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Preface

In this doctoral dissertation, multi-agent systems are focused as dis-
tributed problem solving systems. In these systems, many agents as
problem solvers autonomously and adaptively effect their actions to solve
given tasks. Each agent is designed by a designer based on bottom-up
approach, where, it is expected for the whole of agents to emerge self-
organized behavior to solve their complex tasks exceed the sum of indi-
vidual abilities. For achievement of such behavior, agents are needed to
autonomously make own decisions by using of interactions between oth-
ers, that is, communications. To design such system is generally said to
be difficult.

Real ant colonies are noticed here as an excellent archetype system
based on flexible self-organized behaviors. Real ant is called a social
insect, and a colony of real ants is known to have surprising high abili-
ties although each individual is based on simple action pattern. In such
colony, working labors are distributed to cope various tasks for their lives,
e.g., forage food items, keep their children, attack enemies, develop their
nest, and so on, and distributed ants play various roles in adaptive or-
ganizations. The objective of designing multi-agent systems is to achieve
like a colony of ants, thus, the analogy of real ant colonies is worthful.

In ant colonies, various kinds of communication means are used for or-
ganizations having high abilities. Especially, communications via chem-
ical means, that is, pheromone communication, play important roles for
keeping organization abilities. Owing to pheromone, ants can communi-
cate distinct means to others according to kinds of pheromone, moreover,
ants can be affected by whole behaviors without sensing whole behaviors,
because pheromone space is formed on the environment by a set of indi-
vidual behaviors. No conventional communication mean have this char-

acteristics, and the analogy of pheromone communication is very useful
to design adaptive multi-agent systems.

Therefore, this dissertation is related to a study on design method of
pheromone style communication for coordinated agents systems. Espe-
cially, multi-agent systems based on pheromone style communication are




applied to combinatorial optimization problems, namely, Traveling Sales-
man Problems and Vehicle Routing Problems. The experimental results
show the effectiveness of these applications. Moreover, the multi-agent
system with evolutive pheromone style communication based on the Ge-
netic Algorithm is proposed in the ants war game world. The hybrid of
pheromone style communication and genetic algorithm enable agents to
autonomously construct their communication according to their objec-
tive without a detail drawing of agent communication by a designer. The
abstract of contained sections are as follows.

Chapter 1 is related to multi-agent systems and real ant colonies. Com-
munication means of multi-agent systems and some issues are surveyed.
Real ant colonies are discussed in view points of multi-agent systems
and total group rationality of agents. The design concept of pheromone
style communication is described, and some works are surveyed based on
proposed design concept of pheromone style communication.

In chapter 2, I focus on ant algorithm, which Colorni et al. proposed in
1991 to solve Traveling Salesman Problems, as a start point of this study.
It is cleared that ant algorithm has some defect that it can not do variety
search. To overcome this weakness, multiple ant colonies are introduced
to ant algorithm, and multiple ant colonies algorithm is proposed with
pheromone style communications based on colony level interaction. In
addition, the computer experimental results that multiple ant colonies
algorithm is superior to the original ant algorithm are showed.

In chapter 3, the distributed search algorithm based on pheromone style
communication is proposed to solve Vehicle Routing Problems, which is
known as harder problems than Traveling Salesman Problems because it
1s necessary to determine multi vehicle routes at once with minimizing
an objective function. Pheromone style communication is used to solve
competitions between agents and harmonize behaviors of agents accord-
ing to their objective. Some computer experimental results shows the
effectiveness of this proposed multi-agent system.

In chapter 4, the multi-agent system with evolutive pheromone style
communication based on the Genetic Algorithm is proposed in the ants
war game world. In ants war, two colonies of ant agents scramble limited
food resource by using of pheromone style communication, and this game
1s considered as the test problem in which agents are required adaptive
resource allocation, adaptability to dynamic environment and planning
ability under limited sensed information. An agent in the multi-agent
system 1s constructed with an artificial neural network, and the genetic




algorithm evolves pheromone style communication. The effectiveness of
pheromone style communication is analyzed based on some evaluations
according to experimental results.

In chapter 5, the summarize of this study is described.




Chapter 1

Multi-Agent System and Ant
Colony System

1.1 Introduction

Recently, multi-agent systems gather attentions as a new computing
paradigm to solve complex problems which are difficult to be solved
by conventional artificial intelligence techniques based on the top-down
approach, in which systems are constructed with hierarchized and dis-
tributed organizations according to intention of designers, and the cen-
tralized supervisor component of system manages whole behavior of sys-
tem. Multi-agent systems consist of many agents as distributed problem
solvers, which autonomously and adaptively effect their actions to solve
given tasks. Agents are usually designed with adaptability and learn-
ability to adapt the complex environment concerning with solved prob-
lems. In such systems, many agents with various relationship between
others interact with each other. It is expected that these interactions en-
able multi-agent systems to emerge organizations with abilities to achieve
flexible and autonomous problem solving against the dynamic environ-
ment. That is, self-organizations of multi-agent systems consisting of
such autonomous agents must be exceeded a mere sum of components of
systems.

However, it is difficult to design intelligent agents and multi-agent
systems, of course, including designing of relationships and interactions
among agents. We can find archetypes of an excellent agent in various
levels of real lives, e.g., genes, cells, organizations, individuals, swarms,
societies and cultures, and the analogies of those have caused many arti-
ficial intelligence technologies.

Especially, real ant colonies are noticed here as an excellent archetype
system based on flexible self-organized behaviors. A real ant is called a




social insect, and a colony of real ants is known to have surprising high

abilities although each individual is only based on simple action pattern.
In such colony, working labors are distributed to cope various tasks for
their lives, e.g., forage food items, keep their children, attack enemies.
develop their nest, and so on, and distributed ants play various roles in
adaptive organizations. The objective of designing multi-agent systems
can be said to achieve a system like a colony of ants, thus, the analogy
of real ant colonies is valid.

In ant colonies, various kinds of communication means are used to
emerge organizations having high abilities. Especially, communications
via chemical means, that is, pheromone communications. play impor-
tant roles for keeping organization abilities. Owing to characteristics of
pheromone, ants can communicate distinct means to others according to
kinds of pheromone, moreover, ants can be affected by whole behaviors
without sensing whole behaviors, because pheromone space 1s formed on
the environment by a set of individual behaviors. No conventional com-
munication mean has this characteristics, and the analogy of pheromone
communication is very useful to design adaptive multi-agent systems.

In this section, recent works and issues of multi-agent systems will be
described, and formalizations of multi-agent systems in the view point of
communication means will be represented. On the other hand, a real ant
colony as an archetype of multi-agent system will be introduced, and some
example of excellent organizations will be shown. Thus, the multi-agent
system based on pheromone style communication will be formalized, and
several related works will be introduced.

1.2 Multi-Agent System

This section is concerning with the survey of multi-agent systems and
brief introduction of artificial intelligence implemented in it. In multi-
agent systems, artificial intelligence technologies are very important be-
cause according to solved tasks it is difficult to manage organizations
consisting of many agents. Many artificial intelligence techniques were
proposed by simulating the mechanisms of real lives. On the other hand,
three important problems, the pursuit problem, the tailworld, and the
prisoner’s dilemma are introduced in this section as the test problems
of multi-agent systems. These problems are deeply related to essen-
tial issues caused in multi-agent systems. Moreover, the formalization
of multi-agent systems are described in the viewpoint of communication

13
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Figure 1.1: The approach from nature to artificial intelligence and artificial life.

forms. In the formalization, two communication means, namely, direct
communication and indirect communication are formalized.

1.2.1 Problem Solving from Nature

New artificial intelligent systems are expected to solve many various
and complex problems which are difficult to be solved by old fashioned
artificial intelligence technologies. Generally, a solved problem is on the
dynamic environment which is based on many complicated interactions
between elements of environment, and it is difficult for designers to con-
struct well problem solving systems according to conventional top-down
approaches because we cannot predict all behaviors and all results caused
in dynamic relations in advance. Thus, it is necessary for designing of
problem solving systems to make such systems have abilities of flexibil-
1ty, adaptability, learnability, and so on, like real life systems. In fact,
there are many adaptive real systems and many levels of organizations in
nature, so it is very worthful to emulate systems of nature.
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Figure 1.2: The relationship between artificial systems and real life systems.

Fig. 1.1 shows the approach from nature to artificial intelligence and
artificial life [44][20]. The research area of artificial life mainly focus on
essences of real life systems through modeling of real life systems and
analyzing the behavior of models. On the other hand, various levels of
real life systems are focused on for artificial intelligence, and abilities
in each level are studied as archetypes of adaptive systems, e.g., the
levels of individual abilities, swarm abilities. organization abilities, society
abilities, and so forth.

In Fig. 1.2, the relationship between artificial systems and real life
systems is shown according to levels of organizations. In the emergence
level of individuals, some kinds of technologies for individual abilities are
widely studied on, and these technologies are introduced here briefly.

Subsumption architecture was proposed by L. Brooks for controlling




intelligent real robots [5]. A robot, which has not enough ability for its
behavior at first, is grazed to real environment, and the ability of robot
is adjusted by itself for improvement of its adaptiveness. Controlling
programs are sequentially generated as a set of elemental actions. Each
elemental action is a simple reactive controlling unit which connects a
sensory input of robot to an actuator. The improvement of total ability is
achieved to add new elemental action to a control system parallelly. Many
robots with subsumption architectures were succeeded to act adaptively
in real environment, in which classical robot controls were impossible to
act adaptively.

A Cellular automata system is constructed on grid space with placed
automata, each of which has its internal state. Automaton changes its
internal state and determines its outputs according to inputs from neigh-
bor automata outputs based on predefined rules. Transitions of each cell
condition are discrete, spatial and temporal. The behavior of interactions
among these simple rules are interesting like in the Conway’s life game.

L-system is thought as one of emergence algorithm of life. In this
system, emergence of life is explained as the transition system of abstract
cell conditions. Namely, each cell has internal condition according to its
emergence, and an internal condition is changed to next condition based
on its condition. This algorithm is related with automata theory as the
core technology of artificial life.

An artificial neural network was firstly proposed by McCulloch and
Pitts by means of modeling a biological neural network. In an artificial
neural network, there are many neurons, each of which has inputs from
others and single output to others. A neuron is connected to others with
weighted arcs, and an output signal is decided by the function of sum of
weighted input signals. A neural network can learn many kinds of func-
tions by adjusting of weights by learning methods, e.g., back propagation
method.

There are some kinds of evolutionary computation such as genetic
algorithm, genetic programming, classifier system, and so on. These
paradigms basically consist of a set of solutions or rules which are con-
cerning to given problems, and a solution or rule is generally called a
“chromosome”. The objective of these paradigms is to find a best chro-
mosome of many possible ones. At first, several chromosomes are ran-
domly generated in genetic pool, and each chromosome is evaluated by
a specific evaluation function which measures a goodness of chromosome
related with the characteristics of solved problem. According to evalua-




tion values, some chromosomes having high evaluations are stochastically
selected as parents, and these chromosomes generate new chromosomes
as children with genetic operators, namely, crossover and mutation. Op-
positely, chromosomes with bad evaluations tend to be disappeared from
the genetic pool. This process is repeated until a stop criterion comes,
and final chromosomes in genetic pool are probably better solutions of
problems. Especially, genetic programming uses lisp programs as chro-
mosomes, and classifier systems use input-output action rules of an agent.

Those technologies for individual abilities base on higher level intelli-
gence. As the emergence model of swarms, the boid was proposed by C.
Reynolds [40]. The boid is a simulation program which represents the
swarm behavior of bird flying. Each bird has very simple distributed fly-
ing rules not affected whole swarm behaviors, e.g., the rule to be apart
of too close mates for avoidance of collision, to adjust its speed to other
mates’ speed, and to tend going the center of swarm. It is known that
the boid emerge excellent group behavior closely like real birds. However,
this algorithm was proposed to simulate real bird behaviors, and each bird
behave its opinion only. To construct group level intelligence, the group
interactions based on total objectives of systems must be considered.

In the emergence level of organizations, many agents of systems learn
from adaptive actions to the environment, cooperative and competitive
relationships between others, evolve from results of behaviors, and ex-
change of knowledge between others. The total group of agents self-
organizes for their objectives with balancing cooperation and competition
based on individual abilities. In these systems, the objectives of systems
can be performed by group behavior caused by behaviors of individual
agents. Thus, multi-agent approach must construct effective and flex-
ible problem solving systems which can not be made by means of old
fashioned artificial intelligence approaches.

1.2.2 Recent Works and Issues on Multi-Agent Systems

It is expected for the research area of distributed artificial intelligence
to construct intelligent problem solvers for various and complex prob-
lems including dynamic environment. As examples of such problems, we
can pick up distributed sensing problems, management problems of net-
work, cooperative robots, distributed scheduling, and so on. One kind
of distributed artificial intelligence technologies, multi-agent systems are
got attention as flexible problem solving systems, in which many compo-
nents of systems called “agents” work together for solving given problems.

17




In multi-agent systems, many agents designed based on bottom-up ap-

proach interact with each other to coordinate for solving given tasks and
communicate to exchange knowledge regarding with problem domain in-
cluding themselves. Organizations of agents, which are emerged by a
large number of interactions, behave with divided roles of agents, and it
is expected that the total group behavior of agents exceeds a mere sum
of individuals for solving given complex tasks.

To design intelligent multi-agent systems, namely, to design intelligent
agents, it is difficult to predict how agent design is good to construct in-
telligent multi-agent systems because multi-agent systems are generally
established on many interactions of agents, moreover, the environment
in that agents exist is difficult to be known previously while designing.
There is another important problem what evaluation an agent should in-
dependently conform in the situation that each agent can not perceive
the total behavior and the evaluation of such behavior. Moreover, agents
must appropriately allocate their resource, i.e., agents, to deal with vari-
ous tasks and sub-tasks which is set to achieve global tasks of agents.

Therefore, agents are required to have ability by which agents can au-
tonomously adapt their dynamic environment and construct proper re-
lationships between other agents for their sake. Agents should be im-
plemented with some abilities like adapting, learning or evolving, and it
is needed for a designer to construct agents implemented such abilities.
According to the above, following three items are noted as basic and
important subjects on the research area of multi-agent systems|[38].

1. Agent Architecture
The environment seems to dynamically change for each agent be-
cause many other agents independently behave to perform their
tasks. What agent architecture is well designed in the condition
that it is difficult for an agent to predict changes of the environment
including other agents?

oo

. Coordinated Organization Scheme
Generally, agents in multi-agent systems exist to coordinately per-
form their tasks, which are given to the total of agents. Agents are
required to realize own roles for efficient achievement of their tasks.
Thus, what schema is needed to have agents decide own policies and
own sub-tasks with coordinated behaviors?

3. Agent Policy in Un-cooperated Relation
The relations between agents are roughly classified into two rela-
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Figure 1.3: An example of Tileworld.

tions, that is, cooperated relation and un-cooperated relation. It
is said that cooperated relation is based on total group rationality
and un-cooperated relation is based on individual rationality. More-
over, un-cooperated relation is divided into two relations, compet-
itive relation and un-competitive relation. In competitive relation,
agents are opposed each other to maximize own utilities. In these
un-coordinated relation, how do agents make a decision to maximize
own utilities?, and what results are brought to agents according to
the process of total behavior consisting of such agents? [37]

1.2.2.1 The Tileworld

Concerning with the first of the above, it is one of important issue
for agents how to achieve from a starting situation to an ending situ-
ation through transitions of situations according to lots of decided ac-
tions of agents. This problem is generally called a planning problem. In
classical plannings, an agent previously generates and evaluates possible
plans with numerous computation costs, and selects best one of candidate
plans. Blocks world is used as a test of planning problem on the assump-
tion of applying to robot decision-making. The basic planning methods
are based on forward planning and backward planning. forward plan-
ning applies all transition rules to situations from the starting one until
a goal situation is obtained. This planning requires to enumerate all pos-
sible situations because applied transition rules are a lot. On the other,
backward planning starts from a hoped goal situation to backward situa-
tions reversely compared with a forward planning, so backward planning
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Figure 1.4: An example of Pursuit Problem.

also has to enumerate all possible situations. In dynamic environment
of multi-agents, these classical planning methods sometimes cause the
frame problem that there are too many situations for an agent to decide
an appropriate action, and need a large time to make a decision. Thus,
an agent is necessary to decide its plan immediately because the environ-
ment of theirs is dynamic. This problem is called as real time planning,
or reactive planning, and Pollack et al. proposed tileworld to evaluate
agent architectures in viewpoint of such planning problem [39]. The brief
mtroduction of tileworld is as follows.

In tileworld, there are an agent, some tiles, obstacles and holes on grid
field (see Fig. 1.3). Each object of tileworld occupies just one grid, and
appears and disappears according to probability parameters except an
agent. An agent can move to one of four neighbors (top, bottom, left
and right) at once. A tile can be pushed to move to one of neighbors.
No obstacle can be moved, and a hole can be filled with a tile. A hole
filled with a tile by an agent becomes an empty grid. The score of an
agent in this world is concerned with the number of filling holes. In this
tileworld, an agent is needed to plan its action reactively to maximize its
score. This world is used to evaluate agent architectures in"that resource
bounded environment.

1.2.2.2 The Pursuit Problem

In second subject of the above, controlling of total behavior of agents
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in dynamic environment is difficult for designers. An independent agent
in such environment has limited ability and can sense only part of in-
formation about the environment. Thus, coordinated behavior of multi
agents is very important when agents face a problem which can’t be per-
formed by only individual ability. Concerning with coordinated behavior
of agents, we must notice about the means of interaction between agents
and the effects of agents’ organized relationship and communication.

To study on coordinated organization scheme, Benda et al. proposed
the pursuit problem [2]. The brief formulation of pursuit problem is fol-
lows. There are four blue agents and one red agent in the environment
of this problem, and each agent can move one of four neighbors(top, bot-
tom, left and right) at once in boundless lattice field. The objective of
this problem is that four blue agents surround four neighbors of the red
agent which moves randomly. To achieve this objective, there are some
constraints for agents: (1) the red agent and blue agents can not occupy
the same lattice, (2) arbitrary two blue agents can occupy the same lat-
tice, (3) group of four blue agents and the red agent move alternately.
A set of movements combined one movement of all blue agents with one
movement of the red agent is called one cycle. This problem requires
cooperation between blue agents because it is impossible that only one
blue agent attempts to surround the red agent, which coalition with other
blue agents is absolutely necessary. Benda investigated this problem from
viewpoint how agent organization got better performance to pursue the
red agent. He prepared following three relation between two blue agents.
(1) Communication agents relation (CAs): one agent can require data
for other agent. (2) Negotiating agents relation (NAs): two agents can
negotiate goal position or data. (3) Controlling agents relation (CLAs):
this relation consists of directional link. The agent in the beginning of
the link can control other agents in the close of link. In those three re-
lation, data means the red agent position from one blue agent and goal
position of one blue agent. That is, blue agent in this work can observe
the position of the red agent. He concluded this work as an organization
which had hierarchical controlling line got better performance.

1.2.2.3 The Prisoner’s Dilemma 5

To study of agent policies, the game theory and prisoner’s dilemma have
been widely used. Here, the prisoner’s dilemma is introduced briefly. In
the prisoner’s dilemma game, there are two players. Each has two choices,
namely cooperate or defect. Each must make the choice without knowing
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Figure 1.5: The Prisoner’s Dilemma.

what the other will do. No matter what the other does, defection yields a
higher payoff than cooperation. The dilemma is that if both defect, both
do worse than if both had cooperated. The way the game works is shown
m Fig. 1.5. One player chooses a row, either cooperating or defecting.
The other player simultaneously chooses a column, either cooperating
or defecting. Together, these choices result in one of the four possible
outcomes shown in that matrix. If both players cooperate, both do fairly
well. Both get R. the reward for mutual cooperation. In the concrete
illustration of Fig. 1.5 the reward is 3 points. This number might, for
example, be a payoff in dollars that each player gets for that outcome.
It one player cooperates but the other defects, the defecting player gets
the temptation to defect, while the cooperating player gets the sucker’s
payoff. In the example, these are 5 points and 0 points respectively. If
both defect, both get 1 point, the punishment for mutual defection.

The prisoner’s dilemma is simply an abstract formulation of some very
common and very interesting situations in which what is best for each
agent individually leads to mutual defection, whereas everyone would
have been better off with mutual cooperation. The definition of prisoner’s
dilemma requires that several relationship hold among the four different
potential outcomes. The first relationship specifies the order of the four
payoff. The best a player can do is get T, the temptation to defect when
the other player cooperates. The worst a player can do is get S, the
sucker’s payoff for cooperating while the other player defects. In ordering
the other two outcomes, R, the reward for mutual cooperation, is assumed
to be better than P, the punishment for mutual defection. This leads to
a preference ranking of the four payoffs from best to worst as T, R, P and

S.

