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Abstract One of the major challenges of this kind of algorithms is to
produce self-organization within the system, that is to find
Ant algorithms and flocking algorithms are the two main a transition from an uncoordinated state to a stable or meta-
programming paradigms in swarm intelligence. They are stable one. The question is therefore how to correlate indi-
built on stochastic models, widely used in optimization vidual entity behavior to give rise to a collective coordina
problems. However, though this modeling leads to high- tion without any global controller, and under the constrain
performance algorithms, some mechanisms, like the sym-of individual limited perceptions.
metry break in ant decision, are still not well understood at Swarm algorithms have many applications especially in op-
the local ant level. Moreover, there is currently no model- timization problems : notably, Ant Colony Optimization
ing approach which joins the two paradigms. This paper (ACO) [6] and Particle Swarm Optimization (PSO) [11],
proposes an entirely novel approach to the mathematical two major examples. The former takes inspiration from real
foundations of swarm algorithms: contrary to the current ant colonies, and the latter from flocking birds and particle
stochastic approaches, we show that an alternative deter-physics models. One can point out the similarity of the sci-
ministic model exists, which has its origin in determimisti entific genesis in both cases: at the beginning, biological
chaos theory. We establish a reactive multi-agent systemobservations lead to mathematical formulations based ei-
based on logistic nonlinear decision maps, and designedther on stochastic processes and statistical measures [5] f
according to the influence-reaction scheme. The rewriting the ants behavior, or on deterministic rules for the flocking
of the decision functions leads to a new way of understand-behavior [17]. In the latter case, birds are replaced by par-
ing the swarm phenomena in terms of state synchroniza-ticles in the PSO developments, and deterministic rules are
tion, and enables the analysis of their convergence behav-mixed with stochastic variables. However, these two mod-
ior through bifurcation diagrams. We apply our approach els are quite different, and no work to our knowledge tends
on two concrete examples of each algorithm class, in order to make them join together. Our assumption in this paper is
to demonstrate its general applicability. that an abstract and generic model exists that unifies these
two approaches.
Contrary to previous approaches, our approach is a theoret-
ical one, due to the origin of the model. We start with an
abstract model, namely the nonlinear Coupled Map Lattice
(CML), which has its origin in deterministic chaos theory.
Bio-inspired algorithms are increasingly important in Questioning this field leads us to propose a derived model
distributed Al, giving rise to new paradigms and question- which is a reactive situated Multi-Agent System (MAS)
ing conventional artificial intelligence approaches. linte  called Logistic Multi-Agent System (LMAS). In this pa-
gence is no more considered as an individual characterisper, the LMAS will prove to be able to implement the two
tic only, but also as a swarm emergent phenomenon. Thismain classes of swarm intelligence phenomena in a uni-
is the rooting principle of the so-called swarm intelligenc  fied theoretical formulation. Compared to the previous ap-
The challenge is to understand its mechanisms so as to builgoroaches, it radically changes the way of interpreting the
algorithms which will artificially reproduce this massiyel  involved mechanisms by connecting them to state synchro-
distributed intelligence and control its emergence to a cer nization processes, hamely a universal concept in nonlinea
tain extent. This field of research is quite recent, but spe-sciences [16]. The LMAS changes also the way of visualiz-
cially active and prolific [3]. ing the dynamics using bifurcation diagrams.

1 Introduction



To begin with, we explain the LMAS in section 2; we 2.1.2 Some features on the logistic map

then implement it on a basic flocking problem in section 3 . ) . .
which is an example of a self-organized system, and -in a "€ logistic map is a well known polynomial mapping, very

deeper way- on the ant binary bridge experiment in sec- €asy to compute, b_ut with very complex o_utcomes. Itc_omes
tion 4, which is the origin of ant algorithms and an example ffom & demographic model created by Pierre Francois Ver-

of self-adaptive system. These concrete problems demonulst, and was popularized in 1976 by the biologist Robert
strate the main aspects of our model. May. The logistic map has been widely studied in its stan-

dard form (2), where: is the control parameter. This form

is derived from the population equation which is a macro-
scopic formulation. Nevertheless, this map, as well as its
conjugated forms (deduced from the original one by a vari-
able transformation), are widely studied and used nowadays
for their intrinsic mathematical properties, indepenteot

their population aspect, notably in the CML studies. The
figure 1 shows the bifurcation diagrams of two conjugated

