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Sommario

Scopo di questaricerca�e stata la de�nizione di una metodologia formale per

il confronto di di�erenti strategiedi apprendimento automatico, nell'ambito

della Swarm Robotics. Questo settore della robotica, sviluppatosi negli ul-

timi anni, trae ispirazionedal comportamento riscontrato in alcunespeciedi

insetti sociali, comeformiche o termiti. Essoprevede l'uso di un gruppo di

semplici robot (de�nito anche sciameo colonia) che possanoportare a ter-

mine compiti complessi,potenzialmente impossibili per i singoli agenti, senza

tutta via comunicare tra loro.

Per migliorare il coordinamento tra gli individui della colonia in vari am-

biti applicativi, sonostati proposti numerosialgoritmi di apprendimento au-

tomatico, che permettono di adattare il comportamento del singolo in base

agli stimoli diretti da lui percepiti. Al momento in cui scriviamo, non siamo

a conoscenzadi alcuno studio volto alla formalizzazionedi una metodologia

che consenta il confronto diretto tra di�erenti strategie di adattamento, n�e

dell'esistenzadi confronti empirici di qualsiasitip o tra diversi algoritmi nel

campo della Swarm Robotics.

Il nostro obiettivo �e stato quindi di stabilire una proceduracorretta e rig-

orosa,basatasu principi largamente accettati in molti altri campi scienti�ci,

che permetta di valutare le performancedi questi algoritmi, risparmiando

anche tempo e risorse grazie alla riduzione del numero richiesto di esperi-

menti con robot reali. Il confronto consente di trarre utili conclusioniper la

realizzazionedi sistemi di adattamento pi�u e�caci con tempistiche ridotte e

costi contenuti.

Il metodo da noi descritto prevede di rincondurre tutti gli algoritmi da

valutare a condizioni sperimentali omogenee,in modo tale che il confronto
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possaavvenirenella manierapi�u equapossibile.Ci�o comporta la sceltadi un

campo di test adeguatoper la sperimentazione, la de�nizione del parametro

o dei parametri su cui focalizzarel'adattamento e la preparazionedi esper-

imenti che venganoripetuti variando solo l'algoritmo di apprendimento da

testare. In questafase,�e ovviamente anche necessariospeci�care una misura

univoca per valutare le performancedegli algoritmi analizzati.

La proceduracontempla l'uso di un simulatore, il cui sviluppo seguaal-

cuni principi baseindispensabiliper garantirne l'a�dabilit� a. Gli esperimenti

di confronto vengonoquindi e�ettuati in simulazione. Sui risultati ottenuti

si eseguonospeci�ci test statistici, volti a evidenziareeventuali di�erenze tra

le performancedegli algoritmi e la loro eventuale entit�a.

In�ne, si devono convalidare i valori ottenuti in simulazionecon un nu-

mero adeguatodi esperimenti condotti con i robot reali. Per far ci�o, �e suf-

�ciente riprodurre anche nella realt�a un sottoinsiemedei test condotti in

simulazione che rappresenti un campionestatisticamente signi�cativ o, ma

tale anche da non sprecarele risorse limitate a disposizione. Si eseguono

anche su questi ultimi risultati i test statistici impiegati per la simulazionee

si confrontano i valori ottenuti nei due ambiti.

Sesimulazionee realt�a o�rono valori coerenti, la validit�a del simulatore

pu�o essereconfermata,cos�� comele valutazioni da lui supportate per quanto

concernegli algoritmi analizzati.

Abbiamo applicato la metodolgia �n qui brevemente descritta a tre di-

versi algoritmi di apprendimento, realizzati, nel nostro caso, in ambiti di-

versi e per scopi leggermente di�erenti. Cometerreno di confronto, abbiamo

scelto il problema conosciutonella letteratura specializzata come prey re-

trieval o foraging. Gli agenti coinvolti in questocompito devono individuare,

raccoglieree riportare in una speci�ca posizioneparticolari oggetti sparsi

nell'ambiente. Data una colonia di agenti impegnata in questocompito, il

numerodi individui che dovrebbero esserecoinvolti attiv amente nella ricerca

dovrebbeadattarsi alla ricchezzadell'ambiente in termini di prede(gli oggetti

da recuperare) e alla dimensionedello sciame.

Abbiamo scelto di valutare le performancedi tali algoritmi in basealla

e�cienza della colonia (ossiail rapporto tra il numero di prederecuperate e



il costoche tale operazioneha comportato per la coloniastessa),la quantit�a

di oggetti e�ettiv amente recuperati e il grado di specializzazioneraggiunto

dallo sciamealla �ne degli esperimenti.

Abbiamo quindi lievemente adattato, quando necessario,la struttura

degli algoritmi per focalizzarnele dinamiche di apprendimento sul tempo che

ciascunagente trascorre in inattivit� a. Gran parte dei nostri sforzi sonostati

volti alla realizzazionedi un simulatore adeguatoalle speci�che esigenzedel

dominio applicativo sceltoe dell'implementazione hardware dei robot impie-

gati.

Agli esperimenti condotti in simulazione, sonostati poi a�ancati quelli

che prevedonol'uso dei robot reali, tecnicamente pi�u impegnativi e di lunga

preparazione.I risultati ottenuti nei due ambiti hanno dimostrato una per-

fetta coerenza,permettendoci di confermarele di�erenze tra le performance

apprezzatetra i tre algoritmi grazieai gi�a citati test statistici.

La nostra metodologia formale di confronto si �e quindi dimostrata molto

e�cace e adattabile a di�erenti ambiti della Swarm Robotics.
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Chapter 1

In tro duction

With the increasein interest in robotics, researchers have consideredthe

advantagesof usinga groupof simpler robots (Multi Robot Systems),instead

of a single,complexagent, to solve a number of di�erent problems.

This kind of approach leadsto systemsthat are more robust and have a

superior fault toleranceto hardware failures. The main drawback to the new

robotic conceptionhasproved to be the needof a robust, complexcoordina-

tion amongthe agents deployed on the �eld.

Swarm Robotics o�ers new solutions to this kind of problems. It takes

deepinspiration from biological examples,especially from social insectslike

ants and bees. These animals show complex collective behaviours even if

they usevery little direct communication. Only locally available information

is exploited and indirect communication is obtained by modi�cations of the

environment (stigmergy).

The agents usedin Swarm Robotics replicate the simple insectsthat in-

spired this new �eld. They have mostly reactive behaviours, their hardware

implementation is kept as simple as possibleand they are intended to work

only in scalableswarms. In order to improve the performancesof these

swarms, many adaptation strategieshave beenproposed,basedon dynamic

learning.

The complexity of Multi Robot Systemsin general,and of Swarm Robotic

Systemsin particular, makesany comparisonamongthe learning strategies
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a very hard task.

Our work intends to propose a new analysis methodology that allows

di�erent learning strategies to be comparedon a common test �eld. We

also want to de�ne speci�c parametersthat could be used to evaluate the

performancesof each new algorithm.

1.1 Goals

Our research aims to de�ne a methodology to compare di�erent learning

strategiesdesignedfor Multi Robot Systemsand, morespeci�cally, for swarms

of robots. We show the e�ectivenessof our methodology by comparingthree

di�erent learning algorithms.

The application domain used for the experiments is prey retrieval, also

known as foraging. It is a widely studied task in the robotic literature. We

decidedto focus the learning processon the Time in Nest parameter, that

is, the time each robot spendsin the nestbeforestarting a newprey retrieval

trial. We analysethe algorithms in terms of their e�ciencies, performances

and the degreeof specialisationthat they can induce in the group of robots.

We tested the algorithms both in simulation and with real robots. Both

wereintentionally developed for this purpose.The hardware implementation

of the agents is made with the MindS-bots, simple robots built with Lego

bricks, while we developed our simulator usingalsoa physicslibrary, in order

to reproduce in the most accurateway the interactions amongagents, prey

and environment.

Most of the experiments werecarriedout in simulation. The simulator can

run experiments faster than real time and allows us to test each algorithm in

several setups,thus sparinga lot of resources.The resultsare then validated

replicating someexperiments alsowith the real robots.
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1.2 Motiv ations

In the last years, many researchers have focusedtheir attention on Swarm

Robotics. This �eld takes a di�erent approach to traditional Multi Robot

Systemsand it has received deep inspiration from biological examples. It

studieshow collectively intelligent behaviours canemergefrom complexlocal

interactions amongagents and betweenagents and environment.

Swarm Robotics has been applied to a wide range of tasks and many

learning algorithms have beendeveloped aswell. The goal was to automati-

cally improve the performancesof the agents on a speci�c task.

Nevertheless,the studiesconductedso far, to the best of our knowledge,

have never introduced a method to evaluate the performanceof the swarm

comparingit with other researches. \There are no generallyacceptedglobal

criteria to evaluate a swarm system'sperformance"(Rybski et al., 2003).

There are in literature someauthors that proposeanalytical models of

Swarm Robotic Systems.(Lerman et al., 2001). Following this approach, it

is possibleto derivea setof equationsand study, for instance,the e�ect of dif-

ferent parametersand/or algorithms. The major drawback of this approach

is that usually one needsto make a number of assumptionsand simpli�ca-

tions in order to be able to obtain the equations. Given the importance of

the complexity of interactions in Swarm Robotics, it might happenthat some

important featuresof the systemget lost in the simpli�cation phase.

Our aim is to proposeanother approach to the evaluation and analysis

of Swarm Robotic Systems. Our approach tests the systems\on the �eld",

therefore no previous assumption is required. It can be consideredorthog-

onal to the analytical approach and it introducesmore formality in Swarm

Robotics research.

1.3 Inno vativ e Con tributions

The main contribution of our work is the introduction of a rigorous exper-

imental methodology in the �eld of Swarm Robotics. To the best of our

knowledge,noneof the works in literature make useof the conceptsthat we
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introduce in this thesis,or at least explicitly mention it. The advantagesof

this methodology are threefold:

1. It allows the researcher to draw scienti�cally sounderconclusions.

2. It allows the researcher to spareresources,in terms of time to conduct

the experiments and number of experiments.

3. It clearly stateswhich are the practical di�erencesbetweenalgorithms.

Sounderconclusionscomefrom the wise application of the correct sta-

tistical tests for the analysisof the results. The right use of the tests and

the right designof the experiments, can lead to statistically signi�cant dif-

ferenceswith fewer experiments. Especially when working with real robots,

experiments are the most consumingpart of a research. They not only re-

quire a lot of time, but they useother resourceslike people, free rooms for

the experiments, and alsomoney(think, for instance,about the maintenance

of the robots after several experiments). Finally, the methodology can tell

whether an algorithm is better than another, giving precious information

to the designerof a swarm robotic system that wants to use it for actual

applications.

We limit the application of our methodology to somespeci�c cases,focus-

ing on foraging as test �eld for our research and evaluating the e�ectiveness

of only three algorithms. But the casestudy we present is just a possible

application of the rigorous procedurethat we de�ne. This methodology, we

hope, can be usedin a wide rangeof other researchesin the Swarm Robotics

�eld, to comparenew learning algorithms with the employ of di�erent test

�elds.

1.4 Outline of the Thesis

In Chapter 2 we describe someimportant background information and the

state of the art about Multi Robot Systemsand, in particular, about Swarm

Robotics. Chapter 3 introducesthe task we choseas test �eld for our re-

search, discussingalsoits importanceboth in nature and in Swarm Robotics
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studies. The experimental setup we prepared is then presented in Chap-

ter 4, where we discussabout the hardware implementation of our agents

and about the simulator we usedto expandour research. The three learning

algorithms we decidedto compareare presented in Chapter 5, aswell as the

modi�cations we had to introduceto adapt their structure to a prey retrieval

task. Chapter 6 shows the results we obtained both in simulation and with

real robots. Statistical tests are usedto comparethe data we collectedand

to ensurethe soundnessof our simulator. Finally, in Chapter 7, we present

someconcludingremarksand someideasfor future works.
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Chapter 2

Multi Rob ot Systems

During the last years,a number of researchershave consideredthe problems

and the advantagesin using a group of robots, instead of a single,and often

much more complexunit, in order to achieve oneor more speci�c tasks.

For somespeci�c robotic tasks, such as exploring an unknown

planet, pushing objects or cleaning up toxic waste, it has been

suggestedthat rather than sending one very complex robot to

perform the task it would be more e�ective to senda number of

smaller, simpler robots (Dudek et al., 1996).

The advantagesof this kind of approach are evident: simpler robots are

usually cheaper and the wholesystemmay be moreeconomical,scalableand

it may also have a superior fault tolerancecomparedto more complex and

larger robots. Of course,\it is essential that the collective have an overall

behaviour or set of actions that accomplishesthe samebehaviour or action

that was required of the singlemore complexrobot" (Dudek et al., 1996).

It is evident that there are tasksthat will not take advantagesof a multi-

agent approach (i.e., when the goal can be reached only through a seriesof

actions that must be donein a speci�c order, oneafter the other), but there

are many, even in our every day life, that are very suitable for this kind of

method.

Tasksthat require simultaneousactions in di�erent places,often cannot

be accomplishedby a single robot, no matter how capable, becauseit is

7
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spatially limited (Cao et al., 1997).

Even when the presenceof more than one robot is not strictly required,

we can identify highly parallelizedtasksthat could be solved moree�cien tly

by a Multi Robot System (MRS). This happens when we have an overall

improvement if di�erent actions of the task can be performed at the same

time by di�erent agents.

For instance, if we were planning to design an automatic system for

garbagecollection in a town, it would be pointlessto createa singlerobot to

achieve the task, while a colony or swarm of simpler robots could be a more

reliable and e�cien t solution.

There are alsoother tasksthat seemideally suited to MRS. For instance,

Gage(1992) identi�es somemilitary applications, such asmine deployment,

mine sweeping,surveillance, sentry duty, maintenanceinspection, ship hull

cleaning and communications relaying, that are characterized by high po-

tential for damageto each single agent involved in the operation. Using a

large number of relatively simple, inexpensive, interchangeable,autonomous

elements, rather than a complex, very expensive, highly sophisticatedunit,

the risk of total failure of the task is decreasedand thus the reliabilit y of the

whole systemis increased.

Another examplecould be the already mentioned planet exploring prob-

lem, discussedby Aylett and Barnes(1998). The idea is to usea number of

rovers that cooperate with each other in an unknown and hazardousenvi-

ronment.