The second part of the definition of the prisoner’s dilemma is that the
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players cannot get out of their dilemma by taking turns exploiting each
other. This assumption means that an even chance of exploitation and
being exploited is not as good an outcome for a player as mutual cooper-
ation. It is therefore assumed that the reward for mutual cooperation is
ereater than the average of the temptation and the sucker’s payoff. This
assumption, together with the rank ordering of the four payoffs, defines
the prisoner’s dilemma.

Thus two egoists playing the game once will both choose their dominant
choice, defection, and each will get less than they both could have gotten
if they had cooperated. If the game is played a known finite number of
times, the players still have no incentive to cooperate. This certainly true
on the last move since there is no future to influence. On the nest-to-last
move neither player will have an incentive to cooperate since they can
both anticipate a defection by the other player on the very last move.
Such a line of reasoning implies that the game will unravel all the way
back to mutual defection on the first move of any sequence of plays that
is of known finite length. This reasoning does not apply if the players
will interact an indefinite number of times. And in most realistic settings,
the players cannot be sure when the last interaction between them will
take place. With an indefinite number of interactions, cooperation can
emerge. The issue then becomes the discovery of the precise conditions
that are necessary and sufficient for cooperation emerge.

The prisoner’s dilemma seems very simple, but it is difficult to ob-
tain an optimal strategy for this game. Moreover, we have to consider
many factors of the game, e.g., game situations, other player strategies,
and so on in order to construct effective strategies. A lot of studies
were discussed about the prisoner’s dilemmma concerning with equilibrium
strategies, roles of rationality in cooperated relationship, emergence and
evolution of cooperation, and so forth.

1.2.3 Formalization of Agent System and Communication

In this sub section, the formalizations of agent systems are introduced.
An agent performs a series of basic actions, detecting inputs from the
environment, making a decision according to inputs, and effecting its
outputs to the environment. In addition, an agent has its policy for
decision-making of its actions, and is usually required to have learnability
and adaptability for being an intelligent one, namely, it must have its
internal memory used for learning and adapting. An agent decides its
actions for the environment and changes its internal state. Therefore, an
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Figure 1.6: The image of relationship between an agent system and the environment.

agent is thought as a system based on inputs, outputs, and internal states
(see Fig. 1.6). An agent receives input informations from the environment
through a detector, and effects its outputs to the environment through
an effector. Because a detector and effector are deeply related with the
problem domain or the environment of agents, inputs and outputs of
agents are limited characteristically. The formalization of a basal agent
system A is given as follows.

A= W Y, TS (1.1)

where,

u(t) : Input from the environment at time ¢

x(t) : Internal state at time ¢

y(t) : Output to the environment at time ¢
2(t+1) = f(@(t), u(t)) (1.2)
y(t+ 1) = g((t), u(t)) (1.3)

Y

In equation 1.2, f is the function to change its internal state according
to both of an input and a previous internal state. The function g in
equation 1.3 is to decide its output to the environment according to both.
Next, I introduce two basic kinds of communication forms. namely, direct
communication and indirect communication, to that basic agent system.

24




Environment

Figure 1.7: The image of direct communication among agents.

1.2.3.1 Direct Communication

The first communication mean can be called the direct communication,
such like the contract net communication based on agent negotiation.
In direct communication, agents directly communicate each other like
shown in Fig. 1.7. The connections of communications are dynami-
cally constructed in each time according to a relationship among agents,
constraints in the environments, a requirement of communications, etc,
although it is often permanent as system settings. The formalization of
an agent system based on direct communication can described as follows.

A= v ow b g eash> (1.4)

where,

u(t) : Input from the environment at time ¢

v(t) : Input message of communication from other agents at time ¢
x(t) : Internal state at time ¢

y(t) : Output to the environment at time t

z(t) : Output message of communication to other agents at time t




y(t+ 1) = g(=(t), u(t), v(t)) (1.6)

2(t + 1) = h(a(t), u(t), o(t)) (1.7)

The functions used in 1.5 and 1.6 almost equal to the onesin 1.2 and 1.3
respectively. Especially, the function in equation 1.7 is used to decide an
output message of communication for other agents according to an input
from the environment, an input of communication from other agents and
an internal state. Under this agent formalization, a communication means
that there is a connection from z(t) of one agent to v(t 4+ 1) of another
between time ¢ and t4-1. Here, let n(t) denote the number of agents being
in the environment at time ¢, and 2z;(¢) and v;(t) denote a communication
input and an output of i-th agent at time ¢ respectively.

Generally, a communication input of an agent consists of communica-
tion outputs of others. Thus, let R(t) be a n(t) X n(t+ 1) communication
structure matrix between time ¢ and ¢4 1. Here, let r;;(¢) be the element
of R(t), the value of r;;(),0 < ¢ < n(t),0 < j < n(t+ 1), is decided as
follows.

(1.8)

Al 1 1f ¢-th agent sends a message to j-th agent
YY2 1 0 otherwise

It 1s supposed that there is no connection from ¢-th agent to itself, and
r;i(t) usually equals to zero. Accordingly, the communication output and
input of ¢-th agent, z;(¢) and v;(t) is formalized as follows.

zi(t) = {z;;(1)|0 < j < n(t),ri;(t) = 1} (1.9)
’U,j(f) - {Zji(t wad 1)[0 SJ S n(t = 1))“17“) == ].} (110)

The communication structure matrix R(¢) is dynamically changed ac-
cording to conditions of the multi-agent system and the environment. For

example in Fig. 1.8, the communication structure matrixes are decided
as follows.

R(t) = Bt =

(1.11)
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Figure 1.8: The examples of direct communication.

1.2.3.2 Indirect Communication

The second communication mean is the indirect communication. In this
communication mean, the shared communication space is prepared by
the designer in advance. Each agent sends a communication output to
the shared communication space, and receives a communication input
from the one. Namely, the communication is executed via the shared
communication space (see Fig. 1.9). The blackboard model of multi-
agent system is included in this communication mean. Therefore, the
formalization of an agent system based on indirect communication can
be described as follows.

b By TR SRS 2 TG S i I R (1:12)

where.

u(t) : Input from the environment at time ¢

v(t) : Communication input from the communication space at time ¢
x(t) : Internal state at time ¢ '

y(t) : Output to the environment at time ¢

z(t) : Communication output to the communication space at time ¢

x(t+ 1) = f=(t), u(t), v(1)) (1.13)
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Figure 1.9: The image of indirect communication among agents based on communication
space.

y(t+1) = g(=(t), u(t), v(?)) (1.14)
Z(t+1) = h(x(t), u(t), v(t)) (1.15)

Here, the shared communication space i1s considered. The shared com-
munication space manages all communication inputs and outputs be-
tween agents, namely, 1t is thought as the system which is connected by
the inputs from all agents and outputs to ones. Therefore, the shared
communication space system C' is formalized as follows.

Cr =2 Vokslad Ko (1.16)
V(t) : Input messages of agents as time ¢

X (t) : Internal state at time ¢

Z(t) : Output messages of agents at time ¢
X(t+1)=F(X(t),Z(1)) APy
Vit+1)=G(X(t),Z(1)) (1.18)

where, let z;(t) and v;(t) be a communication output and input of i-th
agent, and Z(t) and V(t) are formalized as follows.

Z{t) = 1a{t) 2ot s 2un )} (1.19)
V(T) = {’Ul(t). ’UQ(f). ey ’Un(t)(t)} (120)

The function F' is to update communication space, and G decides input
messages of agents at next time.




1.3 Ant Colony System and Multi-Agent System

In nature, insects which form highly structured organizations, e.g., ants
and bees, are very interesting. The pattern of individual activities seems
very simple and inordinate, but they show surprising complex swarm be-
haviors once they form the swarm. The networks between individuals
cause the emergence behavior although each individual doesn’t have high
intelligence. Real ant colonies show highly coordinated behavior for their
lives and performing several tasks, e.g., foraging food items, attacking
enemies, making their colony, taking care of their children and so on.
Especially, social insects like ant colonies behave in their life cycles not
only for their selves but also for their mates belonging to same organi-
zations. Namely, they are based on altruism. It is very surprising that
they sometimes die for killing their enemies and saving their colonies. In
ant colonies, a policy of each individual is strongly connected to total
eroup rationality which have been acquired through the effect of natural
evolution and adaptation for keeping their colonies. It is thought that
the origin of their total group rationality is caused by their genetic char-
acteristics of breeding system. For example, the genes of females and
males are amphiploid and haploid respectively, and the particular ge-
netic crossover mechanism is used. In subsection 1, the breeding system
of real ant colonies is described in viewpoint of the origin of organized
and coordinated behavior.

Here, it is naturally wondered how they can perform their highly coordi-
nation although the number of actions they generally show is basically not
many. To answer this question. it is very easy to image that interactions
play very important roles in ant colonies. They adaptively use two ways of
interactions, direct meeting interactions and pheromone communication.
Examples of direct meeting interactions are trading food items, keeping
their children, etc. Pheromone communication is the communication via
pheromone which is chemical substances used by many living creatures.
In subsection 2, pheromone communication is surveyed, and the design
concept of multi-agent system based on pheromone style communication
is proposed. According to subsection 2, some researches concerning with
problem solving based on ant-like agents are introduced. -

1.3.1 The Origin of Coordinated Behavior on Ant Colony Sys-
tem

The genetic systems of many animals are generally based on ploidy,
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Figure 1.10: The mechanism of crossover on real ant colonies.

in which both of parents, male and female have a pair of genes. For
production of children, parents make monoploid germ cells respectively
by dividing a pair of genes and crossing over these genes, and new pair
of genes for a child is produced by conception of two germ cells. While,
females of real ants also have a pair of genes, but males of real ants have
only single gene. This genetic system is called half-polyploid system.
Fig. 1.10 shows the mechanism of crossover between polyploid female (in
real ant colony, it is almost only queen ant) and monoploid male. In this
figure, the number of n represents the one of chromosomes including single
gene. Thus, polyploid queen ant has 2n chromosomes in a pair of genes,
and monoploid male ants have n chromosomes. When both of parents
generate germ cells for producing their children, each germ cell consists
of the number of n chromosomes. Here, if the fertilization of germ cells
occurs, fertilized cell is generated with the number of 2n chromosomes.
If the fertilization does not occur, unfertilized cell remains with keeping
the number of n chromosomes. In addition, fertilized cells-always become
female ants (in many cases workers), and unfertilized cells become male
ants. Namely, it is always keeping that females are polyploid and males
are monoploid.

Next, it is consider what results this genetic system causes concerning
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Figure 1.11: The kin degrees between parents and children on real ant colony.

with “kin degree”. The kin degree from A to B ( denoted as r4p) is
defined as the probability of that B has same particular homoeologous
chromosomes included in A. If this degree is large value, both of A and
B are probably kin. Oppositely if this value i1s small, A is not related
to B. In ploidy genetic system, it is natural that the kin degree between
parents and children always takes the value of 1/2 because both of parents
are polyploid and their children inherit a pair of genes each of which is
provided from either parent. In the case of half-polyploid system such as
real ant colonies, the relation of kin degree between parents and children is
very interesting. Fig. 1.11 shows example relation of kin degree between
parents and children on ant colony. In this figure, kin degrees between
parents (female and male) and children (two sons and two daughters) are
shown. First, the relation between parent and child is considered. The
sons A and B are born from unfertilized cells which are generated only
by female and inherit one of pair. Accordingly,

FAF = TpFpga = 0 (121)
rpm = 1 122
rup = 1/2 (1.23)




Where, equation 1.22 means M has all genes belonging to B, and equation
1.23 means B has a half of genes belonging to M. In the case of daughters,
C' and D inherit genes from F and M. So,

rop = 1 (1.24)
rpm =ryup = 1/2 (1.26)

are calculated. Moreover,

FREE=R PR R e e Wi =110 (1.27)
EBA = AR ~= 1/2 (1-28)
raprEnEgh Krpire by 2oklad 12 (1.29)
o= Ca o Doy = hia g 1 12314 (1.30)

Fon = rep X ¥or Htpp ¥ roir=Ex L2+ 112x 1 /2 =3{4. {1.31)
rpc =rcp = 3/4 (1.32)

According to the particular genetic system, the members of ant colony
consists of only kin. So, altruistic behaviors for helping their members
correspond to behaviors for saving own genes. To discuss altruistic be-
haviors, W. D. Hamilton proposed the inclusive fitness countering the
number of genes including kin [27]. The inclusive fitness for the individ-
ual A, F; 1s defined as follows.

FA = LVA - C -+ Z’I‘Ai X Bl' (133)

Where, W, is the fitness of A without relations to other individuals, C'is
the decrease fitness of A for altruistic behaviors to other individuals, and
B; is the increase fitness of i-th individual by altruistic behaviors of A.
In equation 1.33, if the condition —C' 4+ ¥; r4; X B; > 0 is satisfied, altru-
1stic behaviors are rational because such behaviors increase the inclusive
fitness. Thus, altruism had been probably fixed in evolulcionary process
according to this value. In ant colony, the values of r4; almost take 3/4,
and 1t is easy to satisfy the condition —C + 3, r4; x B; > 0. This fact is
considered as one of reason to cause altruistic behaviors of real ants.




1.3.2 Altruistic Behaviors and Total Group Rationality

In this subsection, the relationship between altruistic behaviors on ant
colonies and total group rationality on multi-agent system 1s described
[37]. In the multi-agent system G = {4; : 2= 1,2,...,n}, let the utility
function of agent A4; € G be denoted as U;(y(7),y;) with regarding to
other agents’ strategies, where y; is the strategy selected by agent A;,
and y(7) = (Y1, .. -, Yi—1, Yir1s - - -, Yn) 1s a set of strategies selected by other
agents except the agent A;. The policy satistying individual rationality
of agent A; is described as following equation.

¢i(y(1)) = arg max Ui(y(i), y;) (1.34)

The strategy ¢;(y(:7)) means the strategy which maximizes the utility
function of agent A; when the strategies of other agents are given.

On one hand, the policy of agents based on total group rationality is
considered. The agents based on total group rationality would maximize
own utilities and increase the sum of other agents’ utilities.

U(y(1),yi) = Uiy (1), yi) + Ai 2 Uiy (), y5) (1.35)
i#i
According to the utility of equation 1.35, the policy based on total group
rationality i1s described as

¢i(y(1)) = arg max Ui(y(i), y:). (1.36)

It is approximately supposed that W, — C' in the equation 1.33 equals
to Ui(y(7),y;) in 1.35, and B; equals to U;(y(j),y;). Moreover, ry; is
supposed to take the value of 3/4, so the equation 1.33 corresponds to
the equation 1.35 with the condition A\; = 3/4. These supposes lead
that each individual ant behaves based on total group rationality, and
the usage of analogies with ant colony system is very available to design
multi-agent systems as problem solvers.

1.3.3 Pheromone Communication on Ant Colony System

The colonies of real ants behave based on altruistic behaviors, that is,
total group rationality. Moreover, the organization of them can be con-
sidered as the caste system, in which it is perfectly determined who does
what. For example, the queen bears offsprings for their flourish, young
workers take care of the queen, eggs, larvas and chrysalises in their colony,
ripe workers are employed in dangerous works like defensing their colony
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Figure 1.12: The reaction of real ant according to sensing the pheromone trail.

and foraging food items, and even larvas play roles providing nourish-
ments and digestive enzyme to the members of colony [1]. Namely, real
ants keep complex society under the distinct division of works. There
are two types of division of works, temporal and permanent role. It is
known that ants change these morphologies for adapting these temporal
roles. Moreover, they autonomously can manage the allocation of labor
resources without a specific supervisor (of course the queen doesn’t have
such ability).

For the emergence of such great organization, it is easily imagined to
need excellent communication means. In fact, real ants adaptively use
two types of communication means, sign and signpost [42]. The sign is
used for communicating clear informations from one to another, and the
signpost is used for incidental informations from conditions of the colony.
Real ants can understand what to do by signpost, e.g., they have to forage
food items when there are few foods in the storage, or they have to extend
the nest when the colony is crowded.

Moreover, real ants use some kinds of chemical substances, called pher-
omones, for their communications. The word of 'pheromone’ was gener-
ated by merging the Greek words 'pherein’ meaning carry and "hormon’
meaning excite. B. Holldobler guessed that at least 10-20 kinds of signals
are needed to employ real ants colonies [29]. Generally, pheromones in
ant colonies consist of substances whose characteristics are volatilizable.
Pheromones let ants do specific reactions according to these types.

The foraging behavior of real ants is explained briefly. As the basic
character of foraging worker, they put the guide pheromone on the return
way to their colony after they discover and obtain the food item, i.e., the
pheromone trail connected to the food items is formed. On one hand, the
ant detecting the pheromone trail with only left tactile sensor turns left,
and oppositely the ant detecting with only right tactile sensor turns right
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Figure 1.13: The image of whole behavior of foraging ants.

(see Fig. 1.12). This simple reaction enable ants to follow the pheromone
trail and reach the food items. It has been shown experimentally that
this pheromone trail following behavior can give rise, once employed by
a colony of ants, to the emergence of shortest path. That is, when more
paths are available from the nest to a food source, a colony of ants may
be able to exploit the pheromone trails left by the individual ants to
discover the shortest path from the nest to the food source and back (see
Fig. 1.13 and Fig. 1.14).

In order to study in controlled conditions the ants’ foraging behavior,
the binary bridge experiment has been set up by Deneubourg et al. [16].
The nest of a colony of ants of the species Linepithema humile and a food
source have been separated by a double bridge in which each branch has
the same length (see Fig. 1.15). Ants are then left free to move between
the nest and the food source and the percentage of ants which choose one
or the other of the two branches is observed over time. The result is that
after an initial transitory phase in which some oscillations can appear,
ants tend to converge on a same path (see Fig. 1.16).

Pheromone indicates the clear sign meaning that they find the food
source, moreover, the labor are properly managed and unnecessary pher-

omone informations are automatically disappeared owing to its charac-
teristic.




Figure 1.14: The image of whole behavior of foraging ants when the obstacle suddenly
appears.
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1.3.4 Pheromone Style Communication on Multi-Agent Sys-
tem

According to the above example of foraging behavior with pheromone
trail, I would like to model the pheromone style communication for multi-
agent systems. For modeling the pheromone style communication, follow-
ing three characteristics of real pheromones are noted.

1. The communication information once passed the environ-
| ment

| In the foraging example, the pheromone trail is generated in the en-
vironment by many ants returning to the nest, so the pheromone
trail can 1imply not only the way to the food source but also the
plenitude of the food source in accordance with its strength. When
there are many foods and many ants carry out, the pheromone trail
is strong. Namely, pheromone informations have both of characteris-
tics, the direct sign from others and the indirect sign from conditions
of swarm. This feature is very important to emerge adaptive swarm
behavior without a specific supervisor which observes and controls
the total behavior of swarm. Moreover, it is not necessary for ants
to construct the detail internal model like a world map of the en-
vironment because the pheromone space is directly constructed in
the environment. If ants communicate by using something like lan-
guages, it 1s needed for ants to have the world map inside so as to
reach the food source. Namely, an agent requires the world map for
encoding the location of food source to the language, and also re-
quires for decoding the language to the location, moreover, the world
map must be accorded among agents.

2. The automatic update caused by its chemical characteris-
tics
The pheromone automatically evaporates from and diffuses in the
environment owing to its chemical characteristics. This automatic
update has the advantage that ants don’t have to manage its commu-
nicating information. For example, when all food items are carried
out, no ant puts the pheromone and the pheromone trail are dis-
appeared automatically, that is, already un-useless information is
automatically cleared off without negating the pheromone.

3. The distribution of spatial densities
For communicate with pheromone, ants are not required the ability
to process the context of message. In pheromone communication,
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the distribution of spatial densities is important, and it is enough
for ants to have the ability to react in the environment. In the
example of foraging behavior, an ant can reach the food source by
only turning to the direction to the strong pheromone trail.

For modeling pheromone style communication, it is needed to formalize
the pheromone space and agents. The pheromone space is modeled as
the vector space which is designed according to the relation among the
objectives of multi-agent systems, the abilities of agents, and the condi-
tions of the environment. As the characteristics of pheromone space, the
pheromone space updates a state of vector by itself. An agent behaves
based on inputs from the environment and pheromone space, in addi-
tion, effects its outputs to the environment and pheromone space. The
formalization of an agent is given as follows.

A= 0,8, Y. 2, T 8:hD> (1.37)

where,

u(t) : Input from the environment at time ¢
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v(t) : Input vector from the pheromone space at time ¢

x(t) : Internal state at time ¢
y(t) : Output to the environment at time ¢
z(t) : Output vector to the pheromone space at time ¢

Because the pheromone space is the vector space, an input v(t) and
output z(t) concerning with the pheromone space are vectors.

z(t+1) = fla(t), u(t),o(1)) (1.38)
y(t+ 1) = g(x(t), u(t), v(1)) (1.39)
z(t+1) = h(x(t),u(t), v(t)) (1.40)

In the above equations. the function f is to update its internal state ac-
cording to inputs from the environment, pheromone space and an internal
state of mine. The function ¢ is to decide its action to the environment,
and h is to decide the output vector of pheromone.

