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tIn this paper, we address the problem of solv-ing 
oordination problems in a 
ontinuous spa
ewith as few design e�ort as possible. Our ap-proa
h relies on Potential Fields Methods 
om-bined with Geneti
 Algorithms. We 
ompare itwith other frameworks relying on Learning Clas-si�er Systems and on Potential Fields Methodsalone. Quantitatively, we show that we obtainbetter results than with Learning Classi�er Sys-tems. Qualitatively, we show that our frameworkrequires less design e�ort than any other. The
ounterpart is that the 
ontrollers we obtain areharder to understand. We analyze a parti
ularlyeÆ
ient 
ontroller and 
on
lude to the ne
essityof designing more formal tools to provide furtherinsight on more 
omplex 
ontrollers.1. Introdu
tionThere are two main motivations in the animat approa
h.This �rst one is to better understand nature by design-ing 
omputational models used to validate hypotheses ofnatural me
hanisms. The se
ond one is to draw inspira-tion from nature in order to design eÆ
ient adaptive al-gorithms that 
an be used as software engineering tools.Using su
h tools 
an in turn 
ontribute in signi�
antlyredu
ing the design e�ort ne
essary to solve many engi-neering problems. This paper is mainly 
on
erned withthe se
ond motivation.Outside of the animat resear
h 
ommunity, to solve anengineering problem, the prevailing methodology 
on-sists in a fun
tional de
omposition of the problem intosmaller and easier subproblems. This top-down method-ology has proved its eÆ
ien
y as far as the problem issimple enough: it just stops when it rea
hes a level atwhi
h solutions to problems are obvious.But, in the 
ontext of this paper, we will fo
us onspe
i�
 problems whi
h do not belong to that 
ategory:the design of 
ontrollers to solve 
olle
tive problems re-

quiring an eÆ
ient spatial 
oordination between severalagents. These agents have to be:� situated, i.e. they have only a lo
al per
eption of theenvironment and are able to a
t on that environment;� endowed with autonomous navigation 
apabilities,i.e. they are able, without any external assistan
e,of 
omplex traje
tories in a 
luttered environment;� adaptive, i.e. they are able to modify their nominalbehavior to manage unpredi
table situations as wellas possible;� 
oordinated, i.e. the global task must be a
hievedthrough the interdependent behavior of severalagents.Fa
ed with these 
omplex problems, the fun
tionalde
omposition methodology performs poorly, be
ausefun
tional de
omposition is not adapted to deal withinterdependen
ies: the elementary intera
tions betweenagents 
annot be isolated eÆ
iently from one another.As a result, human designers spend a lot of time tuninglow level parameters so as to adapt as mu
h as possibletheir de
omposition to the problem they fa
e.A minor improvement to this situation 
onsists inadding to the top-down approa
h the use of adaptivealgorithms in order to optimize the dis
retization bound-aries that result from the fun
tional de
omposition. Op-timizing the parameters of a system with adaptive al-gorithms makes it possible to spare a 
ostly human in-tervention. Geneti
 Algorithms (GA) or Reinfor
ementLearning Algorithms 
an be used in that way, but thisuse does not imply re
onsidering the fun
tional de
om-position approa
h itself.In this paper, we show that a more radi
al improve-ment 
an be a
hieved on these 
omplex 
oordinationproblems by giving up the fun
tional de
omposition ap-proa
h. As an alternative, we present another methodol-ogy 
onsisting in tuning the elementary intera
tions be-tween the agents at the mi
ro level so that the requiredglobal behavior emerges at the ma
ro level. Relying on