2 Logistic MAS Conception
2.1 Rooting principles

The logistic MAS (LMAS) takes its inspiration from the
coupled map lattice (CML) models used by physicists for

studying spatiotemporal chaos phenomena, in particular InIogistic maps. They have been calculated5o0 iterations

the field of hydrodynamics (simulation of turbulent flows) with 500 samples in the intervd0, 1]. Although the bifur-

or condensed matter thS'CS' (;urrently _these COMpUta-ation diagram differs from one form to another, the global
tional models are of great interest in theoretical physigs.

allv int ted in CML usi i drati qualitative behavior is the same. The quantitative belavio
;erisplfgrlr?eI};ITOZ::tsicem;nps ThueSISr?yg?cri]sTeKzrnZLIZ ;2\'/‘; follows some universal laws (like for example the definition
N ' 4 of Feigenbaum constants) [19]. Bifurcation diagrams sho

widely explored these types of CML since 80’s [10]. He 'd , ) [19]. Bifurcati 'ag W

! . = f°°(«(0)) according to the control parameter:as
has also intended to extend its use to the general study o (00) = f(2(0)) 9 P

complex systems. The next three subsections introduce thegecreases from to 0, the map evolves respectively from a
. mpletely chaoti havior (densel rk bands) to a ver
CML, the logistic map features, and finally how and why ompletely chaotic behavior (densely dark bands) to a very

. . precise one, associated to a single fixed point. This spe-
the logistic MAS derives from the CML. cific behavior from complete randomness to complete order

o o under the influence of a single parameter is very useful, and
2.1.1 Definition of a logistic CML semantically rich. We will exploit these mathematical prop

A CML is a discrete time and space computation model in erties as a generator of agent behavior, with the first map for
which states take their values in a continuous domain. It is the flocking modeling, and the second one for the ant algo-
sometimes considered as a cellular automaton with contin-fthm-

uous states. A minimal CML based on the local nfagnd

a nearest-neighbors diffusive coupling is expressed in thez 1.3 Genesis of the logistic MAS

usual form given by :
We have to point out some characteristics of the CML ap-

zi(n+1) = (1—¢€)f(zi(n)) + ﬁ > f(xzj(n)) (1) proach, which differs from an agent-based approach de-
Y jevs signed for swarm intelligence. On the one hand, the CML is

wherex; (n) is the state variable in siteat timen, € is the 2 field approach where cells are fixed in a given topology, as

diffusive coupling coefficientV; is the fixed neighborhood ~ @rtificial neural networks are, whereas the agent-based ap-
of site i which includesN (V;) other sites. Wher is the proach is s'lmlla.r to a particle approach, where entities may
classical nonlinear parametric logistic map, it is definad o P& mobile in a independent space called the environment.

the interval[0, 1] by the recursive relation : Consequently, the neighborhood of agents depe_nds on time
and space. On the other hand, the CML model is designed
w(n+1) = f(x(n)) = 4a z(n)(1 - z(n)) = " (2(0)) as a closed system, whereas a multi-agent system is often an
(2) open system which has to adapt to external influences me-
If the parametex € [0, 1], then(0, 1] is invariant througly.  djated by the environment. The induced changes are listed

This nonlinear map is completely described by its bifurca- pelow:
tion diagram, which is shortly explained in the next section
Nevertheless, after many iterations (about thousandsgthe e the transformation of the CML cells into reactive

sulting CML generates a wide range of behaviors from a full agents which can move in space implies the encapsula-
synchronization of cell states to a full chaotic and desyn- tion of the coupling and control parameters inside the
chronized behavior of cell states according to ¢renda agent. These parameters become therefore local inter-

parameters values. We let the interested reader refer to the  nal variables, in contrary to their global aspectin CML.
bibliography for further information about this subject. A logistic map governs as well agent decision making.
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Figure 1. Bifurcation diagrams over [0, 1] after 500 iterations

e the open aspect of the system produces a distinctionusual definitions:s;(t) is the state of agent ando (t) the
between entities and their environment, and increasesstate of the environment at timeThe state transition equa-
the importance of the adaptation processes and thetion of the complete system is resumed by the following
flows of exchanged data. This implies the dependenceequation system:
of agent state variables on environment perceptions.