Let v;(t) and z;(t) be an input and output of i-th agent at time ¢, and
the pheromone space is formalized as follows.

et N i (1.41)

where,

X (t) : Internal state vector of pheromone space at time ¢

X(t+1)=F(X(t) + ¥ zi(t) (1.42)

vi(t +1) = X(t) (1.43)

The function F is concerning with the automatic update of pheromone,
and usually includes the effects of evaporation and diffusion.

In addition, it is supposed that the vectors X ,v and z are same size.
Namely, let | - | means the size of vector, thus .

1 X| = |vi| = |vo| =+ = vi| = -+

=|zi|=|za] = = |zi| = (1.44)
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Figure 1.18: The environment and internals of ants in AntFarm.

1.4 The Survey of Related Works about Ant-like
Agents and Pheromone Style Communication

In this section, multi-agent systems with ant-like agents and pheromone
style communication are surveyed. The study cases are roughly classified
two parts, the simulation models and the applications. The simulation
models are constructed to study the swarm intelligence which is emerged
by local behavior of limited abilities. In such studies, pheromone style
communication 1s introduced to emerge swarm intelligence for achieve-

~ment of given tasks. On the other hand, the applications are proposed to
solve combinatorial optimization problems. Especially, most applications
for combinatorial optimization problems are based on the ant colony op-
timization proposed by Colorni et al. in 1991 [9], and there are many
variations of the ant colony optimization. Combinatorial optimization
problems treated in these applications are not only static combinatorial
problems but also dynamic optimization problems, e.g., telecommunica-
tion routing problems. The survey of those researches are described in
following subsections.

1.4.1 The Simulation Models of Ant-like Agents and Pheromone
Style Communication

Some simulation models are proposed, and the analysis of these models
are reported. Collins et al. proposed AntFarm model which simulated
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the evolution of foraging strategies in colonies of artificial organisms that
resemble ants [15]. The focus of their work was to observe the evolution of
cooperative central-place foraging in ants. Like Fig. 1.18, AntFarm was a
computer program that simulated an evolving population of ant colonies
whose reproductive success was a function of the amount of food car-
ried to their nest producing a selection pressure favoring better foraging
strategies. The implementation of AntFarm was designed both a genetic
algorithm that closely resembled natural evolution, and a new artificial
neural network representation that was more suitable for evolutionary
experiments than mating, rather than the usual panmictic scheme. But
they concluded their paper that the evolution of cooperative foraging was
not observed.

M. Nakamura et al. proposed a mathematical model for the forag-
ing behavior of an ant colony [36]. In the model, a homogeneous ant
behaved according to the given rule, and interacted one another by ar-
tificial pheromone. As a result of cooperation of many ants’ micro-scale
behaviors, macro-scale foraging behavior of the colony emerged without
any central control or hierarchical control. The model showed character-
istic foraging behavior depending on colony size, that disrupted proper
foraging. To avoid this behavior, they supposed a temporary desensitiza-
tion of an ant to pheromone after perceiving a strong pheromone signal.
This supposition influenced a formation process of a pheromone pattern,
and this enabled us to control the colony’s foraging behavior.

S. Kato et al. studied on the multi-agent system with cooperative
learning based profit sharing [30]. This model was applied to the pursuit
problem in which there were four blue agents as pursuers and one red
agent as an evader. The pheromone was used as the communication
mean among agents. In the model, when a blue agent couldn’t sense a
red agent, the pheromone signal was used instead of sensing information.
They made some computer experiments to maintain the effectiveness of
their proposal.

K. Suzuki et al. discussed reorganization of agents in the multiple
monkey banana problem, which can be characterized as multiple targets
processing problem [48][49]. In that problem, each target processing re-
quires the cooperative organization that consists of the specified number
of agents at least. Because the information of targets is shared insuffi-
ciently among agents, each agent has to decide which target should be
processing based on its sensing information, and many organizations oc-
cur simultaneously for different targets. Thus, it is easily imagined that




some organizations of them will be short-handed for processing the tar-
gets. That is, the agents often face the dilemma of whether to give up
the current organizing efforts or to wait until the other agents becoming
member for filling up the vacancy of the organization. To defeat such
dilemma situations, they are required to possess the effective reorgani-
zation abilities. They applied reinforcement learning based on classifier
rules for acquisition of the pheromone style communication. Throughout
the experiments, it was shown that the acquired communication rules
succeed in the reorganization from the dilemma situations.

M. Kubo et al. introduced the pheromone style communication to the
multi-agents on the soccer game. In the soccer game of agents, there
are two teams consists of some agents, and the objective of each team
is to get more goal than the opponent. In Kubo’s model, an agent be-
haves with reactive rules based on If-Then rules. Sending a message to
team mates 1s executed by putting the pheromone on arbitrary place on
the soccer field. Interpreting pheromone is implemented in conditions of
[f-Then rules. In addition, learning of rules is based on bucket brigade al-
gorithm. They concluded through computer experiments that (1) agents
could emerge cooperative relationship by prediction of mates’ behaviors,
(2) agents could understand the characteristics of the environment and
predict missing plays of the opponent, and (3) a pair of agents could play
wall pass with short-term prediction.

F. H. Bennett III studied on emergence of a multi-agent architecture for
the ant colony food foraging problem using genetic algorithm, and the au-
tomatic evolution of these decisions during a run of genetic programming
using architecture-altering operations. In his research, artificial ants were
constructed with the genetic programming, and applied to the foraging
problem, in which the objective of ant agents is to collect more food
items in the environment. The pheromone was used as the marking in
the environment and evolved by the genetic programming technique. In
the experiments, following interest six agents with coordinated behaviors
were appeared through the evolutionary process.

e agent 0: The ant only moves in a straight line in the direction that it
was initially facing, and doesn’t pick up any food or drop pheromone.

e agent 1: The ant wanders randomly until it finds either a pheromone
or food, then it stops next to that pheromone or food and does
nothing else. When the pheromone the ant is next to decays or the
food pellet the ant is next to is carried away it resumes random
wandering.




o agent 2: When the ant happens upon the nest it stops there and
does nothing else. Otherwise, it only moves in a straight line in the
direction that it was initially facing, and doesn’t pick up any food
or drop pheromones.

e agent 3: The ant behaves like it does when under the control of agent
1 except that the ant stops on top the food instead of next to do it.

e agent 4: The ant moves to the corner of the world and stops there
and does nothing else. However, if it encounters a food pellet and
stays there until the food pellet is carried away, whereupon the ant
moves to the corner of the world and stops.

e agent 5: Behaves the sames as agent 3.

He concluded his work as that genetic programming was successfully
used to discover multi-agent algorithms that solve a central-place foraging
problem for an ant colony, and was able to simultaneously evolve time-
efficient multi-agent algorithms, multi-agent architectures, and emergent
cooperation within the colony of ants.

1.4.2 Ant Colony Optimization

In the ant colony optimization (ACQO) meta-heuristic a colony of artificial
ants cooperate in finding good solutions to difficult discrete optimization
problems. Cooperation is a key design component of ACO algorithms:
The choice is to allocate the computational resources to a set of relatively
simple agents (artificial ants) that communicate indirectly by stigmergy.
Good solutions are an emergent property of the agents’ cooperative in-
teraction.

Artificial ants have a double nature. On the one hand, they are an
abstraction of those behavioral traits of real ants which seemed to be
at the heart of the shortest path finding behavior observed in real ant
colonies. On the other hand, they have been enriched with some capa-
bilities which do no find a natural counterpart. It is reasonable to give
artificial ants some capabilities that, although not corresponding to any
capacity of their real ants counterparts. make them more effective and
efficient. In the following, the nature inspired characteristics of artificial
ants and how they differ from real ants are described.




1.4.2.1 Similarities and differences with real ants

Most of the ideas of ACO stem from real ants. In particular, the use
of: (i) a colony of cooperating individuals, (ii) an (artificial) pheromone
trail for local stigmergetic communication, (iii) a sequence of local moves
to find shortest paths, and (iv) a stochastic decision policy using local
information and no lookahead.

e Colony of cooperating individuals As real ant colonies, ant al-
gorithms are composed of a population, or colony, of concurrent and
asynchronous entities globally cooperating to find a good solution to
the task under consideration. Although the complexity of each arti-
ficial ant is such that it can build a feasible solution ( as a real ant
can find somehow a path between the nest and the food), high qual-
ity solutions are the result of the cooperation among the individuals
of the whole colony.

e Pheromone trail and stigmergy Artificial ants modify some as-
pects of their environment as the real ants do. While real ants
deposit on the world’s state they visit a chemical substance, the
pheromone, artificial ants change some numeric information locally
stored in the problem’s state they visit. This information takes into
account the ant’s current history / performance and can be read /
written by any ant accessing the state. By analogy, this numeric
information is called artificial pheromone trail. In ACO algorithms,
local pheromone trails are the only communication channels among
the ants. This stigmergetic form of communication plays a major
role in the utilization of collective knowledge. Its main effect is to
change the way the environment (the problem landscape) is locally
perceived by the ants as a function of all the past history of the whole
ant colony. Usually, in ACO algorithms an evaporation mechanism,
similar to real pheromone evaporation, modifies pheromone infor-
mation over time. Pheromone evaporation allows the ant colony to
slowly forget its past history so that it can direct its search towards
new directions without being over-constrained by past decisions.

o Shortest path searching and local moves Artificial and real
ants share a common task; to find a shortest (minimum cost) path
joining an origin (nest) to destination (food) sites. Real ants do not
jump, they just walk through adjacent terrain’s states, and so do
artificial ants, moving step-by-step through adjacent states of the
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problem. Of course, exact definitions of state and adjacency are
problem-specific.

Stochastic and myopic state transition policy Artificial ants,
as real ones, build solutions applying a probabilistic decision policy
to move through adjacent states. As for real ants, the artificial ants’
policy makes use of local information only and it does not make use
of lookahead to predict future states. Therefore, the applied policy is
completely local, in space and time. The policy id a function of both
the a priori information represented by the problem specifications
(equivalent to the terrain’s structure for real ants), and of the local

modifications in the environment (pheromone trails) induced by past
ants.

Moreover, artificial ants have also some characteristics which do not
find their counterpart in real ants.

|28

R

Artificial ants live in a discrete world and their moves consist of
transitions from discrete states to discrete states.

. Artificial ants have an internal state. This private state contains the

memory of the ant past actions.

. Artificial ants deposit an amount of pheromone which is a function

of the quality of the solution found.

. Artificial ants timing in pheromone laying is problem dependent and

often does not reflect real ants behavior. For example, in many cases
artificial ants update pheromone trails only after having generated
a solution.

. To 1mprove overall system efficiency, ACO algorithms can be en-

riched with extra capabilities like lookahead, local optimization, back-
tracking, and so on, that cannot be found in real ants. In many
implementations ants have been hybridized with local optimization
procedures, while, so far, only Muchel and Middendorf have used
a simple one-step lookahead function and there are no examples of
backtracking procedures added to the basic ant capabilities, except
for simple recovery procedures used by Di Caro and Dorigo.

1.4.2.2 The ACO meta-heuristic

In ACO algorithms, a finite size colony of artificial ants with the above
described characteristics collectively searches for good quality solutions to
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the optimization problem under consideration. Each ant builds a solution.
or a component of it, starting from an initial state selected according
to some problem dependent criteria. While building its own solution,
each ant collects information on the problem characteristics and on its
own performance, and uses this information to modify the representation
of the problem, as seen by the other ants. Ants can act concurrently
and independently, showing a cooperative behavior. They do no use
direct communication: it is the stigmergy paradigm that governs the
information exchange among the ants.

An incremental constructive approach is used by the ants to search for
a feasible solution. A solution is expressed as a minimum cost (shortest)
path through the states of the problem in accordance with the problem’s
constraints. The complexity of each ant is such that even a single ant
is able to find a (probably poor quality) solution. High quality solutions
are only found as the emergent result of the global cooperation among
all the agents of the colony concurrently building different solutions.

According to the assigned notion of neighborhood ( problem-dependent),
each ant builds a solution by moving through a (finite) sequence of neigh-
bor states. Moves are selected by applying a stochastic local search policy
directed (i) by ant private information (the ant internal state, or mem-
ory) and (ii) by publicly available pheromone trail and a priori problem-
specific local information. The ant’s internal state stores information
about the ant past history. It can be used to carry useful information
to compute the value / goodness of the generated solution and / or the
contribution of each executed move. Moreover, it can play a fundamental
role to manage the feasibility of the solutions. In some problems in fact,
typically in combinatorial optimization, some of the moves available to
an ant in a state can take the ant to an infeasible state. This can be
avoided exploiting the ant’s memory. Ants therefore can build feasible
solutions using only knowledge about the local state and about the effects
of actions that can be performed in the local state.

The local, public information comprises both some problem-specific
heuristic information, and the knowledge, coded in the pheromone trails,
accumulated by all the ants from the beginning of the search process.
This time-global pheromone knowledge built-up by the ants is a shared
local long-term memory that influences the ants’ decisions. The deci-
sions about when the ants should release pheromone on the environment
and how much pheromone should be deposited depend on the charac-
teristics of the problem and on the design of the implementation. Ants




can release pheromone while building the solution (online step-by-step),
or after a solution has been built, moving back to all the visited states
(online delayed), or both. Autocatalysis plays an important role in ACO
algorithms functioning: the more ants choose a move, the more the move
is rewarded (by adding pheromone) and the more interesting it becomes
for the next ants. In general, the amount of pheromone deposited is
made proportional to the goodness of the solution an ant has built (or is
building). In this way, if a move contributed to generate a high-quality
solution its goodness will be increased proportionally to its contribution.

A functional composition of the locally available pheromone and heuris-
tic values defines ant-decision tables, that is, probabilistic tables used by
the ants’ decision policy to direct their search towards the most interest-
ing regions of the search space. The stochastic component of the move
choice decision policy and the previously discussed pheromone evapora-
tion mechanism avoid a rapid drift of all the ants towards the same part
of the search space. Of course, the level of stochasticity in the policy
and the strength of the updates in the pheromone, trail determine the
balance between the exploration of new points in the state space and
the exploitation of accumulated knowledge. If necessary and feasible, the
ants’ decision policy can be enriched with problem-specific components
like backtracking procedures or lookahead.

Once an ant has accomplished its task, consisting of building a solu-
tion and depositing pheromone information, the ant dies, that is, it is
deleted from the system. The overall ACO meta-heuristic, beside the
two above-described components acting from a local perspective (that
1s, ants generation and activity, and pheromone evaporation), can also
comprise so, extra components which use global information and that go
under the name of daemon actions in the algorithm reported in Fig. 1.19.
For example, a daemon can be allowed to observe the ants’ behavior, and
to collect useful global information to deposit additional pheromone in-
formation, biasing, in this way, the ant search process from a non-local
perspective. Or, it could, on the basis of the observation of all the so-
lutions generated by the ants, apply problem-specific local optimization
procedures and deposit additional pheromone off-line with respect to the
pheromone the ants deposited online. :

The three main activities of an ACO algorithm (ants generation and
activity, pheromone evaporation, and daemon actions) may need some
kind of synchronization, performed by the schedule activities construct
of Fig. 1.19. In general, a strictly sequential scheduling of the activities
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procedure ACO_Meta_heuristic()
while (termination_criterion_not_satisfied)
schedule_action
ants_generation_and_activity();
pheromone_evaporation();
daemon_actions(); { optional }
end schedule_activities
end while
end procedure

procedure ants_generation_and_activity()
while (available_resources)
schedule_the_creation_of_a_new_ant();
new_active_ant();
end while
end procedure
procedure new_active_ant() { ant lifecycle}
inetealize_and();
M=update_ant_memory()
while (current_state # target_state)
A=read_local_ant-routing_table();
P =compute_transition_probabilities(A,M problem_constraints );
next_state=apply_ant_decision_policy(P,problem_constraints);
move_to_next_state(next_state );
if (online_step-by-step_pheromone_update)
deposit_pheromone_on_the_visited_arc();
update_ant-routing_table();
end if
M=update_internal_state();
end while
if (online_delayed_pheromone_update)
evaluate_solution();
deposit_pheromone_on_all_visited_arcs();
update_ant-routing_table();
end if
die();

end procedure ;

Figure 1.19: The ACO meta-heuristic in pseudo-code.



1s particularly suitable for non-distributed problems, where the global
knowledge is easily accessible at any instant and the operations can be
conveniently synchronized. On the contrary, some form of parallelism can
be easily and efficiently exploited in distributed problems like routing in
telecommunications networks.

In Fig. 1.19, a high-level description of the ACO meta-heuristic is
reported in pseudo-code. As pointed out above, some described com-
ponents and behaviors are optional, like daemon activities, or strictly
implementation-dependent like when and how the pheromone is deposited.
In general, the online step-by-step pheromone update and the online de-
layed pheromone update components (respectively, lines 24-27 and 30-34
in the new active ant procedure) are mutually exclusive and only in few
cases they are both present or both absent (in the case they are absent
the pheromone is deposited by the daemon).

ACO algorithms, as a consequence of their concurrent and adaptive na-
ture, are particularly suitable for distributed stochastic problems where
the presence of exogenous sources determines a non-stationarity in the
problem representation ( in terms of costs and / or environment). For
example, many problems related to communications or transportation
networks are intrinsically distributed and non-stationary and it is often
not possible to have an exact model of the underlying variability. On
the contrary, because stgmergy is both the only inter-ant communication
method and it is spatially localized, ACO algorithms could perform not
at best in case of problems where each state has a big-sized neighbor-
hood. In fact, an ant that visits a state with a big-sized neighborhood
has a huge number of possible moves among which to choose. There-
fore, the probability that many ants visit the same state is very small,
and consequently there is little, if any, difference between using or not
pheromone trails.

1.4.2.3 Applications of ACO Algorithms

There are now available numerous successful implementations of the ACO
meta-heuristic (Fig. 1.19) applied to a number of different combinatorial
optimization problems. Looking at these implementations it is possible
to distinguish among two classes of applications: those to static combi-
natorial optimization problems, and those to dynamic ones.

Static problems are those in which the characteristics of the problem
are given once and for all when the problem is defined, and do not change
while the problem is being solved. A paradigmatic example of such prob-
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Problem Authors Year Main Algorithm
name references name
Traveling Dorigo, Maniezzo & Colorni 1991 [19] AS
salesman Gambardella & Dorigo 1995 [21] Ant-Q
Dorigo & Gambardella 1996  [17][18][22] ACS and ACS 3-opt
Stultzle & Hoos 1997 [45] MMAS
Bullnheimer, Hartl & Strauss 1997 (7] ASrank
Quadratic Maniezzo, Colorni & Dorigo 1994 [34] AS-QAP
assignment Gambardella, Taillard & Dorigo 1997 (23] HAS-QAP™
Sturzle & Hoos 1998 [46] MMAS-QAP
Maniezzo & Colorni 1998 [33] AS-QAP®
Maniezzo 1998 [32] ANTS-QAP
Job-shop Colorni, Dorigo & Maniezzo 1994 [9] AS-JSP
scheduling
Vehicle Bullnheimer, Hartl & Strauss 1996 [6][8] AS-VRP
routing Gambardella, Taillard & Agazzi 1999 [24] HAS-VRP
Sequential Gambardella & Dorigo 1997 HAS-SOP
ordering
Graph Costa & Hertz 1997 [10] ANTCOL
colorling
Shortest common  Michel & Middendorf 1998 (35] AS-SCS

supersequence

Table 1.1: List of applications of ACO algorithms to static combinatorial optimization

problems.
Problem Authors Year Main Algorithm
name references name
Connection Schoonderwoerd, Holland, 1996 [41] ABC
oriented Bruten & Rothkrantz
network White, Pagurek & Oppacher 1998 [51] ASGA
routing Di Caro & Dorigo 1998 [13] AntNet-FS
Bonabeau, Henaux, Guerin, 1998 [4] ABC-smart ants
Snyers, Kuntz & Theraulaz
Connection-less  Di Caro & Dorigo 1997  [11][12][14] AntNet & AntNet-FA
netwoek routing Subramanian, Druschel & Chen 1997 [47] Regular ants
Heusse, Guerin, Snyers & Kuntz 1998 [28] CAF
van der Put & Rothkrantz 1998 [50] ABC-backward

Table 1.2: List of applications of ACO algorithms to dynamic combinatorial optimization
problems.




lems 1s the classic traveling salesman problem, in which city locations
and their relative distances are part of the problem definition and do
not change at run-time. On the contrary, dynamic problems are defined
as a function of some quantities whose value is set by the dynamics of
an underlying system. The problem changes therefore at run-time and
the optimization algorithm must be capable of adapting online to the
changing environment.

