize when it 
needs information about the current state of all aircraft in its sector, mimicking a 
scan of the radar screen. 
4)  Conflict Detection Component: A conflict detection component was developed 
and implemented using the ITC structure described earlier. The conflict detection 
component predicts conflict times between aircraft from the current states of air-
craft. Two different prediction methods were used: a simple conservative predic-
tion algorithm and the intelligent prediction method using BPNN. 

4.2   Conservative Prediction Method of Conflict Detection Times 

For the conservative prediction method of conflict detection, a simple algorithm was 
used to predict the worst-case time to conflict between aircraft (

CPMt̂ ) by assuming 

two aircraft are flying directly at each other, regardless of their actual convergence 
angle, as follows:  

 

       
aircraftother  the of airspeed  aircraft one of airspeed

distance n separatiominimum - aircraft two between distance
 tCPM +
=ˆ             (8) 

Let θ be a threshold value which can be varied to set the conservativeness of the pre-
diction time. Then, the next interaction time of the ITA using the conservative method 
can be defined as:  

 

                  Next Predicted Interaction Time = CPMttimecurrent ˆ⋅+ θ                    (9) 

4.3   Intelligent Prediction Method of Conflict Detection Times Using the BPNN 

The input values for the BPNN were determined by knowledge of system dynamics. 
Andrews [65] described the motion of a pair of aircraft as a dynamic system captured 
by five state variables: range (r), relative bearing seen from aircraft 1 (β1), relative 
bearing seen from aircraft 2 (β2), airspeed of aircraft 1 (V1), and airspeed of aircraft 2 
(V2), as shown in Fig. 7. These five state variables are used as input variables of the 
neural network to predict the time to the loss of minimum separation between a pair 
of aircraft. Through a preprocessing of input patterns, the five state values are normal-
ized to a value ranging from 0 to 1.  
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Fig. 7. Input variables of neural network for prediction of conflict times between aircraft 

The output of the neural network is 
IPMt̂ , the predicted time to the conflict between 

aircraft by the intelligent prediction method using the BPNN, measured relative to 
current time. If there is no predicted conflict between aircraft, then the output value is 
limited to an upper bound; if two aircraft are already too close to each other, then the 
desired output value is set to a lower bound. During the simulation, this predicted 
time is converted to an absolute time at which the pair of aircraft should be next 
evaluated for a conflict. The next predicted interaction time can be made more or less 
conservative by multiplying by the threshold value (θ ):  

 

   Next Predicted Interaction Time = IPMttimecurrent ˆ⋅+ θ ,                   (10) 

where 
boundlowerboundlowerbounduppervalue target predictedt IPM _)__(ˆ +−⋅=  

 
In the training data selection phase, a total of 1173 input training patterns were se-
lected with a minimum deviation of 0.02 through the preliminary simulation with the 
conservative prediction method. In the learning phase, a penalty value of 5 was used 
in the modified delta learning rule to train the BPNN conservatively. Generally, the 
performance of the neural network depends upon many factors such as network to-
pology selection, learning parameters, and completeness of representation of the prob-
lem space in the training patterns [43]. The parameters to train the BPNN in this 
simulation were obtained through preliminary simulations. Once identified, these 
parameters can be re-used for automatic re-training of the neural network to similar 
configurations. 

4.4   Performance Analysis of Prediction Methods 

Typically, each agent requires some time to execute its internal dynamics. The cost of 
computation scales with the number of agent executions performed.  Therefore, the 
number of updates of the most computationally intensive agents can serve to measure 
computational efficiency. In this test scenario, the waypoint following aircraft agents 
are both the most computationally expensive and the ones most likely to be asked to 
unnecessarily synchronize. Thus, the average number of updates per aircraft in flying 
the arrival route will be used as the measure of computational efficiency: fewer up-
dates correspond to better performance. 
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The computational efficiency of the intelligent prediction method using BPNN was 
compared with the conservative prediction method, as shown in Fig. 8. The ideal 
minimum number of updates represents the number of updates the aircraft agent 
should be executed for their dynamics and for interactions with other agents. In the 
synchronous simulation, each agent predicts its own next update time based on its 
internal dynamics or a predefined fixed update time. This method requires all agents 
in the simulation to update at the same time, using the worst-case (smallest) next 
update time of any agents. The asynchronous with complete resynchronization simu-
lation allows for agents to be updated independently following their own update times 
until an agent requires a complete synchronization given for any reason; for example, 
the air traffic controller agents or conflict detection component are allowed to com-
mand a complete resynchronization at times when they need to get current state in-
formation of aircraft agents or the next air traffic command might be warranted. The 
conservative prediction method was used in the conflict detection component with 
this timing mechanism. However, there are still many unnecessary updates of aircraft 
agents because this timing method requires a complete resynchronization of all agents 
at the conservatively predicted interaction times, as shown in Fig. 8, rather than just 
resynchronization of those agents involved in a predicted interaction. 

On the other hand, with the asynchronous with partial resynchronization timing 
mechanism, the controller agents require only the aircraft in their sector to be updated 
when they “scan their radar”, and the conflict detection component requires only the 
two aircraft involved in a potential loss of separation to be updated. The computa-
tional efficiency of the simulation is significantly improved overall with both asyn-
chronous with partial resynchronization timing methods; the asynchronous with par-
tial resynchronization using intelligent prediction method is the most computationally 
efficient. Further computational efficiency gains can be achieved by predicting the 
interaction times between agents more accurately and efficiently, as shown by the 
further reductions in aircraft updates using intelligent interaction predictions.  

 

 

Fig. 8. Comparison of performance of different prediction methods 
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4.5   SOC Curves of the Prediction Methods 

SOC curves for both prediction methods are shown in Fig. 9. In each case, the conflict 
interval defined the period of time within which the prediction must fall after the start 
of the conflict; this corresponds to tΔ a as described in the section 3.2; for this appli-
cation the prediction was not wanted before the start of the conflict so tΔ b was set to 
zero. Several conflict intervals were used in defining the criteria for a correct detec-
tion. The SOC curves show a significant benefit is gained with the intelligent predic-
tion method using BPNN compared to the conservative prediction method. Especially 
for larger conflict intervals, appropriate threshold setting for the BPNN can achieve a 
high probability of correct detections with a low probability of false alarms. On the 
other hand, the conservative prediction method is limited in its ability to reduce the 
number of false alarms (unnecessary updates of agents) by varying its threshold value. 
Even though the same probability of correct detections can be achieved by adjusting 
the threshold value of the prediction methods, the incidence of false alarms is much 
lower with the intelligent prediction method. Therefore, once its BPNN is trained, the 
intelligent prediction method provides more accurate interaction times with greater 
computational efficiency and without requiring sophisticated prediction algorithms to 
be developed.  