In MRS, robots usually cooperate to achieve oneor moregoals,but there

are also systemswhere competition is required, among single elements or

di�erent teams. An exampleof this kind of behaviour can be found in the

RoboCupcompetition, a world tournament whereteamsof robots play soccer

games. This is only one of the many examplesthat could be found where

robots are required to be be competitiv e, and the study of such �eld raises

many interesting issues,both practical and scienti�c, asstrategy acquisition

(to overcomethe opponent), real-time reasoning,multi-agent collaboration

and sensor-fusion(Kitano et al., 1997).
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2.1 A Taxonom y for Multi Rob ot Systems

The designof a MRS is a very arduous task, becauseof the sizeand com-

plexity of the spaceof the possibledesigns. Dudek et al. (1996) suggesta

taxonomy to classifyMRS accordingto several natural dimensions,that ad-

dressthe characteristicsof the collective rather than the architectural details

of the singleelements:

Size of the Collectiv e The collectivecanbecomposedby onesinglerobot,

two robots (\the simplestgroup") or by a number n of robots. Increas-

ing n until n � 1, we can assumethe collective as composedby an

in�nite number of elements.

Comm unication Range There could be no communication at all among

the elements of the collective or the communication rangecould be lim-

ited (each robots is supposedto communicate with thosenearby).

If no boundsexist on the range,then we assumethat robots can com-

municate with any other collective mate. This assumption becomes

often impractical when the sizeof the collective is � 1.

Comm unication Topology Designinga collective of robots, four di�erent

communication strategiescan be identi�ed and used. The elements of

the collective canbroadcasttheir messagesto all the robots at the same

time or they can communicate with each single robot by nameor ad-

dress. If the communication network amongthe robots is implemented

as a general graph or as a tree, then each agent has to respect the

communication chain and will be allowed to transmit to those nearby

in the chain.

Comm unication Bandwidth This classi�cation dimension considersthe

costof the communication. If the communication is free,we candesign

robots that behave as if there was a central intelligence,becausethere

is a full information sharing (in�nite bandwidth).

The independenceof the robots grows when the communication costs

increase.Communication may have the samecostof moving the robots
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betweenlocationsor even a higher cost (for instance,the radio link can

require a high amount of electrical power becausethe robots are far

from each other). When robots are unable to senseeach other, then

the bandwidth is reducedto zero.

Collectiv e Recon�gurabilit y The spatial arrangement of the robots can

be static (elements of the collective have �xed positionsand they move

without changing their relative placement), coordinated using commu-

nication or dynamic with arbitrary changes.

Pro cessing Abilit y This dimensionconsidersthe model of computation of

each collective unit. It is useful to note that the entire collective can

have an overall computational abilit y more powerful that the onesof

each singlecomponent.

The controller of each robot can be modeled as a simple neural net-

work, a �nite state automaton, a push-down automaton or asa Turing

machine equivalent.

Collectiv e Comp osition The elements of the collective can be identical,

which meansthey have the samephysical and behavioral characteris-

tics, homogeneous(or physically uniform) or heterogeneous.

The described taxonomy \serves the dual functions of allowing concise

description of the key characteristics of di�erent collectives, and describing

the extent of the spaceof possibledesigns"(Dudek et al., 1996,p. 26).

In our work, the collective is composedby identical robots and it has a

limited size, even if the �nal aim should be the use of a swarm. No direct

communication will be allowed amongelements, socommunication topology

and bandwidth will not be considered. The topological recon�gurabilit y is

dynamic and not coordinated. The behaviour of each robot can be modeled

asa �nite state automaton.

Wefocusour attention on cooperative robotics, i.e., wherethere is no com-

petition among robots, and more speci�cally on the task of prey retrieval,

also known in literature as foraging. This is consideredone of the canoni-

cal domains for Multi Robot Systems(Cao et al., 1997) and \it consistsof



2.2. AN OVERVIEW ON MULTI ROBOT SYSTEMS 11

searching for objects in the environment and bringing them to a regioncalled

home or nest" (Labella, 2003,p. 13).

2.2 An Overview on Multi Rob ot Systems

In order to analyze the issuesrelated to MRS, we can start studying the

problemsthat arise in a singleagent approach, characterizing also the envi-

ronment whereour robots will act.

The main objective of a robot is to perform one or more tasks. That

meansthe necessity for its controller to leadit to a goalstate, givena starting

condition of both the robot and the environment where the robot has to

operate. The controller will perceive its environment through sensorsand

will act upon that environment through actuators, changing it if necessary.

We can describe the environment that surroundsthe robot using six in-

dependent dimensions,as proposedby Russeland Norvig (2003):

Fully observable vs. partially observable If the agent is able to per-

ceive every relevant aspect of the environment at each point in time,

then we canconsiderthe environment asfully observable. A partial ob-

servabilit y might comefrom noisy sensorsor from sensors'limitations.

Deterministic vs. sto chastic We label an environment as deterministic,

when the next state is completelydeterminedby the current state and

the action executedby the agent.

Episo dic vs. sequential If the environment is episodic, each action of the

agent doesnot depend on the previousones.

Static vs. dynamic An environment is dynamic for an agent, if it changes

while the agent is deliberating.

Discrete vs. contin uous This dimension can be applied to the state of

the environment, to the perceptionsand actions of the agent and to

the way time is handled.
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Single agent vs. multi-agen t This dimensionis de�ned by the number of

agents acting in the environment.

Our robots must move in a non deterministic world and their sensorsare

subject to error and noise. This meansthat the exactbehaviour of onesingle

agent is di�cult to foretell, even when the controller is made implementing

the simplest of algorithms (Matari �c, 1995).

When we have more than one robot, then, the complexity of the system

increases,so every accurateprediction of future states is impossible.

From point of view of each robot, the actions of the other agents make

the environment even more dynamic, changing it continuously. Even when

communication amongrobots is allowed, noisy or limited sensorslead to an

important lack of information. Then, the controller of a singleagent has to

take decisionswith a partial knowledgeof the overall situation.

We can deducethat, when we considerMulti Robot Systems,we have to

dealwith a partially observable,sequential, continuous,multi agent, dynamic

and usually stochastic environment.

We can broadly distinguish two approachesto the decisionprocess(La-

bella, 2003). A controller can be reactive, when it considersonly the current

state and binds it to a speci�c action, or basedon a planning approach. In

the secondcase,the best action is selectedaccordingto predictions of future

states,evaluated using a model of the environment.

The planning approach, even if sometimesmore e�cien t in simple envi-

ronments or for simple tasks,becomesharder to implement whenwe have to

deal with complex situations, with more than one task to be performed in

a speci�c order by di�erent agents and with noisy information. Interactions

amongrobots, the possibility of failure of both the agents and the communi-

cation channel (if any) contribute to createpossibleinconsistent predictions

of the future states.

We can �nd somedrawbacks also in a fully reactive control system. For

instance, when we have to deal with a small group of agents and with a

complex task in a known environment, it can be ine�cien t and even inad-

equate in accomplishingsomespeci�c goals that require someplanning or
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cooperation.

Both approaches are still widely used in mobile robotics. In our work

we will mainly focuson the reactive one,but good examplesof the planning

strategy can be found in a number of real applications, such as the robot

navigation system proposedby Bruce and Veloso(2002). It usesrapidly-

exploring random trees (RRTs) to elaborate paths for the robots and the

resultsshow a good performanceof the algorithm, making it suitable for real

time and constrainedapplications,such asthe already mentioned RoboCup.

Matari �c (1995) identi�es interference as a problem directly related to

MRS. When the agents sharethe samegoals,then the interferencearisesas

competition for sharedresources(resource competition ). On the other hand,

whenrobots' goalsdi�er, morecomplexcon
icts canarise,such asdeadlocks

(goal competition ).

At the present time, there is a vast literature about problemsthat couldbe

solved in a moree�cien t way with MRS rather than with a singlerobot. The

work donein the �eld of cooperative mobile robotics can be essentially cate-

gorizedin two groups: swarm-type approach, that will bewidely described in

the next section,and robots that useintentional cooperation (Parker, 1998).

While both of them deal with achieving a strict synergyamongrobots in

order to perform some(sometimessequentially related) tasks, they take very

di�erent approachesto reach their goals.

In Swarm Robotics, the actionsof the agents are triggeredby robot-robot

and robot-environment interactions, exploiting only local information. On

the other hand, traditional robotics usually usesapproachesborrowed from

operations research, such as planning, and the overall coordination if often

obtained thanks to a direct communication channel amongthe agents.

Cao et al. (1997) identify three speci�c tasks that are now traditionally

associated with the research related to MRS: tra�c control, box pushing (or

cooperative manipulation) and foraging. Such tasks are particularly useful

in this �eld becausethey considerproblemsthat do not arise with a single

robot and wecanidentify a number of real tasksstrictly related to the testing

ones(for instance,an algorithm elaborated to solve a foraging problem can

be adapted for the garbagecollection in a town).
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With a growing number of robots working on the same �eld and the

requirement of a strong coordination, the issueof task allocation hasbecome

the focusof many interesting works. Gerkey and Matari �c (2004), in a recent

publication, elaboratea deepanalysisof the problemin Multi Robot Systems,

using theory from operations research and combinatorial optimization both

in the understanding of existing approaches and in the elaboration of new

ones.

Another important issueon which the research has focusedis learning.

Learning is a major topic with singlerobots, but it is morechallengingwhen

there are more agents acting at the sametime, that need to know if their

behaviour is leadingthe group to the solution of the overall problem, having

only a partial knowledgeof the situation.

When a centralized store of completeworld knowledgeis not available,

what we have to solve is a (often confounding) credit assignment problem,

that is \the problem of properly assigningcredit or blame for overall perfor-

mancechanges(increaseand decrease)to each of the systemactivities that

contributed to that changes"(Wei�, 1995).

Matari �c (1997) addressesthe issuein a foraging problem, where the ob-

jects to be collected are pucks deployed in a squaredarena. The decision

processusesbehaviours, activated by the arising of speci�c conditions, as

the basic representation level for control and learning. The learning is then

obtained in two ways: heterogeneousreward functions and progressestima-

tors. The reward functions, in particular, are composedby three main sub

functions. The �rst one considersinternal events triggered by the accom-

plishment of a behaviour (i.e., a puck is dropped at home), the secondone

takescareof the distancefrom the other robots and the third onemeasures

the progressin the retrieving of a puck after it has beengrasped. This ap-

proach only useslocal information available to the robot thanks to its sensors

and no communication is implemented to check the situation of other agents.

A totally di�erent approach to the learning problem can be taken when

communication is allowed among the robots. In this case,the behaviour of

the agents on the �eld is equally determined by the internal status of each

robot and by the information it getsfrom the teammatesaround it. A more
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deep knowledge of the overall situation is then obtained, even if we can-

not excludepossibleerrors and sensornoise. The architecture ALLIANCE

(Parker, 1998)and its extension,L-ALLIANCE (Parker, 1997),usethis kind

of approach to better coordinate the heterogeneousrobots deployed on the

�eld and to let them learn by comparingtheir results in accomplishingsome

speci�c tasks with the onesof the teammates.

For years, the simultaneoususeof more than one robot and the related

problem of cooperation amongagents has beenfacedas an extensionof the

single robot approach. Matari �c (1998) suggeststhat this is not the best

way to addressthe issue,proposinga new way to designthe robots' control

systems,with which the overall desiredbehaviour is obtained as a result of

the interaction dynamicsbetweenthe robots and their environment.

In the next sectionwe discussthe part of the work donein multi-rob otics

where the interactions among agents are not regardedas problems to face,

but they are instead exploited to solve the proposedtask.

2.3 Swarm Rob otics

Swarm Robotics takes a di�erent approach to MRS. It receives deepinspi-

ration from biological examples,especially from social insectslike ants, bees

and termites (Bonabeau et al., 1999) and it can \b e looselyde�ned as the

study of how collectively intelligent behaviours can emergefrom local inter-

actions of a large number of relatively simple physically embodied agents"

(Dorigo and S� ahin, 2004).

Nature is rich of examplesof relatively simple animals that cooperate

e�cien tly to completetasksimpossiblefor the singleunit. Ants areprobably

the most studied and cited one: they cancarry big prey thanks to coordinate

e�orts, �nd the shortestpath to the nearestfood sourceor build hugenests.

Also beesshow great aptitude in exploiting the best food source,while the

abilit y of the termites to build complexnestsis well known to the biologists.

It canbeobserved that thoseanimalsusevery little direct communication

(if any), even if they carry on works in huge groups. They useonly locally

available information, exploit features present in the environment and use
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Figure 2.1: Honeybeesareoneof the bestexamplesin nature of social insects
with high self-organizationcapabilities.

indirect communication.

A particular form of indirect communication, used by social insect to

coordinate their work, is stigmergy. This term was�rst introducedby Grass�e

(1959) in a study that focusedon two speciesof termites, Bellicositermites

natalensisand Cubitermes, and their behaviours during the complexactivit y

of nest building. It indicates the form of indirect communication obtained

by modi�cations of the environment. The useof the term waslater extended

also to other social insects (Theraulaz and Bonabeau, 1999), such as ants

and wasps.

Using this natural strategy, social insectscanaccomplishtasksthat tran-

scendthe abilities of individuals, even when the environment is noisy and no

global communication is allowed or possible.

The goal of the swarm robotics research is to designcontrollers inspired

by the collective behaviour of such social insect colonies,in order to obtain

robust MRS, capableof operating even in a noisy environment and exploit-

ing only local information. Swarm Robotics doesnot assumeeach robot as
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Figure 2.2: A swarm of leaf-cutting ants retrieving piecesof leaves back to
their nest.

a standalone independent unit, but, on the contrary, it assumesthat the

missionis the result of a joint action of simple agents.

The challenge introduced by this approach is about �nding simple be-

haviours basedon local knowledgethat canproducecomplexglobal patterns.

Answering to this questionfor a speci�c problem can lead to a better under-

standing of the natural phenomenaand, consequently, to an improvement of

the arti�cial system.

We can �nd three main advantagesin using swarm of robots instead of

classic MRS. First of all, scalability. Since our agents exploit only local

information in their decisionprocessand they are independent, the control
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architecture of each singlerobot is kept the same,no matter how many units

we intend to use. Second,the systemwill be 
exible. Changing the sizeof

the swarm during the task executionshouldnot a�ect the behaviour of other

units. Third, robustness.The designof the robots will be more minimalistic

than in complex MRS and, even more important, the redundancy of the

abilities of each unit will lead to a greater fault-tolerance.

Control algorithms in Swarm Robotics must bekept assimpleaspossible.

Complexrepresentations of the environment are usually not needed,because

the achievement of a task is basedon simpleinteractionstriggeredby reactive

behaviours. The useof probabilistic decisionsis also commonand learning

has proved to be a good way to increasethe e�ciency of the collaboration

amongunits, asshown by Labella (2004,2003).