Topological modifications (e.g., adding or removing a node), which are
not considered by the above classification, can be seen as transitions
between problems belonging to the same class. Tab. 1.1 and 1.2 list the
available implementations of ACO algorithms.

1.4.2.4 Ant Colony System for Traveling Salesman Problems

Here, the original ant colony system for traveling salesman problems is
explained as the basic of ACO algorithms. The ant colony system was
proposed by Colorni et al. in 1991 [9], and in his work an artificial ant is
an agent which moves from city to city on a TSP graph. It chooses the
city to move to using a probabilistic function both of trail accumulated
on edges and of a heuristic value, which was chosen here to be a function
of the edges length. Artificial ants probabilistically prefer cities that are
connected by edges with a lot of pheromone trail and which are close-by.
Initially, m artificial ants are placed on randomly selected cities. At each
time step they move to new cities and modify the pheromone trail on the
edges used - this is termed local trail updating. When all the ants have
completed a tour the ant that made the shortest tour modifies the edges
belonging to its tour - termed global trail updating - by adding an amount
of pheromone trail that is inversely proportional to the tour length.

These are three ideas from natural ant behavior to artificial ant colony:
(1) the preference for paths with a high pheromone level, (ii) the higher
rate of growth of the amount of pheromone on shorter paths, and (iii) the
trail mediated communication among ants. Artificial ants were also given
a few capabilities which do not have a natural counterpart, but which
have been observed to be well suited to the TSP application: artificial
ants can determine how far away cities are, and they are endowed with a
working memory M; used to memorize cities already visited (the working
memory 1s emptied at the beginning of each new tour, and is updated
after each time step by adding the new visited city).

There are many different ways to translate the above principles into a
computational system apt to solve the TSP. In the ant colony system,




an artificial ant & in city » chooses the city s to move to among those
which do not belong to its working memory M by applying the following
probabilistic formula:

g0 { arg maXye y, {['T('I‘._ w)] - [n(r, u)]’g} if ¢ < qq (1.45)

5 otherwise

where 7(r,u) is the amount of pheromone trail on edge (riulealy 0} is
a heuristic function, which was chosen to be the inverse of the distance
between cities r and u, 3 is a parameter which weights the relative 1mpor-
tance of pheromone trail and of closeness, ¢ is a value chosen randomly
with uniform probability in [0, 1], ¢o(0 < gy < 1) is a parameter, and S is
a random variable selected according to the following probability distri-
bution, which favors edges which are shorter and have a higher level of
pheromone trail:

( 2 N O S v
’ [T<7 ,S)] ['7(’3'?})]/ . if s ¢ M,
prlrys)es 4 ugjk[TO‘ u)] X [’](_7 3 U)] (146)
e otherwise

where pi(r, s) is the probability with which ant & chooses to move from
city r to city s.

Pheromone trail is changed both locally and globally. Global updating
is intended to reward edges belonging to shorter tours. Once artificial ants
have completed their tours, the best ant deposits pheromone on visited
edges; that is, on those edges that belong to its tour. (The other edges re-
main unchanged.) The amount of pheromone Ay(r, s) deposited on each
visited edge (r,s) by the best ant is inversely proportional to the length
of the tour: The shorter the tour the greater the amount of pheromone
deposited on edges. This manner of depositing pheromone is intended
to emulate the property of differential pheromone trail accumulation,
which in the case of real ants was due to the interplay between length
of the path and continuity of time. The global trail updating formula is
p(r,s) — (1-a)-o(r,s)+a-Ap(r, s), where Ap(r, s) = (shortest tour)~!.
Global trail updating is similar to a reinforcement learning scheme in
which better solutions get a higher reinforcement. ;

Local updating is intended to avoid a very strong edge being chosen
by all the ants: Every time an edge is chosen by an ant its amount
of pheromone is changed by applying the local trail updating formula:
7(r,s) «— (1 —a) - 7(r,s) + a - 79, where 7y is a parameter. Local trail
updating is also motivated by trail evaporation in real ants.

53




Problem name ACS GA EP SA AG Optimum
Oliver30 420 421 420 424 420 420
(30-city problem) | (423.74) (N/A) | (423.74) | (N/A) | (N/A) | (423.74)
[830] [3,200] | [40,000] | [24,617] | [12,620]
Eil50 425 428 426 443 436 425
(50-city problem) (427,96) (N/A) | (427.86) | (N/A) (N/A) (N/A)
[1,830] [25,000] | [100,000] | [68,512] | [28,111]
Eil75 535 545 542 580 561 535
(75-city problem) | (542.31) (N/A) | (549.18) | (N/A) | (N/A) | (N/A)
[3,480] [80,000] | [325,000] | [173,250] | [95,506]
KroA100 21,282 21,761 (N/A) (N/A) (N/A) 21,282
(100-city problem) | (21,285.44) | (N/A) (N/A) (N/A) (N/A) (N/A)
[4,820] [103,000] [N/A] [N/A] [N/A]

Table 1.3: Comparison of ACS with the other approximate optimization algorithms.

ACS ACS | Optimal % Error CPU seconds
Problem name best result | average | result 1)-(2 to generate a
(1) (2) (2) tour
d198 15,888 16,054 15,780 0.68 % 0.02
(198-city problem) [585,000] [T1.1]
pcb442 51,268 51,690 50,779 0.96 % 0.05
(442-city problem) [595,000] | [188.7]
att532 28,147 28,522 27,686 1.67 % 0.07
(532-city problem) [830,658] | [275.4]
rat77(8 9,015 9,066 %.806 237 % 0.13
(778-city problem) [991,276] [28.2]
fl1577 22917 23,163 | [22,137 - | 3.27 +3.79 % 0.48
(l1577-city problem) | [942,000] | [116.6] | 22,249 ]

Table 1.4: ACS performance for some bigger TSPs.

M. Dorigo applied the ant colony system to some traveling salesman
problems and reported the experimental results [17]. Using the test prob-
lems listed in Tab. 1.3 the performance of ACS was compared with the
performance of other naturally inspired global optimization methods: ge-
netic algorithm (GA), evolutionary programming, simulated annealing
(SA), and a combination of simulated annealing and genetic algorithm.
Neumerical experiments were executed with ACS, whereas the perfor-

mance figures for the other algorithms were taken from the literature.
The ACS parameters were reported to be set to the following values:
m=10,8=2,a =0.1,q0 = 0.9,79 = (n - L)', where L,, is the tour
length produced by the nearest neighbor heuristic, and n is the number of
cities (these values were found to be very robust across a wide variety of




problems). In tab. 1.3, the best integer tour length, the real tour length
and the number of tours required to find the best integer tour length were
reported. The best results of each problem is boldface.

He also ran ACS on some bigger problems to study its behavior for
increasing problem dimensions (see Tab. 1.4). For these runs he imple-
mented a slightly modified version of ACS which incorporates a more
advanced data structure known as candidate list, a data structure nor-
mally used when trying to solve big TSP problems. A candidate list is
a list of preferred cities to be visited; it is a static data structure which
contains, for a given city ¢, the ¢l closest cities. First column in the table
is the best results obtained by ACS out of 15 trials, namely, the integer
length of the shortest tour, and the number of tours which were gener-
ated before finding it in square brackets. Second column is ACS average
on 15 trials and its standard deviation in square brackets. Third column
is optimal result. Forth column is error percentage, a measure of the
quality of the best result found by ACS. Fifth column is time required to
generate a tour on a Sun Sparc-server (50 MHz).

Dorigo concluded his work as follows. The key to the application of
ACS to a new problem is to identify an appropriate representation for
the problem (to be represented as a graph searched by many artificial
ants), and an appropriate heuristic that defines the distance between any
two nodes of the graph. Then the probabilistic interaction among the
artificial ants mediated by the pheromone trail deposited on the graph
edges will generate good, and often optimal, problem solutions.

1.5 Conclusions

In this section, multi-agent systems and problem solvers from nature were
noticed, and the relationship between them were described. In multi-
agent systems, communication plays very important role for agents to
emerge their organizations for achievement of their tasks. Thus, the for-
malization of multi-agent systems including two communication means,

direct communication and indirect communication, were given in this sec-
tion. On the other hand, a real ant colony and the origin of altruism of a
real ant colony were picked up as the excellent archetype of multi-agent
system. According to a real ant colony, I formalized the multi-agent sys-
tem based on pheromone style communication which was modeled the
characteristics of real pheromone communication. Three main character-
istics, the communication information once passed the environment, the




automatic update caused by its chemical characteristics, and the distri-
bution of spatial densities were included in the formalization. Finally in
this section, the survey of multi-agent systems based on ant-like agents

and pheromone style communications were described.
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Chapter 2

Multiple Ant Colonies Algorithm
for Traveling Salesman Problems

2.1 Introduction

Thre are many kinds of creatures that show adaptive and flexible behavior
to achieve various tasks. Ants, so-called social insects, are one example.
Although ants have simple abilities, they exhibit collective behavior to
perform tasks that can not be carried out by one individual, such as
foraging, building a nest, caring for offspring, and defending their colony
from enemies. As a result of cooperation in many kinds of micro-scale
behavior, macro-scale complex behavior seems to emerge without any
central or hierarchical control. In ant colonies, chemical substances called
pheromones are used as a way of communicating important information
concerning their colonies [1]. For example, ants looking for food lay the
way back to their nest with a specific type of pheromone. Other ants can
follow the pheromone trail and find their way to baits efficiently.
Studies on the behavior of ants in colonies and on pheromone commu-
nication may be useful for the development of artificial intelligence. Re-
searchers in various fields have studied the behavior of ants. Nakamura,
Suzuki and Mikami studied on multiagent systems based on the behavior
of ants and their organization ability based on pheromone-style commu-
nication [16][20][14]. For optimizations, I have constructed multiagent-
based optimization algorithms based on pheromone-style communication
for Vehicle Routing Problems and Nurse Scheduling Problems [11][21].
Subramanian proposed distributed routing algorithms based on simple
biological ants for routing in packet-swiched communication networks
[19]. Caro also proposed an approach using mobile agents based on the
AntNet for adaptive communication networks routing [3]. Kuntz applied
ant-like agents to partitioning problems in VLSI technology [12].




The ant algorithm, originally proposed by Colorni et al. in 1991 for
Traveling Salesman Problems (TSPs) [4][5][8][9], is also one of optimiza-
tion algorithms inspired from the analogy of the foraging behavior of
ants and interactions between ants in a colony. The optimization of the
ant algorithm is based on low-level interactions among a large number
of cooperating simple agents, like ants, which are not aware of their co-
operative behavior. To solve TSPs, the ant agents continuously move
from one city to another unvisited city in a TSP with opinions to prefer
subtours connecting near cities and they lay strong pheromones. The
ant agents visiting all cities lay some intensity of the pheromones with
subtours included in their completed tours according to the distances of
tours. That is, subtours that have a possibility of being better in TSP
tours tend to have strong pheromones, and the ant agents specify the
good regions in the search space by using this feedback mechanism. Sev-
eral variations of the ant algorithm, such as the ANT-Q algorithm by
Gambardella, the MAX-MIN ant system by Stiitzle and the rank-based
version of the ant system have been proposed [10][18][2]. Moreover, the
ant algorithm has been applied not only to TSPs but also to Quadratic
Assignment Problems by Maniezzo, Graph Coloring Problems by Costa
and Job Shop Problems by Colorni [13][7][6].

I have extended the original ant algorithm to a multiple ant colonies
algorithm in order to improve the basic performance of the algorithm,
and the details and some experiments will be described in this chap-
ter. This algorithm consists of some independent colonies that basically
correspond to the original ant algorithm colony, but colony-level interac-
tions have been introduced. Similar ideas were introduced in the parallel
Genetic Algorithm, in which interactions among subpopulations are gen-
erally practiced by the exchanging operation of some individuals [15]. In
our proposed algorithm, interactions among colonies are more naturally
introduced by exchanging information on the pheromones as the schemata
for solved problems. The pheromones belonging to one colony have differ-
ent meanings for other colonies, i.e., there are positive pheromone effects
and negative pheromone effects. The positive pheromone effects force ant
agents to choose the way laid on, and the negative pheromone effects
make the ant agents avoid to choose the way. This mechanism enables
ant agents to provide good schemata to agents in other colonies and to
share search regions with each other. Moreover, this mechanism seems
to be appropriate for parallel computing in the sense of allocating one
processor to one colony.
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Figure 2.1: An image of the multiple ant colonies algorithm for a TSP with four colonies




In Section 2 of this chapter, I will introduce the multiple ant colonies
algorithm for TSPs. In Section 3, I will present the results of computer
experiments on some TSPs. Our proposals will be discussed in Section
4, and conclusions will be presented in Section 5.

2.2  Multiple Ant Colonies Algorithm

In this section, the extension of the original ant algorithm to a multi-
ple ant colonies algorithm is described. This new algorithm has sev-
eral independent colonies that basically correspond to the original ant
colonies except that the behavior of ants in one colony is influenced by the
pheromones in other colonies through colony-level interactions. There are
two types of pheromone effect: a positive effect and a negative one. The
positive pheromone effect enables ant agents to determine good schemata
in their colony and provide such schemata to other colonies, whereas the
negative pheromone effect prevents the ant agents from using the search
regions indicated by other colonies’ schemata and from sharing the re-
gions with each other. These effects can be managed with the control
parameters in the algorithm. These colony-level interactions may enable
implementation of the ant algorithm to parallel computing and may en-
able improvement of the basic performance of the ant algorithm. Fig. 2.1
shows an image of the multiple ant colonies algorithm with four colonies.

2.2.1 The Formalizations of Multiple Ant Colonies Algorithm

According to the idea of colony-level interactions, the formalization of the
multi-agent system based on multiple colonies ant algorithm is considered
here. It is supposed that there are M ant colonies, and the formalization
of agents are given as follows.

A =< u, v, 2, Y, 2, g k>, # ek e R 4 (2.1)
where,

u(t) : Input from the environment

(1.e., the problem domain of given TSP) at time t
v(t) : Input vector from the pheromone space at time ¢
x(t) : Internal State at time ¢
y(t) : Output to the environment

(1.e., the solution for given TSP) at time ¢
z(t) : Output vector to the pheromone space at time ¢
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z(t+1) = f'(x(t), u(t), v(t)) (2.2)
y(t+1) = g'(x(t), u(t), v(t)) (2.3)
Z(t+ 1) = h'(z(t), u(t), v(t)) (2.4)

In the above formalizations, the function f is to update its internal state
according to inputs from the environment, pheromone space and an inter-
nal state of mine. The function g is to decide its solution (or pre-solution),
and h is to decide the output vector of pheromone. In that, the sets of
u,v,T,Y,z are same among agents but the function f, g, h are differ-
ent because all colonies belong to same problem domain and use same
pheromone space but decision policies are different each other.

It is supposed that there are m ant agents in each colony, and 'vj(t)
and zj(z‘) are the input and output vector of j-th ant agent in i-th colony
respectively.

P=<v,X,z> (2.5)
where,
X(t) = {X'(t), X°(t),..., XM(t)} (2.6)
X D= X2 BRI e S
J
vi(t+1) = X (1) (2.8)

X 1s the total pheromone vector of all colonies. Namely, all agent
can sense the total pheromone vecor including in not only own colony’s
pheromone but also other colonies’ one. In the equation 2.7, p 1s non
negative parameter concearned with the evaporation of pheromone, and
usually set to less than equal to 1. The details of algorithm is described
following subsection.

2.2.2 The Details of Multiple Ant Colonies Algorithm

Next, the brief definition of a TSP is described [17]. Given a set of n cities,
and distances d;; between two cities, the TSP is a problem of finding the
minimal length of a closed tour that passes through each city just once.
An example of a TSP is given by a graph (NN, E), where N(|N| = n) is
the set of cities and E is the set of edges between cities (a fully connected
graph in Euclidean TSP). TSPs become symmetric in the case of di= dy;
and asymmetric in the case of d;; # di.
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Figure 2.2: An image of moving ant agent on pheromone trail.

Next, I describe the multiple ant colonies algorithm. Let M and m
be the number of colonies and the number of ant agents in each colony,
respectively. The k-th ant agent in the h-th colony is denoted as the
“(h,k) ant”. The number of M - m ants search for TSPs at each time
t. In the case of M = 1, this algorithm is the same as the original ant
algorithm without colony-level interactions. Each ant agent is a simple
agent with the following characteristics (with seeing Fig. 2.2):

e It continuously moves from one city i to the next city j in the time
interval between t and t + 1; the next city j is chosen according to
probability that is a function of the distance d;; and intensity of the
pheromone present on the connecting edge in each colony;

e It visits only unvisited city by itself in preceding times; this property,
implemented to force the ant agents to make legal tours, holds until
its tour is completed; then the ant memory is cleared to begin its
tour again;

e After completing its tour (i.e., after visiting all Cities),xit lays pheromones
of various intensities along each edges included in its tour; the in-
tensity of the pheromone laid is decided as a function of the total
distance of its tour.

e It behaves continuously until stop time #j74x.
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To extend a single colony pheromone to multiple-colony pheromones.
let Tfj-(f.) be the intensity of the pheromone on the edge (4, j) in the h-th
colony at time ¢. The intensity of the pheromone on the edges in each
colony is initialized to a small positive value at time 0. After each ant
has completed its tour in n time intervals, the intensity of the pheromone

h

i

;i(t) becomes

Tilj’i(t +n)=p: Tfj-(t) + L\.’ri}}, £2:9)

where p is a coefficient such that (1— p) represents the evaporation rate of
the pheromones between time ¢t and ¢+ n as in the original ant algorithm.
The value of p must be set to a value less than 1 to avoid unlimited
accumulation of the pheromone. The modified intensity of the pheromone
ATI!;? 1s defined as

m

el \ hk .
where A'rilj’-k represents the intensity per unit of length of the edge (i, j )

along which the pheromove is laid by ant (h, k) between time ¢ and ¢+ 1,
and this is given as

(Q/Lh.k if ant (h, k) uses edge (7, j) on its tour
S between time ¢ and ¢+ n (2.11)

tJ

0 otherwise

Here, () is a constant and scarcely affects the behavior of the algorithm,
as is the case in the original algorithm. L"* is the total tour length of
and (h, k); i.e., the ant completing a tour with a shorter length is able to
lay a larger intensity of the pheromome along edges included in its tour.
The pheromones laid on probably better subtours would take large value
as a result of whole behavior.

The new transition probability from city i to city j for ant (h,k) in-
cluding colony-level interactions is defined as

[ Th(t)) S wh(t) if j ¢ tabut(t)

iy =]  #tabu() (2.12)
i 0 otherwise

wh(t) = {lﬁl 7 (1) + cm)]““"”} [P (2.13)
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i = 1/(1”' (214)

Here, tabu”*(t) indicates the tabu list of ant (h,k). This list consists
of cities that have already been visited cities until time ¢, and the ant is
forbidden to choose such cities repeatedly. This is reset to ¢ when the ant
visits all cities and completes its tour, so the ant agents can usually keep

legal tours. 7".(t) means the degree of preference for an edge connected

to-ciby: 5 Tl tljlis value is large, ant (h, k) tends to choose city j as the
next one to visit. The parameter «(h,!), which is must be set in advance,
determines the type of pheromone effect and the degree of influence from
colony [ (see Fig. 2.3). If a(h,1) is set to a positive value, i.e., a positive
pheromone effect, ant (h, k) tends to prefer schemata indicated by the
pheromone in the [-th colony. Conversely, if a(h,l) is negative, i.e., a
negative pheromone effect, ant (h, k) tends to avoid choosing edges that
have been frequently used in the /-th colony. If the value of a(h,( ) is zero,
the pheromone in the [-th colony has no effect on the behavior of ants in
the h-th colony. The absolute value of a(h,[) indicates the degree of the
pheromone effect. The effect becomes stronger as the value increases and
becomes weaker as the value decreases. In particular, a(h, h), the effect
from itself, must be positive in order to cause a positive feedback in the
colony. C'(h) represents the degree of insensitivity to the pheromones,
and this parameter is introduced so that the ant agents will avoid overly
sensitive effects towards the pheromones near zero. n;; is used as a greedy
heuristic term that makes the ants prefer nearby cities, and it seems to
be effective for TSPs. The parameter 3(h) represents how important 34
is for the ants in the h-th colony. Fig. 2.4 shows the structure of the ant
agents with the control parameters, and Fig. 2.5 shows the procedure for
the proposed algorithm.