) pereep {sxm) = F(si(t),o(t) Vi € {1, . N,)

Although these differences, many variations on the CML ot+1) =G(o(t),s1(t+1), -+ ,sn(t+1))

model are close to our case studies, notably the globally ran 3)
domly coupled map lattice [12], which can be considered as The first equation expresses the fact that agents perceive
an approximate situation of moving cells. This assumption their environment before changing their internal state; th

is not the current issue of this paper, but this specific CML second one expresses the change of the environment state
provides theoretical and numerical useful results we think through the combined influences of agents derived from
available for LMAS. In addition, numerical simulations are their updated states. The explicit coupling between these
quite a common procedure in CML studies, since mathe-two parts of the system makes a natural distinction between
matical proofs are hard to do in most cases. So are LMASthe local and the global level and makes clear the computa-
studies, as the two concrete swarm applications will showtion schedule.

it in this paper. To conclude, the LMAS model has a lot to

share with the CML one, and can take advantage of existing2.2.2  The logistic agent model

results on CML. o ) ) _

However, contrary to CML, the concepts of MAS hold an The logistic agent is a reactive agent whose internal behav-

appropriate semantics and structure for handling swarm in-10" iS governed by a logistic map (fig.1). So as to simplify
telligence. This paper is devoted to present the LMAS and the description of the involved mechanisms, and because we
to show its potential. do not need more for the present, we consider only scalar

guantities. But it is obvious that the same design prinsiple
apply in a vector space. The agent internal statea tuple
of the following variabless = (z, a, €).

The logistic multi-agent system (LMAS) belongs to the Let D denote the interveD, 1] C R.
reactive MAS class of systems. We take inspiration fromthe e 2 ¢ D is the decision variable for the agent to perform
influence-reaction scheme of Ferbeiilir [8] to describe some actions
the LMAS.

2.2 Mathematical formalism

e o € D is the internal control variable, because it oper-

. ates as the control parameter in the agent logistic ma
2.2.1 Global system design P 9 g P

e ¢ € D is a coupling variable for an agent with other
agents in its neighborhood; it is similar to the diffusing
coupling parameter in CML modeling

The LMAS is composed of a set of N, agents situated

in a discrete space called the environment, dendied,
which is the medium of all the interactions between agents.
Our interaction model is indeed an entirely indirect one. We The internal state thus takes its values in a continuous do-
denote byt € N the time step variable. Let us identify some main. D stays invariant through the used map. The agent



state transition is expressed in the equation system: 2.2.4 Agent perception and action principles

In our model, agents perceive some fields of the environ-

at+1) =F,(c(t)) X ) X
((t+1) =F (o(t)) (4) ment. An agent perception function thus concerns a partic-
e(t+1) = FE (z(t), o(t), a(t + 1), e(t + 1)) ular field and achieves a mapping of this field to the agent’s

state definition domain, namely. An agent perception ap-
rplies to a local neighborhood because of its limited capabil
ities. Perception functions depend on the handled problem
and have to be specified after the environment structure has
been completely defined.
& he environment update concerns the second equation of
the global system (3) and occurs after the update of each
agent internal state. In particular, agent actions geeerat
some modifications in the environment. They are of two
main types. The first one consists in environment fields
modifications: an agent can change values of a field at its
current location. The second one is the agent location mod-
ification: an agent moves relatively to its current location

F, (z,0,a,€) = fo (I(x,p(c))) 5) This Iatter' information is stored as well in a dedicated envi

whereV(y, z) € D?, I.(y,2) = (1 — €)y + €z ronment field.

The model structure we have just described is abstract and
If we write downu(t) = I.(x(t), p(c(t))) and choose the ~ generic. In the next sections, we will show how it is imple-
logistic map defined in equation (2), the transition equatio Mented to a basic flocking instance, and afterward to an ant
for the internalz variable becomes: algorithm problem, with two different ways for analyzing
it. This enables to make clear the involved mechanisms in
{ u(t) = (1= Fe(o(t)a(t) + Fe(o(t) plo(t) g eachcase.
x(t+ 1) =4F, (o(t)) u(t)(1 —u(t))

This system makes clear how state variables are interwove
and shows the computation steps(t) appears explicitly

in the equations because it is the source of the agent per
ceptions. One can notice thatande transitions arise only
from agent perceptions on the environment expressed by th
o dependency.