Ijspeert et al. (2001) addressa task that requires strict collaboration

among robots. It consistsin �nding and pulling out from the ground of a

circular arenaa number of sticks. Becauseof the length of each stick, a single

robot is not capableto accomplishthe task working alone. The paper shows

that even with limited sensorcapabilities and without any direct communi-

cation among the agents, the task can be accomplished,if the parameters

that lead the robots' behaviours are rightly tuned. For this experiment also

a simulator and a probabilistic model have beenused. The �rst is a physical,

sensor-basedsimulation of realistic robots (Webots), while the secondis a

model that is intended to represent the dynamics of a group of robots as a

seriesof stochastic events. The results obtained with thosetwo modelshave

beenvalidated with real robot experiments and it hasbeenshowed that even

simple simulations can provide very good predictions on the real behaviour

of the swarm.

In his Master Thesis, Li (2002) continues the analysis on the strictly

collaborativeproblemof the stick pulling experiment, introducingdistributed

learning to better tune the parametersthat trigger the behaviours of each

robot. Li et al. (2004)study the emergent specialization in a swarm of robots

where each unit starts with homogeneousparameters, using a distributed

learning systemand measuringthe improvement in task accomplishment as

a consequenceof the specialization.
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Rybski et al. (2003) evaluate the performanceof a swarm of robots on

foraging experiments. In the paper, the e�cacy of using localization instead

of random walk is tested, as well as the use of communication versusran-

dom walk without communication. Only real robots are employed, because

the authors deny the usefulnessof a simulated environment. This approach

di�ers from ours, as we show in the next chapters.

2.3.1 The Swarm-Bots Pro ject

To better understand the issuesand the goals of Swarm Robotics, in this

sectionwe brie
y describe oneof the best projects developed in this �eld.

Swarm-Bots wasa project, sponsoredby the Future and EmergingTech-

nologiesprogramof the EuropeanCommunity andcoordinated by Dr. Marco

Dorigo, that lasted 42 months and was successfullycompletedon March 31,

2005. At the time we write, the project is consideredthe state of the art in

the �eld of self-assembling, self-organizingautonomousrobotics.

The aim of the project wasthe study of a newapproach to the designand

the implementation of self-organisingand self-assembling artifacts, inspired

by recent researcheson swarm intel ligence shown by social insects.

The goal, fully reached at the end of the project, was the design and

the hardware implementation of a swarm-bot, a metamorphic robotic sys-

tem composedby a number of smaller devices,the s-bots. Each s-bot is a

self-contained module, capableof independent movements and with its own

control system. The behaviour of the swarm-bot is the result of the interac-

tions among the simple independent entities. Collaboration is achieved by

meanof indirect and non-symbolic communication.

The prototype of such robotic systemhad then to accomplisha number

of tasks and to show someparticular features, such as the abilit y to self-

assemble into di�erent geometriccon�gurations, the possibility to move on

rough terrain and the capability to adapt to match environmental variabilit y.

Mondadaet al. (2002b) introducethe principal ideasbehind the project,

illustrating the swarm-bot main concept,the inspiration from self-organizing

capabilities of social animals and a �rst mechanical concept of each s-bot.
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(a) (b)

Figure 2.3: Figure 2.3(a) shows a detailedsimulated versionof an s-bot. Fig-
ure 2.3(b) is a picture of the hardware implementation of an s-bot prototype.

The authors focus also on the needof a simulated environment, important

to make possiblethe �rst studieson the behaviour of the robotic system.

S� ahin et al. (2002) describe a �rst imaginary scenariowhere the s-bots

are challengedwith a task that requiresdynamic shape formation, naviga-

tion on rough terrain and the capability of pushing/pulling heavy objects.

Preliminary resultson the formation of patterns are alsopresented, obtained

with a newly developed simulator.

Mondadaet al. (2002a)delineatemorein detail the mechanical conceptof

the future s-bots, illustrating sensors,interconnectionsand control electronics

neededto build each singleunit of the swarm.

The evolution of the project hasbeenaccompaniedby a number of pub-

lications that explainedthe results reached.

Mondada et al. (2003), for instance,present the �rst s-bot working pro-

totypesfrom a mechatronic prospective. The result is an autonomoussmall

unit, equipped with a drive system obtained by the combination of tracks

and wheelsand with two grippers (one rigid, the secondplaced at the end

of a semi-
exible arm) for physical interconnections. Each s-bot has been

also loaded with a number of sensors,like an omnidirectional camera,four

microphones,proximit y sensors,both aroundand at the bottom of the robot,

humidity and temperature sensors,optical barriers on grippers and a three

axis accelerometer.
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Figure 2.4: Three s-bots navigating in an arenawith open borders. The red
lights aroundoneof the robots indicate the emissionof a tone to communicate
the presenceof a hole.
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Trianni et al. (2004)focuson the software development, and in particular

on the progressesmadewith arti�cial evolution to synthesizethe controller

for the single agents in order to obtain coordinated motion and an e�cien t

solution to the hole avoidancetask.

Also the prey retrieval task is usedasa test �eld for the new robotic sys-

tem. Labella et al. (2004a)addressthis issue,studying a simple adaptation

mechanism to increasethe group e�ciency . The algorithm, inspired by ants'

behaviour and basedonly on local information available to each robot, is

designedto minimize the interferencesbetweenagents during the execution

of the task.

Our work is strictly related to the research doneon prey retrieval in the

frame of the Swarm-Bots project. The robots used to perform our experi-

ments are lesssophisticatedthan the s-bots, but this is unin
uential for our

purposes,aswe seein the next chapters.
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Prey Retriev al

The aim of our work, as we already said, is to provide a methodology to

comparethe performancesof di�erent learning algorithms presented in dis-

tinct robotic researches. To the best of our knowledge,a comparisonhasnot

beenpossiblesofar, becauseeach algorithm hasbeenstudied in a particular

environment with somespeci�c goals.

Looking for a task suitable for our experiments, our choice falls on prey

retrieval, a traditional test �eld for Multi Robot Systems,deepinspired from

biological systemsand possiblyuseful for a number of real applications.

3.1 Prey Retriev al in Biology

Prey retrieval, also known as foraging, is a task commonto a wide rangeof

di�erent speciesof social insects. An e�cien t division of labor among the

nest-matesis essential to guarantee to the colony the necessaryamount of

food without waisting time and preciousresources. The mechanisms that

govern the emergenceof someof the behaviours observed during prey scav-

engingor the search for building material remain unclear.

Nevertheless,a number of studies have been conducted over di�erent

species,with a particular interest for ants. The general behaviour of ant

foragersis e�cien t but rather simple. When they �nd a prey, after a random

search in the environment, they try to carry it to the nest. If the prey is too

23
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heavy, then they can either recruit nest mateswith chemical signals,or cut

the prey and retrieve smaller parts of it.

The useof chemical trails, as well as recruitment in the nest, have been

observed in many species. Someof the problemsabout coordination of the

ants and their decisionprocessare often poorly understood. What seems

evident is that the global cooperation in a colony emergesfrom simple in-

teractions amongindividuals and betweenindividuals and the prey. For in-

stance,coordination in collective transport seemsto occur also through the

item transported. The actions of the ants performing prey retrieval seemto

generatenewstimuli perceivedby other team matesthat reactcontinuing the

task and generatinginformation to the other group members(Labella, 2003).

We can supposethat the simple fact that the ants perceive the movement

of the prey indicates that the force applied is su�cien t and that no other

foragersare needed.This is an exampleof the already mentioned stigmergy.

Someant species,such asPheidolepallidula or Lasiusniger, provide good

models for the understanding of prey retrieval. In particular, the studies

carriedon the Lasiusniger (Mailleux et al., 2003;Portha et al., 2002;Devigne

and Detrain, 2002;Mailleux et al., 2000)investigatehow thoseants perform

environmental exploration and how works the processof trail recruitment,

accordingto the amount and quantit y of food sourcesaround the nest.

Ant coloniesshow also an e�ective division of labor amongworkers and

a good adaptation to changesin the environment.

Deneubourget al. (1987)developeda simplemathematicalmodelof learn-

ing. The model is capableto reproduce the individual foraging pattern ob-

served in ants (Pachycondyla apicalis) or in bumblebees. The model was

developed observingthat a Pachycondyla apicalis foragerthat returns to the

nest retrieving a prey rests in the nest lesstime than other foragersthat re-

turn without a prey. The authorsproposeda learningmechanismasa way to

get social organization. In total absenceof communication amongworkers,

a simple learning strategy can lead to an e�cien t distribution of foragersin

the environment. Moreover, it canalsoleadto a balanceddivision of initially

identical potential foragersinto highly active and largely inactive ones.
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3.2 Swarm Rob otics and Prey Retriev al

Foraging is widely considereda canonicaltest domain for collective robotics

(Cao et al., 1997). It involves exploration of an environment, detection of

objects of interest and retrieval of those objects to a speci�c location (the

nest). Moreover, it is a good prototype for actual useful tasks, such as

locating and marking land mines,distributed mapping of the area,collective

surveillanceand many more.

As the social insectsfrom which they take inspiration, the robots compos-

ing a swarm have only local sensingand communication capabilities. Then,

the adaptation of the agents must be left to a control system capable to

adapt the simple behaviours of each agent accordingonly to local available

information.

Foraging is a good application domain for testing the interactions among

the agents on the �eld and their behaviour in unpredictable situations. It

hasalreadybeenusedin many swarm robotic research works astest �eld for

adaptation processes(Gro�, 2003;Labella, 2003).

Sinceour goal is to describe a formal method to comparelearning algo-

rithms for swarm of robots, foragingis the most suitable task to be employed

in our experiments.

3.2.1 The Division of Lab or

Swarm Robotics, in order to improve the scalability of the system,do not use

a central knowledgeunit whereagents can �nd global information about the

environment and the amount of prey available to be retrieved. Therefore,

there is the need of a mechanism that allows the agents to autonomously

adapt to the overall situation, to exploit in the most e�cien t way the envi-

ronmental resourcesand to reducenegative interferencesamongthem.

One of the most challenging issuesthat arise in such situation is how to

tune the division of labor among the agents. Task allocation is e�ective in

exploiting mechanical di�erences among the robots, introducing specializa-

tion in the robot activities (Labella et al., 2004b). This way, the elements of

the swarm can autonomouslytry to determinethe optimal sizeof the group
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that cooperate in a foraging application.

What Rob ots Can Learn: The Time in Nest Parameter

In order to properly tune the number of foragers (that is, the robots that

actively search for prey in the environment), we use a method inspired by

biology that exploits positive and negative feed-backs as usually done by

self-organizedsystems(Labella et al., 2004b;Camazineet al., 2001).

This method does not require direct communication among the agents

or any kind of human intervention. The learning processis focusedon one

singleparameter, that is, the Time in Nest.

According to the successor failure of each prey retrieval trial, each robot

adjusts autonomously its Time in Nest parameter. In other words, the el-

ements of the colony decide how long they should stay in the nest before

trying again to search for prey. A robot with a short resting time is part of

the group of the foragers, while the agents that rest in the nest for longer

periods are consideredas loafers (that is, elements not actively involved in

the retrieval task).

If the dynamics of the method are quite simple, it is not obvious how

the robots learn and accordingto which rules they changetheir behaviour.

For instance, Labella (2003) proposed a probabilistic method to improve

the task allocation among agents, as we seein Section 5.1. Other learning

algorithms could directly �x the time the elements of the swarm must wait

beforestarting another trial.

We intend to comparedi�erent learning strategiesand to evaluate the

e�ectivenessof di�erent ways to tune the Time in Nest parameter.
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The Exp erimen tal Setup

We decidedto useboth real and simulated robots. This choice is motivated

by the constraints we have performing experiments with real agents. For

instance, the number of robots we can usein a singleexperiment is limited

to the oneswe have, while in simulation we can extend the colony beyond

theseconstraints. A reliablesimulator, asit is explainedin Sections4.3.3and

4.3.4, allows us to explore a wider range of di�erent setupsand to conduct

our research in more varioussituations. This chapter doesnot detail how we

validate the results obtained with the simulator. This topic is discussedin

Section6.3.

In the following, we �rst introducethe methodology we set up to have a

fair comparisonamong algorithms, then the hardware we chosefor our ex-

periments with real robots. We explain alsothe procedurewe useto perform

the experiments. Finally, we describe the simulator we coded to complete

our work.

4.1 The Research Metho dology

The focusof our research is to comparelearning algorithms, evaluating their

performanceson a common test �eld we already chose (see Chapter 3).

Therefore, we must test all the strategies under the sameconditions and

minimize all the possiblerandom 
uctuations. This allows us to directly

27
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correlate the results of our research to the e�ectivenessof each learning al-

gorithm, becauseit is the only aspect that variesamongexperiments.

It is important to notice that we have no needof a particularly advanced

hardware technology. If all the strategiesare tested under the samecondi-

tions, using the samerobots, the results and the adaptation processof the

agents arelikely to bedependent only on the learningalgorithm used. In fact,

any problem related to the robots a�ects all the experiments and disturbs

equally all the strategiestested.

To classifysimulated and real experiments, we de�ne two di�erent vari-

ables, size of the swarm and prey probability. The size of the swarm is a

self-explainingvariable, that indicates the number of robots involved in a

singleexperiment. The prey probability, on the other hand, is the probability

of a prey to appear at each secondof the experiment in a random position

of the arena. Modifying this variable, we changethe rate at which the envi-

ronment is �lled by prey and, consequently, the number of foragers needed

to collect asmany prey aspossible.Each combination of thesetwo variables

identi�es a di�erent experimental setup.

In order to make the comparisonamongthe learning algorithms asfair as

possible,we decideto apply another important procedure,both in real and

in simulated experiments. This procedureis called blocking design (Mont-

gomery, 2000). It consists in arranging the experimental units in groups

(blocks) which are similar one to another. It leads to a reduction of the

varianceof the results.

To implement the blocking design,wecodeda small programthat accepts

asparameterthe prey probability and randomly generatesa �le (an instance)

wherethere is indicated the number of prey that have to appear during the

experiment, their timing and the exact location wherethey have to beplaced.

Using every instanceonly oncefor each algorithm and employing the same

instanceswe usewith real robots also in simulation, we reducethe in
uence

of random 
uctuations in prey generationon the results of our experiments.

Before preparing the setting for our research with both real and simu-

lated robots, we must decideexactly how to measurethe goodnessof each

algorithm we compare.Wewant to know how many prey the colony captures
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during each experiment and we intend to comparethis scorewith the total

number of prey appeared.

We want alsoto determineif the agents of the colony becomespecialized

and what is the cost for the whole colony of the prey captured during the

experiment. The cost can be expressedby the colony duty time, that means

the sum of the times each agent spendsoutside the nest, searching for prey.

A good measurefor the income-costratio can be found in the work of

Labella (2003). Weadopt the e�ciency valuede�ned in the mentioned paper

as the main parameter to evaluate our algorithms.