 

 
 

Fig. 9. SOC curves with conservative and intelligent prediction using BPNN methods 

5   Conclusions and Discussion 

Agent-based modeling and simulation can be a powerful method for the design and 
analysis of large-scale multi-agent systems to capture both the individual behavior of 
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agents within the system and the emergent behavior of heterogeneous agents interact-
ing with each other in significant ways. The main advantage of agent-based simula-
tion is that it facilitates the simulation of emergent (macro-level) behavior as well as 
individual (micro-level) agent behavior in highly dynamic situations, which is hard to 
capture with traditional simulation methods. The emergent behavior of a system 
represents the intricate inter-relationships that arise from the interaction of agents. 
This type of simulation generates system dynamics from the actions of heterogeneous 
agents and their interactions. From these, it predicts the behavior of the socio-
technical system as a whole, and the corresponding demands the environment will 
place on the agents. 

Typically, large-scale agent-based simulation requires considerable computational 
power. Timing mechanisms capable of adding accuracy and computational efficiency 
to the agent-based simulation were demonstrated in this chapter. A new timing 
method, asynchronous with resynchronization, was proposed and detailed in this 
chapter. A key idea of the newly developed timing mechanisms is that it is not neces-
sary for the simulator to update all agents whenever only a single agent is updated. 
The accuracy and computational efficiency of the asynchronous with resynchroniza-
tion timing mechanisms can be improved by better estimation of the resynchroniza-
tion intervals. In summary, setting the resynchronization intervals for the asynchro-
nous with resynchronization timing mechanism must balance a tradeoff between early 
resynchronization to increase accuracy and extending a resynchronization interval to 
improve computational efficiency.  

This chapter showed that the new timing mechanisms greatly reduce the unneces-
sary updates of agents, resulting in much more efficient performance of the agent-
based simulation in the air traffic test case. The evaluation of different prediction 
methods of interactions was cast as equivalent to a signal-detection problem, allowing 
the performance of interaction prediction algorithms to be examined directly by SOC 
curves. Once a SOC curve is constructed, the accuracy and computational efficiency 
of the simulation can be adjusted by setting the threshold value that best suits the 
needs of the simulation within the tradeoffs between computational efficiency and 
accuracy. 

It was shown that such accuracy and efficiency can be achieved when agents are 
updated only when required for their internal dynamics, for correct interactions with 
other agents, and for timely measurements. Even with a simple method of conserva-
tively estimating resynchronization intervals, significant computational benefits were 
found in the test case simulation. Timing mechanisms for agent-based simulation, 
therefore, must ensure that agents in the simulation are synchronized at any time 
when they must interact or exchange data between agents. The new timing mecha-
nisms can scale to the large-scale simulations involving large number of agents inter-
acting with each other. In particular, when agents have widely varying update times 
and need to interact frequently, the asynchronous with partial resynchronization 
method can greatly improve computational efficiency. 

This chapter also described the development of an intelligent timing component 
capable of taking a simple interaction detection subcomponent containing only a pre-
diction function and applying this agent to all pairs of relevant agents in the simula-
tion. This interaction timing component has the direct benefit of allowing for easy 
implementation of new predictions in the simulation, as it monitors all combinations 
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of relevant agents and interacts with the larger simulation architecture, including 
commanding the relevant agents to resynchronize at appropriate times. Improvements 
in computational efficiency have been demonstrated due to the ability of the interac-
tion timing component to declare when resynchronizations are needed for agent inter-
actions. To create a flexible, reconfigurable, yet accurate and computationally effi-
cient prediction mechanism, this research also demonstrated the application of a 
backpropagation neural network (BPNN) in predicting the time of interactions be-
tween agents. An intelligent timing component using the BPNN was presented to 
predict the interaction times between agents. This modular intelligent agent frame-
work could be easily adapted to simulating other configurations or even other applica-
tion domains without extensive development efforts; only the BPNN would need to 
be re-trained. In the test case, unnecessary updates of agents were found to be signifi-
cantly reduced with the intelligent prediction method by accurately capturing and 
predicting the interactions between agents using the BPNN.  

However, there are still several issues meriting further study. First, in this study, 
the training data for the prediction of interactions was obtained through the off-line 
preliminary simulation. The learning structure of the BPNN can be improved by al-
lowing the neural network to gather training data and adjusting the weights of the 
neural network adaptively during normal simulation runs. Further research on a more 
general method to select input features and input patterns, to train a neural network to 
improve the performance of the network, and to choose the topology of the neural 
network for better training and performance of the network, would facilitate use of the 
intelligent ITC in a range of simulations. Second, as described earlier, the computa-
tional efficiency and accuracy of the prediction methods might depend on the predict-
ability of simulation environment. For example, if numerous stochastic events (such 
as human errors and machine failures) can occur, the performance of interaction pre-
dictions might degrade. Further research is required to evaluate the impact of the 
predictability of system dynamics on the performance of such intelligent timing and 
prediction mechanisms.  
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Abstract. The chapter deals with group-oriented service provisioning in next-
generation network (NGN). It consists of three parts: the first bringing forth user 
profile creation and semantic comparison; the second explaining user profile 
clustering and semantic classification; and the third describing social network 
creation and analysis. The multi-agent system A-STORM (Agent-based Service 
and Telecom Operations Management) is presented and elaborated as part of the 
proof-of-concept prototype which demonstrates provisioning of group-oriented 
services within NGN. As a group-oriented service, the RESPIRIS 
(Recommendation-based Superdistribution of Digital Goods within Implicit 
Social Networks) service is implemented and provisioned by using prototype’s 
agents. The proposed provisioning scenario is set forth, as well as provisioning 
process analysis presented. 

Keywords: Intelligent Software Agents, Group-oriented Services, Semantic 
Clustering, Ontology-based User Profiles. 

1   Introduction 

The future of telecommunication industry is directed towards creating systems aware of 
user preferences, device capabilities, and communication context, and simultaneously 
enabling dynamic user group formation defined by similar characteristics (e.g., user 
preferences, user device and/or user context). Consequently, telecommunication 
operators (telcos) have recognized the importance of dynamic formation of user groups 
according to similar characteristics. The topic of this chapter is how using Semantic 
Web and software agent technologies can enable dynamic social networking in the 
environment of next-generation network (NGN). 

The evolved NGN should aim at taking changing user demands into account and at 
creating spontaneous, adaptive services that can be delivered anytime, anywhere, to 
any device that its user prefers. Therefore, the realization of the full potential of 
convergence will make it necessary for operators to deploy dynamic, cooperative and 
business-aware consistent knowledge layer in the network architecture in order to 
enable ubiquitous personalized services. Providing such context-aware services 
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transparently to the user is not only challenging from a network point of view, but also 
imposes rigorous requirements on the service provisioning.  

