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Abstract. This paper proposes an approach for engineer self-organised
Multi-Agents Systems. This approach is based upon the human immune
system. The role of the immune systems, in this approach, is the arbitration of several behaviours. We extend the arbitration capabilities
of the immune system to define an architecture for multi-agent systems
coordination. The proposed architecture is composed of several levels.
Each level corresponds to an immune system. The behaviour resulting
from the arbitration of a level is used as input by the level immediately
below. This architecture allows the coordination of interacting entities
at several level of abstraction. We illustrate this approach with a MAS
dedicated to robot soccers simulation.

1

Introduction

Complex systems are often characterized by networks of numerous interactive
entities. They are called complex because of the complexity of the exhibited
behaviours. These behaviors are the result of the non linear aggregation of the
local behaviours of their components. Multi-Agent Systems have become a natural tool for modeling, simulating and programming complex systems. Indeed,
Multi-Agents Systems are composed of autonomous, reactive, proactive and interacting entities called agents engaged in the realisation of a joint goal. Both
type of systems are notably studied by their organisation dynamics and by the
emergence of organisational structures. The engineering of self-organised MAS
is a hard problem. Many mechanisms have been proposed [20]. Among these
mechanisms some are inspired by nature or biological phenomena, such as Ant
Colony Systems [8]. The goal of this paper is to present such a mechanism inspired by the human immune system. We have designed a MAS architecture
based upon the immune system which enables self-organisation and emergence
of coordinated organisational structures.
Coordination of agents within a Multi-Agent Systems (MAS in the sequel) has
long been discussed in the MAS community [25]. It is a hard problem. Indeed,
agents are autonomous entities interacting in open dynamic environments to
achieve their goals. Agents may have different goals and a group of agents may

have a joint goal. Numerous architectures have been proposed in order to coordinate agent’s behaviors towards the accomplishment of system goals.
The approach proposed in this paper is based upon the use of an arbitration
mechanism extended by using several levels to deal with the multi-agent case.
The arbitration mechanism chosen is inspired by the human immune system.
This metaphor considers stimulations/requests as antigens and selects antibodies as reactions/answers. This mechanism allows an agent to choose among a set
of possible behaviours the one which seems the fittest for a specific context. Each
agent has thus a set of antibodies, representing behaviours, fitted to respond to
specific antigens, representing stimulus.
In order to coordinate a group of agents engaged in a joint goal our approach proposes to see the group as an agent or a holon referring to the holonic paradigm
[11]. Defined by Koestler [16], holons are self-similar entities that can not be
considered as wholes nor parts in an absolute sense. According to Koestler, a
holon is a self-similar structure that consists of several holons as sub-structures.
The behavior of the group is seen from the outside as the behavior of a single
agent/holon. We propose to use an immune system for this holon that selects
an antibody. This antibody represents the behavior to be executed by the members of the holon. The chosen behavior acts as input for the sub-holons. Each
sub-holon takes the behaviour as a constraint and reacts with it own immune
system to the perceived antigens.
The advantages of this approach are numerous. Each agent keeps its autonomy
but coordination towards goal accomplishment is ensured by selecting the right
stimulus. A MAS may pursue several goals at the same time. These goals may
be interdependants. In addition, the immune system allows learning by a reinforcement mechanism.
The natural immune system is a subject of great research interest because it provides powerful and flexible information processing capability as a decentralised
intelligent system. The immune system provides an excellent model of adaptive
operation at the local level and of emergent behavior at the global level. There
exists several theories to explain immunological phenomena and software models
to simulate various components in the immune system (IS) [23].
The basic components of the immune system are macrophages, antibodies and
lymphocytes. Lymphocytes are the cells maturing in the bone marrow and producing antibodies from its surface. The antibody recognizes and eliminates a
specific type of antigens (foreign substances invading a human body). The key
portion of antigen that is recognized by the antibody is called epitope, which is
the antigen determinant. Paratope is the portion of antibody that corresponds
to a specific type of antigen. Once an antibody combines an antigen via their
epitope and paratope, the antibody starts to eliminate the antigen. Recent studies in immunology have clarified that each type of antibody also has its own
antigenic determinant, called an idiotope. This means an antibody is recognized
as an antigen by another antibodies [9]. Based on this fact, Jerne proposed the
concept of the immune network, or idiotypic network [14], which states that antibodies and lymphocytes are not isolated, but they are communicating with each

other. The idiotope of an antibody is recognized by another antibody as an antigen. This network, called idiotypic network, is formed on the basis of idiotope
recognition with the stimulation and suppression chains among antibodies. The
approach presented in this paper is based on this interpretation of the immune
system.
This paper is organised as follows: section 2 presents the principles of the idiotypic network. Section 3 presents the concepts of the multi-level idiotypic network architecture and illustrates it on the robot soccer example. Eventually,
section 4 concludes.