� =
number of retrieved prey

colony duty time
(4.1)

We wrote a program to parsethe log �les generatedboth in simulation

and with real robots, to summarizethe resultsand to calculatethe e�ciency

value.

4.2 The Real Rob ot Environmen t

This section introducesthe MindS-bots, the robots we choseto employ in

our work, as well as the environment wherethey act.

4.2.1 The MindS-Bots

The MindS-bots have been built using the Lego MindstormT M , a line of

Lego products that provide a standard set of Lego TechnicT M bricks and

somemore special pieces,such as motors, light sensorsand bumpers, useful

to build simple but properly working robots.

The main block of a MindstormT M box is the RCX, that contains an

Hitachi H8300-HMS1 MHz microprocessor,32 KB of RAM, a Read Only

Memory, 6 slots for AA batteries and a beeper. On the upper side of the

RCX there are six special brick slots, usedto connect the main robot body

to actuators and sensors,four buttons and a Liquid Crystals Display, that

we usedfor debuggingpurposes.In the front side of the block is positioned
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(a) (b)

Figure 4.1: Figure 4.1(a) shows the model of a MindS-bot obtained with
Leocad,a CAD speci�cally designedto reproduceLegobricks. Figure 4.1(b)
is the renderedversionof the samemodel.

an infrared receiver/transmitter that allows the robot to transmit data to a

special LegoUSB Tower and then to a PC.

The operating system provided with each MindstormT M box has been

madefor simple entertainment and it is not useful for our purposes.Instead

of the original one,we choseto useBrickOS.1 This softwareembodiesa cross-

compiler for the standardC languageand supports priorit y-basedpreemptive

multitasking, a programming paradigm widely usedin our code.

When the RCX is turned on, the default programin the ReadOnly Mem-

ory is executed. It loads the operating systemusing the infrared interface.

Then, once BrickOS is loaded and executedon the RCX, it is possibleto

upload to the robot the program we want to run.

At the end of each experiment, using the infrared interfaceand the Lego

USB Tower, it is then possibleto download from the robot to a commonPC

the data we needfor our analysis.

The MindS-bots we usein our work have beendesignedby Labella (2003)

andemployedin his research. In Figure 4.1(a) is shown the model of a MindS-

bot, generatedwith Leocad,2 a CAD speci�cally designedto reproduceLego

bricks.

1http://bric kos.sourceforge.net
2http://www.leo cad.org



4.2. THE REAL ROBOT ENVIRONMENT 31

(a) (b)

Figure 4.2: Pictures of a MindS-bot. Figure 4.2(a) shows a front view of the
robot. The light sensoris active, asit is usedduring experiments. In the side
view (Figure 4.2(b)) we can seethe two motors that move the tracks and, on
top of them, the third motor, linked to the gripper's arms by an elastic ring
and a Legoaxle.

Each robot has three motors and four sensors.The motors are activated

independently and they control the two tracks, usedfor the movement of the

robot, and the gripper. The latter is composedby two arms, placed in the

front part of the main body, that have a synchronized movement.

The sensorsetof each robot consistsof two bumpersand two light sensors.

The bumpersaresituated in the front and in the back of the main body. Each

of them is connectedto a structure assembled with Legoaxlesthat enhances

the obstacledetection.

The front light sensor,placedon top of the gripper, is employed to detect

the presenceof a prey and to estimate its proximit y. The back light sensor

helpsthe robot to �nd its way back to the nest (the nest is marked by a light

sourcein the middle of the arena,as we seelater on in the chapter).

The front and sideview of a real MindS-bot are shown in Figure 4.2.

4.2.2 Arena and Prey

The environment in which our robots move is a circular arenawith a diameter

of 240cm. For the geometryof the arena,wechosea circle insteadof a square

to guarantee a perfect symmetry. A symmetric shape of the test ground
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should eliminate any possible \privileged zone" during experiments. The

existenceof such placescould in
uence the results of the research, a�ecting

the fairnessof the comparisonamongthe learning algorithms.

The inner part of the arena represents the nest, where the robots are

placed at the beginning of each experiment and where they have to bring

the captured prey. No prey can be placedinside the nest and when a robot

completesits task and deposits a prey inside the drop area, the retrieved

object is immediately removed.

A light sourceis positioned in the exact center of the arena. At the end

of a trial, successfulor not, the MindS-bots can then �nd the nestusing their

back light sensors.

To reducethe erroneousreadingsof the light sensorsof the robots, the


o or of the arena,aswell as the walls that surround it, have beenpainted in

white.

The real representations of the prey areplastic cylinderscoveredby black

curly cotton and partially �lled with water. Their color, contrasting with the

oneof the arena,allows the front light sensorsof the MindS-bots to properly

identify the prey.

4.2.3 The Exp erimen ts

For each experimental setup(that is, a combination of the two variables,size

of the colony andpreyprobability ), weperforma �xed number of experiments,

repeating every oneof them with the three di�erent algorithms we consider.

Sincewe want to highlight any di�erence amongthe learning strategies,

we have to perform a number of experiments su�cien t to show statistically

relevant di�erences. We found out that �v e runs were su�cien t for our

purposes,thanks to the carewe took in reducingexternal in
uences.

We �xed the length of each experiment at 3600seconds(one hour). At

the end of that period, the robots reach a steady state and we can then

analyzethe resultsusing the log recordedin each agent. This log keepstrace

of the main events occurred to the robot during the experiment (exit from

the nest, prey successfullyretrieved, etc.) and it can be downloaded to a
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Figure 4.3: At the beginningof each experiment, the MindS-bots are placed
on the inner border of the nest. They have a symmetric disposition and the
light sourcemarking the center of the arenais behind them.

commonPC using a speci�c software and the Lego USB Tower we already

mentioned.

The robots start each experiment in a �xed position, as shown in Fig-

ure 4.3. They are placedin the nest, in a symmetric disposition, giving their

backs to the light sourcethat marks the center of the arena.

When the starting signal is given (it is necessaryto activate each robot by

meansof a run button placedon their upper side),another program running

on a commonPC is launched as well. This small program starts a counter

and parsethe �le describingthe prey generation(instance) for the running

experiment. When a prey has to be placed,a sound alert is played and its

coordinatesare displayed. The prey is then placedby hand inside the arena,

as indicated. Should be noted that there might be somedelays and small

misplacements of the prey due to human intervention. The e�ects of these

errorsare however counterbalancedby having always the sameexperimenter

for all the instances. In this way, her/his errors in
uence equally all the

algorithms.
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Prey removal is performedas well. A prey is taken away from the arena

when it has been dropped inside the nest by a robot after a successfulre-

trieval.

The MindS-bots communicate their failure (when they give up), their

successand the act of leaving the nest in two ways. The �rst one is evident

during the experiments. They play three di�erent music piecesaccording

to the event they have to signal. The secondway is to record the event in

their logs, that are analyzedonly at the end of each experiment and then

comparedto the onesof the other robots.

Not all the experiments are consideredas successfuland then included

in the analysis. When a major failure of a robot occurs, the experiment is

halted and then started again from the beginning. We adopt this procedure

becausewe focus on the e�ciency of the learning strategiesand not on the

hardware implementation of the robots and their reliabilit y. A major hard-

ware failure of an agent could in
uence the resultsof the experiment, even if

the mechanical factor is not related to our topic of research.

The experiments we perform are time consuming. Each experiment re-

quiresat least onehour of work and, after this period, additional time must

be spent to download the log �les from the robots to a PC, to recharge the

batteries and to preparethe environment for a new start up. Moreover, the

failed experiments must be discardedand repeated.

Consideringthe amount of time neededto accomplishonesinglesuccessful

experiment, we limit the study on the real robots to two di�erent setups.The

choiceof the two setupshasbeenmadeconsideringmany factors, such asthe

number of agents at our disposaland, even more important, the �rst results

obtained in simulation. We recreatein the real environment the situations

wherethe di�erences amongthe algorithms are emphasized.

In the �rst setup, we set the size of the colony to four agents and the

preyprobability to 0.005(it meansthat a prey hasprobability 0.005to appear

each secondof the experiment and that the averagevalue of prey appeared

in onehour is eighteen).

In the secondone, we set the prey probability to 0.01 (that meansan

averagevalue of prey appearedin onehour equal to thirt y-six) and we hold
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the value of the size of the swarm to four agents. An increment of the size

to six elements would lead to a huge number of unacceptableexperiments,

becauseof the higher risk of hardware major failures.

As already said, we perform �v e successfulexperiments for each learning

algorithm. Such amount is su�cien t to have statistically signi�cant di�er-

ences,that are usedto validate the results obtained with the simulator.

4.3 The MindS-miss Simulator

It is our opinion that simulations can be a useful tool to investigate the

dynamicsof a swarm, if the simulator is reliable and its resultsare validated

with a su�cien t number of real robot experiments.

With a simulator, wecaninvestigateinterestingsetupswe cannotanalyze

in laboratory. As in biology, in a swarm-type approach to a problem, the

number of agents involved can be really huge. The number of hardware-

implemented agents at our disposal is limited as well as their robustness,

while in a virtual environment we can increasethe amount of agents in the

colony without reducing its reliabilit y.

Another important issue that led us to the use of simulations is that

they are a fast way to conduct experiments, becausethey do not require

the continuous attention of an operator and they can be run in parallel on

di�erent machines.

In the past years,many critiques have beenappointed to the useof sim-

ulators in the robotic research �eld. According to someauthors, the useof

a simulator was dangerous,becauseit doesnot reproduce the world where

the real robots are supposedto act, but it re
ects the programmer'sbeliefs

about the world itself. Moreover, control programs that work in a simu-

lation probably will not work when applied to real robots, becauseof the

di�erences between the simulated actuators and sensorsand the real ones

(Brooks, 1992).

A new conceptof simulator was then introducedby Jakobi et al. (1995).

The authors focusedon the development of control systemsfor autonomous

robots through the use of arti�cial evolution in simulation, that would be
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later employed on hardware-implemented agents.

Someimportant guidelinesfor the realizationof a reliablesimulator emerge

from their work. The authors assertthat a simulation must be designedus-

ing empirical information measuredin real world. More important, it has

to be regularly validated by data produced by real experiments. Arti�cial

noiseshould be usedat each level to emulate erroneoussensorreadingsand

environmental disturbs, in order to obtain su�cien tly robust programs.

Another key issuediscussedin the samepaper is which part of the reality

must be simulated. According to the authors, only the important features

have to be included in the model. Thesefeaturesare chosenintuitiv ely and

they vary accordingto the kind of simulation or controller we want to build.

The validation of the model will then assurethe correctnessof the choice.

A simulator that includes only the strictly necessaryfeaturesand that

introducesnoise (to emulate environmental disturbs) can be de�ned as a

minimal one.

One of the most tough task we had to accomplishduring our research

work was the designand the implementation of the MindS-miss simulator.

To validate the results of the virtual environment, we usethe onesobtained

in real robot experiments (to be moreprecise,we control that the di�erences

amongthe three strategiesdetectedin simulation are the samethat we �nd

in real robot experiments).

The MindS-miss is not a fully minimal simulator. It introducesnoiseto

robot readings,but we decidedto usean accuratephysical engine,because

we estimated that physical interactions among agents and between agents

and prey could be very important in our casestudy.

The UML schemaof the simulator can be found in Appendix A.

4.3.1 Simulated Ph ysics

In order to obtain an accuratereproduction of the reality, we built our sim-

ulator employing a physical simulator engine. We beganto work with the

VortexT M libraries but then we switched to the Open Dynamics Engine,3 a

3http://o de.org
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free, high-quality library for simulating articulated rigid body dynamics.

Another important side tool we usedin the development of our simula-

tor is KODEX.4 This wrapper hasbeencoded by Kovan Laboratory5 and it

is intended to provide model loading facilities similar to VortexT M . More-

over, it translates the function calls to the VortexT M libraries into the ODE

equivalent, creating, when necessary, additional data structures.

Unfortunately, the KODEK versionwe used6 still contained a hugenum-

ber of bugs. To avoid dangerousproblems,the �nal versionof our simulator

included a signi�cant number of direct calls to the ODE library and sev-

eral bug reports were sent to the Kovan Laboratory in order to improve the

development of their wrapper.

All the relevant elements of the experiments, as well as the interactions

amongthem, aremodeledand reproducedin MindS-miss. The circular arena

is represented asa solid 
o or surroundedby a �nite number of squaredwalls.

In the center of the experimental �eld, a sphereindicates the nest of the

colony. The prey are reproduced as solid black cylinders that appear and

disappear from the environment.

Each robot has beenmodeledwith a limited number of polygons. Main

body, front and back bumpers, six wheels(three at each side of the main

body, that replace the tracks of the real robots) and an additional led to

indicate the gripper activit y are introduced in the virtual environment as

independent bodiesand then linked with special joints.

The movement of the robot is decidedby its controller applying a torque

forceto the six wheels.The simulation of the gripper is somewhatsimpli�ed

becauseit is obtained creating a temporary joint between the robot main

body and the cylinder representing the grasped prey. Gripping time, needed

by the armsof a real robot to openandclose,is modeledasa delay introduced

when the joint is createdand deleted.

The core of MindS-miss is represented by the independent controllers

used by each robot involved in a speci�c simulation. They have the same

4Kovan ODE eXtensions
5http://k ovan.ceng.metu.edu.tr
6KODEX version 0.5.2
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Figure 4.4: Each simulated MindS-bot is a simpli�ed but physically accurate
version of the original ones. In fact, the behaviour of the virtual robots is
the samethat we can observe on the hardware-implemented agents.

structure of the oneswe coded for the real robots and they are invoked every

100ms.

At each simulation step,7 the Open Dynamics Engine checks the con-

tacts amongthe objects present in the simulation and appliesthe forcesthat

are necessaryto resolve physical contacts and constraints. When a bumper

touches another body, a special callback function we wrote in MindS-miss

passesthe information to the control systemof the concernedrobot, simu-

lating a touch sensor.

In order to speedup the simulation, the central sphereand the walls are

declaredas frozen. This way, the physicsenginedoesnot needto calculate

the forcesapplied to thoseobjects. Another trick we useto improve the per-

formanceis to disableevery possiblecheck over the collisionsamongobjects

that will never touch each other (i.e., the wheelson the right sideof a robot

will never collide with the onesplacedon the other side).

7The simulation step is invoked with a sensiblyhigher frequency than the control step
becauseit has to ensurethe coherenceof the physics in the simulated world.
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Figure 4.5: Colony composedby six simulated MindS-bots in their starting
positions, at the beginning of an experiment. The black cylinder is the
representation of a prey.

All the objects in the simulation and their properties are described in

XML �les parsedrecursively. The main programloadsthe root �le (World.me)

and then all the other onesreferencedby it.