Semantic Web technologies are rather novel but very amenable grounding for user 
clustering, while software agents have proven to be very suitable for user profile 
management and telecommunication processes enhancements. The idea of semantic 
reasoning has resulted in a number of languages. Among these are Resource Data 
Framework (RDF), RDF Schema (RDFS) and the Web Ontology Language (OWL). 
Information retrieval from RDF and OWL ontologies is performed by using various 
query languages. These languages are often loosely based on the Structured Query 
Language (SQL) syntax, but are performed on different data model; instead of 
relational database, the data being queried is represented as a graph consisting of 
subject-verb-object (SVO) triples. Such languages are RDF Data Query Language 
(RDQL) and Sesame RDF Query Language (SeRQL).  

This chapter is organized as follows. In Section 2, we define group-oriented services. 
Section 3 describes NGN, and Section 4 presents how to create an ontology-based 
profile of telecommunication service user. Section 5 brings forth user profile clustering, 
and Section 6 elaborates semantic classification of user profiles. In Section 7 a multi-
agent system enabling service provisioning in NGN is presented, as well as a proof-of-
concept implementation done in Java. Section 7 proposes ideas for future research work 
and concludes the chapter. 

2   Group-Oriented Services 

Simultaneous development of mobile devices and telcos’ infrastructure resulted in 
increasing complexity of mobile services [25]. The future of mobile communications is 
evolving from linear services (i.e., traditional services where the user cannot influence 
the predefined service provisioning procedure) towards new non-linear services (i.e., 
interactive services where the user participates in the service provisioning procedure, 
tailoring the service to his/her preferences, device and/or context) [4]. The non-linear 
services were available only for fixed network users until recently. In this chapter we 
study a special type of non-linear services: group-oriented services for mobile users: 
 

• we define group-oriented service as a service in whose provisioning there cannot 
participate just one user, but a set of users with certain similarities (e.g., similar 
preferences, devices and/or context); 

• we define mobile users as users possessing mobile devices (e.g., mobile phone or 
PDA). 

 

The main idea behind the group-oriented services is to group mobile users into clusters 
taking into account users’ interests, their mobile devices’ characteristics and context in 
which they find themselves while requesting a service. To achieve this it is necessary 
to introduce a rather new approach in the service provisioning process: building 
implicit social networks of mobile users. Unlike explicit social networks (e.g., 
Facebook1, MySpace2 or LinkedIn3), implicit networks are built autonomously based 
                                                           
 1 http://www.facebook.com  
 2 http://www.myspace.com  
 3 http://www.linkedin.com  
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on similarities of user profiles, without the interference of users themselves, in order to 
provide useful information for telcos [25]. 

3   Next-Generation Network 

Next-generation network (NGN) [3] [10] [26] [28] emerged as a fusion of enhanced 
IP-based network [1] and telecommunication network. The ITU-T Recommendation 
Y.2001 [19] provides a general definition of the NGN as a packet-based network able 
to provide telecommunication services and to make use of multiple-broadband QoS-
enabled (Quality of Service) transport technologies and in which service-related 
functions are independent from underlying transport-related technologies. NGN 
enables unfettered access for users to networks and competing service providers 
and/or services of their choice. Additionally, the NGN concept introduces multiple 
convergences (see Fig. 1): 
 

• network convergence, describing the integration of various wireline and 
wireless access technologies; 

• terminal convergence, describing the introduction of adaptive services which 
can be delivered anytime, anywhere, and to any device the user prefers; 

• content convergence, describing the ever-growing tendency of digitizing 
various forms of information, and; 

• business convergence, describing the fusion of the ICT (Information and 
Communication Technology) and media industries. 

 

 

Fig. 1. Multiple convergences in the NGN 
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4   User Profiles 

Telecom service provisioning paradigm is shifting from CRM (Customer 
Relationship Management) to CMR (Customer-Managed Relationship) [39]. The 
CMR is a relationship in which a company (i.e., telecom operator) uses a 
methodology, software, and perhaps Internet capabilities to encourage the customer 
(i.e., telecom service user) to control access to information and ordering. When a 
company applies the CMR paradigm its customers should be in control of the 
information pertaining to them such as their profile and transaction history. 
Moreover, a company should model its processes having in mind that customers’ 
needs and feelings have the priority or are at least of equal weight to the company's 
needs and desires. Additionally, CMR paradigm allows customers to define how they 
communicate with the company, what services or products they will purchase, and 
how they will pay. 

The above mentioned requisites brought up by the CRM paradigm considerably 
influence the design of company’s ICT systems: traditional ICT solutions must be 
upgraded with mechanisms which enable advanced customer profile management. 
Namely, creation, storage and continuous update of customer profiles, as well as 
autonomous analysis of customer profiles and matchmaking of those profiles with 
service/product descriptions, should be enabled. When a company which introduces 
the CRM paradigm acts on the market as a telecom operator, its integrated  
ICT system must not support just traditional telecom operations but also  
enable advanced customer (i.e., telecom service user) profile management [7] [8] 
[9] (Fig. 2). 

4.1   Related Work on User Profiling 

The W3C is working on the CC/PP4 (Composite Capabilities/Preferences Profile), an 
RDF-based specification which describes device capabilities and user preferences 
used to guide the adaptation of content presented to that device. It is structured  
to allow a client to describe its capabilities by reference to a standard profile, 
accessible to an origin server or other sender of resource data, and a smaller set of 
features that are an addition to or different than the standard profile. A set of CC/PP 
attribute names, permissible values and associated meanings constitute a CC/PP 
vocabulary. 

OMA’s (Open Mobile Alliance) UAProf5 (User Agent Profile) specification, based 
on the CC/PP, is concerned with capturing classes of mobile device capabilities which 
include the hardware and software characteristics of the device. Such information is 
used for content formatting, but not for content selection purposes. The UAProf 
specification does not define the structure of user preferences in the profile. 