The computational complexities from step 1 to step 5 are O(Mn? +
M?n?), O(Mmn), O(Mmn?), O(Mn + Mmn?) and O(Mn? + M?n?),
respectively. Here, I suppose M < m as the setting of the algorithm, and
the computational complexity of the proposed algorithm is of O(MTmn?)
where T' is the number of cycles in the algorithm. The order of original
ant algorithm is O(T'mn?) given by the case of M = 1 in the above.
Therefore, the order of multiple ant colonies algorithm .corresponds to
the order of the ant algorithm in M times running. Namely, if it is
showed that the multiple ant colonies algorithm has better performance
than the ant algorithm in A times running, the proposed algorithm is
superior to the original ant algorithm.

In this algorithm, more parameters than those in the original algorithm
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Figure 2.3: The effectiveness of parameter a.

must be determined in advance, but trials of various relationships among
colonies can be done by controlling these parameters. The management
of colony structure is very important in the case of multiple colonies. In
addition, I don’t focus on exquisite agent strategies or heuristics special-
ized to the solved problem but a very simple heuristic in this proposal.
The objective of this study was how to extend the original ant algorithm
to one for multiple ant colonies in order to improve the basic performance
of the algorithm, and such specializations will be discussed n a future

paper.

2.3 Computer Experiments

[ performed some computer experiments to investigate the basic perfor-
mance and the characteristics of the proposed algorithm compared with
the original algorithm. The first experiment was carried out on a i i
with a form like a doughnut, and interesting results were obtained. In
the second experiment, the pheromone effects based on colony-level in-
teractions with eil101 benchmark TSP in TSPLIB were investigated. In
the third experiment, the performance of the proposed algorithm was
compared with that of the original one for some TSPs in TSPLIB. The
values of parameters in each experiment were determined by reference to

70




\;‘\\1\\\\\ R e .\\\\\\ \\\\\ N N
( )

(Cording) l (Output) Heuristics
v

(Evaporation) | (Pheromone) -ti:?iifif‘:é333;?::::3:::’”’””’E;;;;,_
h ,.",: ............. et BShg Ny
p TI J (t) ....... ' .

'''''''''''''''''''''''''''''''''''

..................

(é.éic-)ny Level
Interactions)
[o(h.1) a(h,2) | outh, M)
1 M
Colony 1 Colony 2 [Colony M

Figure 2.4: Relationship between ant agents, colonies and problem domain with control
parameters.

the original settings.

2.3.1 Experiment 1

The first experimental problem is a symmetric TSP in which 40 cities
are located in a doughnut-like shape. The radii of the inside and outside
circles are 15 and 20, respectively. This type of TSP is known to have
several local optimal solutions, such as “C” type tours and “O” type
tours. The total distance of a “C” type tour is a little longer than that of
an “OQ” type tour in our experimental setting. That is, the “C” type tour
has local optimal solutions and the “O” type tour has a global optimal.

In preliminary experiments, the original ant algorithm always found
“C” type tours with all combinations of o = {1,2} and 8 = {1,2,5,10}
in many trials. This is because incomplete “O” type tours tend to have
larger total distances than do incomplete “C” type tours and because the
intensities of the pheromone along the edges of the “C” type tour would
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1. Initialize
Set £t : =0
For h :=1 to M do
For every edge (2, 7)
Set Tf}(é) = wetralvalue

Do

. Set all ants at the starting city
vet ai=1
Empty all tabu lists
For h :=1 to M do
For k£ :=1 tom do
Place the starting city of the (A, k) ant, and insert it in tabuhk(t)
3. Repeat until all cities have been visited
For s:=1ton—1do
For h:=1to M do
For keI toim do
Choose the city 7 to move to, with probability pfj’"(t + 3)
given by equation (2.12)
Move the (h, k) ant to the city ;
Insert the city j in tabu™ (¢ + s)
4. Compute changes of the pheromones in every colony
For h :=1 to M do
For k :=1 to m do
Move the the (h, k) ant to the starting city
Compute tour length L™ by the (h, k) ant
Update the shortest tour found
For h :=1 to M do
For every edge (z,7)
Ari};ﬁ el
For k :=1 to m do
Compute 1_\.7'51" according to equation (2.11)
Arf; o AT;; + Ari};k
. Update the pheromones in every colony
For h :=1 to M do
For every edge (2,7)
Ti};-(‘t +n)i=p- Tfj-(t) + AT!}
Sett:=1t+n
6. Check stop time
If (t < tamrax)
then

(W §

Goto step 2

else
Print shortest tour
Stop

Figure 2.5: The algorithm of the multiple ant colonies.
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Figure 2.6: The colony structure used in the experiment 1.

be greater. This indicates that the existence of unsearched regions would
be a characteristic of the original ant algorithm with a simple heuristic.
Thus, care should be taken in using heuristics in families of ant algorithms
with conscious of problem features.

I applied the proposed algorithm to this TSP using the parameters
listed in Tab. 2.3.1. With these settings, only negative pheromone effects
were used as colony-level interactions. Like Fig. 2.6, the first colony was
not affected by other colonies, and the ants in the first colony could
search at will. The colony was affected only by the first colony, and the
third colony was affected by the first and second colonies (which can be
called a hierarchical colony structure). C(3) took a larger value than C(1)
and C'(2) because the third colony would be strongly influenced by two
colonies.

Interesting results are shown in Fig. 2.7. Figures 4(a)-(c) represent
the transition process of the pheromones at each time. The left, middle
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(c) time 240
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Figure 2.7: The transition of the pheromone and the best solutions obtained in experiment
9

and right figures are related to the intensities of pheromones in the first,
second and third colonies respectively. The width of each line represents
the intensity of the pheromone on each edge. In (a), ant agents in the first
colony put effective pheromone on “C” type tours rapidly, then ant agents
in the second colony searched different regions from those searched in the
first due to the negative pheromone effect. Finally in (c), ant agents in
the third colony succeeded to specify different regions from those in the
first and second colonies. Fig. (d) shows the best solutions obtained in
each colony through this experiment. The first colony found a solution
with a distance of 218.1, and a global optimal solution with a distance of
209.5 was found by the second and third colonies. Namely, global optimal
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M| m P Q | 73(0) | tmax |B(h)|C(h)
10 1101 ]0.65|200| 5 |303000| 1.5 1
a(2,1) | a(3,1) | a(4,1) | a(5,1) | a(6,1)
—-1.0 | =0.5 | —=0.2 —0.1 0
o(7,1) | «(8,1) | «(9,1) | «(10,1) | a(h, k)
0.1 0.2 0.5 1.0 1.5

Table 2.2: Values of parameters used in experiment 2.

Colony No 1 2 3

4 5!
Average 691.9 | 896.0 | 881.5 | 724.3 | 693.9
Quality | 107.7% | 139.5% | 137.2% | 112.8% | 108.0%
Std. Dev. 131 20.6 17.9 15.5 20.0
Ratio Dup. | 100% | 1.3% | 2.5% | 40.3% | 61.4%
Colony No 6 7 8 9 10
Average 685.5 | 6859 | 689.1 | 693.1 | 693.7
Quality | 106.7% | 106.8% | 107.3% | 107.9% | 108.0%
Std. Dev. el 12.5 L35 12.0 Ly
Ratio Dup. | 76.6% | 86.4% | 88.8% | 88.9% | 88.4%

Table 2.3: Results of experiment 2.

solutions that could not be found by the first colony were found by the
second and third colonies, and three local and global optimal solutions
could be found at same time. These results are very interesting, although
[ admit that this is an adhock case.

2.3.2 Experiment 2

Experiment 2 was performed to confirm the general properties of colony-
level interactions with each setting of parameter « for eil101, 101 cities
symmetric benchmark in TSPLIB. For this confirmation, I prepared ten
colonies with one-way interactions, in which the first colony was not af-
fected by other colonies, and other colonies were affected by only the
first colony with various values of v. The parameter values used in this
experiment are listed in Tab. 2.3.2 and Fig. 2.8. In addition, the values

7

5




2 % y 8

Strong negative Strong positive
pheromone effectpheromone effect
% {2,1)=-0 .5 a{8,1)=0.5

Medium negative
pheromone effect
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Weak negative Weak positive
pheromone effect ! pheromone effect
a(4,1)=-0.1 5 L8, Ly=0.%
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4 0(5,1)=0.0 6

Colony
5

Figure 2.8: The colony structure used in the experiment 2.

Medium positive

of a(h,l), which are not listed in the table, were set to zero. The second,
third, fourth and fifth colonies would receive negative pheromone effects
from the first, while the sixth colony was neutral, and the seventh, eighth,
ninth and tenth colonies would receive positive pheromone effects from
the first.

Tab. 2.3.2 shows the results averaged over 40 trials with the average
distance of the best solution, the quality of a known global optimal solu-
tion (642.3), the standard deviation, and the ratio of duplicate subtours
compared with the best solution of the first colony. The ratio of duplicate
subtours between the first and the sixth colonies, i.e., a pair with no in-
teraction, was 76.6%, which indicates that the original ant algorithm has
a tendency to always generate solutions with about 76.6% of the same
subtours in each trial. The ratios between the first and second colnies
and between the first and third colonies were very low, but the second
and third colonies found worse solutions in strongly avoiding subtours
well used by the first colony. The fifth colony which received a slightly
negative pheromone effect, generated solutions of almost the same quality
as those of the first colony. The ratio between the first and fifth colonies
was lower than between the first and sixth colonies, and different regions
were searched by the fifth colony. The seventh, eighth, ninth and tenth
colonies had solutions of about the same quality with higher ratios; that
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Figure 2.9: A network colony structure with six colonies. «a(h,h)
a(h,l) not shown were all set to zero.

1s, these colonies searched similar regions due to the positive pheromone
effects from the first colony.

I showed that it is possible to control the searching behavior of each
colony with colony-level interactions based on parameter . Strong neg-
ative pheromone effects are not effective and lead to solutions of inferior
quality, while a slight negative pheromone effect, such as setting a(h.l) to
0.1, seems to be useful for various searches while maintaining the quality
of the solution. 1

2.3.3 Experiment 3

In experiment 2, the negative pheromone effects were found to be use-




ful for various searches while maintaining the quality of the solution. so
[ constructed the network colony structure shown in Fig. 2.9. In this
structure, five colonies placed around colony 6 were related to neigh-
boring colonies with slightly negative pheromone effects, and the central
sixth colony received positive pheromone effects from all the surrounding
colonies. I expected that in this structure the surrounding colonies could
each search various regions and that the central colony would recieve
good schemata from the surrounding colonies due to positive pheromone
effects. The values of parameter « are shown in Fig. 2.9, and m was set
to 101, the number of cities. The values of other parameters were the
same as those in experiment 2.

The results for eill01 averaged over 20 trials are shown in Tab. 2.4.
The results obtained from the original ant algorithm are shown in the
last column for comparison with those obtained from the multiple ant
colonies algorithm, and the results of the original ant algorithm show the
best solution obtained from 6 independent run in each trial. That is,
it gave the same number of solutions as those of the multiple colonies
algorithm in each trial. The columns labeled “Best” show the best solu-
tions obtained from 6 colonies in each trial. In the multiple ant colonies
algorithm, the sixth colony discovered the best solutions 6 times and
showed the best performance of all colonies, as was expected. The sixth
colony succeeded to gather good schemata. Moreover, the best solutions
obtained by the multiple ant colonies algorithm were of better quality
thatn those obtained by the original ant algorithm. Examples of the best
solutions obtained by each colony are shown in Fig. 2.11. It is clear from
those examples that the colony-level interactions and the network colony
structure are very effective.

Next, two experiments 3(2) and 3(3) were performed in order to con-
firm the effectiveness of negative pheromone effects in the network colony
structure. In experiment 3(2), the values of parameters were the same as
those in Fig. 2.9 except having the positive pheromone effects instead of
the negative effects, i.e., a(2,1) = (3,2) = o(4,3) = a(5,4) = a(1,5) =
0.1. The settings of experiment 3(3) were also the same as those in Fig.
2.9 except having no effects, i.e., @(2,1) = «(3,2) = a(4,3) = a(5,4) =
a(1,5) = 0. The results of both experiments are shown in*Tab. 2.3.3 and
2.6. In both cases, the surrounding colonies (No. 1-5) could generate solu-
tions with similar quality to the experiment 2, but the center colony (No.
6) could generate worse qualities. Moreover, the best solutions of both
cases had similar quality to the original ant algorithm. These results indi-
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Figure 2.10: The time to obtain the best solution and the dimension of solved TSP.

cate that the network colony structure without the negative pheromone
effects tend to search wasteful regions without varieties. Namely, the
surrounding colonies behaved similarly, and the center colony couldn’t
cather effective schemata concerned with the search space. Therefore, I
can say that the network colony structure with the negative pheromone
effects are very effective against the original ant algorithm.

Tab. ?? shows the results averaged over 20 trials for other TSPs in
TSPLIB with the same colony structure used in experiment 3. In all cases,
the multiple ant colonies algorithm showed better performance than did
the original ant algorithm. In addition, "Time Avg.” columns in the table
?? show the time to find best solutions by Pentium III 500Mhz IBM-PC
computer based on Linux Operating System. This result indicates the
use of the multiple ant colonies algorithm is effective with better qualities
against the original one because the time of both algorithms are almost
the same. The time to find the best solutions increases linearly as the
size of the problems increases. and it shows the possibility to apply the
proposed algorithm to large TSPs (see Fig. 2.10). ;

However, the qualities of solution obtained by both algorithms do not
seem to be better than the quality of solutions obtained by approximate
methods, such as Genetic Algorithm, Simulated Annealing, and Tabu
Search, due to a lack of careful adfustment to the parameters for solving




The Multiple Ant Colonies Algorithm with Network Colony Structure || Ant Algorithm
Colony No | 2 3 4 5 6 Best Best
Average 692.2 683.6 695.5 685.7 689.7 680.1 665.4 676.6
Quality 107.8% | 106.4% | 108.3% | 106.7% | 107.4% | 105.9% 103.6% 105.3%
Std. Dev. 215 18.9 15.3 19.4 15.% 11.0 9.1 8.0

Table 2.4: Results of experiment 3 (1) using a network colony structure.

Colony No 1 2 3 4 5 6 Best
Average 703.6 688.6 636.9 685.9 696.1 692.9 Q75
Quality | 109.5% | 107.2% | 106.9% | 106.8% | 108.3% | 107.8% | 105.5%

Std. Dev. g s 16.6 12.8 14.2 13:1 17.8 11.4

Table 2.5: Results of experiment 3 (2) using a network colony structure based on the
positive pheromone effects.

these TSPs. In particular, the ant agents in both algorithms generated
tours that included many cross-subtours in each trial. For example, this
weakness in TSPs could be broken to regard solutions that are generated
by the ant agents as genotype solutions and then these genotypes could be
translated into phenotype solutions in such a way as to apply operations
such as 2-opt to each cross-subtour point; however, this idea was not used
in this study for only comparisons between the proposed algorithm and
the original one.

2.4 Discussion

Generally, approximate methods with hand-crafted heuristics tend to
have weak points that search regions would be specified by properties
of used heuristics but these heuristics often make search efficient. The
original ant algorithm also has this weakness, and I should therefore han-
dle heuristics with conscious of problem features. We consider that the

Colony No 1 % 3 4 5 6 Best
Average 698.5 684.2 689.0 636.8 695.9 691.8 673.4
Quality 108.7% | 106.5% | 107.3% | 106.9% | 108.3% | 107.7% | 104.8%

Std. Dev. 17.5 10.8 13.6 10.7 11.8 A | 9.1

Table 2.6: Results of experiment 3 (3) using a network colony structure based on no
effects.




Problem Multiple Ant Colonies Algorithm
Name | Dimension || Best Avg. | Quality | Std. Dev. | Time Avg.
att4d8 48 34972.1 | 104.3% 222.2 139.6 sec
eil51 51 448.3 |104.3% 4.8 196.6 sec
st70 70 7109 |104.8% 8.3 319.2 sec
o196 96 543.9 |106.2% 2.9 956.5 sec
ch130 130 6348.6 |103.9% 43.8 1398.4 sec

Problem Ant Algorithm
Name | Dimension || Best Avg. | Quality | Std. Dev | Time Avg.
attd8 48 35169.2 | 104.9% | 232.5 56.1 sec
eil51 51 457.7 106.5% 2:6 146.7 sec

st70 70 727.9 107.3% 15.9 341.1 sec
gr96 96 550.3 107.4% 14.1 848.8 sec
ch130 130 6423.1 | 105.1% 81.6 1757.2 sec

Table 2.7: Results for other TSPs.

proposed multiple ant colonies algorithm can overcome this weakness by
the introduction of colony-level interactions without requiring exquisite
heuristics. The negative pheromone effects enable the maintenance in the
search process, and colonies can easily exchange good schemata with each
other due to the positive pheromone effects. In our proposals, I didn’t
dare to include well tuned up ant agent strategies for the sake to extend
a basic performance of the ant algorithm, and the performance will be
still better with nice strategies using in the ant algorithm families.
Moreover, the proposed algorithm can be applied to a parallel com-
puting, such as cluster computing, without the need to consider synchro-
nization of operations, and it would have better performance than that of
the original ant algorithm simply running parallel. However, further in-
vestigation of the construction of colony structures and determination of
interactions between colonies is needed. It is desirable for the algorithm
to autonomously, adaptively, and dynamically organize its interactions
in accordance with states, although I decided as hand-crafted in the ex-
periments, and the interactions worked effectively in a network colony
structure. One idea for the control of interactions is to introduce a su-
per ant agent, i.e., the queen ant agent, that observes the behavior of
the ant agents and manages the colony-level interactions. The queen ant
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agent could be designed to focus on uni-path behavior, i.e., the situation
in which all ant agents make the same tour [5]. It will be effective that
the queen ant agent operates the changing mechanisms of the parameters
according to the whole behaviors in its colony.

2.5 Conclusions

In this chapter, I have extended the original ant algorithm to a multiple
ant colonies algorithm with introducing the colony-level interactions such
as positive and the negative pheromone effects. The negative pheromone
effects enable maintenance of variation in the search process while main-
taining quality in the solutions, and colonies are able to exchange good
schemata for solving a problem due to the positive pheromone effects.
Through computer experiments, I showed that the proposed algorithm
has better performance than the original ant algorithm with almost the
same agent strategies. In a future study, I will attempt to apply the
proposed algorithm to cluster computing with well-defined heuristics or
strategies and also to huge combinatorial optimization problems such as
a TSP problem involving several thousand cities.
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Figure 2.11: Examples of best solutions obtained by each colony in experiment 3 (1).
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Chapter 3

Distributed Optimization Algorithm
Based on Pheromone Style
Communication for Vehicle Routing

Problem

3.1 Introduction

Collective approaches are expected to perform the flexibility and adapt-
ability for solving the problems. Several collective approaches are studied
in the area of multi-agent systems, evolutionary computations and arti-
ficial life. I think that these approaches are expectant of solving larger
and more complicated combinatorial optimization problems. The major
issue in these approaches is how to construct the cooperative relation
between the distributed autonomous operators as the problem solvers.
To construct the cooperative relation, the designs of the communication
between the operators occupy important factor. Because the design of
the communication dominates the abilities of the operators and the total
performance of the problem solving systems, the design of the commu-
nication is expected to have the adaptability according to the problem
domains and the behaviors of the operators.

In this chapter, I focus on the communication methods of living crea-
tures which are used to emerge the structured behaviors. Especially, the
pheromones that are the chemical substances are widely used by several
creatures. For example, if the real ants catch a certain stimulus, e.g., they
encounter enemies, discover feed, and so on, the ants reflectively generate
the specific type of pheromone into the environment. According to the
types of generated pheromones, the ants who receiving it reflectively take
the specific types of actions, e.g., attacking the enemies, correcting the
feed. and so on. These specific actions caused by the pheromones will
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continue until the pheromones are disappeared in the environment [1][9].
[t 1s considered that real ants make the complex community using several
types of pheromones as communication.

Studies on mechanisms of ant colonies and pheromone communications
are worthy of notice for development of artificial intelligence. The char-
acteristic behaviors of real ants have been widely researched in various
fields. Nakamura, Suzuki and Mikami studied on multiple agent systems
based on behaviors of real ants and the pheromone style communication
for these organization abilities [24][3][28][22]. For optimizations, Subra-
manian proposed distributed routing algorithms with simple biological
ants for routing in packet-swiched communication networks [4][27]. Caro
also proposed mobile agents approach based on the AntNet for adap-
tive communications networks routing [11]. Kawamura and Yamamoto
constructed optimization algorithms using the pheromone style commu-
nications for Vehicle Routing Problems and Nurse Scheduling Problems
respectively [19][29]. The ant algorithm, originally proposed by Colorni et
al in 1991 for Traveling Salesman Problems (TSPs) [5][12][13][14][16][17],
is also one of optimization algorithm inspired from the analogy of foraging
behaviors and interactions in real ant colonies.