that methodology based on emergen
e gives us the abil-ity to solve 
omplex 
oordination problems with as fewdesign e�ort as possible.Our 
on
rete aim is to exploit the robustness proper-ties of adaptive behaviors in 
olle
tive tasks where spa-tial 
oordination is ne
essary. Rea
hing this s
ienti�
goal endows to designers the ability to treat diverse ap-pli
ations, like the simulation of gregarious 
reatures ina video game, the test in simulation of new ta
ti
s ofaerial raid or, as we will exemplify here, the 
ontrol of agroup of agents by another group.In order to design the lo
al intera
tions betweenagents, we use Potential Fields Methods (PFMs) (se
-tion 2.). But, whereas in most frameworks the potential�elds have to be designed by hand, we use a GA to auto-mate the tuning of the potential �elds so that the agentsoptimize a global 
riterion (se
tion 3.).In order to evaluate the interest of our frameworkthrough a 
ase study (se
tion 4.), we �rst 
ompare quan-titatively its performan
e with 
ontrollers implementedwith Learning Classi�er Systems (se
tion 5.). Then, weanalyze one 
ontroller obtained with our framework (se
-tion 6.) and provide a robustness study of that 
ontroller(se
tion 6.1). In the dis
ussion se
tion, we 
ompare itwith a similar 
ontroller obtained by hand by another re-sear
h team and we stress the advantages of our method-ology with respe
t to fun
tional de
omposition or theplain use of PFMs (se
tion 7.). Finally, we highlight thatthe key problem with our approa
h lies in understandingrather than in designing the 
ontroller (se
tion 8.).2. Potential Fields MethodsAt the origin of PFMs, the neurophysiologi
al ap-proa
h of Arbib demonstrated that some behaviorsin frogs may be interpreted as a 
ombination of at-tra
tions and repulsions indu
ed by the environment(Arbib, 1981, Arbib and House, 1985). Su
h resear
hwas furthered by Partridge's work (Partridge, 1982) on�sh s
hools and, above all, gave rise to Arkin's s
hematheory (Arkin, 1989) in roboti
s. In this framework, thebehavior of an agent results from a de
omposition intoindependent s
hemas expressed as attra
tive or repulsivepotential �elds whi
h are 
ombined to a
t on the agentas an ele
tri
al �eld a
ts on an ele
tron (see �gure 1).Khatib (Khatib, 1985) was the �rst to apply PFMs topath planning among obsta
les for simulated and a
tualrobots. His approa
h was then generalized by Krogh(Krogh, 1984). Later on, Brooks (Brooks, 1986) andArkin (Arkin, 1989) started to use these methods to
ontrol di�erent robots with di�erent kinds of sensors.Several methods were then proposed to solve the lo
alminima problems and os
illations problems identi�ed byKorenz and Borenstein (Korenz and Borenstein, 1991a),su
h as the use of noise (Arkin, 1989), evolutionaryte
hniques (Pear
e et al., 1992), or spe
ial pur-
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Figure 1: a) Repulsive �eld around an obsta
le in B(-4,4);b) Attra
tive �eld towards a target in C(4,-4) 
) Global �eld
ombining (a) with (b) and resulting traje
tory of a mobilesensitive to both �eldspose dead-lo
k dete
tors to avoid lo
al minima(Korenz and Borenstein, 1991b, Piaggio et al., 2000).These new works raised a new surge of inter-est in PFMs in mobile roboti
s ((Matari�
, 1994,Barraquand et al., 1992, Bal
h and Arkin, 1995)).Nowadays, the methodology is renewed by a trend ap-plying it to 
olle
tive behavior problems, giving rise to so
alled \So
ial Potential Fields". For instan
e, Panatier(Panatier et al., 2000) uses potential �elds to build aninternal model of the behavior of other agents expressedin tropisti
 terms. Then the agent 
an anti
ipate thebehavior of other agents and to 
oordinate its behav-iors with theirs. In the same vein, Simonin and Ferber(Simonin and Ferber, 2000) have shown the eÆ
ien
y ofpotential �elds methods to support signal 
ommuni
a-tion between agents in a rea
tive multiagent 
oordina-tion 
ontext.Sharing 
ommon goals with our work and a sim-ilar formalism, Bal
h extends Arkin's s
hema theory(Bal
h and Arkin, 1995) to solve multiagent problems.In parti
ular, his work was intended to keep a group ofmilitary ground vehi
les in formation. More re
ently,drawing inspiration from 
rystal stru
tures, Bal
h andHybinette (Bal
h and Hybinette, 2000) also added tothe 
lassi
al framework a set of one to four atta
hmentsites, arranged regularly around ea
h agent, attra
tingother agents a

ording to a maintain formation s
hema,giving rise to di�erent group geometries depending on



the positions of the sites.The framework presented below 
an be seenas an extension of the original framework from(Bal
h and Arkin, 1995) towards less design e�ort fromthe designer. We also added the equivalent of atta
h-ment sites to our framework, but this is not presentedhere (see (Fla
her, 2001)).3. Our framework3.1 The formalismIn multiagent simulations, entities of di�erent types arepresent in the environment of ea
h agent. We 
all su
hentities \landmarks" when they are relevant to the be-havior of an agent. At ea
h time step, the agent is lo-
ated in a point A and sorts all its landmarks into listsdepending on their type, a

ording to their relative dis-tan
e. With this way of sorting landmarks, we 
an im-plement easily a lo
al per
eption limited to some range,so as to de�ne situated agents in the sense given in the in-trodu
tion. From the landmarks lists, the agent de�nesa set of points of interest Pi , ea
h being the bary
entreof some landmarks Lk. Hen
e, ��!APi = �mik=0 �ik:��!ALk,where �ik are bary
entri
 