                                                           
 4 CC/PP specifications: http://www.w3.org/Mobile/CCPP/ 
 5 UAProf specification: http://www.openmobilealliance.org/ 
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Fig. 2. Paradigm shift in telecom service provisioning 

4.2   The Semantic Web 

The Semantic Web [11] [37] [38] is a vision in which knowledge [2] is organized into 
conceptual spaces according to meaning, and keyword-based searches are replaced by 
semantic query answering [11]. Semantic Web languages, such as Resource Data 
Framework6 (RDF), RDF Schema7 (RDFS) and the Web Ontology Language8 (OWL), 

                                                           
 6 RDF specifications: http://www.w3.org/RDF/ 
 7 RDFS specifications: http://www.w3.org/TR/rdf-schema/ 
 8 OWL specifications: http://www.w3.org/TR/owl-features/ 



282 V. Podobnik et al. 

can be used to maintain detailed user profiles. With the help of various query 
languages, based on Structured Query Language (SQL) syntax, it is possible to 
perform efficient semantic profile matchmaking once the profiles have been created 
according to a certain standard. Such matchmaking enables us to perform clustering 
according to true, semantic similarities, rather than keyword matchmaking. Semantic 
queries are the main means of information retrieval (IR) used in current research in this 
area. Inspiration for a query-based style of reasoning stems directly from the 
widespread propagation of RDBMS (Relational Database Management Systems). 
Semantic query languages have a number of features in which they differ from SQL 
queries due to Semantic Web knowledge, which can be either asserted (explicitly 
stated) or inferred (implicit), being network structured, rather than relational. Also, the 
Semantic Web assumes an OWM (Open World Model) in which the failure to derive a 
fact does not imply the opposite [12], in contrast to closed world reasoning where all 
propositions whose verity cannot be ascertained are considered false [13]. 

In our implementation information is retrieved by means of RDQL (RDF Data 
Query Language) and SeRQL (Sesame RDF Query Language) queries. The Sesame 
[14] repository with OWL support [15] is utilized to store the required knowledge. 

4.3   Proposed User Profiles 

We extended the CC/PP and UAProf specifications and mapped them to the OWL 
ontology in order to create the telecommunication service user profile, as shown in List. 1. 
Opening rows (i.e., rows 1-10) and the closing row (i.e., row 43) must be defined 
according to XML and RDF specifications, while the remaining rows (i.e., rows 11-42) 
contain information about the user. We distinguish five different types of user information: 
 

• Rows 11-13 and the row 42 – Every profile is an instance of a UserDeviceProfile 
(an ontology defining UserDeviceProfile is shown in Fig. 3. The profile is 
described with 20 attributes, as follows; 

 

 
Fig. 3. Class hierarchy 
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• Rows 14-21 – Six attributes defining user preferences; 
• Rows 22-28 – Five attributes defining the user device hardware; 
• Rows 29-33 – Three attributes defining the user device software; 
• Rows 34-41 – Six attributes defining the user context; 

 

Attributes can be classified into one of the following types: 
 

• Interval: An interval attribute is defined by a continuous linear scale divided 
into equal intervals (e.g., in List. 1 hasAvailableMemory could be qualified as 
an interval attribute with integer values); 

• Ordinal (or rank): An ordinal attribute has multiple states that can be ordered 
in a meaningful sequence. The distance between two states increases when 
they are further apart in the sequence and the intervals between these 
consecutive states might be different (e.g., in List. 1 hasPrefferedQoS could 
be qualified as an ordinal attribute with values Bronze, Silver, and Gold); 

• Nominal (or categorical): A nominal attribute takes on multiple states, but 
these states are not ordered in any way (e.g., in List. 1 hasPrefferedLanguage 
is a nominal attribute with values English, Deutsch, and Hrvatski). 

• Binary: A binary attribute is a nominal attribute that has only two possible states 
(e.g., in List. 1 hasPrefferedDeliveryType can be streaming or nonstreaming). 

 

 

List. 1. An example of a user profile 

5   Semantic Clustering 

Clustering is a process that results in partitioning a set of objects, which are described 
by a set of attributes, into clusters. Clustering algorithms rely on distance measures that 
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are in relation to the similarity between objects that need to be grouped. Consequently, 
objects in resulting clusters are more similar to one another than to those in other 
clusters.  

5.1   Common Clustering Methods 

Common clustering methods include partition-based and hierarchical approach, and 
Kohonen neural network, each of which uses a specific distance measure. 

The partition-based approach includes k-means and partitioning around medoids 
(PAM). The idea is to partition a set of objects into multiple non-overlapping clusters. 
A partition-based technique creates an initial partition depending on a specific number 
of clusters and then attempts to improve the partition iteratively by moving objects 
between or among clusters. 

The hierarchical clustering approach starts by building a binary clustering hierarchy 
(i.e., a tree). Each leaf node represents an object to be clustered. Hierarchical clustering 
methods can be further classified into agglomerative or divisive clustering, depending 
on whether the clustering hierarchy is formed in a bottom-up or top-down fashion. The 
hierarchical agglomerative clustering (HAC) algorithm uses a bottom-up strategy, 
starting with as many clusters as there are objects. Based on an inter-cluster similarity 
measure of choice, the two most similar clusters then merge to form a new cluster. This 
process is continued until either a hierarchy emerges, where a single cluster remains at 
the top of the hierarchy containing all the target objects, or the process reaches a 
specified termination condition (e.g., inter-cluster similarity less than a specified 
threshold). In contrast, the hierarchical divisive clustering algorithm employs a top-
down strategy, starting with all the objects in a single cluster. The cluster is then 
divided into its two most distinct clusters. The division process is repeated until either 
each object is part of a distinct cluster or the process reaches a specified condition (e.g., 
intra-cluster similarity of each cluster greater than a specified threshold). 

A Kohonen neural network9 is also known as a self-organizing map. The network is 
an unsupervised two-layer neural network. Each input node corresponds to a 
coordinate axis in the input attribute vector space. Each output node corresponds to a 
node in a two-dimensional grid. The network is fully connected. During the training 
phase, all objects to be clustered are fed into the network repeatedly in order to adjust 
the connection weights in such a way that the distribution of the output nodes 
represents that of the input objects. The input vector space distribution serves as the 
criterion. Since we used the partition-based approach, the following sections provide a 
more detailed preview of these algorithms. 

5.1.1   Partitioning around Medoids 
The PAM [16] algorithm partitions an initial set of ݊ objects into ݇ clusters by first 
finding a representative object for each cluster. A representative, that is often called a 
medoid, is the most centrally located object in a cluster. Once ݇ medoids have been 
selected, each nonselected object is classified into the cluster of the medoid closest to 
the object, based on the distance. The algorithm then repeatedly tries improving the 
partition by substituting a non-selected object for medoid whenever such substitutions 
add to the clustering quality.  

                                                           
 9 Kohonen neural network: http://mlab.taik.fi/~timo/som/thesis-som.html 
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5.1.2   K-Means Algorithm 
K-means algorithm starts by initializing (randomly or by some heuristic) the set of ݇ 
means (i.e., controids). Afterwards, it firstly constructs an initial partition by associating 
each of ݊ objects with the closest of ݇ centroids: as a result ݇ clusters are generated. 
Secondly, the k-means algorithm recalculates centroids of every cluster based on objects 
currently associated with that particular cluster: new centroid is calculated as the mean 
of all objects in the cluster. The algorithm repeats alternate application of these two 
steps until convergence, which is obtained when the points no longer switch clusters, 
centroids are no longer changed or a certain criteria is reached. Our implementation 
performs centroid recalculation for a given number of iterations so the optimal 
clustering cannot always be reached. In our case study we repeat the procedure in ten 
attempts, so we introduce a reliability measure. After all attempts have been performed 
reliability is determined for each obtained partition by dividing the number of attempts 
resulting in that particular partition with the total number of attempts. Throughout the 
testing, reliability for this algorithm has been mostly above 80%.   