Therefore, I propose the framework of the distributed scheduling algo-
rithm based on multi-agent system using pheromone style communication
for solving the Vehicle Routing Problems (VRPs). In proposed algorithm,
each agent autonomously and distributively plan its partial schedule us-
ing pheromone style communication to search the given problem itself.
Because agents don’t have to search complete problem space, it is ex-
pected for agents to decrease their searching loads. Moreover, pheromone
style communication effectively works to emerge the cooperative relation
among agents for solving the problem.

3.2 Vehicle Routing Problem

The VRP is an abstraction of a class of problems that has been studied
both as a theoretical problem and for its practical relevance to applica-
tions [7][6]. There are a number of extensions to the VRP which includes
time window constraints, vehicle capacity constraints, and so on, however
the basic problem consists of a set of customers to be served by a fleet of
vehicles from a single depot (see Fig. 3.1).

In this chapter, I focus on a simple VRP as a base for constructing
the algorithm. Let V' = {1,2,...,m} be a set of vehicles, and C' =
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The objective is to find the minimum distance
routes which visit all customer nodes.

Q/‘ -‘
7 :
0/ ‘-
|
Vehicle 2 @
0/.
4
R4
4

Figure 3.1: The example of a solution for VRP including three vehicle routes.

{1,2,...,n} be a set of customers. A set of customer nodes C' plus the
node 0 (which represents depot node) is denoted as N. Each element
of NV is placed on the 2 dimensional space, and the position of node ¢ is
denoted as (x;, y;). The Euclidean distance is used as distance d(s, ) (2, 4,)
for each pair of nodes. Each vehicle has a route which firstly starts from
node 0, visits the number of n/m nodes in turn, and finally returns to
node 0. As constrains, the customer nodes must be visited just once by
any vehicles. The objective of this problem is to find a set of routes

which minimize the total distance of delivering goods to the customers.
The VRP is denoted as follows.

min ), D, D iz (e;.)Tiik (3.1)

kcV ieN jEN

S.t. Z Z Tijk = L. Y el (32)
keV jeN

Y ST s VeV (3.3)

1€C JEN «

Z Tk == z Thjk = 0,Vhe NVk eV (34)

ieN jEN

Tijk € {O. 1},Vl € N, V] e NVkeV (35)

where, &k th vehicle has a sub route from ¢ to j if z;;,. takes the value of
1. and doesn’t have a sub route if it takes 0.
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Duplicate node

Figure 3.2: The example of agent’s partial solutions for the Vehicle Routing Problem.

3.3 Distributed Scheduling Algorithm Based on Multi-
agents with Pheromone Style Communication

The proposed distributed scheduling algorithm is based on the multi-
agent system. It consists of some vehicle agents which have the ability to
autonomously and distributively generate single vehicle schedule for the
given problem, 1.e., each vehicle route is independently searched by an
agent. It is expected that agents decrease their search loads because each
agent doesn’t have to search complete given problem space. But it raises
as a difficult problem how to harmonize whole behaviors of agents. So,
I adopt the pheromone style communication, which is derived from the
analogy of social insects, as the only communication method for agents
to realize the state of other agents and a group of agents. Because the
environment manages the appearance and disappearance of pheromone
information, the agents have no necessity for management of messages,
moreover, 1t 1s expected that agents can organize themselves and coop-
erate each other for solving given problem as social insects.

According to the above idea, the formalization of the multi-agent sys-
tem based on pheromone style communication is considered here. It 1s
supposed that there are m vehicle agent, and the formalization of vehicle
agents are given as follows.

A='w v, 20 2.1,0.8>, (3.6)

where,




Agent 1’s Pheromone

Not important
for Agentl

Agent 2'’'s Pheromone
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for Age

ntlg

Possibly important
for Agentl

Figure 3.3: The image of meanings of pheromones in the algorithm.

u(t) : Input from the environment

(1.e., the problem domain of given VRP) at time ¢
v(t) : Input vector from the pheromone space at time ¢
x(t) : Internal State at time ¢
y(t) : Output to the environment

(i.e., the partial solution for given VRP) at time ¢
z(t) : Output vector to the pheromone space at time ¢

@(t+1) = fla(t), ut), v(t)) (3.7)
y(t+1) = gl (t), u(t), v(1)) (3.8)
2(t+1) = h(@(t), u(t), v(1)) (3.9)

In the above formalizations, the function f is to update its internal state
according to inputs from the environment, pheromone space and an inter-
nal state of mine. The function g is to decide its partial solution, and A is
to decide the output vector of pheromone. It is supposed that v'(¢) and
z!(t) are the input and output vector of j-th vehicle agent respectively.

ik . (3.10)

where,




K1) =X R ik U (3.11)
X(t+1)=p- X' () +2'(t),(i=1,2,...,m) (3.12)
v'i(t+1) = X(t) (393

X 1s the total pheromone vector of all colonies. Namely, all agent can
sense the total pheromone vecor including in not only own pheromone but
also other agents’ one. In the equation 3.12, p is non negative parameter
concearned with the evaporation of pheromone, and usually set to less
than equal to 1.

The more details of the algorithm are described. In our algorithm, let
m be S¥(t) be a partial solution of agent k at time t. In the VRP, S*(#)
represents a vehicle route which firstly starts from the node 0 (depot),
visits n/m customer nodes S*(¢) in turn, and finally returns to the node
0. Because S*(t) is independent of other agents’ partial solutions, some
nodes may be duplicated among some partial solutions, or some nodes
may be not used by any agents (Fig.3.2). In this case, the solution syn-
thesized from all partial solutions is not feasible for given problem but
it 1s permitted in our algorithm for agents to behave without strongly
considering the relations between other agents. It is resolved through
pheromone style communication (Fig.3.4).

Initially S*(0) is generated with n/m nodes randomly chosen from cus-
tomer nodes. At time f, each agent generates the candidate new partial
solution based on its last partial solution and pheromone information
as the mput from environment. The candidate is decided which to be
accepted or not to be accepted according to the acceptance probability
calculated from the evaluation of it. After updating the partial solution,
the agents adjust their policies concerning evaluation function and output
the modifications of pheromone information to environment. When all
agents have completed their operations at time ¢, the pheromone infor-
mation on environment is updated according to each modifications. The
operations of agents and updating of the pheromone information will be
repeated until the stop time t,,,, comes. The following subsections de-
scribe the details of the operations of agents and the management of
pheromone information on environment.

Y

3.3.1 The Operations of Agents

At each time t, agent k alters its partial solution S*(t), then adjusts its
parameters as policy, and decides the modification of pheromone infor-
mation according to following steps.

-




Solution for given Problem

Figure 3.4: The multi-agent system and the architecture of agents for distributed schedul-
ing.

Step 1: S¥(t) is copied to S**(¢) as a pattern of candidate partial solu-

tion.

Step 2: One node i belonging to S**(¢) is selected and removed from

S**(t) according to the removing probability Pr¥(t).

Step 3: One node i not belonging to S**(¢) is also selected and added to
S**(t) according to the adding probability Pa¥(t).

Step 4: S**(t) is re-composed by the further insertion algorithm.

Step 5: S**(t) is copied to S*(t + 1) according to the acceptance prob-
ability R¥(t). If S**(t) is not accepted, S*(¢) is simply copied to
SE(t+1).

Step 6: The parameters T E*(t) are adjusted by the result of step 5.

Step 7: The modifications of pheromone information by agent £ is cal-
culated according to S*(t 4+ 1) decided in step 5.

In step 2 and 3, the removing probability Prf(¢) and the adding prob-
ability Pa¥(t) are defined as follows.

Pri(t) = pré()/ = pri(t) (3.14)




0 if i ¢ S**(¢)

pri(t) = 1/eap(=IIr¥(t)/T1(t)) else if II¥(t) <0 (3.15)
1 otherwise

IIr¥(t) = =7/ () + Tazr 7(2) (3.16)

Pak(t) = pak(t)/ T, pak(t) (3.17)
0 if 1 € S*(¢)

pa¥(t) = { 1/exp(—Tla¥(t)/TT*(t)) else if II*(t) < 0 (3.18)
1 otherwise

Maj(t) = 77 (t) — 2 h#k T/'(t) (3.19)

Where parameters T7%(t) control agents’ policies concerned with pheromone
information. The agent k attaches importance to pheromone information
with small value of T'7%(¢), or the agent & don’t attach with large value.
Namely the pheromone information with small value of T'7%(t) strongly
affects the behavior of choosing nodes. In our experiments these parame-
ters are fixed as same small values through running. Pheromone informa-
tion 77(t¢), which has been formed by the output of the agent k& through
search process, is related the state between agent k and node i. If the
intensity of 7¥(t) is larger value, agent & probably attaches importance to
node 7 and vice versa. The agents can construct the cooperative relation
between others by using the pheromone information as probabilities.

In step 4, the further insertion algorithm is known as one of good heuris-
tic algorithm to quickly compose a route of TSP [8]. It is to start with
routes on one node and then extended these routes by inserting the re-
maining node that has the shortest distance to a route node. The example
flow of generating new partial schedule is represented in Fig. 3.5.

In step 5, the acceptance probability Rf(t) of new partial solution is

defined as
ki _ 1 if AE*(t) >0 .
S Uk { 1/exp(—=AE*(t)/TE*(t)) otherwise (e
ABH(t) = —{B(S™(t)) — B(S(t))} ; (3.21)

Where E(S*(t)) is the evaluation function of S*(¢) and it corresponds to
the total distance of a route Si(t). AEy(t) is the change value of evalu-
ations between the candidate partial solution and the last one. TE¥(t)
represents the agent’s policy concerned with the evaluation of a partial
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The last partial solution schedule
is copied as a base of the candidate.

The node selected according to
the removing probability is removed.

The node selected according to
the adding probability is added.

The candidate is re-composed by the
further insertion algorithm of TSP.

S(t+1l)

If candidate is satisfied with
the acceptance probability, the candidate
is replaced to a new partial schedule.

Figure 3.5: The example flow of operations generating a new partial schedule.

solution. If TE*(t) is small value, agent k tends to strongly prefer partial
solutions having good evaluations with breaking the relationship between
other agents. It indicates that agents can’t adapt to changeable rela-
tions between other agents’ searches and the behavior of agents converge
quickly. Especially, there are some cases that the changes to decrease the
evaluation are not expected like shown in Fig. 3.6. So, the management
of TE*(t) is very important for agents behaving appropriately.

In step 6, I adopt the following management mechanism of TE*(t) to
keep the probability R*(¢) proper value.

o if agent k updates
EESH % T s A B
its partial solution

TE*(t+1) = | (3.22)

TE*(t)x TE,,  otherwise

Where T Eyyn and TE,, are the parameters to control TEk(t). TR 5
is ordinary set to the value less than 1 and TE,, is more than 1. If
agent k has scarcely generated the acceptable partial solutions, T EHL)
is made larger by the influence of TFE,,. Opposite if agent has vainly
generated the partial solutions with poor evaluations, TE*(t) is smaller
by TEjown. In the case of TE,, = 1/TEqun, agents would keep the
expectancy of probability R¥(t) the value of 0.5. The expectancy tends
to take a value more than 0.5 with TE,, > 1/T E,,, and less than 0.5




Current state Expected state

Figure 3.6: The example of agent’s partial solutions for the Vehicle Routing Problem.

with TEy, < 1/TEjy.,. This mechanism enables agents to adjust their
evaluation functions to dynamic relations on dealing the nodes.

In step7, the modification of pheromone information by agent £ is cal-
culated according to S*(t+1) as outputs to environment. Agent k simply
puts a certain intensity of pheromone on the nodes considered as impor-
tant according to following formula.

Ark(t) = { Q1 if node ¢ € Sp(t+ 1) (3.23)

QZ/(l + d(.L’i,yi)’(c;tk’Cyk)) Othel‘Wise

Where @), and ), are constant values, and (cz*, cy*) represents the aver-
age position of nodes contained in S*(t). The first value of above equa-
tion must be larger value than the second because the agent puts a higher
amount of pheromone on the nodes used in its partial solution to indi-
cate its importance for other agents. In the second, agent k£ put a larger
intensity of pheromone to nodes considered as important but not used in
its partial solution, that is, nodes placed near to its route.

3.3.2 The Management of Pheromone Information on the En-
vironment \

The intensity of pheromone information are non-negative real value and
set to 0 at initial time of algorithm. Pheromone information is updated

after any agents has completed their operations according to the following
formula




Ht 4+ 1) = p x 7F(t) + AT (t) (3.24)

Where p is the coefficient such that (1 — p) represents the evaporation
per time of pheromone information. The coeflicient p must be set to a
value less than equal 1 to avoid unlimited accumulation of pheromone
information. This effect lets pheromone information to have the possibil-
ity to forget part of the experience gained in the past in order to better
exploit new incoming information.

3.4 Computer Experiments

[ made the computer experiments to investigate the behaviors and char-
acteristics of proposed algorithm with pheromone style communication.
The test problem consists of 60 customer nodes randomly placed in the
plane and the node 0 (representing the depot) placed in the center posi-
tion of plane. The parameter settings used in this experiment are shown
in Tab. 3.1. I decided these parameter settings based on the preliminary
experiments. The changes of agent routes are shown in Fig. 3.7. In (a)
of the figure, the initial routes of 6 vehicle agents generated randomly are
shown. At time ¢t = 1000, the agents almost specialized own search re-
gions, and searched near these regions in time progress. In this algorithm,
each agent doesn’t have the ability to know the conditions of other agents
except pheromone style communication. The fact that the feasible solu-
tions were obtained by autonomous partitioning of nodes is considered as
the evidence that pheromone style communication effectively worked.
Next, the chance of pheromone through this experiment are shown in
Fig. 3.8. In this figure, the horizontal line indicates the agent number,
and the vertical line indicates the node number. That is, the number
of 6 x 60 pheromone intensities are shown. In addition, the radius of
each position corresponds to the intensity. The intensities were initially
set to zero as (a), and the process of changes can be observed according
to time progress. The intensities of some customer nodes are changed,
and it is occurred to adjust partitioning the nodes. In the graph of Fig
3.9, the evaluation value of each agent is represented. The evaluation
values change dynamically before about ¢ = 1000 because search regions
of agents have not been specialized yet. After t = 1000, the values are
almost stable. Especially, each agent couldn’t observe other agent’s eval-
uations, but the agents could generate about same quality routes except
the agent 2 had little evaluation route than others. It indicates that it




m Y TTL(O) TEL(O> TEup TEdou;n Ql Q‘Z tﬂ?a.l.‘
6 10.65| 4.0 40.0 | 1.0001 | 0.999 |10.0 | 100.0 | 5000

Table 3.1: The values of parameters.

is possible for the algorithm to search the problems consisting of sched-
uled elements having different evaluation values. In Fig. 3.10, the values
of TE* at each t is showed. The values were autonomously controlled
by the control mechanism of agents, and it is considered that control
mechanism properly worked because agents succeeded partitioning the
customer nodes.

Through some experiments, I prepared the appropriate settings of the
parameters. As the same time, I found the effects of some parameters to
the performance of the algorithm. In the case that p was closed to 0, the
agents were able to make no feasible solutions for given problem because
the pheromone information had been evaporated before its effect worked.
When p was closed to 1, agents could make feasible solutions but the
variety of solutions took place little by reason of long remaining waste
information gained in past. p around 0.65 showed good performance.
TE*(0) are not sensitive because it has been adjusted by the control
mechanism. The values of Q; and )y were appropriate in this experiment.
There is much probability of discovering the good solution with enough
large t,,q, because the agents have generated various solutions without
the convergence of behaviors until the stop of algorithm comes.

3.5 Conclusions

In this chapter, I propose the framework of distributed scheduling algo-
rithm for the VRP based on multi agent system with pheromone style
communication derived from the analogy of social insects. In proposed
algorithm, each agent searches a partial problem generated from origi-
nal problem with pheromone style communication. Because agents don’t
have to search complete problem space, they decrease their search loads.
Throughout the computer experiment, it is confirmed that multi-agents
adaptively cooperate and self-organize to search the given problem.




Figure 3.7: The changes of agent routes and the best solution obtained through the
experiment.
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Chapter 4

Ants War with Pheromone Style
Communication

4.1 Introduction

In nature, there are many kinds of interesting creatures which exhibit
highly structured group behaviors to adapt for their environment, and
they take various communication ways to interact with each other for
their lives. Typical examples of such communication ways include sounds,
lights, gestures, and so on. In particular, real ants and bees, which are
called social insects, are known to communicate with each other through
pheromones for keeping their organizations [1].

Pheromones are chemical substances put on the ground or emitted to
the air by such insects, and the evaporation and diffusion are remarkable
as the characteristics of pheromones. These are message signals having
special meanings according to these types. Real ants and bees can com-
municate with each other by using of the characteristics of pheromones
very well. For instance in real ant colonies, ants finding the food items lay
the return way to their nest with the specific type of pheromone attract-
ing other ants, and the ants sensing it follow the pheromone trail and they
efficiently find the way to the foods. When all food items are completed to
be gained, the pheromone trail evaporates from the environment, and al-
ready unnecessary information are automatically disappeared. Real ants
use many types of pheromones and keep their complex organizations for
their lives.

Several researchers study pheromone style communications in various
applications. For optimizing, Colorni proposed the ant algorithm for
traveling salesman problem with the analogy of foraging behaviors of real
ants [3]. For observing group behaviors with pheromone style communi-
cations, Nakamura studied on foraging behaviors of artificial ant agents




[5]. However, most studies are based on hand-coded pheromone style
communications, and they have never touched the autonomous emer-
gence of pheromone communications. On the other hand, Suzuki focused
on the evolutionary acquisition of pheromone style communication on the
Monkey Banana Problem of multiple agent, but the pheromones in his
work have designed special meanings for execution of tasks [6]. So, it is
expected for pheromone style communications to emerge autonomously
out of no meanings according to solved tasks.

The aims of this chapter are to confirm whether it is possible or not to
acquire pheromone style communications out of no meanings through the
evolutionary process and to discuss about communications of multi-agent
systems. For the evolutionary acquisition, it is difficult to answer the
question which is earlier to emerge the meanings of the pheromones or to
acquire the reactions to pheromones, although if one is acquired, then the
other is easily decided. For such aims, the ants war of artificial ant agents
1s introduced. The agents have the limited sensor which can detect only
neighbor grids, and pheromone style communications are only media for
communications. Therefore, it is necessary for agents to cooperate and
communicate with each other in order to win this war and survive in the
environment. The evolutionary process of communications is observed
through the ants war world.

This chapter 1s composed as follows. In section 2, I introduce the ants
war of artificial ant agents and the agent architecture with the neural
network. Section 3 includes the ant agents based on the continuous
pheromone sensor, and section 4 concerns with the agents based on the
discrete pheromone sensors. Each sections includes the computer exper-
iments and discussions. Finally I conclude this chapter in section 5.

4.2 Ants War

In this section, the ants war of artificial ant agents is introduced for the
sake of the evolutionary acquisition of pheromone style communications.
As shown in Fig. 4.1, the stage of this war is constructed on the X x Y
grids, and there are two kinds of agent teams, "White ants” and ”Black
ants”. The objective of each team is to carry back and gain more food
items which are initially put on the center line of the world, but they
have only limited sensing ability to perceive neighbor grids. Moreover,
the food items are too heavy to carry by only individual power, so the
collaboration is very important to win this war. The characteristics of

107




Grid World in Ants War

Goal Area , Black Pheromone
s Black Ant

White Pheromone

White Ant Goal Area

Figure 4.1: Ants war world and architecture of the ant agent.

Air Diffusing pheromone P(x,y,z)

| ” / ” Ground |

Grounded pheromone T(x,y)

Figure 4.2: The image of evaporation and diffusion of pheromone.




each component are as follows.

o White ants and Black ants: They are main characters of the ants
war and arranged in random positions at the first time ¢t = 0. At
each time ¢, they do one of 9 actions, 1.e., "Move forward”, ”Move
backward”, "Move to right”, "Move to left”, "Stand by”, ”Force to
the food item” and "Put the pheromone”. They can move from the
current grid to the next if the grid to move is not occupied by any
components. They can also force to the nearest food in only case
that they are in contact with the food item or the fellow forcing to
the food. They can always put some intensity of the pheromone on
the current grid with the action to put.

o White pheromone and Black pheromone: These are only communica-
tion media among agents, and each of which consists of two vectors,
T(x,y) and P(x,y,z). T(x,y) represents the intensity of grounded
pheromone at the position (x,y), and P(z,y,z) represents the in-
tensity of diffused pheromone in (x,y,z) (see Fig. 4.2). Namely,
an ant can lay own pheromone on the ground, then, the grounded
pheromone diffuses to the air according to time progress. The diffu-
sional equations are defined as following partial differential ones.