oeÆ
ients asso
iated to Pi.A normalized fun
tion of magnitude Fi modulates thein
uen
e exerted by the point Pi on the agent a

ordingto the distan
e k ��!APi k. This fun
tion is pie
ewise lin-ear and de�ned by a set of qi points whose 
oordinatesare (xik ; yik). Ea
h fun
tion Fi generates an attra
tiveor repulsive for
e towards Pi whi
h a
ts on the agent.The for
e is attra
tive when the fun
tion is positive andrepulsive when it is negative. This formalism general-izes the 
lassi
al obsta
le/target di
hotomy in a uni�edformalism sin
e the same fun
tion of magnitude 
an beeither attra
tive or repulsive. The 
orresponding for
e ismodulated by a 
oeÆ
ient Gi, whi
h represents the rel-ative gain of the point of interest with respe
t to otherpoints.Finally, the movement �!D resulting from the 
ombina-tion of all for
es on the agent is given by the equation:�!D = �Ni=0 [Gi � Fi(k ��!APi k) � ��!APi ℄ (1)This equation de�nes the 
ontroller of our agents.Ea
h 
ontroller 
an be expressed by the set of all pa-rameters involved in equation 1. The GA is applied tothis set of parameters, so as to sele
t 
ontrollers whi
hperform well on the task they have to solve and dis
ard
ontrollers whi
h get trapped into lo
al minima.3.2 Evolution of the Model3.2.1 Geneti
 en
odingA genome is en
oded as N ve
tors of real numbersrepresenting all the parameters of our framework.These

parameters are initially uniformly distributed over therange [�1;+1℄. These parameters are the following:� the 
oeÆ
ient Gi of all fun
tions of magnitude,� the ranges and types (rik ; tik), together with the 
o-eÆ
ient �ik of all landmarks k de�ning a point ofinterest Pi;� the 
oordinates (xil; yil) of the segment extremitiesde�ning all pie
ewise linear fun
tions of magnitude.A ve
tor 
ontaining these parameters is 
alled a 
hro-mosome, and ea
h 
hromosome 
odes for one asso
iation(gain + point of interest + magnitude fun
tion).3.2.2 Geneti
 OperatorsThe geneti
 operators, mutation and 
rossover, areadapted to our formalism to prevent the generation ofmeaningless 
ontrollers.� mutation : a random value depending on a normallaw is added with a probability PM to ea
h parameterof the genome. These parameters are then mappedusing linear maps from [�1;+1℄ to a given range ofparameters values as follows:{ type values 2 f0; 1; :::Ng,{ range values 2 f1; ::; fMaxNb(type)g,{ bary
entri
 weights of points of interest2 [�10; 10℄,{ gain values 2 [�5000; 5000℄,� 
rossover : individuals I1 and I2 respe
tively haveN1 and N2 
hromosomes. The 
rossover is realizedby sele
ting, with a probability PC , N3 
hromosomesin the set (N1+N2) of 
hromosomes from I1 and I2.The sele
ted 
hromosomes are then 
opied into thegenome of the new individual.As a result of the 
rossover operator, the number of 
hro-mosomes in genomes varies from one individual to an-other.3.2.3 Des
ription of the algorithmThe evolutionary algorithm used in the experimentsdes
ribed here is similar to the one proposed by(Kodjaba
hian, 1998). Thanks to the use of e
ologi
alni
hes, it prevents a premature 
onvergen
e by distribut-ing the population on a wheel and sele
ting 
andidatesfor evaluation into lo
al windows around that wheel. Anew individual is generated a

ording to the followingalgorithm:� a neighborhood window of size NW whi
h is propor-tional to the size of the population NP is positionedon the wheel;



� two individuals I1 and I2 are sele
ted in this win-dow with a probability proportional to their �t-ness a

ording to a roulette wheel sele
tion s
heme(Goldberg, 1989);� geneti
 operators are applied to I1 and I2 to generatea new individual ISon;� a bad individual IB is sele
ted in the window with aprobability proportional to the inverse of its �tness;� ISon is tested;� if the new individual ISon is better than its parents,it repla
es IB .We 
onsider that the next generation is generatedwhen this operation is repeated NP times.4. A Case StudyOur environment is inspired from the Robot Sheep-dog Proje
t, whi
h involves a robot driving a 
o
kof du
ks towards a goal position in a 
ir
ular arena(Vaughan et al., 1998). We extend this experimentalsetup to the 
ase where the same task has to be solvedby the 
oordinated e�ort of several simulated agents.
Ducks