Let us expand the transition functidr, for the x variable,
which is a compound of several operators: one form of the
a(t+1)-parameter logistic map,, ane(¢+ 1)-coupling op-
eratorl., and a perception function This is summarized

in the formula:

. L . . 3 Flocks modeling with LMAS

This latter transition equation makes explicit the agewt-de

sion making based on environment perceptions. The action ) ) .

step then is the process in which the decision variabe 51 Introduction on flocking algorithms

interpreted and used to effect an action. In the next section

we propose a basic structure for the environment which al-  Reynolds proposed in [17] an algorithm to simulate the

lows the agents to perceive it. phenomenon of flocking birds which is considered as an
emergent phenomenon example in complex systems. The
algorithm principles are based on three deterministic be-

2.2.3 The environment and its fields structure havioral rules: maintain a minimum distance from others,

) ) ] match velocities with others in its neighborhood, and move

Our environment concept is close to the multi-layered one (4 ard the perceived center of mass in its neighborhood.

described in [1], where computational fields play an impor- gince that time, many other algorithms have been devised

tant part. One then defines fields on the environniént. 4 improve its performances, and stochastic versions arose

A field is a mapping from the environment to a numerical g, 55 1o perform optimization problems. This led to the field

domainDy;eq. With regard to our model, this domain is ¢ particle swarm optimization [11].

often the intervalD = [0, 1] C R. As the environmentis a A paricular interesting instance is the simulation of mov-
discrete space,llt can be defl_ned as a set of siteg((lee ing human crowds presented in [18]. Theandy spa-
the number of sites)nv = {site,|0 < k < K}. tial coordinates are computed by means of separate logis-
A field maps therefore a siteof £nv 10 Dyiciq : tic maps. This allows to control the whole crowd with the
single control parameter of the map. This parameter is used
field:  Env  — Dyieiq as a global one, and the resulting behavior can thus not be
siter, — field(sitey) self-organized. Moreover, there is no coupling factor be-
tween agents. The aim of the authors was to achieve a cred-
The stater of the environment is defined as the tuple of all ible virtual simulation, but this specific way of using lotigs
existing fields at time. We are now able to define the agent maps has to our knowledge not been more explored nor the-
perception processes. orized. This however is precisely our goal as the following
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will demonstrate it. k at timet (an agent is indexed bY:
. . . Ne(t) = D 1 ™
3.2 A basic flocking model with LMAS -
Xp(t) = Y mi() ®)
In our context, flocking means the way an agent popula- ionk
tion gets self-organized into clusters of similar agentdweh Ei(t) = ¢ 9)
iors. We will not yet study the stability of such clusters but o _ _
their distribution according to time and agent perceptian ¢ €o is given as a constant in the interyaJ 1].

pacities. We present here the most simple implementation

of the LMAS for flocking. Let us list its specifications: * The perception functiop; of an agent corresponds

to the mean of theX field over a neighborhood de-
notedV (i) centered on the site where the ageris
located. The perception functigrf is associated to
thee-field. This is expressed by the formula:

e Agent state: the state of the agenat timet is ex-
pressed in the following tuplei(t) = (x;(t), a;, €).
The z variable depends on the considered agent and

on time. Theq variable is determined randomly as a > okev, Xi(t)
constant value irf0, 1] according to a uniform distri i S ey Ni(h)
bution; it depends on the considered agent. dteari- < - & € t _ 11
able remains here a constant factor independent of the Pit) = Epp(t) = e (11)

considered agent. This case proceeds from a percep-
tion of a constant field. Finally, the logistic map is the
one which corresponds to the first bifurcation diagram
1(a).

It is easy to verify thap;(¢) always belongs td0, 1]
since it operates as a weighted mean on variables be-
longing to the same interval.

e The internal state update is described in (6)

e Environment and fields : the environment is a 2D dis-
crete torus with three fields denoted, N, and F
storing respectively the cumulatedvariables of each
agent on a given sité at timet, the cumulated num-
ber of agents on sitgé at timet, and thec-field. Let
us notice that several agents can be located in the same
site at the same time, and that the environment has no
memory; this means that these fields equal zero before
the environment update occurs at timerheir defini- e Updating action: at first, the environment fields are re-
tions are expressed in the following formula on a site set. All agents then update them: an agemodifies

e Moving action: since velocity is defined as a 2D vec-
tor, the speed or the magnitude of velocity remains
here a constant whereas we modify its direction ac-
cording to the updated(¢ + 1); if « denotes this di-
rection, then we write down = 360 x z to geta in
degrees for example. We denote Bythe agent new
site location.



the fields on its new site locatiokl according to the  that the flocking occurs because of agent state synchroniza-
following equations: tion and not because of appropriate rules. This is indeed a
more universal concept.