[0/0t + Yewdl Tz, y) = AT*(z, y) (4.1)

() if agent k on the grid (z,y)
AT*(z,y) = puts the pheromone (4.2)
0 otherwise

[0/0t — 74i1(0° ] 0x* + 8% JOy* + 8%/02)|P(x,y, z)

B { 0 if (2> 0) (43
Yeva

T(x,y) otherwise

where, the parameters v.,, and 74 are the evaporation rate and
diffusion rate of pheromone per a time respectively. In addition, Q)
| 1s the intensity of pheroomone put by an ant agent once. White
| pheromone and black pheromone are evaporated and diffused ac-
cording to the above equations.

f ; : .

| o Food items: These are the objects carried by ants, and can be moved
up and down on the grids. Each food has the parameter which rep-
resents the degree to be forced. The forced parameters are increased
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by the white forcing ants and decreased by the black forcing ants.
When the absolute value of parameter is achieved to the constant
value, the food item is moved by one grid to the direction indicated
by the sign of parameter. The food would be moved quickly by lots
of ants but slowly by a few. After move, the parameter is cleared to
zero. If the food item is over each goal line, it is completed to be
gained and disappeared from the grid world. The winner of the war
is the team which gets over half number of food items in halfway
of time or gets more foods in stop time t,,,, coming. If both teams

get no food items, the team carrying the foods for more distances is
winner.

As the characteristics of the ants war. I should notice

e how they find the food in the stage of the war with the limited
sensing ability:.

e how they percept to be required the forcing action in no contact with
the food item.

e how they quickly switch their strategies in the situation that they
finish to gain the food item and it is disappeared from the environ-
ment.

e how they select the carried food item from several ones for the ap-
propriate resource allocation.

Namely, the interactions among agents are very important to resolve
the above, and I consider that the ants war is suitable to observe the
evolutionary process of the pheromone style communications. Using
this game settings, the two types of pheromone sensors are introduced,
namely, the continuous pheromone sensor and the discrete pheromone
sensor. The ant agent with continuous pheromone sensor is used for pre-
liminary experiments to investigate the possibility of evolutionary emer-
gence of pheromone style communication, and the ant agent with discrete
pheromone sensor is for detail discussion concerning with the evolutionary
emergence of pheromone style communication. The agent architectures
including some sensors, the computer experiments, and the discussion
will be appeared in following sections.




4.3 The Formalization of Ant Agents and Pheromone
Communication

The formalization of ant agents on the ants war is given as follows.
A=<u,v,Yy,2,9,h > (4.4)

where,

u(t) : Input from the environment at time ¢
v(t) : Input vector from the pheromone space at time ¢
y(t) : Output to the environment at time ¢
z(t) : Output vector to the pheromone space at time ¢

Compared with other agent formalizations, the ant agent on the ants war
doesn’t have the internal state x(t) because the ant agent is constructed
as a reactive one here. Because the pheromone space is the vector space,
an input v(t) and output z(¢) concerning with the pheromone space are
vectors.

y(t+ 1) = glu(t), v(1)) (4.5)
2(t+ 1) = hlu(t), o(1)) (4.6)

In the above equations, the function ¢ is to decide its action to the
environment, and A is to decide the output vector of pheromone. Namely,
the functions ¢ and h are evolutionally designed based on the genetic
algorithm.

Let v;(t) and z;(t) be an input and output of ¢-th agent at time ¢, and
the pheromone space is formalized as follows.

P =< vaXGvXAaz»FGaFA> (47)
where,

X© (t): Internal state vector of pheromone space
on the ground at time ¢

X# (t): internal state vector of pheromone space
in the air at time ¢




XC’(erl)=FG<XG(f))+Zz,-(f) (4.8)
XA H 1= PAaXC ) XA (4.9)
w;(t 4 1) =X (4.10)

where, the functions of F and F“ represent the evaporation function of
the pheromone and the diffusion function of the pheromone respectively.
Namely, the agent can sense the pheromone which is diffused from the
ground.

4.4 The Ant Agent with Continuous Pheromone Sen-
sor

In this section, I describe about the architecture of agents with continu-
ous pheromone sensor. The continuous pheromone sensor is introduced
for preliminary experiments to investigate the possibility of evolutionary
emergence of pheromone style communciation. It is easy to design the
pheromone sensor by that the inputs of pheromone sensor take direct
intensities of sensing pheromone. The details of agent architecture are as
follows.

4.4.1 The Agent Architecture

The ant agents in the team are constructed with same regular neural
network having 9 input units, 7 hidden units, and 7 output units. The
reason that all ants in the team have same network is motivated from the
fact that real social insects possess a lot of genes in their colonies [7], of
course including the handiness of implementation. Let the value of k-th
input unit be noted as i, and the values of inputs are decided from the
SENnsoT as
rl 1 if the agent touches the food item
A { 0 otherwise
1 if the agent is in contact with the fellow agent in the
foo g = {front, back, right, left} grid .
0 otherwise

the intensity of own team pheromone in the
{front, back, right, left} grid (continuous values)
ilO = -1 (bi&S)
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Figure 4.3: A series of GA operations in a GA time.

The outputs of 7 units are naturally calculated through the hidden units
with the sigmoid function.

hi = (2 wii) (4.11)
=
In addition, hg is set to the value of —1 as bias, and
Oy = f(j‘z::l'v,;jhj) (4.12)
f(x) = 1/(1 + exp(—)) (4.13)

where, h; is the output of i-th hidden unit, and o; is the output of i-th
output unit. Both of w;; and v;; are weights connecting i-th pre-layer
unit to j-th unit respectively. The function f is sigmoid one.

The values of 7 outputs, 01, 09,...,07, correspond to the degree to be
selected as the agent action. The agent regard such degrees as the prob-
abilities to select the action, and decides it based on roulette wheel se-
lection. These very simple agents are adopted for the ants war. Namely,
each action is selected according to following probabilities.

Probability to select the action ¢ = 0;/)_ o, \ (4.14)
J

4.4.2 Evolutionary Strategy

The GA is applied to the ant agents for the evolution. In the GA, the
phenotypes of the agent strategies, that is, the weight sets of the neural
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Figure 4.4: The crossover and mutation operations used in the GA.

networks, are required to be encoded to the genotypes. The weight set
as the phenotype are directly encoded to the genotype, so the genotype
is a vector of weight values [4]. The fitness function is generally designed
for the selection, but it is not defined here. If I can design the fitness
function for the evolution, I can picture the expected behaviors of agents,
and surviving individuals merely have high fitness values as the results to
optimize it. Our interest is what strategy is produced through the evolu-
tionary process based on only the results of the war and whether it can
be or not be observed the emergence of communications out of nothing.
Therefore, the selection operator used here selects some individuals from
the pool with even probabilities, and the winner individuals simply sur-
vive and produce their children as the results of wars (Fig. 4.3). Namely,
it can be said that the fitness landscape would be dynamically variable
according to individuals contained in the pool. The agent strategies ob-
tained through the GA process only represent that they have survived,
so 1t 1s interesting.

The number of IV individuals are prepared in the pool, and these indi-
viduals are initialized with randomized weight values. At the GA step g,
the following operations are applied to the individuals until stop criteria
Jmaz COIMES.

1. Two pairs of individuals are randomly selected from the pool as
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Figure 4.5: The graph representing the ratios to win against the criterion final population.

candidates of parents.

2. Two individuals of each pair are fought in the ants war. Two winners
become the parents, and two losers are erased.

3. Two parents are copied to two children as the bases.

4. The crossover operator is applied to two children according to the
crossover probability P..

5. The mutation operator is applied to two children according to the
mutation probability F,.

6. Two parents and new two children are returned to the pool. The
number of individuals in the pool are always kept the number of N.

Applying the crossover operator, several inputed nodes are selected ac-
cording to the probability P.,, and the weight values connecting to these
nodes are exchanged among two parents (Fig. 4.4(a)). In the mutation
operator, several nodes are selected with same probability P.;, and the
weights are added [—0.5,+0.5] random values (Fig. 4.4(b)). The oper-
ations applied in the GA are very simple and don’t include any special
techniques for expected evolution, so the nature of the evolutionary pro-

cess would be cleared.
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Figure 4.6: The graph representing the average ratios to win against the criterion in 7
trials.

4.4.3 Experimental Results

Several computer experiments were made with the teams consisting of
50 ant agents. These agents had 7 hidden units neural networks, and
genetic parameters for 20 individuals in the pool were as P, = 0.4, P, =
0.6, P., = 0.1 and g4 = 90000.

At first, it is necessary to show whether the evolution properly occurred
or didn’t, but it is difficult because the selection pressure of the evolution
is based on only results of the wars, and the GA doesn’t have any global
fitness functions to evaluate populations. So, I measure the progress of
the evolution by regarding the final population as the criterion to evaluate
and fighting every individual in the final population and every one in each
genetic time [2], i.e., 400(N x N) matches are made for evaluating one
population. If the progress is occurred favorably, the ratios to win against
the criterion would be gradually increased from the first population to
the final, and be close to 0.5 finally. The graph in Fig. 4.5 represents
the transitions of the ratios in typical 3 trials, and the graph in Fig. 4.6
represents the average ratio in 7 experimental trials. The horizontal axis
and vertical one indicate the GA time and the ratios respectively. I can
confirm the evolution progressed in each trial and the selection pressure
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certainly worked. Moreover, the final populations as the criteria almost
show the best performances in all populations, and the choice of criteria
1s suitable. If the choice 1s not appropriate, most populations would win
against the criterion or most would lose, and I can’t rightly evaluate each
population.

Next, I observe the evolved ant agents in 7 experimental trials. The
obtained ant agents are roughly classified into following three types.

Type 1: The drifting ants without a pheromone. These ants tend to
drift on the grids randomly. If they touch the food or fellow agents
in front, take the forcing action. They scarcely put a pheromone in
the war, i.e., the emergence of the communication was not occurred

(see Fig. 4.7).

Type 2: The ants drifting up and down with the primitive pheromone
communication. These ants drift up and down on the grids and take
the forcing action in clinging to the fellows located in the left side,
so these ants often take the formation like a bar. In particular, when
the leftest ant in the bar formation doesn’t touch the food item, this
ant puts the pheromone. Then, other ants sensing the pheromone
move from current positions, and the deadlock situation that any
ants don’t touch the food item is resolved. I can say that this is the
primitive pheromone style communication (see Fig. 4.8).

Type 3: The marching ants with the pheromone. These ants move back-
ward with little intensities of the pheromone on neighbor grids and
take forcing action in contact with the food item or the fellow in
front. In addition, these ants sometimes put the pheromone indis-
criminately. The ants which are initially placed at upside half of
orids reach near food items efficiently. While, the remainder collect
in the downside of the grids, so the intensities of the pheromone in
the downside are greater by indiscriminate putting action. The ants
sensing strong pheromone begin to march forward with putting the
pheromone, and they can reach the food item. Especially in the sit-
uation that the food item is obtained and disappeared, these ants
quickly begin to march forward and reach the other food item again
later. The screen shots of the war with this type of ants are shown in

Fig. 4.9. In the war, most ants are observed to take part in forcing
the food items, and these ants highly cooperate with each other to
win the war by using the pheromone style communication.
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For investigating which types of ants is better then the others, the final
| populations of each ants were fought with each other as evaluating the
populations with 400(N x N) matches. The results are as Type 1(372
wins) - Type 2(28 wins), Type 2(8 wins) - Type 3(392 wins) and 1(20
wins) - Type 3(380 wins). The reason that type 2 is very weak is that they
are poor to find the food items and cooperate for forcing although they
use the primitive pheromone style communication. Type 3 1s strongest
in 3 types as I expected, and it is said that the good communication as
type 3 is effective for the cooperation to win.

Here, I make an investigation into the strategy of type 3 ants which
showed the best performance and cooperation with the pheromone style
communication. The inputs - actions bitmap of these ants is shown
in Fig. 4.10. The vertical indicates the states of 5 inputs, iy,...,1s5.
The horizontal also indicates the states of 4 inputs from the pheromone,
i, ...,19, where the values of the inputs are divided into three values,
0.0,0.5 and 1.0 because these values are real values and it is not possible
to show the map by using real values directly. The color of pixels cor-
responds to the action having the highest probability to be selected in 9
actions. As shown, the actions are various according to the intensities of
the pheromone. Especially, it is confirmed that this type of ants tend to
take the forcing action in the situation that they touch the food item or
the fellows in right and left, the action to move backward in that they
sense little intensities of the pheromone in right and left, and the action
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to move forward in sensing some intensities of the pheromone respec-
tively. That 1s, the mean of the pheromone is repulsive, and these ants
can switch the strategy to march with this pheromone in order to find the
food efficiently. Therefore, I could show the one case of the evolutionary
emergence of pheromone style communications out of no meanings.

4.5 The Ant Agent with Descrete Pheromone Sen-
sor

This section i1s concerned with the ant agent with discrete pheromone
sensors. Discrete pheromone sensor is adopt to investigate the emergence
of pheromone style communication and the evolved agent strategy. In
addition, a two layer neural network is used in the ant agent instead
of a three layer in the above subsection. These simplification is adopt
for investigating about the evolution of strategy and communication, al-
though it is possible to make the ant agent evolve with complicated sen-
sors and architectures by using of evolutionary computation or machine
learning techniques. This section contains the alterations from continu-
ous pheromone sensors to discrete pheromone sensors, and the interesting
experimental results.

4.5.1 The Agent Architecture

Some components of the agent architecture are different from the con-
tinuous pheromone sensor. First, the sensors of the ant agent is described.
The sensory inputs of the agent on position (x,y) are defined as follows.
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Figure 4.11: The ratio to fire the sensor neuron according to the input value of pheromone.

if the agent touches the food item
otherwise

{front, back, right, left} grid
otherwise

if the agent is in contact with the fellow forcing agent
otherwise

{ if the agent is in contact with the fellow agent in the
{ if the probability Prob(z',y') in {front, back, right, left}

1710 = s satisfied.
otherwise
’.'11 = —1 <bi&S)

where, Prob(a’,y') is the probability to fire the sensor neuron based on
| the intensity of pheromone, and is defined as follows.

Prob(2',y') = 1/(1 + exp(—(P(2",y',0) — P*(z,y,0))/T)) (4.15)
P*(z,y,0) = (P(x — 1,y4,0) + P(z 4+ 1,y,0)+

P(x,y—1,0)+ P(x,y+1,0))/4 (4.16)
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where, (2',y') represents the neighbor position of (z,y), and (2',y') €
{(x = 1y), (x+1,y),(z,y — 1), (x,y + 1)}. Namely, the pheromone sen-
sors 17 — ¢19 are basically discrete ones but are reflected the intensity of
pheromone by using of stochastic firing neurons. Thus, this pheromone
sensor enable an agent to utilize the gradient of density of pheromone,
and it 1s expected that various pheromone communication emerges al-
though using discrete pheromone sensors. The Fig. 4.11 shows the ratio
to fire sensor neuron according to the difference between the intensity of
pheromone and the average of four neighbor grids. The neural network
used in the ant agent is almost same except constructing two layers neu-

ral network. That is, the outputs of neural network are calculated based
on following equations.

S S (4.17)
3=l
f(x) =1/(1 4+ exp(—2x)) (4.18)

This simplification is for the convenience investigation of evolved neural
network through evolutionary process. The action is decided according
to the same roulette wheel strategy used in the continuous pheromone
sensor architecture. The used genetic algorithm is not changed.

4.5.2 Computer Experiments

Several computer experiments were made according to the above settings.
Throughout experiments, about two types of pheromone style communi-
cation emerged, namely attractive pheromone and repulsive pheromone.
Attractive pheromone is diffused by the ant touching the food item,
and an ant sensing attractive pheromone moves towards the direction to
strong pheoromone according to the gradient of density. Thus, many ants
can efficiently gather near the food item. On the other hand, repulsive
pheromone is randomly diffused by every ant, and an ant tends to avoid
strong pheromone. Therefore, an ant can reach the food items more
efficiently than without repulsive pheromone because an ant can avoid
once searched area of the grids by the effect of repulsive pheromone. The
details of both experiments are described following subsections.

4.5.2.1 Result 1 about Attractive Pheromone

This subsection describes the experimental results about pheromone style
communication which was emerged through evolutionary process. As
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result 1, pheromone style communication based on attractive pheromone
is represented. Fig. 4.12 and 4.13 shows the screen shots of the ants war
with agents in the final generation of genetic algorithm. The figure (a)
represents the initial state of ants war, in which two kinds of ant agents are
placed randomly, and five food items are placed in the center of arena. In
each screen shot from (b) to (1), it is observed that ants touching the food
item diffuse attractive pheromone, and an ant sensing it attracts to the
food items based on the gradient of density. Especially, figure (f) shows
the situation that the food items have been carried out and disappeared
from the grid world. The attractive pheromone around near disappeared
food item evaporated, and already redundant pheromone automatically
disappeared.

Next, it is considered whether the evolution of ant agents rightly oc-
curs or not. The measurement of degree of evolution is difficult because
implemented genetic algorithm has no global fitness function or evalua-
tion function. Therefore, I supposed that ant agents in final generation
are strongest in all generation agents, and adopted the idea to measure
the degree of evolution by that ant agents in each GA generation are
fought to agents in final GA generation. Namely, the degree of evolution
is indicated by the ratio to win against ant agents in final generation.
The graph in 4.14 represents the ratio to win against final generation,
and x-axis indicates the number of GA generation. The ratio to win 1s
increased according to the progress of generation, and it can be consid-
ered that the evolution based on implemented simple genetic algorithm
works effectively. In final generation, the ratio takes the value of 0.5, that
means the strength of ant agents are even.

Next. the evolution is investigated in another viewpoint. It is difficult
to investigate the emergence of communication because it is also difficult
to define how communication is. The emergence of intent of pheromone
is considered. To evaluate the emergence of intent of pheromone is easier
than to do the emergence of communication because it can be achieved
by measuring the effectiveness of pheromone in selecting actions. Thus,
the shannon’s emtropy and the information value are introduced. Let
Si(i = 1,2....,7) be a selected action, and P(S;) be a probability to
select action ¢ through a game of ants war. The emtropy of outputs
H(S) is represented as follows.

H(S) = - 3. P(S:)log P(S;) (4.19)

The patterns of sensor inputs are classified according to the sensor inputs
from the environment (i; — ig) or pheromone (i7; — 7109). Concerning with
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Figure 4.12: The screen shots of the ants war in experiment 2-1(a).




Figure 4.13: The screen shots of the ants war in experiment 2-1(b).




the sensor inputs from the environment (2, —ig), there are 64 patterns (2°),
and there are 16 patterns (2*) with the sensor inputs from the pheromone.
Let S; be the j-th pattern of sensor inputs, and the information value of

S, I(S,S) 1s defined as next.

1(S,S8) = H(S) — H(S|S) (4.20)

H(S|S) = 3 P(S;)H(S]S)) (4.21)
J

H(S|S;) = — Y P(5i]S;)logP(SiS;) (4.22)

where, P(S,-IS ;) is the conditional probability to select the action S; in
the condition that the input pattern is S Y

The graph in Fig. 4.15 shows the entropy of outputs H(Output), the
information values from environment sensor inputs to outputs, I(Output,
Sensor) and from pheromone sensor inputs to outputs I(Output, Pher-
omone). X axis indicates the number of generation. The entropy is
decreased until about the generation 7000, and almost converged about
the value of 1.4. This means that the input-action patterns are almost
formed before the generation 7000, and the patterns are minutely ad-
justed after the generation 7000. The information values I(Output, Sen-
sor) and I(Output, Pheoromone) are gradually increased, and converged
after about the generation 30000. It is easily imagined that I(Output,
Sensor) is increased because ant agents depend on the sensory input from
the environment for deciding their actions. On the other hand, it is very
interesting that I(Output, Pheromone) is increased although the intent
of pheromone is not defined at first. To increase the information value of
the pheromone, it is required to specify two contents, in what situation
an ant agent puts the pheromone, and how an ant interprets the intent
of diffused pheromone (i.e., how an ant decide its action according to
sensing pheromone). Moreover, if the pheromone have no clear intent,
diffused pheromone works as noise for agents. Both of these are unclear
at first stage of evolutionary process, then, may be gradually formed by
the affection of bias of initial neural networks. According to this result,
the pheromone affect the behavior of ant agents, and it can be said that
the pheromone have a kind of “intent”. Of course the intent is attractive
in this experiment. The graph in Fig. 4.16 represents the transition of
average ratio to select the action to put the pheromone. At first genera-
tion, the ratio takes high value because the neural networks are randomly




generated, and ant agents select random actions. After few thousand gen-
erations, the ratio is converged about the range of 0.03 — 0.05.