Target Area

Sheepdog Agents

Arena

Figure 2: The arena, du
ks and shepherdsThe simulator shown on �gure 2 in
ludes a 
o
k ofdu
ks and some shepherds whi
h must drive the 
o
ktowards a goal area. In the following experiments, allsimulations always involve six du
ks. The du
ks and theshepherds have the same maximum velo
ity. The goalis a
hieved as soon as all the du
ks are inside the goalarea.The behavior of the du
ks results from a 
ombinationof three tenden
ies. They tend:� to keep away from the walls of the arena;� to join their mates when they are within their visualrange;

� to 
ee from the shepherds whi
h are within their vi-sual range.In the 
ontext of that 
ase study, the type values andranges for these values are given by the table 1.Type Landmark fMaxNb(type)0 goal area 11 wall landmark 122 du
k 63 shepherd 20Table 1: Table of the parameters of our simulations5. Empiri
al results5.1 Experiments with Learning Classi�er Sys-temsBasi
ally, a Learning Classi�er Systems (LCS) is a rule-based system able to improve its set of rules thanksto both GA and Reinfor
ement Learning Algorithms.Sin
e the rules are (
ondition, a
tion) 
ouples, a LCS
an de�ne a 
ontroller, and its adaptive algorithms
an be used to optimize this 
ontroller with respe
tto some 
riterion. For an introdu
tion to LCS, thereader is referred to (Stolzmann et al., 2001). The workpresented in this se
tion is a very brief summary of(Sigaud and G�erard, 2001). In order to apply LCS tothe problem de�ned in se
tion 4., it is ne
essary to �rstdesign the set of inputs and a
tions 
onsidered by the
lassi�ers. This in turn implies that a designer de�nes ageneral strategy to ful�ll the task even before applyingadaptive algorithms.
isRightToFlock

Flock limit

isLeftToFlock

isAtGoal

isBehindFlock

isInPushingArea

isInRightGuidingArea
isInLeftGuidingArea

(BetweenFlockAndGoal)
isOnWay

Figure 3: Representation used by Learning Classi�er SystemsThe strategy de�ned in our 
ase 
onsists in �rst sur-rounding the du
ks so that there 
o
k do not s
atterwhen the agents get too 
lose to them, and then drivethe 
o
k towards the goal.



It appeared diÆ
ult to implement this simple strategywith LCS. The inputs of the shepherds are shown on�gure 3. There are 16 basi
 behaviors, among whi
h 8are shown below:�goToFlo
kCenter �followFlo
kToGoal�goBehindFlo
k �goToPushingPoint�goToLeftOfFlo
k �goToClosestDu
k�goToOutmostDu
k �goAwayFromFlo
kWe �nally had to attribute to ea
h agent a role, eitherpushing the 
o
k or guiding it by the left hand side orby the right hand side. Sin
e a role binds to ea
h agent aparti
ular fun
tion, this solution 
an be seen as translat-ing a spatial 
oordination problem into a fun
tional 
oor-dination problem. A further improvement was a
hievedby giving to the shepherds the ability to ex
hange theirroles. All the 
orresponding resear
h is des
ribed in de-tails in (Sigaud and G�erard, 2001).From �gure 4, it appears that despite an importantdesign e�ort, we did not su

eed in obtaining a sys-tem whose performan
e is improved when the numberof agents is augmented. We will 
ome ba
k to the rea-sons for this failure in se
tion 7.The purpose of testing the 
ontrollers with shep-herds groups of in
reasing size was to 
he
k whetherthese 
ontrollers were s
alable. S
alability in termsof number of agents is an important issue in 
om-plex 
oordination problem studies. For instan
e, s
al-ability is one of the key features of the approa
h of(Bal
h and Hybinette, 2000) presented in se
tion 2., andwe had to 
he
k this was the 
ase of ours.5.2 Experiments with PFM and AG
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Figure 4: Average number of time steps to rea
h the goalover 100 trials of di�erent 
ontrollers w.r.t. the number ofshepherds (the lower, the better)In our experiments with the framework presented in