Ny(t+1) = Np(t+1)+1
Xpt+1) = Xp+1)+a(t+1) 4 Ant binary bridge modelling with LMAS
3.3 Results and discussion 4.1 A short ant algorithms survey
A computer simulation witlV = 100 agents in &0 x 30 The paradigm of ant colony is currently studied and ap-

torus environment shows in fig.2(a) that groups of agentsplied a lot in swarm intelligence as well as in other scientifi
arise to form flocks (a small part of the whole is shown). fields [7]. However, dynamical and convergence analysis of
This flocking phenomenon increasesed®nds tol. This  antalgorithms [20, 9] are very recent and appear after many
latter issue is made clear in the chart in fig.2(b). Let us ex- years of experimental issues. The stochastic approach suc-
plain first how it is build: the measure used here consists in ceeds in simulating the global phenomenon but is not suffi-
counting the number of agent clusters formed at each timecient to really explain specific features of ant colony mech-
step. Two agents belong to the same cluster if and only if anisms, like the symmetry break which occurs in the binary
their internalz differ from a given threshold and they be- pridge experiment for example, or like the specific involved
long to the same neighborhood. The threshold is set heregynamics of the colony. Merkle’s recent work [13] has been
to 0.01 which corresponds to one percent of the maximum g step forward in this regard, but with a deterministic model
value ofz. Let N.(t) denote this number of clusters. The of ant dynamics.

measure average out this 4000 consecutive time steps  To analyze these phenomena in a simple way, we resume the
from 1000 to 2000 after the transient period, expressed by: modelling of the binary bridge experiment, since this exper
iment shows the basis of the collective choice mechanism
of ant colonies without any optimization aspects. It is also
the simplest instance of a graph-based ant algorithm from
which all other instances derive. In addition, we will han-
The chart on fig.2(b) shows the variationséf according dle the problem with the LMAS model described in section
to e € [0,1] and according to the neighborhood radius be- 2.2 and demonstrate this new modeling approach for sim-
longing to[1,15]. The maximum neighborhood radius is ulating the binary bridge experiment and providing a new
the half of the environment size. The diagram on fig.2(c) Vvisualization of its dynamics.

shows the standard deviation on the same series of num-

bers. Let us now consider the issues of those two diagrams4.2 The original binary bridge model

The flock forming is non-existent, that i, ~ 100, ¢ and

the neighborhood radius get closer respectivel§y smd1; Deneubourg and al. published an experiment together
it means that each agent belongs to a cluster formed by it-with a mathematical model in [5], explaining the trail fol-
self. As asserted before, The flock forming is more and lowing behavior of ants when foraging. They use the ar-
more important, that i$V, is small, as and the radius get  gentine ant species which collectively selects a path to a
closer respectively t@a and15. Let us notice the shape of food source. They particularly studied the self-orgamirat

the chart : a very sharp decreasing arises whisrclose to process that achieves this goal. More precisely, the experi
1 and the neighborhood radius small. It gets smoother asmental protocol consists of a binary bridgeand B, con-

the radius gets bigger. It is reinforced by the fact that the necting the ant-nest to the food source. Branches have the
corresponding standard deviation on fig.2(c) is high in this same distance, so the problem is not to select the shortest
area; that reveals some perturbations in stability for the b path; ants have only to choose one of the branches to get
ger formed clusters. The initial uniform distribution okth  to the food source. Along the way to the food source, and
control variable inside the agents is partly the reasonisf th while returning back to the nest, they lay down pheromones.
instability: the bifurcation diagram on fig.1(a) shows that We would like to point out the underlying assumptions : the
about 10 per cent of the agents has got a chaotic behaviorbridge has got two equal long branches, the pheromone does
which implies instability. not evaporate, and the amount of pheromone on a bridge
These results confirm an intuitive feeling on the flocking is proportional to the number of ants crossing the bridge.
phenomenon, "Birds of a feather flock”: flocking emerges The experiments are of short duration so that the amount
easier as the radius of interaction and the level of similar- of pheromone evaporation is negligible. Finally, ants are
ities between agents increase. The fundamental change iisupposed to cross the bridge one by one. This leads to the
this mechanism with respect to the classical algorithm, is following model [5]:

| t=2000
N, = —— N(t 12
1000 (t) (12)

t=1001



e A; (respectivelyB;) is the number of ants choosing the
branchA (respectivelyB) after theith ant crosses the
bridge :i acts as the global time step of the algorithm.
An amount of pheromone of valueis laid down by
each ant on the chosen branch.