All the bodiesarecreatedat start-up but the prey, that needto becreated

and destroyed accordingto a special timing �le (prey_timing.sam ), which

is also loadedat the beginningof the simulation.

Even if usually no rendering is usedduring the simulated experiments, a

renderer is available and it was usedto make a �rst visual control over the

behaviour of the colony in the virtual environment. The renderer is based

on OpenGL libraries and a picture of the simulated world whereour robots

act is shown in Figure 4.5.

4.3.2 Tuning the Parameters

As we said in section4.3, oneof the main critiques appointed to the simula-

tors was the lack of coherencewith the real world. ODE hasproved to be a

robust and reliable library, but in order to obtain a valid simulated environ-

ment we had to tune all the parametersthat describe each object represented

in the virtual world.
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As suggestedby Jakobi et al. (1995),we basedour work on empirical ob-

servations. Weight andphysicaldimensionsof every realobject werecarefully

measured,scaledand included in the XML description of the correspondent

simulated body.

Parameters that were not easily measurable,such as the coe�cien t of

dynamic friction betweentwo objects or the exact speedof the tracks of the

MindS-bots, were reasonablyguessedand then hand tuned, comparing the

real behaviour and the simulated one.

To obtain a reliable model of the two light sensorsplacedon top of each

robot, we usedthe sampling technique. We sampledsensorreadingsin the

real environment (accordingto the distanceand the angleof visibilit y among

the objects). With the obtained values,we compileda table (look-up table)

for each sensor.At each control step, the main simulation enginecomputes

the position of the objects in the arena and, for the sensorsof each robot,

�nds in the respective look-up tables the readings to pass to the speci�c

controller. A probabilistic error that simulates the environmental noise is

then addedto the valuesfound and the �nal results are what the controller

really readsfrom the simulated sensors.

4.3.3 The Simulated Exp erimen ts

The simulated experiments re
ect the real onesin every possibledetail. As

we said in the previoussections,the controller of the virtual MindS-bots has

beenported with no major modi�cations from the one running on the real

robots. The use of a virtual classController and of three other derived

classes(one for each learning algorithm we want to compare)allows a fast

and easychangein the learning strategy of the robots.

The length of each experiment is set to 3600secondsand no visual in-

terface is employed to speedup the simulation. Accurate log �les are saved

during each run. The logscollect the samedata recordedby real robots and

someadditional information.

Sincewe have at our disposala high performing, multi processorcluster,

we decideto run more than �v e experiments for each setup and we set the
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prey probability
0.005 0.01 0.02

2 40 40 40
size 4 40 40 40

6 40 40 40

Table 4.1: This Table shows the di�erent setups we use in the simulated
environment. They are classi�ed by the valuesof two independent variables.
Sizeof the colony indicatesthe number of robots employedin the experiment,
while prey probability is the probability at each secondfor a prey to appear
in the arena. Forty runs are performedfor each experimental setup.

number of runs to forty.

As for the real experiments, we want a comparisonamong the learning

algorithms as fair as possible. We use the sameinstancesfor prey timing

already employed in experiments with real robots. Additional onesare also

generatedto ful�ll our needsin simulation.

The randomnumber generatorof the simulator, usedby robot controllers,

acceptsan initialization value, called seed. Passingtwice the sameseedto

the simulator at the beginning of a run ensuresthat the two sequencesof

generatedrandom numbers during the experiments are exactly the same.

Sinceweintend to simulate forty runs for each experimental setup,weprepare

alsoa list of forty seedsthat arepaired with the instancesof prey appearance

already mentioned.

4.3.4 Better than Realit y

The possibilities of the simulated environment are far beyond the oneswe

have with the real robots. We can changemore freely the two variablesthat

de�ne the experimental setup, the sizeof the colony and the prey probability.

The use of a higher number of robots does not increasethe probability of

a major hardware failure that may invalidate the experiment. Moreover,

the simulator can introduce in the arena an arbitrary number of prey. An

exampleof setupsrun only in simulation canbeobserved in Figure 4.6,where

a colony of six MindS-bots is searching for prey in the virtual arena.

We intend to test the learning strategiesunder as many di�erent condi-
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Figure 4.6: The simulator allows us to perform experiments with a higher
number of robots. In this example,a colony of six MindS-bots is searching
for prey in the arena.

tions as possible. Consequently, we decideto try nine setups. The setups

are characterizedby three di�erent valuesof both variables, size and prey

probability, as illustrated in Table 4.1. The setupscorresponding to f size=4,

prey probability=0.005g and f size=4, prey probability=0.01g are the oneswe

test alsowith real experiments.

The total number of runs we perform for each learning strategy is then

equalto 360. Among thesesimulations, we discardthe onesthat present run

time problems. ODE and KODEX are still under development and, testing

our simulator, we noticed that a low percentage of trials terminated their

executionprematurely.

As we veri�ed, the problems do not arise from our code, but they are

linked to infrequent run-time errors that emergein the mentioned libraries
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and that simply causethe immediate end of the program. The detection of

these occurrencesis very easyand the correspondent log �les can be then

excludedfrom the �nal data analysis.
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Chapter 5

Three Di�eren t Strategies

In this chapter we present the original version of the three algorithms we

chosefor our research, as well as the reasonswhy we chosethem and the

modi�cations we introducedto let them �t our experimental setup.

We also show how the learning strategy of the algorithms is applied to

the parameterwe needto adapt, the Time in Nest.

5.1 A Speci�c Prey Retriev al Algorithm

The �rst algorithm on which we focus was designedby Labella (2003). The

aim of the original work wasto prove that swarm intelligencetechniquescan

be usedin a prey retrieval task to improve the performanceof the system.

Communication amongagents is not allowedand the dynamic adaptation

of the agents in the environment is obtained by exploiting only local infor-

mation. A learning strategy, basedon probabilistic parameters,is the core

of the adaptation process.

The work was later extendedby the author, that focusedon the impor-

tance of task allocation in prey retrieval (Labella et al., 2004a)and on the

e�ciency improvements obtained through collaboration among agents (La-

bella, 2004).

Sinceour work originated from the research madeby Labella, this algo-

rithm was the natural starting point for our comparison.

45
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In order to extend the original work described in the mentioned papers,

we decidealso to useas test �eld for our real robots the experimental setup

realizedfor Labella's tests, as already seenin previouschapters.

This thesis focus on the comparisonamong di�erent learning strategies

applied to a speci�c parameter that controls the time agents spend in the

nest. Therefore, we want to keepas constant as possiblethe control archi-

tecture of the robots, with the only exceptionof the learning algorithm used

to update the parameterof interest.

We made this choice in order to directly link the performanceof the

swarm to the e�ciency of each learning strategy. It is up to them to create

the right level of specialization among the agents. If we do not vary the

main structure of the robot architecture, we eliminate the interferenceof any

other variable, not related to the core of our research, that could in
uence

the experimental results.

In the next sections,we analyze in detail the phasesin which the prey

retrieval task hasbeendecomposedto implement the main control system.

5.1.1 States and Behaviours

The control program of the agents can be summarizedwith a �nite state

machine, as represented in Figure 5.1.

The main states described represent the di�erent phasesthat compose

the prey retrieval task. The transitions are executedunder somespeci�c

self-explicative conditions highlighted in the schema.

Each state can be consideredasan independent sub-task:

Rest The MindS-bot stays in the nest, waiting until the predicate can go

changesits value to true. When it happens,the agent becomesactive

and starts searching. The time it takes to can go to becometrue is

controlled by the learning algorithms.

Search The robot exploresthe environment, searching for prey. The moving

direction is chosenrandomly and obstaclesare avoided. When a prey

is found and grasped (that is, haveprey is true), the agent switchesits
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Figure 5.1: This diagram is a high level representation of a slightly modi�ed
versionof the control programrealizedfor the MindS-bots by Labella (2003).

state to Retrieve. If the searching time expired and no prey is spotted

in front of the robot, then it has to give up.

Retriev e The MindS-bot carries the prey to the nest, avoiding obstaclesif

needed.

Dep osit When the robot arrives in the nest, it drops the prey. As soon

as the operation is completedand the retrieving has beensuccessfully

completed,it starts resting and updatesthe parameterthat determines

how long it will stay in the nest (this parameterexpressesa probability

value in Labella's algorithm).

Giv e up The robot givesup. It comesback to the nest after a failure and

updates its parameter for nest resting.

The reaction to external stimuli is achieved with a number of behaviours.

Thesebehaviours allow the executionof the sub-tasksand are triggered by

someactivation conditions directly related to sensorreadings.

Each state usesonly a restricted number of behaviours, as it can be seen

in Table 5.1.
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State Behaviour Conditions

Search

gripping hit prey ^ gripper open
avoiding ( front bumper ^

gripper open ^ : prey in gripper )
_ back bumper

releasing gripper closed^ : prey in gripper
exploring gripper open ^ : front bumper

^ : back bumper

Retrieve
avoiding back bumper
back light following : back bumper

Give Up
avoiding back bumper
back light following : back bumper

Deposit
depositing have prey
back light following : have prey ^ : in nest

Rest nest exiting

Table 5.1: List of behaviours usedby every possiblestate in the control sys-
tem of a MindS-bot. Each behaviour is triggeredby the activation conditions
listed in the last column of the table. The executionof a behaviour inhibits
the activation of all others listed below.

5.1.2 How Rob ots Learn

The aim of this algorithm is easily explained: given a colony (or swarm) of

homogeneousrobots employed in a foragingtask, they shouldself-organizeto

improve the overall e�ciency with a dynamic task allocation. The goal, fully

achieved in the original research, was to insure the creation of two classes

of agents, foragers (agents with a low latency time in the nest) and loafers

(robots that rest for longerperiods), accordingto the prey availabilit y in the

environment.

The di�erence among the robots lies in the amount of time they spend

in the nest beforeleaving to search for prey. In this algorithm, this is not a

�xed time, but it is determinedby a probabilistic value, Pl .

A speci�c algorithm, called Variable Delta Rule, was createdby the au-

thor to adjust the probability to leave the nest of each agent. This system,

speci�ed in Algorithm 1, rewards the robot when it successfullyretrieves a

prey, raising its Pl value. An agent reporting a failure, on the other hand,
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Algorithm 1 Variable Delta Rule.
Pl is the probability for the agent to leave the nest

initialization:
successes 0
failures  0
Pl  INITIAL VALUE

if prey retrieved then
successes successes+ 1
failures  0
Pl  Pl + success* �
if Pl > Pmax then

Pl  Pmax

end if
else if timeout then

failures  failures + 1
successes 0
Pl  Pl - failures * �
if Pl < Pmin then

Pl  Pmin

end if
end if

will seeits probability reduced.

The amount to be addedor subtracted to Pl is not constant, but it varies

accordingto the consecutive failures or successesreported by the agent. Pl

is also bounded. If it were not bounded, an agent could reach a Pl value

too high or, on the opposite side, equal to 0. In the secondcase,the agent

would be never again allowed (during the current experiment) to leave the

nest, stopping the processof dynamic adaptation chasedby the author.

In the original version of the algorithm, as well as in ours, Pl=[0.0015,

0.05]and the initialization value of Pl is �xed to 0.033.

When an agent rests in the nest, its controller castsa random generated

number between0 and 1 at each second.If the value is lessor equal to the

value of Pl , then the robot is allowed to leave the nest and the can go 
ag

displayed in Figure 5.1 is set to true.

The search time for each agent is �xed to 228seconds.After that period,
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if no prey is in sight, the agent comesback to the nest, reporting a failure.

The timeout value was decidedby Labella after having analysedthe mean

time a MindS-bot needto �nd a prey.

5.2 ALLIANCE

The secondcontrol architecture we chosefor our research is ALLIANCE.

Designedby Parker (1998), it is a fully distributed, behaviour-basedsoft-

ware architecture, developed to obtain fault tolerant cooperative control of

teamsof mobile robots. We chosethis algorithm becauseof the similarities

it shows with Labella's one (robots learn and adapt their behaviour in an

automatic way, even whena centralized knowledgeis absent) and it is a well

known and widely usedlearning strategy in mainstreamrobotics.

It is interesting that ALLIANCE wasnot speci�cally designedfor swarm

robotics. We want to investigateif the modi�cations introducedto the algo-

rithm to let it �t our experimental setupdo not leadto a lossof e�ciency . We

canseeif an algorithm designedfor multi-rob ot cooperation canbeemployed

using the more restrictive constraints of swarm robotics. It is also worth to

note that the missionsfor which Parker's algorithm has beendesignedare

much more complexthan a simple prey retrieval task.

ALLIANCE allows reliable cooperation among small or medium-sized

teamsof heterogeneousmobile robots. The teamsare employed in missions

composedby di�erent tasks that can have ordering dependencies.

An important assumption in ALLIANCE is that not all tasks can be

performedby all team members. Moreover, even if more than onerobot can

accomplisha speci�c task, they can perform it with di�erent e�ciency . This

is not the casein our experimental setup,becausein prey retrieval all robots

can perform the single task required.

The environment where the agents act is considereddynamic and it is

assumedthat the robots of the team have a probability greater than 0 to

detect the e�ect of their own actions through their sensors.

The control architecture has been designedfor intentional cooperation.

It meansthat there is communication amongthe agents and that each agent
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doesnot lie to other team mates. Nevertheless,the availabilit y of the com-

munication medium is not guaranteed,aswell asthe reliabilit y of each agent.

The failure of an agent could be not communicated to team mates.

The goal of ALLIANCE is to allow each robot of the team to select

appropriate actions to perform during a mission. The choice is made con-

sidering the requirements of the mission, the activities of other robots (this

information is available through a broadcastedcommunication), the current

environmental conditions and the robot's own internal status.

The wholemechanismis implemented usingimpatience and acquiescence,

two mathematically-modeledmotivations that trigger the executionof high-

level behaviour sets. While impatience incentives a robot to perform tasks

in which other robots fail, acquiescenceenablesa robot to handle situations

when the robot itself fails to accomplishits task.

Each behaviour set hasa parameter,the threshold of activation (� ), that

determinesthe level of motivation beyond which the behaviour set will be-

comeactive.

Parker (1997) extended the original architecture in L-ALLIANCE. It

implements an adaptation of the parameterscontrolling motivational rates

basedon learning. This extensionis not consideredin our work, sinceit is

not useful when agents cannot communicate amongthem.

5.2.1 ALLIANCE on Prey Retriev al

ALLIANCE has not beendesignedto be implemented on swarms of robots

and the author supposedthat a communication channel is available to the

agents. Moreover, in the original version of the architecture, the robots are

not homogeneousand the missionsthey have to accomplisharemorecomplex

than prey retrieval, wherethere is only onehigh level behaviour set.