se
tion 3., all the shepherds share the same 
ontroller.Their �tness fun
tion is de�ned by the remaining timeafter 
ompleting the task with respe
t to the maximumtime allowed to ful�ll it 1. The population size NP is100 individuals, the size of the neighborhood windowNW is 5 individuals, the maximum time 500 time steps,and ea
h evaluation of an individual involves 25 trials,with a random number of shepherds ranging between 3and 20. The probability of mutation PM is 5% and theprobability of 
rossover PC is 80%.
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Figure 5: Various traje
tories of du
ks and shepherds en-dowed with the 
ontroller C150. Positions are initialized ran-domlyFigure 4 shows the performan
e of a parti
ularly eÆ-
ient 
ontroller, 
alled C150, obtained among many oth-ers, 
ompared to results of the previous studies based onLCS des
ribed in se
tion 5.1 From �gure 4, it is strik-ing that the 
ontroller C150 is mu
h more eÆ
ient thanall 
ontrollers based on LCS. It 
an be seen that the
ontroller C150 is s
alable, sin
e its performan
e hardlyde
reases as the number of agents is augmented.6. Explaining the resultsFigure 5 shows several traje
tories of the agents obtainedwith the 
ontroller C150. We only depi
t the behaviorof 3 du
ks and 2 shepherds for keeping the �gure read-able, but the traje
tories shown are representative of the1Hen
e, the higher, the better, in 
ontrast with the performan
eshown in �gure 4



whole group. These traje
tories 
an be analyzed as fol-lows: at initialization time, all the agents are randomlys
attered in the arena. Then the 
ompletion of the task
an be de
omposed into two stages. During a �rst stage,the shepherds move away from the du
ks, behind themwith respe
t to the goal, leaving them form a 
o
k. Inthe se
ond stage, they surround the 
o
k by the ba
kwith respe
t to the goal, and they drive the du
ks to-wards the goal area by moving towards them.Sin
e the 
ontroller C150 is quite simple, it has beenpossible to understand how it works qualitatively. Itonly involves three points of interest:� P0 asso
iated to the �rst 2 du
k (with a 
oeÆ
ient�D1 = 0:85),� P1 asso
iated to the third (�D3 = 9:13) and �fthdu
ks (�D5 = 2:61),� P2 asso
iated to the goal (�G = 9:08), to the fourthshepherd (�S4 = 2:42), and to the 
losest wall land-mark (�W0 = 0:77).The fun
tions of magnitude generated by the GA areshown on �gure 6. The 
orresponding G 
oeÆ
ients are:G0 = 1271:62, G1 = 1758:97 and G2 = 2918:08. In or-der to 
ompare the relative for
es exerted by these threepoints of interest on the agent, we de�ne Hi = Gi � fi,where fi is the value of the fun
tion of magnitude Fiin its 
onstant part, i.e. for a distan
e greater than0.6. Then we have H0 = 771:13, H1 = 660:73 andH2 = 1161:59. The explanation of the behavior is thefollowing:� Thanks to their three tenden
ies, if they are leftalone, the du
ks tend to 
onverge from randomwidespread lo
ations to form a single 
o
k away fromthe walls of the arena.� If they are alone in the arena, the shepherds are onlysensitive to P2 (P0 and P1 are dedi
ated to du
ks).Sin
e F2 is negative for a distan
e over 0.5 and sin
ethe main 
ontribution to P2 is the landmark asso
i-ated to the goal, the shepherds tend to be repulsedfrom the goal towards the walls of the arena. Thepoint of interest P2 stays 
lose to the goal be
ause�G is bigger than �S4. But �S4 guarantees that,if there are more than 3 shepherds, they won't staygrouped into a 
ompa
t pa
k.� Sin
e H2 is bigger than H0 and H1, as long as thedu
ks and shepherds are lo
ated randomly, the e�e
tof P2 is stronger than the e�e
ts of P0 and P1. Asa 
onsequen
e, the shepherds s
atter away from thegoal. That helps the du
ks to form a 
o
k. Further-more, when the 
o
k gets formed, the shepherds are2i.e. 
losest at that parti
ular time step, sin
e the landmarksare sorted a