5.2   K-Means Constructive Clustering Based on Semantic Matchmaking 

In our case, we compare user profiles and partition users into groups. Such partitioning 
enables the telecommunication operator to enhance the provisioning of group-oriented 
services. In our implementation we do not use standard distance measures to compare 
profiles, but rather take advantage of a novel approach based on semantic 
matchmaking [5] [6]. Table 1 shows the comparison of two user profiles. Each 
attribute in the profile is asserted individually, while the final result is the arithmetic 
mean of individual attribute scores. The semantic matchmaking procedure is carried 
out as follows: 
 

• Position within the class hierarchy: Each profile is an instance of a certain class 
from the ontology. Fig. 3 shows how class hierarchy position is transformed 
into a real number that represents the similarity between two classes, or objects. 
Greater distance between two classes implies less similarity between classes’ 
instances: we can see that the MobilePhoneProfile and the LaptopProfile 
classes are four “steps” away from each other in the hierarchy. The similarity 
score is calculated by division of 1 by the number steps (in this case 4, so the 
similarity score equals 0,25); 

• Common attribute types: When comparing binary and nominal attributes the 
result is either 0 (if the values are not equal), or 1 (if the values are identical). 
When comparing ordinal attributes the result is a number between 0 and 1, 
depending on the rank of each value. A comparison result of two attributes is a 
ratio between the smaller and the greater attribute between the two: e.g., when 
comparing Silver and Gold levels of QoS the similarity score is 0,5; 

• Attributes with object values: Some attributes’ values contain references to 
other class instances. They can also be compared using the already mentioned 
approach using the class hierarchy position. 
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Table 1. Profile comparison results 

Attribute Type Value (profile A) Value (profile B) Score 
     

ID abstract Mobile 1 Laptop 1 none 
Class class MobilePhoneProfile LaptopProfile 0,250 

User preferences     
InformationType instance PlainText Avi 0,250 

InformationService instance CroatiaPoliticsInstance MoviesInstance 0,142 
Language instance English Hrvatski 0,500 

Genre instance RockMusic ThrillerMovie 0,250 
QoS instance Silver Gold 0,500 

DeliveryType instance NonStreaming Streaming 0,500 
Hardware     

AvailableMemory integer 18000 1000000 0,018 
HorizontalResolution integer 180 1600 0,113 

VerticalResolution integer 230 1050 0,219 
BitsPerPixel integer 16 32 0,500 

Software     
Os instance BasicOs WindowsVista 0,500 

Browser instance SonyEricssonBrowser MozillaFirefox 0,500 
JavaVersion integer 15 16 0,94 

Context     
Environment instance InnerSpace InnerSpace 1,000 

Location instance Ina TrgBanaJelacica 0,250 
CoordinatesX float 50,21459 50,21779 0,990 
CoordinatesY float 48,21344 48,74144 0,990 

Time instance Night Night 1,000 
SocialActivity instance WritingPresentation CoffeDrinking 0,250 

     
   Profile similarity 0,483 

 
 

For clustering, we use k-means algorithm extended with the constructive clustering 
analysis method that determines the quality of the partition [16]. The main task of 
constructive clustering analysis method is finding the optimal number of clusters for a 
given set of objects. This method uses the silhouette measure to determine the optimal 
number of clusters. To perform constructive clustering it is necessary to use one of the 
non-constructive analysis algorithms (e.g., k-means) to perform clustering for a given 
number of clusters. The silhouette measure is calculated for each object in the given set 
taking into account the resulting partition. It is calculated as follows: 

 

ሺ݅ሻݏ ൌ ۔ۖەۖ
ۓ 1 െ ࣵሺ௜ሻࣶሺ௜ሻ                                                                                                                   ݂݅ ࣵሺ݅ሻ ൏ ܾሺ݅ሻ0                                ݂݅ ࣵሺ݅ሻ ൌ ࣶሺ݅ሻ, ሺ௜ሻࣶሺ௜ሻࣵࣛ ݎ݁ݐݏݑ݈ܿ ݄݁ݐ ݊݅ ݐ݆ܾܿ݁݋ ݕ݈݊݋ ݄݁ݐ ݏ݅ ݐ݆ܾܿ݁݋ ݄݁ݐ ݎ݋ െ 1                                                                                                                   ݂݅ ࣶሺ݅ሻ ൏ ܽሺ݅ሻ        (1) 

where ݏሺ݅ሻ is the silhouette measure of the object ݋௜ , cluster ࣛ is the cluster containing 
the object ݋௜ , ࣵሺ݅ሻ is the average distance (the calculation of distance between two 
objects (i.e., user profiles) is defined in Table 1) of object ݋௜  to all other objects in 
cluster ࣛ, and ࣶሺ݅ሻ is the average distance of the object ݋௜  to all other objects in 
cluster ࣜ, which is the neighbour of object ݋௜ . The neighbour is the cluster closest to 
the observed object, different from cluster ࣛ. Usually it is the second best choice for ݋௜ . The next step is calculating the average silhouette width for the object set, 
calculated as an average value of silhouette measures of all objects for the given 
partition. When we obtain the average silhouette width for each number of clusters ݇ 
between 2 and ݊ െ 1 (where ݊ denotes the total number of objects to be clustered) the 
highest one is called the silhouette coefficient, and the ݇ for which the silhouette 
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coefficient is achieved is the optimal number of clusters. List. 2 presents the calculation 
of silhouette coefficient when clustering is done upon 20 user profiles. Firstly, k-means 
algorithm is used for clustering user profiles into 2 to 19 clusters (iterations ݇ ൌ 2 to ݇ ൌ 19, respectively) and then the average silhouette width for every iteration is 
calculated. One notices that the highest average silhouette width is achieved when ݇ ൌ 3, so the optimal number of clusters is 3. 