e P, (respectivelyPg) is the probability the + 1th ant
choosesA (respectivelyB) :

(K—FAz)n
(K + A)" + (K + B;)"

This formula has been obtained by a statistical analysis

on the experimental protocol. The best fit to the exper- deposit on edges of the graph has a long range interaction
imental data is given with parameter valuEs= 20 effect stored by the field, and an internal state deposit on
andn = 2. the current node has a short range interaction effect stored
by the fieldX. These fields are defined in the specific case
nOf a finite graph topology by:

Pyi=1-Pg= Figure 3. Scheme of the binary bridge

(13)

This stochastic model produces the expected results:eall th
ants end up choosing the same branch after a while, eve
if neither branch is favored priori. This branch is called X: V —D=[01]
the winning branch. Moreover it is not a problem of dis-

tance optimization since the branches are equally long, but Ve Xi (14)
a pheromone optimization. 7: Ed —R
After this short recall, a question remains unsolvedhat e — Tk (15)

is the cause of the global symmetry break at the local ant

level? And if this question cannot be answered completely, Each node is indexed by an integer and s& isWe denote
can we model it differently to obtain a better understand- by Xo the nest. Each edge is indexed by two integers, and
ing of the phenomena? This question has indeed alreadys0 is7. Moreover, these fields evolve with time since ants
been attempted in [15, 2], where the authors study it from change their value. On the contrary, a third fiélé =

a global point of view by using coupled differential popula- is involved but remains constant like in the flocking case.
tion equations. Using such techniques, one succeeds in exAgent perception functions depend on these fields.
plaining the symmetry break in ants behavior, while provid-

ing a global visualization of the phenomenon. However, this 4.3.2 Agent perception-decision-action loop

approach is an analytical one, not a constructive one. Our . , . .
aim is therefore to pursue this approach on the local level ofwe now describe the perception-decision-action scheme of

ants and to provide a link between local and global descrip-the agenF’s internal mechanism. In this case, the time §tep_ 0
tion levels. In short, the major issue for us consists indete the a!gonthm_ corresponds to the event of one agent crossing
mining in which way local deterministic mechanisms could the binary bridge.

produce such a global phenomenon? We will show that our 4 perception : at time a new agent, leaving the nest,
abstract model of logistic MAS is appropriate to achieve perceives the environment fields. The perception func-

this objective with some adapted specifications. This is the tions are expressed in the following way for each state
topic of the next section. variable:

pz(t) = Xo(t) = zi—1(¢)
pa(t) = max {14, 7} (16)
Pe (t) = €0

4.3 Algorithm design

4.3.1 Environment definition

The environmenEnv = (V, Ed) is a small graph, where

V is the set of nodes an#d the set of edges, composed
of only three nodes and two edges. One of the nodes is the
nest, and the others correspond to the binary bridge desti-

An agent perceives the internalvalue of the preced-
ing agent on the current node (the nest). It perceives
the amounts of pheromone by reading the figlénd

by capturing the maximum amount of this field. It se-

nations A and B (fig. 3). We define two main fields in
the environment: a pheromone fietd[14], and an agent
state fieldX. We will distinguish in our model two types of

agent influences on the environment, which are indirect in-
teractions, each relating to one of these fields: a pheromone

lects the edge where the field is maximum as the base
edge for its moving decision. Finally, it perceives as
well the constant-field. ¢y may represent the indi-
vidual communication characteristics of the given ant
species.



e Decision making: the transition of the internal state
variables (4) is given by the following equations:

zi(t+1) = [y ((1—eo)as(t) + eows1(t)17)
ai(t + 1) = m (18)

The formula (17) describes the individual communica-
tion level between agents : df, = 0, no local contact

ratio of ants traversing the branch, averaged over ten runs,
is plotted for both the winning and the loosing branch. The
mean of the control variable over ten runs is plotted as well.
To understand those charts and their associated variations

we must bear the bifurcation diagram of fig.1(b) in mind.