In order to adapt ALLIANCE to our purposes,we had to introducesome

changesin its original design.1

1We tried to stick as much as possible to the original schema, but we hat to modify
it to have sound results. We contacted the author asking for some comments, but we
received no answer. When we refer to ALLIANCE in the following chapters, the reader
should keepin mind that we refer to our version of the algorithm.
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We start from the assumptionsdescribed by Parker (1998):

1. The robots of the team can detect the e�ect of their own actions,with

someprobability greater than 0.

2. Robot r i can detect the actions of other team members for which r i

hasredundant capabilities,with someprobability greaterthan 0; these

actionsmay bedetectedthrough any availablemeans,including explicit

broadcastcommunication.

3. Robots of the team do not lie and are not intentionally adversarial.

4. The communication medium is not guaranteed to be available.

5. The robots do not possessperfect sensorsand e�ectors.

6. Any of the robot subsystemscan fail, with someprobability greater

than 0.

7. If a robot fails, it cannotnecessarilycommunicate its failure to its team

mates.

8. A centralized store of completeworld knowledgeis not available.

As we said, in our work the robots are homogeneous,even if run time

problemsor not intentional physical diversitiescould lead to di�erent levels

of e�ciency , and they cannot directly communicate.

In our experiments, there is only one high level behaviour set. It leads

the robots to search for prey in the environment and to retrieve what it has

been found to the nest or to comeback after the expiration of a searching

time limit. We decideto set the time limit value to 228 seconds,as it is in

Labella's algorithm.

To adapt the control architecture to our needs,we modify someof the

original assumptionsin the following way:

1. The robots of the team can detect the e�ect of their own actions,with

someprobability greater than 0.
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2. Robot r i cannot directly detect the actions of other team members

(MindS-bots do not have sensorcapability to distinguish team mates

and their actions).

3. Robots of the team are not intentionally adversarial.

4. The direct communications medium is never available (in swarm

robotics direct communication amongagents is not allowed. The only

kind of communication the robots may employ is the indirect one, as

insectsusestigmergy to organizetheir collective behaviour).

5. The robots do not possessperfect sensorsand e�ectors.

6. Any of the robot subsystemscan fail, with someprobability greater

than 0.

7. If a robot fails, it cannot directly comm unicate its failure to its

teammates.

8. A centralized store of completeworld knowledgeis not available.

Another important aspect that needsto bemodi�ed is the way with which

impatienceand acquiescenceare handled.

In the original algorithm a motivational behaviour works as follows. A

robot's motivation to activate any behaviour set is initialized to 0. Then, the

robot's motivation to perform a speci�c behaviour set is incremented at a fast

rate of impatience, as long as the task corresponding to that behaviour set

is not being performedby any other robot, or at a slow rate of impatience,

if someother robot is performing it. Impatience is modeled as a speci�c

mathematical function.

If the motivation level of a behaviour setexceedsthe valueof its threshold

of activation (� ), the behaviour set becomesactive.

If a robot is performing a speci�c task, it may still give up if it perceives

that the task is not beingaccomplishedin an acceptableperiod of time. The

giving up mechanism is handledwith the acquiescencecharacteristic.
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We do not present herethe full formal model described by Parker (1998).

In the following, we detail the modi�ed version of ALLIANCE we used in

our work, its main parametersand mathematical formulas.

Motiv ation Motivation value is modeledas a mathematical function:

m(t) = [m(t � 1) + impatience(t)] � acquiescence(t) (5.1)

When the value of the function is greater than the threshold of ac-

tivation2 � , the robot is forced to exit from the nest and to look for

prey.

This function is calculated only when the robot is resting in the nest

and its increment is time dependent. The value of motivation can be

set to 0 only when acquiescence(t) = 0, that meansthe robot is giving

up and coming back to the nest to start resting.

We eliminated three other terms present in the original versionof this

function. They modi�ed the �nal value of motivation under circum-

stancesthat are not valid in our experimental setup, such as the com-

munication amongteammatesand the presenceof morethan onesingle

behaviour set.

Acquiescence This mathematically-modeled motivation is originally used

by the robot controller to evaluate when it is time to give up and to

comeback to the nest.

The valueof this function becomesreally important whenthe behaviour

set is active (that is, when the robot is searching for prey). When the

time spent by the robot searching exceedsthe timeout limit of 228

seconds,the function value is set to 0.

acquiescence(t) =

8
<

:
0 if timeout expired

1 else
(5.2)

2In our prey retrieval experiments, we haveonly onebehaviour set that can be executed
by the robots. Therefore, when we generally refer to � , we intend the threshold associated
to that behaviour set.
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After giving up, the robot returns to the nest and it starts resting.

Motivation value is �rst reset and then it begins to increaseagain.

Once the resting period starts, acquiescenceremainsconstantly equal

to 1.

As we did for motivation, we had to simplify the original acquiescence

function, to eliminate all the parametersdependent to direct commu-

nication amongrobots and to the presenceof more than onehigh level

behaviour set.

Impatience Consideringthat in our caserobots are not aware of the state

of the other agents, their impatience value grows independently, as it

is speci�ed by the following functions:

impatience(t) = � f ast(t) (5.3)

� f ast(t) =
�

(min-delay + (task-time(t) � low) � scale f actor)
(5.4)

Where:

task-time(t) = (averagetime over robot's trials on prey retrieval task)

+ (one standard deviation of the times of theseattempts)

Weset the valueof someparametersneededto calculatethe impatience

function. The constant max-delay is set equal to 228 seconds(the

samevalueof timeout) and weexperimentally estimatemin -delay = 45

seconds.The latter represents the minimum possibledelay employed

by a robot to exit the nest, to grab a prey and to retrieve it (to measure

the minimum value, we placeda prey just outside the nest'sperimeter

and in front of the robot).

We alsodecidethe valuesfor two additional parameters,high and low,

usedin the original versionof the algorithm:

low = min -delay
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high = max-delay

Our choiceis motivated by the fact that in the modi�ed versionof the

algorithm it is not possiblefor an agent to record the performanceof

its team mates. Then, we assignto the two parametersthe minimum

allowed value. Finally, we calculate the scale factor

scale f actor =
max-delay � min-delay

high � low
= 1 (5.5)

At the beginningof each experiment (both simulated and real), to avoid

that the robot starves in the nest for a long period beforestarting to look

for prey, we initialize its motivation value to 0:87� � . With this correction,

the �rst exit from the nest is after about 30 secondsfrom the beginning of

the experiment, as it happensin averagein Labella's algorithm and at each

start up in the onedescribed in the next section.

The low level behaviours, that composethe main behaviour set, are the

samewe usein the �rst algorithm. What changesamongthe two strategies

is the time the robots spend in the nest and the way this time varies over

time. In the caseof the modi�ed versionof ALLIANCE, it is the task-time

variableto leadthe adaptation. It modi�es the growing rate of the motivation

consideringthe performanceof the robot over the past trials made.

5.3 Distributed Learning in Swarm Systems

The third candidatefor comparisonis an adaptive line-search algorithm pre-

sented by Li (2002) and Li et al. (2004). The goal of the algorithm is to

o�er a method to improve the performanceof an arti�cial swarm on a given

task. Learning has beenchosenas an automatic way to adjust the control

parameterswithout a priori assumingthe degreeof heterogeneity neededby

the swarm.

The main idea behind the work of the authors is that, starting from an

homogeneousswarm of agents, the adaptation obtained with the learning

algorithm can lead to a diversi�cation among the robots. This diversity
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can bring signi�cant advantagesto the swarm overall performance,sincethe

systembecomesspecialized.

Li et al. (2004) identify also a method to measurespecialization in a

system,asa function of both diversity and overall performanceof the swarm.

Specialization can be de�ned as \the part of diversity that is demandedfor

better performance".

This learning strategy hasbeentested in simulation over two generalized

versionsof the stick-pulling experiment and over the original oneas well.

The original versionof that experiment wasusedby Martinoli and Mon-

dada (1995)and by Ijspeert et al. (2001) to investigatecollaboration in non-

communicating robot swarms. In the �rst set-up, robots equipped with a

gripper and proximit y sensorssearch for sticks in a circular arena to pull

them out of the ground. The length of each stick has been chosen in a

way that a single robot cannot succeedon its own in the task, but only a

collaboration between two agents with two successive grips can lead to the

accomplishment of the task. In the original version of the experiment, the

control systemof the agents was quite simple. Each robot randomly moves

in the arena. When it identi�es a stick, it tries to pull it out of the ground.

The agent can recognizeby the speedof the elevation arm whether another

team mate is alreadyholding the samestick or not. In the �rst case,the task

is completed;the robots leave the stick out of the ground and start searching

for new ones. In the secondcase,the robot holds the stick for a given time,

waiting for another agent to comeand to completethe task.

The maximum delay that a robot waits holding the stick is called the

gripping time parameter (GTP). The experiments explained in the already

mentioned papersshow the variation of the performanceof the swarm when

both the GTP of each robot and the sizeof the swarm change.

The two generalizedversionsof the stick pulling experiment have been

introduced by Li et al. (2004) and tested only in simulation. They have

the samestructure of the original experiment, but they extend its purposes

focusingon di�erent aspectsof the collaboration. Issuesrelated to sequential

collaboration and to parallel collaboration areexplored. The goal is achieved

using longer or heavier sticks. The former require the successfulsequential
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Figure 5.2: The original learning algorithm designedto improve the swarm's
performanceby means of an adaptive change of the GTP parameter, as
presented by Li et al. (2004).

collaboration of a number k of robots, while the latter needsa kind of parallel

collaboration becausek agents must act at the samemoment to pull them

out of the ground.

The learningalgorithm describedby Li (2002)and Li et al. (2004)focuses

on the automatic and dynamic adaptation of the GTP in a swarm of inde-

pendent robots. The agents adapt their parameterin an independent way to

maximize the overall performanceof the colony.

What makesthis learningstrategyparticularly suitableasour third choice

is that, as Labella's one, it was speci�cally designedfor swarm robotics.

Moreover, it presents only oneparameter that is adaptedwith learning.

In the stick pulling experiment, as well as in prey retrieval, every agent

has the samecapabilities of the others. In the �rst case,they have to grip

sticks out of the 
o or, while in the secondonethe task is accomplishedwhen

a robot retrieves a prey found in the environment. Finally, also the shape

of the arenausedin the original stick pulling experiments is circular, as the

onewe preparedfor our experimental setup.

With the original learning algorithm, two di�erent typesof reinforcement

signal are used. A local one rewards the agent when it achievesa successful
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collaboration, pulling a stick out of the ground. The secondone, a global

reinforcement signal, is broadcastedto all the agents and it speci�es the

performanceof the swarm. The global reinforcement signal is particularly

important in the generalizedversion of the stick pulling experiment that

requires sequential collaboration, becausein this caseonly the the robot

that makesthe �nal grip knows if the collaboration hasbeensuccessful.

The schemaof the original versionof the learning algorithm is shown in

Figure 5.2. After the initialization of the variablesthat hold the o�set and the

multiplication factor of the GTP (� � , � + , � � and � + ), the main cyclestarts.

Each agent �rst updatesits GTP in a random chosendirection s. Then, after

a period Tm , the robot checks its performanceusing the two reinforcement

signals. If the performanceis better than before,then the agent continuesin

the samedirection. Otherwise,it changesthe direction and it alsoundoesthe

last update made to the GTP. O�set and multiplication factor of the GTP

are alsochangedduring learning in order to speedup the convergenceof the

parameterto the optimal value. They are increasedwhen the samedirection

is chosentwice, while they are decreasedwhen the performanceoscillates.

5.3.1 Learning on Prey Retriev al

As we did for ALLIANCE, we describe now how the original algorithm de-

signedfor the stick pulling experiment has beenmodi�ed to �t our experi-

mental setup.

As already said, we do not use any communication media among the

robots or between the robots and a possiblecentral unit. In the original

versionof the algorithm both a local and a global reinforcement signal were

used. The secondone allowed the robots to estimate the performanceof

their behaviour even in situations where an immediate feedback was not

available, i.e., when sequential collaboration was required. In that case,

only the last robot, the one who pulled the stick out of the ground, knew

that the collaboration was successful. We limit our reinforcement signals

to the local one. This should not lead to information loss,becausein prey

retrieval experiments each agent knows when its task hasbeensuccessful(a



60 CHAPTER 5. THREE DIFFERENT STRATEGIES

prey retrieved to the nest is obviously a success,while the expiration of the

searching time without any �nding must be consideredas a failure). The

main loop of the algorithm is executedeach time the robot comesback to

the nest.

In the original algorithm, the search direction s is chosenin a random

way, becauseit is not obvious if the GTP must be increasedor decreasedto

improve the performanceof the system. In our case,we needto adapt the

Time in Nest parameter,that shouldbe changedaccordingto the amount of

prey found by the agents in the environment. Analyzing the task our robot

must achieve, we know that in caseof successa robot will most likely �nd

another prey in the environment, while if it comesback to the nest after a

failure, the executionof another search task should be delayed.

Wededucethat it would bepointlessto changeour parameterin a random

way. The reinforcement signal we usecan be only positive or negative (prey

found or failure) and we associate the positive one to a reduction of the

Time in Nest parameter, while a failure would lead to an increaseof the

value associated to the variable.

In order to make the three algorithms more homogeneous,we bound the

variable that holds the Time in Nest parameter:

WI N T (Waiting In Nest Time) = f 1; 667g (5.6)

The valuesof the variable are expressedin seconds.We chose1 as lower

bound becausein the �rst algorithm we presented each robot could leave the

nest in every moment sinceit starts its sleepingtime. The upper bound is

equal to the averagevalue of the time spent in the nest by a robot using

the �rst algorithm, when the value associated to its probability to leave the

nest is equalto 0.0015,that is, the minimum allowed(notice that in Labella's

probabilistic algorithm the robots could theoretically wait an in�nite amount

of time).

The initialization value for the WINT variable is 30 secondsThe robots

leave the nest for the �rst time after a period equal to the onewe employed

in the modi�ed version of ALLIANCE. In Labella's algorithm, the average
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Algorithmic variables:
Range Description

� + [2, 30]
� � [-30,-2]
� + [1.1, 5]
� � [0.2,0.9]
r0 f success,failureg [ f voidg previousperformance
r f success,failureg current performance

repeat boolean reinforcement 
ag
switch boolean direction 
ag

Table 5.2: Valuesand boundsof the variablesin the modi�ed versionof the
algorithm designedby Li et al. (2004).

Variable Init value
� + 5
� � -5
� + 2.4
� � 0.5

Table 5.3: Initialization valuesof the WINT enlargeand shrink factors and
o�sets.

delay the agents spend in time at the beginning of the experiment is 30

secondsas well.

The other variables used by Li et al. (2004) are also employed in our

modi�ed version. Nevertheless,we changesomeof the boundsof the original

GTP o�sets and factors, asshown in Table 5.2.