2

Immune System Based Agent Architecture

The Jerne’s idiotypic network has already been used as agent architecture in
[24]. We use the concepts developed in this reference for a single agent case as
a basis for the approach presented in this paper. First, there is an analogy be-
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tween antibodies and agent’s concepts. This analogy is depicted in the figure 1.
An antibody is divided in three parts. The first part is the precondition. It states
under which circumstances the antibody is stimulated. That is to say in which
context this antibody may execute it’s associated behavior. The precondition
is an analogy with the real antibody paratope which tries to match antigens
epitope in order to recognize them.
The second part specifies the behavior of the antibody. It is the behavior which
is executed when the antibody is selected. The behavior of the real antibody
consists in eliminating antigens.
The third part is composed of references to other antibodies and a degree of
stimulation or inhibition (affinity). It is the idiotope part of the antibody by
which it is recognized and which allows interactions (stimulation/suppression)
with other antibodies.
The Jerne’s Idiotypic network is defined by the different antibodies and their
affinities. The affinities are either stimulation or suppression between two antibodies. An example of idiotypic network is presented in the figure 2.
The i-th antibody stimulates M antibodies and suppresses N antibodies. mji
and mik denote affinities between antibody j and i, and between antibody i
and k, respectively. The affinity means the degree of stimulation or suppression.
mi is an affinity between an antigen and antibody i. The antibody population
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is represented by the concept of concentration. The concentration of the i-th
antibody, denoted by ai , is calculated with the following equations [9]:
N
M
dAi (t)
1 X
1 X
= (α
mji aj (t) − α
mik ak (t) + βmi − ki )ai (t)
dt
N j=1
M

(1)

k=1

ai (t) =

1
1 + exp(0.5 − Ai (t))

(2)

In the first equation, the first and second term of the right hand side denote
the stimulation and suppression from other antibodies. mji and mik are positive
values between 0 and 1. The third term, mi , is 1 when antibody i is stimulated
directly by an antigen, otherwise 0. The forth term, ki , denotes the dissipation
factor representing the antibody’s natural death. The second equation is the
function that is used to squash the parameter Ai (t + 1), calculated by the first
equation, between 0 and 1. An antibody is selected based on the probability
proportional to the current concentrations (roulette-wheel selection strategy).
The adaptation mechanism is usually classified into two types: adjustment online mechanism and innovation mechanism [?]. This article only takes in consideration the on-line adjustment mechanism that initially starts with no affinity
between antibodies. This means that the idiotopes of the antibodies are undefined, and obtains the idiotopes using reinforcement signals so the idiotypic
network structure can be rearranged at run-time by changing affinity values.
It means that the affinity values are all initialized with 0. The adaptation consists
in computing the affinity values using the analysis of reinforcement for executed
antibodies behaviors. This process constructs the idiotypic network.
The following equation describes how affinity m12 between antibody 1 and
antibody 2 is computed.
m12 =

TpAb1 + TrAb2
Ab2
TAb1

– TpAb1 is the number of times penalty reinforcement signals were received
when Ab1 was selected.
– TrAb2 is the number of times reward reinforcement signals were received when
Ab2 was selected.
Ab2
– TAb1
is the number of times both, Ab1 and Ab2, have reacted to specific
antigens.
This means that immune network learns from results of its own behaviors.

3
3.1

Multi-Level Architecture
Concepts

The immune system based architecture presented in the precedent section allows the arbitration among several behaviors. The arbitration is the result of
the selection of the antibody with the highest concentration. The antibodies
concentrations evolve according to stimulation of antigens (perception) and stimulation/inhibition of other antibodies. This architecture doesn’t tackle the coordination of interacting agents. Indeed, an agent encapsulates an immune system
which chooses the behavior it executes to react to external stimulations. In order
to design MAS with coordination capabilities we propose to use several levels of
immune systems.
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By using several levels we adopt an holonic point of view [3,11,19]. Indeed,
each level arbitrates the behaviors of an entity. A level n entity can be decomposed in sub-entities, of level n-1, with their own behaviors. The level n entity is

a super-holon and entities of level n-1 are its sub-holons. Another viewpoint is
to consider the group of n-1 level entities as a whole which is the n level entity
or the super-holon. The sub-holons as a group are coordinated by the behavior
selected by their super-holon. This choice is the result of the upper level immune
system and is taken as input by the lower level immune systems as depicted in
figure 3. According to the choice of their super-holon and their perceptions each
sub-holon using its own immune system selects a behavior to execute.
The advantages of such a approach are threefold. First, it enables the decomposition of behaviors at several levels of abstraction. This decomposition makes
them simpler to design. Second, it separates the different goals of the system
and their learning mechanisms. Finally, it allows the coordination of agents and
dynamic self-organisation of the MAS.
3.2

Robot soccer team example
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The FIRA Robot soccer competitions began in 1996 using real robots and
simulators [15]. It is an example where real-time coordination is needed. Indeed,
the principle is for two teams of autonomous robots to play a game similar to
human football. It constitutes a benchmark for several research fields, such as
MAS, image processing and control.