ording to their distan
e to the agent at ea
h timestep
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Figure 6: Fun
tions of magnitude asso
iated to the threepoints of interestalready positioned behind the 
o
k with respe
t tothe goal (see �gure 7).� But, as soon as the 
o
k is formed, P0 and P1 are
lose to ea
h other, the attra
tion ve
tors they gener-ate get 
ollinear, their attra
tive e�e
ts are 
ombinedand, sin
e H0 +H1 is bigger than H2, the shepherdsmove towards the du
ks (see �gure 8).� Thanks to P2, while they are attra
ted by P0 andP1, the shepherds also tend to go exa
tly behind thedu
ks with respe
t to the goal, whi
h ensures that allagents �nally rea
h the goal (see �gure 9).6.1 Robustness studyRobustness is a 
ru
ial issue of the validation of the solu-tions obtained by GA. We have already shown that the
ontroller C150 is s
alable, i.e. robust with respe
t tothe number of shepherds. But the variation of the num-ber of shepherds was introdu
ed into the evaluation ofa 
ontroller by our GA, though not systemati
ally. It isalso robust with respe
t to the initial positions 
hanges.Indeed, in �gure 4, the performan
e of the evolved 
on-trollers was the average performan
e over 1000 di�erentinitial situations. In spite of the fa
t that these 
on-trollers were evolved on 25 runs only, the obtained 
on-trollers are not only better than the LCS 
ontrollers, but
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(a)Figure 7: Initialization: initial positions are random. Theshepherds go away from the goal, the du
ks towards ea
hotherthey are also robust with respe
t to the initial positions
hanges.Another important robustness test is about the varia-tion of the speed of shepherds. A higher speed may be avery detrimental fa
tor sin
e, if the shepherds 
an movefaster than the du
ks, they 
an rush into the 
o
k andthe du
ks will s
atter, whi
h might be very detrimentalto the 
ompletion of their task. This new 
riterion wasnot varied among the di�erent runs during the evolutionof 
ontrollers. Thus we must 
he
k if there is a me
h-anism in the 
ontroller C150 whi
h prevents the agentsto get too 
lose to the 
o
k. In order to investigate thisquestion, we doubled the speed of our agents so thatthey 
ould be twi
e faster than the du
ks and tested the
ontroller C150 again. As it 
an be seen on �gure 10, un-der high speed 
onditions the 
ontroller C150 is a bit lessadapted with few agents, but it gets even better than atnormal speed when there are more agents. This goodresult is all the more striking than 
ontroller C150 wasnot evolved at that higher speed. Furthermore, it ap-pears in these new experiments that the agents, even ifthey are faster than du
ks, do not get too 
lose to them.This proves that there is a me
hanism in 
ontroller C150whi
h prevents the agents to do so.There are two 
andidates for su
h a me
hanism, thatwe will 
all M1 and M2.� M1 is provided by the shape of the magnitude fun
-tions: as 
an be seen on �gure 6, when the distan
ebetween the agent and the 
o
k gets too small, theattra
tions towards the du
ks generated by F0 and F1be
ome repulsions. The distan
e between the agentand a point of interest should stabilize where the at-tra
tion/repulsion fun
tion is null.� M2 is the me
hanism explained on �gure 8: if the
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Duck

Duck Duck Duck

(b)Figure 8: Balan
e between attra
tion towards the du
ks andrepulsion from the goal: if the du
ks are s
attered, repulsionwins (
f. shepherd 1). If the du
ks are 
lose to ea
h other,attra
tion gets stronger than repulsion (
f. shepherd 2)agent gets too 
lose, the du
ks will s
atter, but thenthe repulsive for
e from F2 will get bigger again thanthe 
ombination of F0 and F1, and the agent will stopgetting 
loser.So as to determine whi
h of these me
hanisms is in-volved in the regulation of the distan
e to the 
o
k, we
ondu
ted a further experiment whi
h 
onsists in repla
-ing the magnitude fun
tions of the 
ontroller C150 by the
onstant fun
tions obtained by extending the 
onstantpart of F0; F1 and F2 up to d = 0, both at normal anddouble speed. The results are shown on �gure 10.In the 
ase of normal speed, the 
ontroller with 
on-stant magnitude fun
tions is even more eÆ
ient than the
ontroller C150. This is not a 
omplete surprise, sin
e inour explanation of the behavior given in se
tion 6., theonly part of the magnitude fun
tions 
onsidered are the
onstant parts after d = 0:6. Thus having a pie
ewiselinear magnitude fun
tion is a useless feature in that par-ti
ular 
ontext. In parti
ular, the attra
tive part of F2is of no use sin
e the agents never get into the goal areabefore the trial ends. We 
an also 
on
lude that M1 isnot involved in that 
ase: if the agents do not rush intothe 
o
k, this is both be
ause the du
ks are as fast asthem and be
ause of the me
hanism M2.In the 
ase where the agents have a double speed, onthe 
ontrary, the 
ontroller C150 performs better thanthe 
ontroller with 
onstant magnitude fun
tions. Inthat 
ase, thus, M1 is 
learly involved.As a 
on
lusion of this further study, a ni
e featureof the 
ontroller C150 is the fa
t that several dynami
alme
hanisms are involved in the spatial 
oordination ofthe behavior of the agents. This results in a very robustperforman
e in varying 
onditions of use.
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Figure 9: Driving the 
o
k towards the goal: repulsion fromthe goal guarantees that the shepherds go behind the 
o
kuntil they �nally get aligned w.r.t. the goal7. Dis
ussionSin
e our experiments were 
ondu
ted on a task inspiredfrom (Vaughan et al., 1998), 
omparing the strategy im-plemented by our 
ontroller with the one hand-
raftedby Vaughan is insightful.In (Vaughan et al., 1998), Vaughan proposes an equa-tion to 
ontrol his robot on the same 
o
k 
ontrol task:�!D = K1:�!RF � ( K2jRF j2 ):�!RF �K3:�!RGwhere G is the 
enter of the goal area, F is the 
enterof the 
o
k, R the position of the shepherd robot andK1; K2 and K3 are manually tuned parameters. Thisequation 
an be seen as the 
ombination of three terms.� The �rst two terms generate an attra
tion of therobot towards the 
o
k, but if jRF j gets too small,the negative term � K2jRF j2 repulses the robot awayfrom the 
o
k. Thus this 
ombination should sta-bilize the robot at a distan
e from the 
o
k, thusprevent the du
ks from s
attering.� The third term, �K3:�!RG repulses the robot awayfrom the goal.In a latter paper (Vaughan et al., 2000), a new equa-tion was proposed:�!D = (Kr1jGF j):�!RF �Kr2:�!RGwhere Kr1; Kr2 are also manually tuned parameters.This time, the �rst term, (Kr1jGF j):�!RF , attra
ts therobot towards the 
o
k but a