We do thesemodi�cations in order to reducethe dependencyof the re-

sults on other factors than the learning algorithm. As in the original prey

retrieval algorithm and in the adaptedversionof ALLIANCE, four consecu-

tive successfulretrieval bring the WINT variable from its lower value to the

higher allowed value and vice versa.

Algorithm 2 details the structure of our modi�ed version of the original

Li's learning strategy.

In Tables5.3 and 5.4 we present the initialization valuesof the variables

and also the constants we usedin our adaptation of the algorithm.

The Tm parameter(averageperiod for reinforcement signal) is uselessfor
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Algorithmic parameters:
Value Description

E 1.9 WINT o�set enlargefactor
F 0.3 WINT factor enlargeratio
U 2 WINT o�set shrink divider
V 0.5 WINT factor shrink ratio

Table 5.4: In our modi�ed version of the algorithm, we do not changethe
valuesassociated to the parameters. Therefore, these valuesare the same
employed by Li et al. (2004).

our purposes,becausethe reinforcement is assignedto each robot when it

comesback to the nest after a trial (successfulor unsuccessful).
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Algorithm 2 Li's Algorithm on Prey Retrieval.
WINT is the time an agent has to stay in the nest, expressedin seconds.

initialization:
Initialize � + , � � , � + , � �

r  no value ; repeat  0 ; WINT  30

if prey retrieved then
if r == no value then

repeat  0
else if r == success then

if repeat == 1 then
� �  E * � �

� �  � � + F * ( � � - 1 )
check if � � and � � are out of bounds

end if

ip repeat

else if r == failure then
WINT  ( WINT * 1

� +
) - � +

check if WINT is out of bounds
� +  � +

U
� +  � + - V * ( � + - 1 )
check if � + and � + are out of bounds
repeat  0

end if
WINT  � � * ( WINT + � � )
check if WINT is out of bounds
r  success

else if timeout then
if r == no value then

repeat  0
else if r == failure then

if repeat == 1 then
� +  E * � +

� +  � + + F * ( � + - 1 )
check if � + and � + are out of bounds

end if

ip repeat

else if r == success then
WINT  ( WINT * 1

� �
) - � �

check if WINT is out of bounds
� �  � �

U
� �  � � - V * ( � � - 1 )
check if � � and � � are out of bounds
repeat  0

end if
WINT  � + * ( WINT + � + )
check if WINT is out of bounds
r  failure

end if
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Chapter 6

Results

In the following, we present the results we obtained applying our method-

ology. We detail the procedurewe employed to prove the soundnessof our

simulator and its e�ciency as an instrument in the research.

We explain which are the parameterswe are interestedin comparingand

what results we obtained for each algorithm.1

Also, we show how our procedureallows us to draw �nal conclusionson

the performanceof the algorithms we considered.

6.1 Parameters of In terest

Our research focuseson the individual, autonomouslearning on one impor-

tant variable, that is, the time each robot spendsin the nest beforestarting

a new prey retrieval task.

ALLIANCE and the learning algorithm designedby Li directly �x the

time the agent will wait after each successfulor unsuccessfultrial, while in

Labella's Variable Delta Rule the adaptation is madeindirectly by meansof

the changesof a probabilistic value.

The main parameter we use to compare results is the already de�ned

e�ciency (seeEquation 4.1):

1The data analysishas beenperformed using GNU R, a languageand environment for
statistical computing and graphics. It provides a wide variety of statistical and graphical
techniques.
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� =
number of retrieved prey

colony duty time

It allows to evaluate the income-costratio of the captured prey for the

whole colony, in terms of time spent searching outside the nest.

Another aspect we are interestedin rating is the percentage of prey cap-

tured by the robots, for each setup and for each learning algorithm. It is

de�ned as:

P N
i=1 prey captured in experiment i

P N
i=1 prey appearedin experiment i

(6.1)

Finally, the last parameter we intend to compare is the degreeof spe-

cialization we reach with each strategy. We want to evaluate if, at the end

of the experiments, our colony has beensplitted in two di�erent main cate-

gories,foragers (robots that frequently leave the nest to retrieve prey) and

loafers (robots that stay in the nest for longer periods), and if the size of

those groups changesaccordingto the setup we are evaluating. We expect

that a good adaptation leadsto an enlargement of the group of the foragers

when the prey probability increases. On the contrary, if we increment the

sizeof the colony (holding the prey probability ) we expect a di�erent kind of

distribution amongthe agents.

6.2 Simulation Results

We start our analysisexplaining the results obtained in simulation for each

learning strategy. Later, in Section6.2.4,we group the results together and

analyzethe di�erences amongalgorithms.

6.2.1 Lab ella's Algorithm

In this sectionweelaborate the data weobtainedusingthe learningalgorithm

designedby Labella (2003), the Variable Delta Rule.

Figure 6.1 summarizesthe e�ects on e�ciency coming from changesof

the two variableswhich de�ne each experimental setup, prey probability and
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prey probability
0.005 0.01 0.02

2 79.20 70.66 41.92
size 4 81.46 86.49 70.83

6 86.98 86.92 77.07

Table 6.1: Percentage of captured prey over the total number of prey ap-
peared for each experimental setup, when we use Labella's Variable Delta
Rule (seeEquation 6.1).

size of the colony.

As we could expect, e�ciency increaseswhenprey probability is increased

aswell. A higher amount of prey in the environment causesfewer failed trials

and, in average,an inferior amount of time spent searching before coming

back to the nest when the retrieval is successful.We can alsonotice that the

smallestcolony (two robots) is the most e�cien t one in every condition and

it reachesits top e�ciency in the richest environment.

The reduction in e�ciency that we remark when the size of the swarm

is increasedcan be motivated by two di�erent reasons.The Variable Delta

Rule could be not able to eliminate from the group of the foragersthe robots

that are not strictly necessary. Another explanation could come from the

way we measuree�ciency . Sincethe Pl value is always greater than 0, even

loafers leave the nest in averageonceevery eleven minutes. Each trial they

do, when unsuccessful,increasesthe colony duty time.

The percentage of captured prey in each experimental setup is shown in

Table 6.1. Thesepercentagesare calculated using Equation 6.1 over all the

runs donein simulation for each setup.

Evidently, the percentage increaseswhenwe considerbiggercolonies.We

canalsoseethat, holding the sizeof the swarm, the lowestpercentagealways

corresponds to the higher value of prey probability. The explanation of this

result is straightforward: the colony is never big enoughto totally exploit

the richest environment. In particular, we notice that the lowest value in

the whole table is obtained with the setup that displayed the best average

e�ciency (size = 2 and prey probability = 0.02).

In a very rich environment, having a small colony, we would expect the
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Figure 6.1: E�ects of prey probability and sizeof the colony on the e�ciency
of prey retrieval in the simulation, using the algorithm designedby Labella
(2003). The bars report the results of forty experiments for each value of
prey probability (on the x axis) and for each size of the colony (di�eren t
coloursof the boxes). The top and bottom limits of the boxesextend from
the �rst to the third inter-quartile of the distribution of the results. The line
drawn inside the boxesrepresents the median value of the distribution. The
whiskers extend to the most extremedata point, which is no more than 1.5
times the inter-quartile rangefrom the box.

adaptation processto lead to a situation whereall the agents involved in the

retrieval task are foragers. The learning strategy designedby Labella works

properly in this case,aswe canseein Figure 6.2,on the right hand sideof the

�rst row. This speci�c histogram holds the �nal probability valuesPl of all

the simulated robots employed for the experiments of the setupwheresize=

2 and prey probability = 0.02. As it can be seen,with only a few exceptions,

all the agents show a very high Pl value. It meansthat the colony changed

itself into a group of foragers.

On the last row of Figure 6.2, in the middle position, we can observe

anotherexampleof the behaviour of the learningprocesswith this algorithm.
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Herewe �nd the �nal Pl valuesof the robots involved in the setupwherethe

size of the swarm is set to six elements and the prey probability is equal to

0.01 (that is, a prey appears in averageevery 100 seconds). In this case

the �nal situation changes.Not all the robots needto becomeforagersand

their �nal Pl value varies in all the allowed interval. Nevertheless,we can

distinguish two main groups in the diagram, near to the highest allowed

valuesof Pl and to the lowest ones.Thesegroupsidentify the two classesof

foragersand loafers.
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we evaluated in our research. On the samerow, we �nd the data concerning
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the end of the experiments.



6.2. SIMULATION RESULTS 71

0.005 0.01 0.02

0.
00

2
0.

00
4

0.
00

6
0.

00
8

0.
01

0
Alliance Efficiency

Prey Probability

E
ffi

ci
en

cy

0.
00

2
0.

00
4

0.
00

6
0.

00
8

0.
01

0

Prey Probability

E
ffi

ci
en

cy

0.
00

2
0.

00
4

0.
00

6
0.

00
8

0.
01

0

Prey Probability

E
ffi

ci
en

cy

2 robots
4 robots
6 robots
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size of the colony, using the ALLIANCE learning algorithm. For a detailed
explanation of the meaningof the symbols plotted, seeFigure 6.1

6.2.2 ALLIANCE

We performedthe sameset of experiments we preparedfor Labella's learning

strategy using the ALLIANCE algorithm.

The �rst parameter of interest, e�ciency , is analysed in detail in Fig-

ure 6.3. As we can seein the plot, increasingthe prey probability value and

the size of the colony, we notice an increasealso in the average value of

e�ciency; but it is not the only changewe observe. We can also seean en-

largement of the spreadbetweenthe highestand the lowestvalueof e�ciency

for each speci�c setup, as it can be deducedby the progressive elongationof

the whiskers in the diagram.

The percentagesof captured prey are presented in Table 6.2. As it was

with Labella's strategy, the lowest value in the table corresponds to the

experimental setup wherewe have the richest environment and the smallest

colony.
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prey probability
0.005 0.01 0.02

2 63.52 42.66 23.50
size 4 78.97 64.48 39.16

6 84.47 77.42 51.90

Table 6.2: Percentages of captured prey over the total number of prey ap-
pearedin the environment in every oneof the nine setupsusingALLIANCE
(seeEquation 6.1).

In this situation, we would expect that also the ALLIANCE adaptation

processwould lead the agents of the colony to specializeas foragers, that is,

their �nal Task Time value should be low. This parameter is expressedin

secondsand represents the time the robots spend in the nest beforestarting

to search for prey, as it can be inferred by Equations 5.1, 5.3 and 5.4. But if

we look at the histogramon the right hand sideof the �rst row, in Figure 6.4,

we notice that the bars are grouped in a central position, rather than on the

left hand sideof the diagram.

We �nd a similar situation whenwe considerthe experiments doneusing

this learning strategy, a colony composedof six elements and a prey proba-

bility value of 0.01(Figure 6.4, last row, central position). Also in this case,

we seethat the specialization processhas led to a situation where most of

the robots are gatheredin a small portion of the diagram, but there are no

classesthat emergefrom this distribution.

Wediscussmoreabout this in Section6.2.4,wherewecomparethe results.
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lated environment, using Li's learning algorithm. Each box and its whiskers
represent about forty experiments performed on a speci�c setup. For the
explanation of the meaningof each symbol plotted in the diagram, seeFig-
ure 6.1

6.2.3 Li's Algorithm

The overall situation of e�ciency can be evaluated looking at Figure 6.5.

Also in this case,e�ciency valuesincreasewhen the colony reducesits size

and the environment becomesricher.

We canalreadynotice that the spreadbetweenthe highestand the lowest

value of e�ciency for each experimental setup is lesswide than the corre-

spondent we had for ALLIANCE. This meansthat the performanceof this

learning algorithm is more constant amongdi�erent runs and it is lessin
u-

encedby statistical 
uctuations.

Table 6.3 summarisesthe percentage of captured prey in each setup. A

�rst, qualitativ e analysis of the data indicates that the distribution of the

values is the samewe found with the other two learning algorithms. As

usual, they increasewhen we hold the prey probability and we expand the
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prey probability
0.005 0.01 0.02

2 77.42 68.56 47.88
size 4 85.22 85.71 73.53

6 85.63 85.57 83.16

Table 6.3: Percentagesof captured prey obtained with the learning strategy
originally designedby Li (2002). Each cell holds the percentage of prey
retrieved to the nest by the robots over the total amount of prey appeared
in the environment during the runs of a speci�c setup (seeEquation 6.1).

colony, with the only exception of the setup where we usesix robots in an

environment with prey probability = 0.01. We can remark that this value is

very closeto the one just above, on the samecolumn.

Another common point among the three algorithms is that the lowest

value in the table is always associated with the setup wherewe observe the

highest e�ciency , that is, when the colony is composedof two agents that

are exploiting the richest environment.

It is not surprising that in this casealmost all the robots are in the group

of the foragersat the end of the experiments, aswe show in Figure 6.6 (�rst

row, on the right). There are only very few exceptions,represented by the

small bar in the middle of the histogram, that, in this situation, can be

consideredas loafers.

As we did for the other two algorithms, we analyzealso the samekind

of plot for a di�erent setup, wherewe have six robots in the colony and an

environment with a value of prey probability equal to 0.01 (Figure 6.6, last

row, middle position). While most of the agents havea �nal WINT valuethat

classi�es them as foragers, we can notice also a small, but signi�cant group

of loafers. The wide spread between the WINT values of the robots that

are likely to retrieve prey and the onesthat are supposedto stay in the nest

indicates somelevel of specialization amongagents that were homogeneous

at the beginningof the experiments.
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6.2.4 The Algorithms Compared

While in the previous sectionswe analyzedin detail each single algorithm,

now we want to draw our conclusionsabout their performances.

E�ciency

We start our analysis from the results obtained in terms of e�ciency , the

�rst parameterof interest de�ned in the previoussections.

Figure 6.7 shows the plots of the e�ects on e�ciency of di�erent learning

strategies,in environments whereprey probability changes.

We seethat, in average, ALLIANCE always performs better than the

algorithms designedby Labella and Li. Nevertheless,it shows the biggest

variance. It is evident, indeed,that the performanceof this algorithm is less

constant over di�erent runs of experiments preparedfor the samesetup.

In order to prove that there is a di�erence amongthe algorithms, we de-

cide to perform two nonparametricstatistical tests (Siegeland CastellanJr.,

1988). We must state a null hypothesisH0 and its alternative H1. The for-

mer is formulated with the expresspurposeof being rejected. If it is the

case,then the alternative hypothesis is supported. In our case,obviously,

H0 is that the three sampleshave beendrawn from the samepopulation or

identical populations.

We take assamplesizethe wholeset of experiments we performed,under

all the explored experimental setups, and we set our signi�cance level �

equal to 0.05. If the value that comesfrom the the test statistic falls into

the region of rejection,2 then our decisionis to reject H0 and to support H1

(that is, there is a di�erence among the samplescoming from the di�erent

algorithms).