Taking the FIRA contest as case study, we have developed a three layer system
to coordinate a robot soccer team. Each layer deals with a different level of
abstraction, as shown in figure 4
First, the high level immune system, called team level, assigns appropriate roles
to robots according to the situation. These roles are defined by the strategy
followed by the team as a whole (defense, attack, etc). This immune system is
placed in each team agent.
Second, the medium level immune system deals with role-playing by robots. It
computes an aim point for the robot corresponding to the role decided by the
high level immune system.
Third, the low level immune system computes the robots trajectories.
As described above, three immune networks have been designed in order to
implement strategies for robot soccer. For the basic (primitive) skills such as
movements to fixed positions and collision avoidance, the low level idiotypic
network was created. Since each robot has information about its environment,
it is possible to detect target’s positions and obstacles. In this study, the low
level immune system’s antigen represents either the aim point (generated by the
medium level IS)or obstacles (such as others robots and walls). For simplicity the
directions are categorized as: front, right, left, back. The sets of preconditions are
defined as follows: { ObstacleFront , ObstacleLeft , ObstacleRight , ObstacleBack
, None } and {AimFront , AimLeft , AimRight, AimBack } . The behaviors
corresponding to the ObstacleF ront precondition are { MoveLeft , MoveRight ,
MoveBack } . An example of antibody could then be :
Precondition Behavior Affinities
ObstacleFront MoveRight
The affinities part is empty as it is constructed when the system evolves.
These affinities are computed using the reinforcement mechanism. Each robot
receives reward signals when current distance to aim (measured by hamming
metric) is lower than in previous step. It receives penalty signals either when it
collides with an obstacle or when the distance to the aim is greater than in the
previous step. It is possible to easily add or remove antibodies from this immune
network in order to improve or limit robot’s behavior.
The lower level immune system allows robots to move to fixed points. In order
to introduce more sophisticated behaviors a second immune system is defined.
This second immune system is called the medium level immune network. Medium
level network takes as input: (1) a role produced by the high level immune network and (2) the game context. The different roles define general principles of a
behavior. For example, the purpose of the goal-classic role is to keep opponent
robots from scoring goals. The defined roles act as preconditions for the antibodies. It means that for each role there may be several antibodies. The behaviour
of each antibody consists in a list of displacements. Indeed, in the robot soccer
game the robots don’t have any actuator. The only way of acting is to move
in order either to push the ball or block an opponent. We have thus chosen to
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represent roles by lists of displacements. Each list contains several fixed points
representing the displacement trajectory. Each point of the chosen vector is given
as input to the lower level immune system. The approach chosen instead of predefining antibodies as in the lower level immune system is to generate a fixed
number of antibodies. The displacement vector of each antibody is generated
randomly. An example is shown in figure 6. For the defense-far role there are
three antibodies representing three different trajectories. If the defense-far role
is assigned to this robot one of these trajectories will be selected by the medium
level immune system. The role of the robot will then consists in moving to the
fixed points of the trajectory. Several displacement vectors are generated for each
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role and medium level network choose only one. The result of the corresponding
antibody is analyzed after it execution. Fitness of chosen action must be defined
in order to confirm validity of reinforcement mechanism and is role dependant.
For instance in the case of the goal − classic role the criterion depicted in figure
= ddrr
relationship. If this rela5 was assumed. The idea is to maintain ddrl
bl
br
tionship is met then the selected antibody receives reward reinforcement signal,
otherwise the antibody receives penalty signal. Each robot should be considered
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as a fully functional soccer player, so different roles were designed. Each role
is part of a strategy and corresponds to a specific behavior. Strategies may be
composed by different sets of roles. According to the chosen concrete strategy a
fixed number of roles must be defined. For instance, one of the several defense
strategies for a five players team, defines the following set of roles: { goal-classic,
defense-far, defense-close, support-defense, reception-ball } . Figure 7 describes
the aim point corresponding to a specific strategy. For simplicity reasons aim
points are predefined but they can easily depend on game situation or other
parameters. According to the current strategy the team assigns a particular role
to each robot.
The high level network was designed to coordinate robots for a robot soccers
environment. It means that the network has to choose a fitted strategy and assigns roles defined by the strategy to robots. The strategy choice depends on
the game situation. This situation is defined by several parameters which act as
precondition for antibodies. The first parameter is which team controls the ball.
It is determined by the robot which is nearest to the ball. The second is in which
zone of the field is the ball. To reduce the set of preconditions the ground has
been splitted into 9 equal zones.