ording to its distan
e tothe goal. The further the 
o
k is from the goal, the morethe robot is attra
ted by the 
o
k. The se
ond term,�Kr2:�!RG was already present in the previous equationand repulses the robot away from the goal.
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Figure 10: Performan
e of the 
ontroller C150 when the speedof the shepherds is normal or doubled and when the mag-nitude fun
tions are normal or 
onstant. The results areaveraged over 1000 runs, ea
h starting with random initialpositionsThus the general approa
h of the strategies hand-
rafted by Vaughan is very similar to the one imple-mented by the 
ontroller C150 and explained in se
-tion 6.: it 
onsists in a 
areful 
ombination of at-tra
tion towards the 
o
k and repulsion from the goalwhi
h drives the robot to get aligned with the goaland the 
o
k from behind and, thereafter, pushes ittowards the goal, as explained on �gure 9. Unfortu-nately, sin
e the various K parameters are not given in(Vaughan et al., 1998, Vaughan et al., 2000) and sin
ethey use one robot only, we 
annot provide a quanti-tative 
omparison of the performan
e of our 
ontrollers.Anyway, our framework has found without human in-tervention a very robust and smart solution similar toanother one that was 
arefully designed by a resear
hteam through su

essive publi
ations.Thus it seems ne
essary to stress in this dis
ussion theissue of amount of design e�ort ne
essary to solve 
om-plex 
oordination problems with di�erent frameworks.On the experimental problem des
ribed in se
tion 4.,the less eÆ
ient methodology probably 
onsists in dis-
retizing the des
ription of the problem and tuning byhand a 
ontroller to solve the problem in this dis
retizedrepresentation. With that respe
t, applying adaptivete
hniques su
h as LCS to this dis
retized representa-tion so as to automate the tuning pro
ess is already animprovement.But, as explained in se
tion 5.1, our experiments de-s
ribed in (Sigaud and G�erard, 2001) have shown thatapplying LCS to su
h a problem requires that the de-signer identi�es an ad ho
 set of dis
rete inputs and ba-si
 behaviors. This identi�
ation is generally a
hieved



through a fun
tional de
omposition: de
omposing theglobal problem into subproblems leads to designing ba-si
 behaviors, and identifying in whi
h 
onditions thesebehaviors should be �red results in a list of dis
rete in-puts. Sin
e the 
ontroller of the agents is expressed interms of rules 
onne
ting inputs to basi
 behaviors, thequality of the resulting behavior heavily depends on thispreliminary design e�ort, even if the rules themselves areoptimized by some adaptive algorithms.Rather than using dis
rete representations and basi
behaviors, another family of methodologies 
onsists intrying to use dire
tly a 
ontinuous representation. Theresulting 
ontinuous 
ontroller 
an be de�ned by handin a purely ad ho
 fashion. This is the 
ase for instan
eof Vaughan's work des
ribed in the previous se
tion.A better methodology of the same family 
onsists inde�ning a set of 
ontinuous basi
 attra
tion or repul-sion s
hemas and 
ombining them to solve a parti
ularproblem. One argument in favor of this methodology isthat the same s
hemas 
an be reused in di�erent 
on-texts. An example of su
h a methodology is the PFMde�ned by Arkin and Bal
h. By designing by hand theirs
hemas, they su