Following the above results, the emergence of intent of pheromone is
confirmed, but the emergence of communication is not done. To investi-
gate the emergence of communication, the additional experiments were
made. At first, two kinds of ant agents were prepared. The first ant
agents were normal ones, and the second agents were also normal except
forbidden to put the pheromone. Using these two kinds of agents, several
trials of ants war were done in changing the number of agents from 5 to
35. Trials of each number were done 30 times for averaging. The graph in
Fig. 4.17 shows the average ratio to win against forbidden agents, and x
axis is the number of generation. At the number of 1, the ratio represents
about 0.7 and not 0.5. The reason the ratio didn’t take 0.5 is that the
attractive pheromone put by only single ant agent has the effect to clip
the ant agent to the position on which the pheromone was put. Namely,
the ant which puts the pheromone near the food item tends to be near
the food, and can recovery to find the food again if loses sight of the food.
Then, the ratio to win is increased according to the number of agents, and
converges the value of 1 exceeding 30. This result shows the pheromone
have more effectiveness in larger number than in small number, namely
it is enough to say that the pheromone style communication emerged in
the evolutionary process. If the pheromone is used by an ant agent for
only itself. the ratio to win doesn’t change according to the number of
agents.

The emergence of pheromone style communication was confirmed, there-
fore the evolved strategy are investigated as next. It is easy to reveal the
evolved strategy because the agent architecture in this section is based
on two layers neural networks. Thus, I can confirm the effects from sen-
sory inputs to outputed actions by checking the weight sets from input
layers to output layers. It is simply considered that if the weight from
the input 7 to the output j is positive value, the input ¢ excites selecting
the output j for the ant agent, oppositely, if the weight is negative value,
the input 7 inhibits selecting the output j. Moreover, the probability to
select the output j is decided according to the sigmoid function whose
input is calculated as the sum of connected weights, and the effect of
each input is easily confirmed. If the agent architecture is complicated,
for example, using three layers neural networks, Q-learning method, etc,
to investigate obtained strategy is difficult.

Fig. 4.18 - Fig. 4.21 represent the weights from each input to 7 outputs
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Figure 4.14: The ratio to win against the final population in the experiment 2-1.
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as selected actions. The horizontal axis in each figure indicates the num-
ber of actions (see Tab. 4.1), and the vertical axis indicates the value of
weights. If the value of each weight takes large positive value, the sen-
sory input strongly affects to select the action indicated by the horizontal
index. Oppositely, if it takes large negative value, the input strongly af-
fects to inhibit the indicated action. If the absolute value of each weight
is small, it affects selecting a little. The figure (a) in Fig. 4.18 shows the
set of weights from the sensory input ¢; which detects whether the ant
touches the food item or doesn’t. It is clearly showed that this sensory in-
put value inhibits the actions of move forward, backward, right, and left,
and excites the actions of forcing the food and putting the pheromone.
Forcing the food is very important to win this game because it is needed
for ant agents to continuously force to the food item once finding the
food. On the other hand, putting the pheromone is strongly connected
to this sensory input, thus, the pheromone is often diffused when finding
the food. The intent of pheromone is considered as that the food item
exists near here.

The figures (b) - (e) in Fig. 4.18 - Fig. 4.19 concern with the sensory
inputs of i, - i35, that is, whether fellow ant agent exists at neighbor grids
or doesn’t. In each figure, the weights to the forcing action take largest
values. It indicates that the ant agent tends to force if the fellow ants
exist at neighbor grids. This reaction is also considered as a natural one
to win this ants war game. The sensory input in the figure (f) mn Fig.
4.19 detects whether the ant touches forcing fellow ant or doesn’t. This
input seems to be related to the actions of moving backward and putting
the pheromone.

The figures (h) - (j) in Fig. 4.20 - Fig. 4.21 show the weight set con-
necting from sensory inputs 7 - 7j, i.e., the discrete pheromone sensors
at neighbor grids. In the figure (g), the sensory input i7, which is related
to the intensity of pheromone at front grid, tends to affect selecting the
actions of moving forward and moving to left. The input iz in the figure
(h), related to at backward grid, affects the action of moving to right.
The input iy in (i), sensing the intensity of pheromone at right grid, at-
fects the actions of moving to right and staying. Finally, the input ¢10 In
(i) of Fig. 4.21, sensing at left grid, affects to select the-action of mov-
ing to left. Resultingly, this ant agent tends to prefer moving to strong
pheromone. These analysis of weights correspond to the results observed
in the screen shots.

The graphs in Fig. 4.22 and Fig. 4.23 represent the intensities of two




Action no. | Action -
1 Move forward
2 Move backward
3 Move to right
4 Move to left
5 Stay at the current grid
6 Force to the food item or the neighbor forcing ant
£3 Put the pheromone on the ground of current grid

Table 4.1: The Action and action number on ants war.

agents’ pheromones, P(x,y,0), and the position of food item in sectional
views in the trial of ants war. The vertical axis indicates the intensity
of pheromone, and the horizontal one represents the position number of
erids. The small squares represent the food item. In the initial state (a),
there is no pheromone on grids. After ¢ = 40, it is observed that there
is strong pheromone near the food item, thus, the gradient of density
of pheromone is formed from the food item toward the borders of grids.
In addition, Fig. 4.24 represents the contour line of the intensities of
pheromone, P(x,y,0) at time ¢ = 100 in the trial, and Fig. 4.25 uses the
log scale of Z axis for same time data. The intensities of pheromone take
large values pointedly near the food items. From these results, it seems
that using the gradient of density of pheromone is valid to communicate
each other where the food item is.

The graph in Fig. 4.26 represents the transitions of the ratios of forcing
ants and the number of food items in the trial. The horizontal axis
indicates the number of game time, and the left vertical axis indicates
the value of ratio. In addition, the right vertical axis indicates the number
of food items in the grid world. From start time 0 to the time about 230
that one food item is disappeared, the ratio of forcing ants in each agent
team is quickly increased. This means that the ants finding food items
diffuse the attractive pheromone, and ants sensing the pheromone gather
to the pheromone. Especially, it is observed that each ant team could
quickly change the target food item after food item disappearing, and the
number of forcing ants are recovered in the progress of time.
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Figure 4.19: The weights from input 74 — ¢ to outputs in the experiment 2-1 (B).
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4.5.2.2 Result 2 about Repulsive Pheromone

In this subsection, I show the another pheromone style communication
obtained through evolutionary process. This pheromone style commu-
nication is named as repulsive pheromone communication because the
repulsive pheromone works with the opposite effect compared with the
previous attractive pheromone, namely, this pheromone seems to repulse
ant agents. Fig. 4.27 shows the screen shots of ants war with agents in
the final generation. In each time, agents seems to put the pheromone
randomly, and it is difficult to judge whether this behavior is effective
for agents to win this game or not, thus, it will be cleared in following
discussion.

At first, it is confirmed whether the evolution properly occurred or
didn’t. The Fig. 4.28 and Fig. 4.29 represent the ratio to win against
the final population and the transitions of H(Output), I(Output, Sensor),
I(Output, Pheromone) respectively. Compared with the evolutionary
situation of the attractive pheromone, the ratio to win against the final
population is increased more slowly. Moreover, the emtropy of outputs
is decreased slowly than in the case of attractive pheromone. From this
results, it is guessed that at first stage of evolution, ants tended to put
the pheromone randomly, and the pheromone worked like noise in the
world. Thus, it was difficult for ant agents to emerge intent of pheromone
for communication. According to the progress of time, the intent of
pheromone gradually emerged, and the emtropy of outputs was decreased
slowly. In the case of attractive pheromone, it was perhaps caused by the
affection that the ant agent tended to put the pheromone near the food
at first stage, but this repulsive pheromone was considered to be caused
with no such affection. In addition, the information value of sensory
inputs, I(Output, Sensor) converged to similar value of the attractive
pheromone, but the information value of pheromone inputs, I(Output,
Pheromone) converged to lower value than the attractive pheromone.
The reason is considered as that it is easy for the attractive pheromone
to have clear intent which represents that there is the food item near
here, but the repulsive pheromone is used to represent that the food item
doesn’t exist near here. This intent of repulsive pheromone is maybe often
unclear because the space in which no food item exist is larger, thus,
the pheromone tends not to be uniformly. These facts are considered
as the reason of causing slower evolution in the repulsive pheromone
communication. Fig. 4.30 represents the transition of the average ratio
to put the pheromone in this experiment. Throughout the evolutionary
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Figure 4.27: The screen shots of the ants war in experiment 2-2.
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process, the ratio keeps high value.

Next, the effect of repulsive pheromone in the swarm condition is noted.
Fig. 4.31 represents the ratio to win against the ant agents which were
forbidden to put the pheromone in various numbers of agents. This graph
shows this repulsive pheromone has an advantage to win the game accord-
ing to the number of agents. Compared with the attractive pheromone,
the repulsive pheromone is more effective in the case that it is used by
single ant agent. This fact is based on that the attractive pheromone
exerts once discovering the food item but the repulsive pheromone ex-
erts to seek the food item on un-searched area from the fist time. The
advantage in larger number of agents indicates the emergence of com-
munication based on the repulsive pheromone. Thus, it is showed that
two kinds of pheromone style communication emerged of the same agent
architecture and evolutionary strategy.

On the other hand. the graph (a) in Fig. 4.32 to (k) n Fig. 4.35
show the weight set of evolved neural network. The weights represented
in the graph (a) is peculiar compared with the attractive pheromone in
Fig. 4.18. The input i; detects whether the ant touches the food item
at neighbor grids or not. In the previous experiment, the weights to the
action 6 and 7, namely, forcing the food item and putting the pheromone,
are large value. In the case of repulsive pheromone, the weight to action
6 is very large, but the weight to action 7 is negative value, thus, the
ant scarcely ever puts the pheromone at neighbor grids of the food item.
Accordingly, the gradient of the repulsive pheromone takes smaller to the
area near food items. The graphs (b). (¢), (d) and (e) are concerned with
the sensory inputs detecting whether the fellow ant exists at neighbor
grids or not. These graphs show the characteristic that ant agents tend
to force the food item when in contact with the fellow ants at forward and
right grids. This characteristic is observed in screen shots of Fig. 4.27.
In the graph (f), the weights from the sensory input ¢7, which detects
whether the ant touches the forcing fellow ants or not, to the outputs are
represented. It is shown that this input inhibits to select the action of
putting the pheromone, and this fact contributes to form the repulsive
pheromone. The graphs (g), (h), (i), and (j) are related to the sensory
inputs of the intensity of pheromone at the forward, backward, right, and
left grid respectively. The graph (g) shows that the input i7 inhibits to
choose the action of moving forward, namely, other actions are probably
chosen. The graph (h) indicates the same aptitude of the sensory input s.
The sensory input iy excites to select the action moving to right, and ;o
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seems not to affect to select the actions concerned with move directions.
Resultingly., these sensory inputs about the pheromone make ant agents
repulse the strong pheromone according to the gradient of density. In
addition, the weights from these inputs to the action 7, l.e., putting the
pheromone, take positive values. Thus, it suggests that the ant agents
tend to put the pheromone randomly in no contact with the fellow ants
or the food items.

Next, the densities of two agents’ pheromone and the position of food
item are shown in Fig. 4.36, 4.37, and 4.38 in each game time. In
these graphs, the tendency that the densities of pheromone near the food
are smaller is observed. Especially in these graphs, it is interesting that
the densities of each agent’s pheromone seem to take similar distribution.
Although agents in this experiment seem to put the pheromone randomly,
the formed pheromone space may depend on the situation of food items
and agents. After the food item disappeared, the densities of pheromone
generally take larger values as shown in graphs (j), (k) and (1).

The Fig. 4.39 shows the distribution of densities of pheromone, and the
Fig. 4.40 shows the same data with using log scale for density values as
7z axis. It is difficult to specify the characteristic of repulsive pheromone
but it seems that the densities of pheromone take larger values apart from
the food items.

Finally. the Fig. 4.41 shows the transitions of ratio of forcing ants ant
the number of food items in this experiment. This graph shows the ant
agents could reach and force the food items efficiently, and could recover
to next food items after disappearing the target food item.
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Figure 4.32: The weights from input 7; — i3 to outputs in the experiment 2-2 (A).
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Figure 4.33: The weights from input 74 — 76 to outputs in the experiment 2-2 (B).
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Figure 4.34: The weights from input 27 — 29 to outputs in the experiment 2-2 (C).
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4.5.3 Discussion

In this subsection, the pheromone style communications based on the
attractive pheromone and the repulsive one are discussed. On one hand,
the attractive pheromone might be emerged by the little trivial deflec-
tion that the ant agent randomly generated at first tended to put the
pheromone when finding the food items, or tended to prefer stonger
pheromone. On the other, the repulsive pheromone might be emerged
by that the ant agent generated at first stage tended to dislike stronger
pheromone, or to broadcast the pheromone indiscriminately. Then, these
deflections had been amplified by the selection pressure in the evolution-
ary process based on the results of ants wars. I can say that such deflec-
tion causes the emergence of communication, but it is difficult to answer
what kind of deflection enables agents to emerge communication, namely,
the reaction to putted pheromone, the situation to put the pheromone,
or both. Moreover, it is very important fact that these amplifications
of deflections were related to anneal the strategy of agents. Therefore,
I consider that the source of emerged communication is the agents’ en-
vironment in that the communication, which hasn’t yet emerged at first
stage of the evolution, enables swarms of agents to win wars for their
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survivals. If the environment of agents doesn’t need agents to communi-
cate each other, the communication will not be produced throughout the
evolution.

Here, the question naturally arises which pheromone is more effective
for agents, the attractive pheromone or the repulsive one. To investigate
this question, the additional experiment were run. In the experiment.
I prepared two types of ant agents based on the attractive pheromone
and the repulsive one. These agents were selected from the GA popula-
tions in the final generation. Then, these agents were fought in various
numbers of from 5 to 150, and the ratio to win against each opponent
were measured. The Fig. 4.42 shows the transitions of average ratios
to win against the opponent according to the numbers of agents in 30
ants war games. The horizontal axis indicates the number of agents, and
the vertical indicates the ratios. The sum of ratios in each number of
agents is always 1. This graph shows very stimulating result that the
ant agents based on the attractive pheromone are weaker in situations of
few number of agents, but gradually stronger according to the numbers
of agents, and strength of both agents are changed each other. Over the
number of 120, the agents based on the attractive pheromone are ad-
mittedly stronger than the agents based on the repulsive pheromone. In
addition, strength of both agents are almost balanced about the number
of 80 agents . that is the default agent number used in the evolutionary
scenarios. Although it has been shown in the previous subsections already
that each pheromone is effective in large number of agents compared with
no-pheromone agents, effectiveness of pheromones is surprisedly different
with each other. In the case of the attractive pheromone, it is easily ex-
pected that the effectiveness of pheromone is increased according to the
number of agents because the effect of attractive pheromone works once
one agent discovers the food items, and second discovering ant, third one,
forth one, etc., attracts other ants. The effect to attract 1s stronger ac-
cording to the number of ants diffusing the pheromone just as emergent
phenomenon. In another case of the repulsive pheromone, the pheromone
is rather used as the earmark of already searched area than the informa-
tion for interaction each other. This effect is useful in proper number of
agents, but it would be anarchy in large number of agents because many
ant agents diffuse the pheromone here and there, and effective gradient of
densities cannot be formed. This result is very interesting to investigate
the emergence level of swarm behaviors.
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4.6 Conclusions

In this chapter, I defined the ants war, in which ant agents are evolved
through the GA to survive, and made several computational experiments
based on two types of agents, based on the continuous pheromone sensor,
and the discrete pheromone sensor. In the continuous pheromone sensor. I
confirmed three types of evolved agents, namely, the drifting ants without
a pheromone, the ants drifting up and down with the primitive pheromone
communication, and the marching ants with the pheromone.

In the experiments concerning with the discrete pheromone sensor,
[ confirmed the emergence of communication based on the attractive
pheromone and the repulsive pheromone, which have opposite character-
istics. Moreover, I discussed the emergence and effectiveness of pheromone
style communication by using of several quantitative evaluable indicators.
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Chapter 5

Summary

In this doctoral dissertation, multi-agent systems were focused as in-
telligent problem solving systems, in which autonomous agents behave
based on local informations for achievement of given tasks. Especially,
the interaction among agents plays very important role to emerge whole
ratioal behavor by the base that the total behavior caused by indivisual
agent behavior exceeds mere sum of components of systems. Therefore,
it is easily recognized that the communication is one of best way for
agents to interact each other. For designers of multi-agent systems, 1t is
needed to construct reasonable communication which has enough ability
to emerge total intelligence of agents systems, but it is naturally diffi-
cult issue alike many ones about learning, adaptiveness, planning, and so
forth. In chapter 1, the recent works and issues about multi-agent sys-
tems were surbeyed, and two types of communication forms, the direct
communication and the indirect communication were described. For the
effective communication of multi-agent systems, I forcused on real ant
colony system in which many ants excellently keep their colony. In ants
colony, each ant plays various roles with oarganizing ability based on in-
teractions. The pheromone, which is chemical substances, is used for ants
as one of communication mean. The pheormone has enough flexibility
and adaptability for real ants colony. Thus, this pheromone communi-
cation was introduced to multi-agent systems, and the formalization of
pheromone style communication for multi-agent systems was described.
On the other hand, several works based on pheromone style commu-
nication were surbeyed according to two categories, simulation models
of pheromone style communications, and ant colony optimization algo-
rithms. Epsecially, the ant colony algorithm originally proposed by col-
orni et al. were circumstancially introduced as one of most famous agent
sytems based on pheromone style communications. Resultinglly, chapter
1 concearned with multi-agent systems based on pheromone style com-
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munication, and described about the design concept of pheromone style
communication.

In chapter 2 and 3, the applications of multi-agent systems based on
the pheromone style communication were focused on to solve some kinds
of combinatorial optimization problems. In the chapter 2, the ant al-
gorithm by Colorni et al. was picked up for solving traveling salesman
problems. The ant algorithmm has many ant agents, each of which in-
dependently searchs the problem space by moving from a city to city
according to both of local information caused by the characteristics of
the problems and global information caused by the pheromone. The
pheromone are used to exchange global information about the solved
problem. However, ant agents of the ant algorithm are based on same
behavioral strategy, and it is not expected to emerge total inconceivable
ability exceeding mere sum of agent abilities. Therefore, the concept of
multi ant colonies were introduced to emerge the swarm intelligence using
two types of pheromone effects, i.e., positive pheromone effects and neg-
ative pheromone ettects. Agents belonging to each colony independently
behave like the original ant algorithm but the colony level interactions
based on pheromone effects cause to control whole behaviors of ant agents
on each colony. The behaviors of colonies are affected each other, and
the effectiveness of colony level interactions are worked. The computer
experiments for several traveling salesman problems were made, and the
effectiveness of proposed multple ant colonies algorithm was revealed.

Chapter 3 concearned with problem solving based on coordinated be-
havior of agents. The distributed search algorithm was proposed to solve
vehicle routing problems which is known as harder than traveling sales-
man problems. In the algorithm, there are several vehicle agents, and
each agent independently searches own vehicle route. In search process,
the competition situations, in which each agent wants to use same cities
each other. often occurs in order to construct more preferable rout. Thus,
to resolve such conpetition situations, pheromone style communication
were introduced as imprints which represent degrees of importance of
cities for agents. Each vehicle agent could construct coordinated rela-
tions between other agents based on pheromone style communication.
Throughout computer experiments, the effectiveness of pheromone style
communication in distributed search algorithm was confirmed.

Chapter 4 was related to the eovolutionary emergence of pheromone
style comunication rather than the application of pheromone style com-
munication. In the investigation of pheromone style communication, ants
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war was proposed. In this game, there were ant agents constructed by
the neural networks, and each agent team on ants war gathers more food
items than the opponent in order to survive in the evolutionary mech-
anisms based on the genetic algorithm. In addition, two types of phe-
ormone sensors, 1.e., the continuous pheromone sensor and the descrete
pheromone sensor, were adopted as the pheromone sensor of agents. In
the experimental cases of the continuous pheromone sensor agent, three
types of agents emerged throughout evolutionary process, namely, the
drifting ants without a pheromone, the ants drifting up and down with the
primitive pheromone style communication, and the marching ants with
the pheromone. In the cases of the descrete pheromone sensor, two types
of agents based on the attractive pheromone and the repulsive one were
observed in the computer experiments. These pheromone effects had an-
tagonistic characteristic, but the both of effects of these pheromones were
advantage against no pheromone ant agents. Especially, the emergence of
pheromone style communication were investigated in various points. The
mesuared information value about pheromone clearly showed the emer-
gence of intent of pheromone. The experiments in changing the number
of agents showed the level of emergent behavior based on evoluved phe-
ormone communications. As results of chapter 4, the possibility, effec-
tiveness and emergence of pheormone style communication were cleared
based on ants war game.
Finally. I conclude this dissertation with following items.

e The pheromone style communication is very effective way for multi
agents to interact with each other in order to perform given tasks.

e The pheromone style communication is useful to construct coordi-
nated relationship among agents.

e It is possible for designers to design effective pheromone style com-
munication according to the objectives of designed agent systems.

e The evolutionary design of pheormone style communication and agent
strategy is enough possible.

e The emergence level of agents based on pheromone style communi-
cation is high.
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