 
Iteration k=2: 0.76560247 

Iteration k=3: 0.78083026 

Iteration k=4: 0.63344204 

Iteration k=5: 0.45255604 

Iteration k=6: 0.5378326 

Iteration k=7: 0.41642666 

Iteration k=8: 0.2297335 

Iteration k=9: 0.26506615 

Iteration k=10: 0.6089652 

Iteration k=11: 0.38601458 

Iteration k=12: 0.21313605 

Iteration k=13: 0.10924552 

Iteration k=14: 0.18178827 

Iteration k=15: 0.35817325 

Iteration k=16: -5.4418447E-4 

Iteration k=17: 0.26543617 

Iteration k=18: 0.16281635 

Iteration k=19: 0.037484333 

… 
 1 1 1 2 3 1 1 3 1 3 1 1 1 1 2 3 1 1 3 3  0.78083026 
… 
Optimal number of clusters is 3 

List. 2. An example of k-means constructive clustering based on semantic matchmaking 

6   Semantic Classification 

A test10 shows that semantic clustering algorithm is of O(n2) time complexity; in order 
to semantically cluster 5 profiles it takes about 2,5 s, for 10 profiles 10 s, whereas for 
20 profiles the time required for semantic clustering reaches up to 40 s (Fig. 4). The 
number of a telco’s service users can reach up to several millions. After filtering them 
according to various factors (e.g., location), there can still be hundreds or even 
thousands of users’ profiles to be clustered, which would require time of the order of 
magnitude up to 107 s, which is equivalent to several months’ period. This example 
clearly shows that performing semantic clustering of all profiles whenever a new one 
is added would by all means be highly irrational. In order to improve the system’s 
performances and cost-effectiveness, a machine learning-based classification method 
is used. 

Each learning method can be categorized as either a lazy method or an eager 
method. While the main task of eager methods is to define the general, explicit 
description of a target function valid for the whole feature space, lazy methods  
 

                                                           
10 The computer with following characteristics was used for the test: processor Intel Core 2 Duo 

@ 1.73 GHz, memory 2 GB DDR2.  

For k = 3, average silhouette 
width is 0.78083026.

Partition with the highest 
average silhouette width. 
Numbers from 1 to 3 represent 
cluster  identifiers, and the last 
number is the silhouette 
coefficient.   
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Fig. 4. Duration of the semantic clustering procedure depending on the number of profiles 

 
operate in the opposite way –  the classification assessment is deferred until a new 
instance is given that need be classified [40]. Lazy methods are also called instance-
based learning methods as they construct hypotheses directly from the training 
instances themselves [41]. Therefore, for every new instance a new approximation of 
the target function is assessed. This approximation is performed only locally, i.e., 
within a small range around the new instance. Even though lazy methods are rather 
cost-ineffective as each new instance necessitates processing in order to generate the 
target function approximation, such approximation-based approach is highly 
beneficial for rather complex target functions. One example of lazy instance-based 
methods is k-Nearest Neighbour (k-NN) method. 

6.1   k-NN Method Basics 

k-NN is one of the most thoroughly analyzed algorithms in machine learning, due in 
part to its age and in part to its simplicity [40]. It is a classification algorithm 
grounded on the preposition that the similarity of instances’ target function values 
corresponds to their relative nearness. This algorithm assumes all instances 
correspond to vectors in the n-dimensional Euclidean space, where their attributes are 
represented by their coordinates. Even though a target function can theoretically also 
take continuous values, in this chapter we will concentrate only on those taking 
discrete values. If V is the set of all values present within the observed instance’s k 
nearest neighbours, then the new instance xq is assigned the classification value 
calculated by the following formula: 
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መ݂൫ݔ௤൯ ՚ argmax௩ఢ୚ ∑ ,ݒ൫ߜ ݂ሺݔ௜ሻ൯௞௜ୀଵ                                        (2) 

where ߜ is a function called Kronecker delta and is defined as: 

,ሺܽߜ ܾሻ ൌ ൜1, ܽ ൌ ܾ0, ܽ ് ܾ .                                                 (3) 

The following example depicts the essence of k-NN method. Fig. 5 shows a new 
instance xq in a two-dimensional space where there are other already categorized 
instances. The instance xq should also be categorized as either “+” or “-“, which are in 
this case the only possible values of the target function. The new instance will be 
assigned the value held by the majority of k instances that are nearest to it. The 
relative nearness is assessed by calculating the standard Euclidean distance. 
Generally, Euclidean distance between two instances xi and xj is defined as follows: ݀൫ݔ௜, ௝൯ݔ ؝ ඥ∑ ሾܽ௥ሺݔ௜ሻ െ ܽ௥ሺݔ௝ሻሿଶ௡௥ୀଵ                                       (4) 

where ܽ௥ሺݔሻ denotes  the value of the rth attribute of instance x. In the observed 
example n=2, as instances are represented as vectors in a two-dimensional space. 

Furthermore, special attention should be paid to the fact that value assignment 
depends greatly on the predefined k. In particular, if k=1, then xq will take the same 
value as its closes neighbour, namely, “+”. However, for k=5, xq will be assigned the 
classification value of its five closest neighbours, which is in this case “-”, as shown in 
Fig. 5. Therefore, defining the appropriate k can be crucial and of rather delicate 
nature. 

 

 
 

Fig. 5. The k-NN classification illustration 
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Moreover, it is logical to suppose that nearer instances influence the classification 
assessment more than the further ones. In that sense, the expression (Formula 1) can 
be modified in the following way: መ݂൫ݔ௤൯ ՚ argmax௩ఢ୚ ∑ ,ݒ൫ߜ௜ݓ ݂ሺݔ௜ሻ൯௞௜ୀଵ                                    (5) 

where wi is the weight inversely proportional to the distance between instances xq and 
xi, i.e., ݓ௜ ൌ ଵௗሺ௫೜,௫೔ሻమ                                                    (6) 

6.2   Case Study: Classification of User Profiles by Using k-NN Method 

The benefits of using k-NN in the proposed manner will be demonstrated through the 
following case study. It consists of two parts: 
 

1. k-NN verification  – comparing the outcome of clustering the existing n 
profiles and classifying the n+1st with the outcome of clustering of all n+1 
profiles; 

2. processing time assessment with regard to different k. 
 

Each of the n profiles, as described in Section 4, comprises of l attributes. Their 
values determine where the instances, represented as vectors, will be placed in the 
Euclidean space. We devised and tested four different approaches of classifying the 
new profile. These approaches can be categorized according to whether k-NN is 
performed in l- or 2-dimensional space. 

 

a) Running k-NN in l-dimensional space – instances need not undergo the 
multidimensional scaling method. There are two possible means of 
categorizing the new instance: 

1. Bypassing the construction of similarity matrix and simply 
running k-NN regarding all n+1 l-dimensional vectors; 

2. Constructing the similarity matrix and running k-NN regarding 
only k profiles that are most similar to the new one; 

b) Running k-NN in 2-dimensional space – in order to have the profiles represented 
as 2-dimensional vectors at disposition, performing multidimensional scaling 
procedure is inevitable. The two corresponding ways of categorization are as 
follows: 

1. Letting all n+1 profiles undergo multidimensional scaling and 
then running k-NN; 

2. Having constructed the similarity matrix, performing 
multidimensional scaling over k profiles that are most similar to 
the observed one. 