According to the current situation and the chosen strategy the high level immune network assigns roles to robots. As was described above each robot can
play its own role as, for example, attacker, goal keeper or defender. The concept
of zone can be used to assign the appropriate role to each robot.
The fitness of each strategy has to be evaluated. If we sort strategies in two categories : defense and attack. One criterion could be that no goal was taken and
respectively a goal was scored. This criterion is assumed as long as the antibody
representing the strategy is active.
3.3

Results

We have developed a robot soccer simulator and an immune system API using
the MadKit platform [12]. The interface of this simulator during a game is shown
in figure 8. This simulator enables us to test different immune networks notably
those described in the precedent section.

Fig. 8. Robot Soccers Simulator

The tests we have run were made with two teams of five robots playing
against each other. Each team used the same mechanism we have described in
this paper. At the beginning of the game the immune networks are initialized
without any affinities.
The first phenomenon we have observed is the capacity of the immune systems
to adapt and to learn how to play. We have measured the time between two
scored goals. This evolution is shown in the figure 9. The discretized units of x
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axis represents the scored goals. The y axis represents the time in second. One
can see that the tendency is that time between two goals become more and more
important. As the immune networks evolve each team play more efficiently and
it becomes more difficult to score a goal.
The second phenomenon we have studied is how each team learned to coordinate
its members. More precisely, we have studied the evolution of strategy choices
during the games. This evolution is shown in figure 10. The discretized units of x
axis represents the simulation steps. The y axis represents the different strategies
the high level immune network arbitrates. We have limited this number to four
for readability reasons.
At the beginning of the game teams change their strategy often as affinities are
in construction and there are no real link between strategies. As the game lasts,
strategy changes occur less often.

4

Related Works and Conclusion

Well-known arbitration architectures, such as subsumption of Brooks [2] and
Agent Network Architecture (ANA) of Maes [17], don’t take into account the
coordination aspects in MAS. Moreover, subsumption is based upon a fixed hierarchy of modules which may be hard to design for any application and doesn’t
allow flexible behaviors. In ANA the modules aren’t sorted but they are predefined.
It is indeed difficult to find a MAS architecture which can fit in with dynamic
environments and open systems. Self-organization is an answer to such prob-
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lems. Coordination in self-organising systems [20] can be achieved by several
techniques such as coordination fields [4] or ”tuples on the air” like techniques
which enable pheromone propagation [18]. However, these techniques are aimed
at very simple behaviors such as exploration. Moreover, it is difficult to take into
account multiple objectives.
The metaphor of the immune system has already been used in computer science
for a wide variety of applications, e.g. [1,5,10]. For surveys on immune systems
applications one can read [6,7]. There are several computational models used
to implement interpretations of the immune system. Among them: the idiotypic
network of Jerne, used for example in [26,22,1], and the clonal selection mechanism [13]. The latter is based upon the proliferation of antibodies that best match
detected antigens. Many applications of immune system deal with recognition
of foreign intrusions to distinguish self and non-self entities. This recognition
ability has been applied to the computer security field, for example [10,21]. Our
work is concerned with immune systems as arbitration mechanism. So behaviors
must be associated with antibodies. Examples of such use of the immune system
are presented in [26,22]. To our knowledge, among these approaches, none tackles the problem of multi-agent coordination. Moreover, system goals are often
unique instead of our approach which allow an objective by level.
In this paper we have presented an approach for the engineering of self-organised
MAS based upon several levels of immune systems. The role of the immune systems is the arbitration of several behaviours. The behavior resulting from the
arbitration of a level is used as input by the level immediately below. This
architecture allows the coordination of interacting entities at several level of

abstraction. We have illustrated this approach with a MAS dedicated to robot
soccers simulation.
The novelty of the model comes from the use of multiple (hierarchically composed) idiotipic networks. The approach enables a flexible and adaptive behavior
without the need of a centralized control. Even more, from a Software Engineering point of view, it reduces the complexity of designing such systems by tackling
different levels of abstraction (team/group, robot / individual, trajectory) independently. The advantages of this approach are numerous. The immune system
has learning capabilities. It means that it is able to find at runtime the appropriate behaviors to different stimuli. It enables the decomposition of behaviors
at several level of abstraction making them simpler to design. It separates the
different goals of the system and their learning mechanisms. This goal modularity makes the design easier and the adaptation more pertinent. Eventually,
it allows the coordination of agents and dynamic self-organisation of the MAS.
Indeed, each holon behaviors help its sub-holons to react to stimulations and to
organise in order to solve the problem at hand.
Future research directions include the study of other types of antibodies and
antigens in each level in order to test the systems responses with a greater number of possibilities. We will also apply this coordination mechanism to other
applications.
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