In the three cases, we identify the symmetry break at the
point where the winning and loosing curves begin to con-

verge respectively té and0. In each case, the symmetry

between agents occurs. We are then in a mass recruitbreak occurs exactly when the control variableeaches
ment situation as described in [3]: only the pheromone the value0.5. This result is not very surprising regarding
trail can influence the agent. Usual ant algorithms are the logistic bifurcation diagram in figure 1(b): before this

based on this assumption. Howevegjf£ 0, individ-

ual information exchange occurring in the agent neigh-
borhood is taken into account;_;(¢), laid down by
the preceding agent, is involved in the computation.
We use the second form of the logistic magz) =
1—a(1-222) (fig.1) with k iterations to get the behav-
ior described in the bifurcation diagram. Thevari-
able depends on time according to the formula (18) in
a decreasing wayu varies froml to 0 as the amount
of pheromone varies froito +oco. Thea parameter
governs the analytic function form. Finally a threshold
enables to make the decision:

if z;(t+1) > threshold choose the branch with,,,;
else choose the other.

point, in the area > 0.5, both branches are explored: this
implies that the agent system oscillates quite identidadly
tweenz-values below and abowe5. After this point, in the
areaa < 0.5, z still oscillates for a while but always above
0.5. Inthis area, the decision remains invariant and the sym-
metry break is complete. The ant ratio curves in the graph
4(a) fits well with the experimental data curves[5]. But this
comparison remains a qualitative one because of the lack of
experimental data. The-value is currently not significant
enough.

The two graphs 4(b) and 4(c) withg = 0.5 are surprising
because they only differ in the iteration numberfofOne

can notice that the graph 4(b) is quite the same as 4(a) with
an odd logistic map iteration number, whereas graph 4(c)

As we are in a simple case with only two edges con- shows a long term symmetry break with an even iteration
nected to the nest node, it is convenient to choose anumberk. The following section demonstrates the impor-
threshold set to}. This rule is relative to the branch

where the pheromone amount is maximal, since the

agents perform here a pheromone amount optimiza-Algorithm 1 Binary bridge with LMAS

tion. The deviation with the highest amount expresses |nitialization
the agent autonomy. 74,75 — 0
Na,Ng <0

e Action: this corresponds to the update of the environ- 4
for anti = 1to N do

ment, that is the update of its two fields according to
the following equations:

{ X()(t + 1) = {L‘i(t + 1)
Tchosenedge(t + 1) - Tchosenedge(t) + Xy (t + 1)

(19)
The pheromone updating is a cumulative process with-
out evaporation. Indeed, the original model for simu-
lating this experiment did not implement any evapo-
ration process because of the short experimental time
scale which did not allow evaporation to proceed.

Initial conditions correspond to the experimental ones: th
initial amount of pheromone is zero and the initial control
parameter is close th it means that randomness is high at
first.

4.4 Implementation and results

The resulting algorithm i&lgorithm 1. The simulation
results can be viewed in figure 4. On the same graph, the

init: zp «— random(0,1)
Perception
readr, . — max {74, 75}
indetmaz — argmaza py {74, 78}
indexpin < argminga gy {Ta, T}
Decision
threshold «— %
a— af (a+ Tmaz)
Ti fg(moyxi—hﬁo)
if x; < threshold then

Action 1

Nindemmam — Nindexmaw +1
Tindexmar < TindeTmax + x;
else
Action 2
Ninde;ﬂmm — Nindexmm +1
Tindezmin < Tindezmin T Li
end if
end for




(a) Case witkeg = 0 andk = 500

(b) Case witheg = 0.5 andk = 499

Figure 4. Simulation results of the binary bridge : mean curv

tance of a collective bifurcation diagram building to expla
this, and to provide some qualitative convergence analysis