 

Time required for classification of a new profile among 19 already existing ones 
depends on predefined k, but by no means exceeds 100 ms. Moreover, methods (a.1), 
(a.2) and (b.2) are proven much more time-efficient than method (b.1). Namely, the 
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classification using methods (a.1), (a.2) and (b.2) requires about 16 ms for k being 
less than 10, whereas method (b.1) requires little less than 100 ms for the same k. 

It is a reasonable objection that during the classification of a number of new 
examples, due to k-NN's heuristic nature, clusters may not anymore comprise 
instances that are the most similar to each other, as they ought to. Therefore, semantic 
clustering can be performed every time when a predefined number of new profiles has 
been reached. 

7   Agent-Based Telecommunication Service Provisioning  

The Agent-based Service and Telecom Operations Management (A-STORM) multi-
agent system is part of the proof-of-concept prototype that deals with agent-based 
service provisioning in the NGN. This section briefly addresses software agents as a 
technology used to implement the prototype and the NGN as its environment. The 
description of the prototype architecture follows and is accompanied by a case study 
that illustrates a group-oriented telecommunication service. 

7.1   Agents 

The dynamic and distributed nature of services/resources in the NGN requires 
telecom stakeholders not only to respond to requests, but also to intelligently 
anticipate and adapt to their environment. Software agents are the computing 
paradigm, which is very convenient for the creation of programs able to conform to 
the requirements set forth. A software agent is a program which autonomously acts on 
behalf of its principal, while carrying out complex information and communication 
tasks that have been delegated to it. From the owner’s point of view, agents improve 
his/her efficiency by reducing the time required to execute personal and/or business 
tasks. A system composed of several software agents, collectively capable of reaching 
goals that are difficult to achieve by an individual agent or a monolithic system, is 
called a multi-agent system (MAS) [29]. 

An agent [17] [31] [32] [33] [34] must possess some intelligence grounded on its 
knowledge base, reasoning mechanisms and learning capabilities. The intelligence of 
an agent is a prerequisite for all its other characteristics. Depending on the assignment 
of a particular agent, there are differences in types of information contained in its 
knowledge base. However, generally this information can be divided into two parts – 
the owner’s profile and the agent’s knowledge about its environment. It is very 
important to notice that the agent's knowledge base does not contain static 
information. Adversely, the agent continuously updates its owner’s profile according 
to its owner’s latest needs. This allows the agent to efficiently represent its owner, 
thus realizing the calm technology concept. Calm technology is that which serves us, 
but does not demand our focus or attention [35]. Furthermore, the agent also updates 
knowledge regarding its environment with the latest events from its ambience and the 
current state of observed parameters intrinsic to its surroundings, thus realizing 
context-awareness. Context-awareness describes the ability of an agent to provide 
results that depend on changing context information [36]. In our model, we 
differentiate situation context (e.g., user location and environment temperature) from 
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capability context (e.g., features of a user’s terminal). An agent executes tasks 
autonomously without any interventions from its owner, making it an invisible 
servant. An agent must be reactive, so it can properly and timely respond to impacts 
from its environment. An agent not only reacts to excitations from its environment, 
but also takes initiatives coherent to its tasks. A well-defined objective is an inevitable 
prerequisite for proactivity. An efficient software agent collaborates with other agents 
from its surroundings: i.e. it is cooperative. If an agent is capable of migrating 
between heterogeneous network nodes, it is classified as a mobile software agent [30]. 
An agent has a lifetime throughout which the persistency of its identity and its states 
should be retained. Thus, it is characterized by temporal continuity. 

7.2   Multi-agent System for Service Provisioning in NGN 

The A-STORM multi-agent system was implemented using the Java Agent 
DEvelopment (JADE11) framework. JADE is a software framework used for 
developing agent-based applications in compliance with the Foundation for Intelligent 
Physical Agents (FIPA12) specifications. 

Today we are witnessing the fusion of the Internet and mobile networks into a 
single, but extremely prominent and globally ubiquitous converged network [18] [19]. 
One of the fundamental principals in the converged network is the separation of 
services from transport [20]. This separation represents the horizontal relationship 
aspect of the network where the transport stratum and the service stratum can be 
distinguished. The transport stratum encompasses the processes that enable three types 
of connectivity, namely, user-to-user, user-to-service platform and service platform-to-
service platform connectivity. On the other hand, the service stratum comprises 
processes that enable (advanced) telecom service provisioning assuming that the earlier 
stated types of connectivity already exists. From the vertical relationship aspect each 
stratum can have more layers where a data (or user) plane, a control plane and a 
management plane in each layer can be distinguished. 

In our prototype intelligent agents are introduced into the control plane and the 
management plane of the service stratum. Those agents are in charge of gathering and 
processing context information that is required for different service provisioning tasks. 
In particular, the prototype has been developed in order to explore possibilities for 
implementation of ontology-based user profiling/clustering, context-aware service 
personalization and rule-based software deployment in the converged network. Fig. 6 
shows the architecture of A-STORM multi-agent system used to implement the proof-
of-concept prototype. 

Business-driven provisioning agents (i.e., the Business Manager Agent, the 
Provisioning Manager Agent) perform provisioning operations according to business 
strategies defined in a rule-based system. Service deployment agents (i.e., the 
Deployment Coordinator Agent, Remote Maintenance Shell agents) provide end-to-
end solutions for efficient service deployment by enabling software deployment and 
maintenance at remote systems. Context management agents (i.e., the Charging 
Manager Agent, Group Manager Agent, Session Manager Agent, Preference Manager 

                                                           
11 http://jade.tilab.com 
12 http://www.fipa.org 
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Agent) gather context information from network nodes and devices (e.g., trigger 
events in SIP/PSTN call model, balance status, device location) and enable user 
personalization through the execution of context-dependent personal rules. A more 
detailed description of these agents and their functionalities can be found in [21] [22]. 