eed in generating e�e
tive 
ontrollersfor navigation and spatial 
oordination without any pre-liminary dis
retization of the environment, and s
hemaslike obsta
le avoidan
e are reused on di�erent problems.One of the key di�eren
es between the use of basi
 be-haviors and basi
 attra
tion or repulsion s
hemas is that,in the 
ase of basi
 behaviors, what must be found is the
orre
t sequen
ing of the a
tivation of these behaviors.This is done through tuning the 
onditions of a
tivationof ea
h basi
 behavior and it turns out to be diÆ
ultand time 
onsuming. In the 
ase of basi
 s
hemas, onthe 
ontrary, all s
hemas 
an be a
tive at all time, thusthe sequen
ing problem simply disappears.Our formalism is very 
lose to the one de�ned by Bal
hand Arkin. Indeed our 
on
ept of point of interest isequivalent to that of point aimed by the s
hema, ourfun
tion of magnitude is equivalent to Bal
h and Arkin'sone and we both modulate it by a gain. Our approa
hshares with that of Bal
h and Arkin the design simpli
ityprovided by PFM. But, instead of de�ning a set of basi
s
hemas by hand, we just let a GA �nd a global 
om-bination of a set of lo
al attra
tion/repulsion fun
tions.The only thing that the designer has to do in our frame-work is to state, for ea
h agent, whi
h other landmarksin the simulation are of interest to it.Our position with respe
t to s
hema reuse, as Bal
hand Arkin do, is twofold. First, sin
e in our methodinvolving PFMs and GAs, the design e�ort ne
essary tode�ne ea
h basi
 s
hemas is not required anymore, thesystem will �nd by itself ea
h time new s
hemas adaptedto the parti
ular problem at hand.But the situation might be di�erent if we were pre-tending to address even more 
omplex problems imply-

ing a set of di�erent goals and of di�erent strategies torea
h sequentially these di�erent goals. In su
h a 
ase,relying on a GA might prove infeasible be
ause of 
on-straints on the time it takes to 
onverge to a satisfyingsolution. In that 
ase, our formalism does not preventus from reusing and 
ombining already evolved basi
s
hemas exa
tly as Bal
h and Arkin do. We have testedthis possibility in experiments not des
ribed here.Thus we are quite 
on�dent about the fa
t that ourapproa
h is among the ones whi
h requires the smallestdesign e�ort. However, what we have spared in designmust now be spent in understanding the obtained solu-tion. In the 
ase of the 
ontroller presented in se
tion 6.,understanding the behavior has been possible be
ause itwas simple and be
ause the underlying me
hanism didnot involve too many intera
tions between agents. Inparti
ular, in se
tion 6., we have shown how we 
ould in-vestigate �ne grained phenomena in the behavior of ouragents without 
alling upon 
omplex mathemati
al toolsfrom dynami
al systems theory. However, su
h favorable
ir
umstan
es will probably be un
ommon in more 
om-plex problems.8. Future Work and Con
lusionThe fa
t that 
ontrollers generated through the method-ology advo
ated in this paper are probably diÆ
ult toanalyze suggests an agenda of resear
h devoted to iden-tifying useful formal tools, possibly 
alling upon dynam-i
al systems theory, that would help understanding howand why su
h 
ontrollers work. What we have shownhere needs to be generalized to other appli
ations in or-der to identify whi
h me
hanisms deserve a more pre
iseformalization. We are already engaged in new exper-iments where we try to apply our formalism to main-taining a patrol of military air
rafts into formation dur-ing a mission involving in
ursion in enemy territory (see(Fla
her, 2001)).As a general 
on
lusion, we have shown that 
ombin-ing PFMs with GAs is a very powerful methodologywhi
h requires a very small design e�ort and is moreeÆ
ient in terms of performan
e than fun
tional de
om-position. Our framework extends Arkin and Bal
h's ap-proa
h in a promising dire
tion, whi
h extensively relieson the self-organization me
hanisms provided by GA, re-sulting in a lesser involvement of the designer. As a 
on-sequen
e, however, this methodology requires additionalresear
h on analysis tools that would help understandingmore a

urately how the 
orresponding 
ontrollers reallywork.Referen
esArbib, M. (1981). Per
eptual Stru
ture and DistributedMotor Control. In Brooks, (Ed.), Handbook of Psy-
hology { The nervous system II, pages 1441{1465.
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