4.5 Qualitative convergence analysis and
discussion

An explanation of the case 4(c) can be given by consid-
ering the bifurcation diagram in fig.5. To start with, let us
consider how it is made. The graph is not an individual one
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as it was for the logistic agent, but a collective one: we have
plotted every(z,a) pair of values for each agent crossing
the bridge at time. The graph is to read from right to left
because: is decreasing in time. If we apply this process
on the case 4(b), we obtain a diagram very similar to the
individual bifurcation diagram 1(b). In the case 4(c), the
achieved diagram fig.5 can be analyzed as follows: when

the number of iterations of each individual logistic map  ocause of the same map distributed to each agent. One can
is even, the system only selects the lower branch of the dia-;4 , e get information about the system, given by the dis-
gram, because of the even oscillation period. But this is NOt iy, tion of thea variable at timet. For instance, one can

the single cause of the long term symmetry break. One 0b-qgtermine whether the collective behavior is focused near a
serves that the control variable levels off (fig.4(c)) atlthe particulara value or widely distributed, how dispersed the

furcation cascade points, which delays the symmetry break.agent behaviors are, and how far the system is away from
This collective diagram thus provides a very useful tool to ending fixed points.

follow the whole dynamics, since it gives a qualitative anal
ysis of the global algorithm convergence. As a matter of
fact, it shows that the ant algorithm become stabilizedas th
colony converges to a global state. This global state corre-
sponds to single fixed points, belonging to the left branch of  Results showed that the logistic MAS applies itself to
the collective bifurcation diagram. It means thereford tha both flocking simulation and binary bridge experiment. The
a global agent state synchronization occurs on those fixedLMAS approach is an elegant and relevant way to demon-
points. Contrary to the flocking case, this synchronization strate the synchronization process in these two main primor
proceeds from the pheromone field, which is collectively dial swarm phenomena, by state coupling in the flocking
build by the agents: we are faced with a self-adaptive sys-case, and by a strong decentralized influence on the envi-
tem. The binary bridge experiment is an appropriate ex- ronment in the ant case. Expressing them in such a com-
periment to display this synchronization, and the collecti  mon modelling framework, enabled us to make clear the
bifurcation diagram is an appropriate tool to point thisphe main difference between the two processes, which has never
nomenon out. This global visualization is made possible been done to our knowledge. State synchronization argues

Figure 5. Bifurcation diagram with N = 1500

ants, ¢y = 0.5 and k£ = 500

Final discussion and conclusion



for the generality of our model. The choice of the logistic

map may nevertheless appear as a limitation of the scope of

LMAS. Firstly, some previous developments in CML stud-
ies lead us to confirm this choice: cluster synchronization,
and thus the flocking phenomenon, would not occur with
every nonlinear map. A conjecture in CML studies [4] ac-

tually postulates that the map used has to exhibit some peri- [5]

odic windows in the chaotic area of its bifurcation diagram,
so as to let cluster synchronization emerge. The logistic

map is consistent with this conjecture contrary to the tent [6]

map for example. Secondly, the population equation aspect
of the logistic map fits well with the swarm phenomena,

since these phenomena may be considered as instances of
population problems. Consequently, the fact that a piece of [

this global population effect may be found again as a cause
at the local level of entities and within entities, seemaltpt
coherent.

To conclude, this paper presented the logistic agent, which [9] w. J. Gutjahr. A graph-based ant system and its conver-
uses a deterministic nonlinear map, namely the logistic

map, to govern its own internal state. This agent is part of a [10]

logistic multi-agent system supposed to be a generic mod-
eling for swarm intelligence. The local control variablalan
coupling variable inside the agent are novel features. &hes
variables decentralize control and govern the chaotid leve
of agent decisions by means of perceptions. The behavior
profile according to the control variable is knowarpriori
through a bifurcation diagram and it is the same for each [13] D. Merkle and M. Middendorf. Modeling the dynamics
agent. This approach provides theoretical tools and wisual
ization tools from the modern dynamical system theory, so

as to follow and analyze the dynamics of the whole multi- [14]

agent system.

The interpretation of both flocking phenomenon and ant
colony behavior in terms of synchronization processes is
the most salient contribution of this paper. This approach
has to go deeper, theoretically speaking, about cluster sta

bility, global convergence, and nonlinear map choices. The [1¢]

presented LMAS has also to be matched with more applied
problems. In this way, we intend to match it with optimiza-
tion problems like other swarm-based algorithms. We have
tested it on some small instances of the symmetric TSP with [17] C. W. Reynolds. Flocks, herds, and schools: A distributed
promising results. LMAS is a promising modeling tool for
swarm intelligence.
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