 

 

Fig. 6. A-STORM proof-of-concept prototype architecture 

7.3   Proof-of-Concept Group-Oriented Service: Recommendation-Based 
Superdistribution of Digital Goods within Implicit Social Networks 
(RESPIRIS) 

Superdistribution [42] [43], the concept the RESPIRIS (Recommendation-based 
Superdistribution of Digital Goods within Implicit Social Networks) service is based 
on, is the combined distribution and market scheme for digital goods involving buyers 
(i.e., end-users) in the distribution process in such a way that they redistribute a good to 
other legitimate buyers. The principle of superdistribution is tightly connected with the 
viral marketing phenomenon [23] [44]. Superdistribution can be explicit (end-users 
exchange digital goods) or implicit (end-users exchange recommendations for digital 
goods, while digital goods are distributed by businesses that act as providers (e.g., 
telecom operator)). Industry is continuously comprehensively experimenting with the 
concept of superdistribution. Existing solutions have even been cast in form of a 
standard for the mobile domain by the Open Mobile Alliance (OMA). Lots of telecom 
operators provision services based on that standard, while mobile device manufacturers 
produce devices that support it. However, all of the existing solutions represent explicit 
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superdistribution scheme. This explicitness can be identified from two perspectives: 
not only is exchange of digital goods done directly between end-users (implying rather 
complex scenarios as Digital Rights Management (DRM) issues must be considered), 
but also the superdistribution groups are defined explicitly by providers or end-users. 
The innovativeness of the RESPIRIS service lies within the fact that it represents the 
implicit superdistribution scheme. This implicitness is twofold. Firstly, 
superdistribution groups are generated dynamically and implicitly by telecoms based 
on mobile user profiles. Namely, each subscriber of the proposed service is represented 
by a corresponding profile wherein his/her preferences are described (e.g., what sort of 
digital good he/she is interested in, of which genre, etc.). User profiles are used for 
semantic clustering of users into superdistribution groups. The groups users are 
allocated into are based on users' preferences' similarities and built autonomously, 
hence the term implicit social network. Secondly, end-users exchange 
recommendations for digital goods, while digital goods are distributed by telecom 
operators. Therefore, such solution is much simpler from the perspective of DRM and 
does not demand that user devices have hardware/software support for OMA 
superdistribution standards. 

The demonstration of the RESPIRIS scenario, situated into A-STORM multi-agent 
system, follows. The participating A-STORM agents are described in the previous 
section, while the presented sequence of actions is accompanied by a sequence diagram 
in Fig. 7. If a particular user, e.g., useri, is interested in the RESPIRIS service then 
his/her Preference Manager Agent PrefMAi sends a registration request to the 
Provisioning Manager Agent (ProvMA) (1). (Registration cancellation is also 
performed in an analogous manner.) The ProvMA provides the Group Manager Agent 
(GMA) with a list of m user profiles whose users subscribed to the RESPIRIS service 
(2). The GMA allocates these profiles into k groups according to users’ preferences. 
This is achieved by performing semantic clustering algorithms described in Section 
5.2. The GMA provides the ProvMA with a list of assembled groups and associated 
profiles (3). In a particular group Gx consisting of n (n < m) profiles, the ProvMA 
informs each of the n PrefMAs of all other PrefMAs within that particular group (4). If 
the useri wants to purchase some content, the corresponding PrefMAi first needs to 
ascertain that all requirements imposed by the particular content provisioning service 
are met. Therefore, it consults the ProvMA (5a), which performs matching of the user 
profile with the service profile [9] and determines whether additional software is 
necessary for the chosen content to render properly on the user’s device. If so, the 
ProvMA sends the list of required software to the Deployment Coordinator Agent 
(DCA) (5b), which forwards it, along with deployment procedure specification, to the 
Remote Maintenance Shell (RMS) agent [24] (5c). The RMS agent deploys and 
installs the software to the user’s mobile device. The PrefMAi can then download the 
content so it sends a message to the Business Manager Agent (BMA) requesting to 
purchase the content and the rights to resell it to x (x<n) other users whose profiles 
belong to its group (6). The BMA sends the requested content to the PrefMAi and the 
rights to resell it (7). Being authorised to resell the content, the PrefMAi has the liberty 
to sporadically distribute recommendations to any subset of PrefMAs belonging to its 
group, e.g. PrefMAs..PrefMAt (8). Should any of PrefMAs that have received the  
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recommendation, say, the PrefMAj, decide to purchase the same content, it informs the 
BMA about the purchase, along with information on who it received the 
recommendation from (9). 

 

 

Fig. 7. The RESPIRIS scenario 

 
This approach in digital goods distribution ensures that all involved parties benefit 

from successful transactions between end-users. Namely, let alone the fact that 
providing digital goods does not imply almost any production expenses, the service 
provider need not perform resource-consuming tasks such as advertisement. The 
advertisement becomes redundant as users occasionally receive recommendations. 
End-users benefit from this solution as it facilitates choosing from a large number of 
generally available digital goods, as they are provided with the ability to concentrate 
on a smaller number of recommended goods. What makes these goods potentially 
interesting is the fact that recommendations are sent by users from the group 
assembled according to the similarity in preferences of users whose profiles it 
encompasses. If a user opts for purchasing a recommended good, not only does the 
content provider gain income, but the reseller also profits, in accordance with its 
contract with the provider. In fact, the reseller gains credit for every successful 
transaction it induces, manifesting by means of reducing the cost of a future purchase. 
For instance, the user A purchases some digital content from the content provider for 
a price of ࣲ money units and recommends it to the user B. The user B is offered to 
buy the recommended content at a lower price (e.g., 0.9 ൈ ࣲ money units). If he/she 
decides to do so, the content provider also credits the user A by reducing the price of 
his/her next purchase (e.g., for, 0.2 ൈ ࣲ money units). 
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8   Conclusion and Future Work 

In this chapter, a possible solution for group-oriented service provisioning in Next- 
Generation Network (NGN) is proposed. A group-oriented service is defined as a 
telecommunication service that is provisioned to a group of users with certain 
similarities (e.g., similar preferences, devices and/or context). The main idea behind 
group-oriented services is to group users into clusters taking into account users’ 
interests, characteristics of their devices and the context in which they find themselves 
while requesting a service. User profile creation and semantic comparison are 
described as well as user profile clustering and semantic classification. Common 
clustering methods and various algorithms are presented and compared. Classification 
of user profiles by using k-NN method is taken into consideration. As a proof-of-
concept, the multi-agent system A-STORM (Agent-based Service and Telecom 
Operations Management) enabling service provisioning in NGN is presented and 
elaborated. Namely, an example of group-oriented services RESPIRIS 
(Recommendation-based Superdistribution of Digital Goods within Implicit Social 
Networks), is implemented and a provisioning scenario is set forth.  

Future work will include an integrated risk and performance analysis from the telco 
viewpoint addressing typical superdistribution schemes (i.e., business strategies). In 
particular, stability robustness of the business strategies will be considered using the 
evolutionary game-theoretic analysis of the superdistribution process. Consequently, 
our future research will be aimed at designing agents’ behaviors that enable 
evolutionary stable viral marketing schemes in order to provide sufficient incentives 
and motivation for the telecom providers at large to apply the proposed multi-agent 
system. 
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