We start our statistical tests with the Friedman two-way analysisof vari-

anceby ranks. This method is intended for testing the null hypothesisthat

three or more sampleshave been drawn from identical populations and it

2The sampling distribution includesall possiblevaluesthat a test statistic can take on.
The region of rejection consists of a subset of these possible values, and it is chosenso
that the probabilit y under H 0 of the occurrenceof a test statistic having a value which is
in that subset is � (Siegeland Castellan Jr., 1988).
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indicates if there is an overall di�erence among the samples. This is nec-

essarybeforepicking up any pair of samplesto test the signi�cance of the

di�erence betweenthem. If we beganour analysisby comparingeach of the

three sampleswith the other ones,using a two sampletest, we would have

three chances,rather than only one, to reject the null hypothesiswhen it is

true (this is called type I error). We would take the risk to make a type I

error three times, instead of only one. Only when an overall test allows us

to reject the null hypothesis,it is justi�ed to employ a procedurefor testing

for di�erences betweenany two of the three samples.

More details about the Friedman test can be found in Appendix B.

As we said, we set the signi�cance level � for our test equal to 0.05.

The Friedman test on the e�ciencies returns F = 183:5161and a p-value

� 0.001, that is, we can reject the null hypothesis that the three samples

have beendrawn from identical populations and then there is a signi�cant

di�erence amongthe e�ciency shown by the three algorithms.

We are now justi�ed in employing a procedurefor testing for di�erences

betweenany two of the three samples.

For this purpose,we chooseto perform the random permutation test for

paired replicates. This test involves paired replicatesand is is intended to

establish whether two algorithms are di�erent or if one is better that the

other. A description of rationale and method of this test can be found in

Appendix B.

As we expected, ALLIANCE is the best performing algorithm when we

considertheir e�ciency . When comparedboth to Li's learning strategy and

to Labella's Variable Delta Rule, the p-valueswe obtain are largely inferior

to 0.001. It meansthat we can reject the null hypothesisof no di�erence and

we can state that ALLIANCE shows the best e�ciency values.

The comparisonbetweenthe Variable Delta Rule and Li's algorithm gives

us a p-value of 0.6426.Thereforethere is no signi�cant di�erence.
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Figure 6.7: Direct comparisonamong the e�ciencies of the learning algo-
rithms. The results are grouped by the size of the colony. Figure 6.7(a)
refers to a two robot swarm. The boxes are categorizedby prey probability
and the learning strategy to which they refer. The samekind of plot is pre-
sented also in Figures 6.7(b) and 6.7(c), that refer, respectively, to a four
and to a six robot colony. For a complete explanation of the meaning of
each symbol plotted in the diagrams, seeFigure 6.1. It is evident that, in
average,ALLIANCE performsbetter than the other two algorithms, even if
the results are spreadon a wider rangeof values.
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Labella's Algorithm
prey probability

0.005 0.01 0.02
2 79.20 70.66 41.92

size 4 81.46 86.49 70.83
6 86.98 86.92 77.07

(a)

ALLIANCE
prey probability

0.005 0.01 0.02
2 63.52 42.66 23.50

size 4 78.97 64.48 39.16
6 84.47 77.42 51.90

(b)

Li's Algorithm
prey probability

0.005 0.01 0.02
2 77.42 68.56 47.88

size 4 85.22 85.71 73.53
6 85.63 85.57 83.16

(c)

Table 6.4: The three tables summarizethe percentagesof captured prey in
the nine di�erent setups.Each table groupsthe resultsof a learningstrategy.
The best performance in a speci�c setup is indicated in bold characters.
ALLIANCE is always dominated by the algorithms designedby Li (2002)
and Labella (2003), that show a better performance,respectively, in four
and �v e setups.

Percentage of Captured Prey

The secondparameterof interest is the percentage of captured prey over the

total number of prey appearedduring experiments, when di�erent learning

strategiesare employed. The data, presented in the previous sections,are

now grouped and comparedin Table 6.4.

Considering the methodology we employed in our research3 (seeChap-

ter 4), we can directly comparethe resultsobtained in each particular setup.

For a two agent colony in an environment whereprey probability is equal

to 0.005,for instance,we seethat the best performing algorithm is the one

designedby Labella, with a percentage of captured prey of 79.20. The sec-

ond best scorebelongsto Li's learning strategy, while the third place is for

3For each value of prey probability that we examine in our research, we prepared forty
instancesof prey timing, as well as forty seedsto passto the random number generatorof
the simulator. We used those pairs (instance - seed)to run the set of experiments three
times, each time with a di�eren t learning algorithm.
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ALLIANCE.

The progressof the valuesin each table, whenweconsidera singlelearning

algorithm, is almost the same. In all the caseswe examined, the lowest

percentage is placed in the cell corresponding to a two robot colony that

exploits a rich environment. The highest values, on the contrary, refer to

bigger swarms, when the prey probability is equal to 0.005or 0.01.

Wemarked in bold charactersthe bestperformancefor each experimental

setup. In most cases,we seethat the results of ALLIANCE are strongly

inferior to the onesobtained by the two other algorithms. The best scores

are quite equally splitted between the two other learning strategies, that

show similar valuesalmost in every experimental setup.

Also in this case,we perform both the Friedman test and the random

permutation test for paired replicates to have a statistical evidenceof the

di�erence amongthe algorithms (seeSection6.2.4). The samplewe consider

is composedof all the experiments we performedwith each learning strategy,

and the valuesin each triplet are the number of captured prey during each

experiment.

The Friedmantest returns F = 164:6674and a p-value� 0.001. It allows

us to reject the null hypothesisthat the three sampleshave beendrawn from

identical populations and then there is a signi�cant di�erence among the

valuesof captured prey shown by the three algorithms.

We continue our analysis with the random permutation test for paired

replicates. As we expected, in this caseboth Li's algorithm and Labella's

Variable Delta Rule show a better performancethan ALLIANCE. Both the

p-valueswe obtain from the comparisonsare largely inferior to 0.001. Then,

sincewe are performing a one-tailedtest, we can state that the robots using

ALLIANCE as learning strategy captured an inferior number of prey than

the two other algorithms.

The p-value we get from the comparison between Labella's algorithm

and the onedesignedby Li is 0.8858.In this case,we cannot reject the null

hypothesis that the former has a better performancethan the latter when

we considerthe number of captured prey.
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Specialization

Finally, we analyzethe degreeof specialization that the colony has reached

at the end of the experiments.

In order to have a fair comparison,we show the �nal distribution of 1
Pl

4

(Labella), Waiting In Nest Time (Li) and Task Time (ALLIANCE) values

in three di�erent setups,onefor each valuewe consideredfor prey probability

and size of the swarm.

The �rst casewe examinecorresponds to a two robot colony in an envi-

ronment whereprey probability is set to 0.005(Figure 6.8.)

As we can see,Labella's Variable Delta Rule leads to a �nal situation

wherethe agents aresplitted in two macrocategories,that wealreadyde�ned

as foragers(high Pl , then low 1
Pl

) and loafers (right hand sideof the graph).

The �nal valuesof the Waiting In Nest Time shown by the robots usingLi's

algorithm areconcentrated mostly in the left handsideof the histogram. This

meansthat the agents specializedthemselvesasforagers, even if small groups

amongthem present a signi�cant highervalueof WINT. Finally, the situation

is rather di�erent whenwe look at the ALLIANCE �nal distribution. In this

casewe notice that the valuesof the TaskTime parameterare concentrated

in the middle part of the graph, with very small groups both on the left

hand sideand on the right hand side. We insist that, in the caseof Labella's

algorithm, we did not plot the Pl values(Pl is the parameter on which the

learning is focused),but their inverses.This way, we obtain the averagetime

spent in the nest by each agent at the end of the learning processand we

can directly comparethe results of Labella's Variable Delta Rule with the

onesobtained with ALLIANCE and Li's algorithm, becauseall of them are

expressedin seconds.

We �nd a similar situation analyzing another experimental setup. Fig-

ure 6.9 shows the �nal specialization of the agents using the three di�erent

learning strategieswhen the size of the swarm is equal to 4 and the prey

4Pl is the probabilit y for a robot to leave the nest at each second. We decide to plot
the 1

P l
value instead of Pl . It meansthat we plot the averagetime the agent spend in the

nest before leaving, rather than its probabilit y to leave. This way, the measuresof all the
three algorithm are expressedin secondsand, thus, the comparison is more evident.
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probability is set to 0.01. Both Li's algorithm and Labella's Variable Delta

Rule allow a categorizationof their agents in the two mentioned categories,

even if, in the �rst case,we notice that the group of loafers is limited to

only a few robots. The histogram wherewe �nd the results for ALLIANCE

(Figure 6.9(b)) presents a totally di�erent shape whencomparedto the other

two. As in the previous experimental setup, there is no real specialization,

becausemost of the TaskTime valuesaregroupedin the middle of the graph.

Finally, we examinethe experimental setup wherea colony of six agents

has to deal with the richest environment we considered. As we could ex-

pect, both Li's algorithm (Figure 6.10(c)) and the Variable Delta Rule (Fig-

ure 6.10(a)) group their �nal results in a range where most of the agents

can be consideredas foragers. Despite the rich environment, ALLIANCE

does not allow its robots to lower their Task Time values as much as the

environment could require. Indeed, most of the agents spend from 200 to

400secondsresting, beforestarting a new prey retrieval task.
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Labella's Algorithm ( size: 2 ; prey prob. = 0.005 )
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ALLIANCE ( size: 2 ; prey prob. = 0.005 )

Task time (s)

N
um

be
r 

of
 r

ob
ot

s

0 100 200 300 400 500 600 700

0
10

20
30

40
50

60

(b)

Li's Algorithm ( size: 2 ; prey prob. = 0.005 )
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Figure 6.8: Degreeof specializationreachedat the endof the experiments by
a two robot colony in an environment whereprey probability is equalto 0.005.
As it canbe seen,Labella's learningstrategy (Figure 6.8(a)) splits the robots
in two di�erent groups, foragers (on the left hand side of the histogram)
and loafers. Li's algorithm (Figure 6.8(c)) o�ers a di�erent situation, where
almost all the robots have becomeforagers, except for a very small group.
In ALLIANCE (Figure 6.8(b)), the �nal TaskTime valuesof the robots are
concentrated in the middle of the plot. It is worth to note that, showing 1

Pl

insteadof Pl for the robots that usedLabella'sVariableDelta Rule, the values
on the x axis of the three histogramscan be directly compared.While Task
Time and Waiting In Nest Time expressthe exact time the robot spends
in the nest beforestarting the retrieval task again, 1

Pl
represents the average

time it restsbeforeleaving the nest.
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Labella's Algorithm ( size: 4 ; prey prob. = 0.01 )
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ALLIANCE ( size: 4 ; prey prob. = 0.01 )
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Li's Algorithm ( size: 4 ; prey prob. = 0.01 )
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Figure 6.9: Final specialization for the three algorithms at the end of the
experiments of the setup where size = 4 and prey probability = 0.01. The
agents that learn by meansof the Variable Delta Rule can be categorizedin
two big groups,even if a very small amount of robots have their �nal value
distributed in the middle of the histogram (Figure 6.9(a)). In this situation,
most of the agents have becomeforagers. Also Li's learning strategy leads
to a situation wheremost of the robots belong to the group of the foragers
(Figure 6.9(c)). Only a small group presents their �nal WINT value in the
right hand side of the graph. ALLIANCE shows a peculiar distribution
wherealmost all the �nal TaskTime valuesare grouped in the middle of the
histogram (Figure 6.9(b)).
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Labella's Algorithm ( size: 6 ; prey prob. = 0.02 )
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ALLIANCE ( size: 6 ; prey prob. = 0.02 )
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Li's Algorithm ( size: 6 ; prey prob. = 0.02 )
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Figure 6.10: The last experimental setupfor which we present the specializa-
tion histogramsinvolvesa six robot colony acting in the richest environment
we consider. As we could expect, both Li's algorithm (Figure 6.10(c)) and
the Variable Delta Rule (Figure6.10(a)) bring most of the agents to be spe-
cialized as foragers. As in the previoussituations, ALLIANCE's TaskTime
valuesare grouped between200and 400seconds(Figure 6.10(b)).
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6.3 Real Rob ot Results

This section is intended to validate the results we obtained in simulation

using the oneswe found with real robots. It is not possibleto have a full

validation of the simulator. That is, it is not possibleto have any proof that

the results of the simulations will always match those of the real robots for

every possiblesetup. This comesfrom the fact that a simulator implements a

model of the reality. The researcher choosesand developthe model according

to her/his understandingof the phenomenaand her/his needs.

The processof validation shall not aim at proving the match between

simulation and reality. On the contrary, it shall aim at proving that the

simulation is not valid. A failure of such attempt increasesthe con�dence in

the validit y of the simulator and the correctnessof its results.

Wefocusedour attention on thosevaluesof preyprobability andgroupsize

that give in simulation either big or low di�erences among the algorithms.

Figure 6.7 shows that, when we considere�ciency , there are big di�erences

for prey probability valuesof 0.01 or 0.02 and coloniescomposedby four or

six elements.

It is di�cult to perform experiments with real robots using coloniesof

six agents, becauseof the risk of major hardware failures. Additionally , prey

probability equal to 0.02leadsto a sohigh rate of prey appearancethat it is

often di�cult for the experimenter to placethem at the right time. Therefore,

we usedfour robots with a valueof prey probability of 0.01,with the purpose

to show that in such conditions the big di�erence amongalgorithms doesnot

occur.

Wetested�v einstancesandperformedthe Friedmantest to verify whether

there is a statistical di�erence amongthe three learningstrategiesin terms of

e�ciency . The signi�cance level � is set to 0.05,as it was for the simulated

experiments. Calculating this statistic, we obtain F = 7:6, with p-value

= 0.02237. It meansthat, using only �v e triplets of e�ciency values, we

can reject the null hypothesis that the three samplescomefrom the same

population or from populations with the samemedian.

This result allows us to perform the pairwise comparisonbetweenalgo-
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rithms using the one-tailed random permutation test. As we did before,we

usethe Holm correction for multiple testing to adjust the �nal p-values. The

results con�rm what we found with the simulator. The direct comparisons

between ALLIANCE and Labella's Variable Delta Rule, and between AL-

LIANCE and Li's algorithm lead to the �nal p-valuesof 0.0255and 0.026,

respectively. Both of them are smaller than 0.05,our signi�cance level, and,

asa result, we can reject H0. Sincewe perform one-tailedtests, we can also

deducethat, whenwe considere�ciency , ALLIANCE is the best performing

algorithm of the three.

The direct comparisonbetweenthe learning strategy designedby Li and

the Variable Delta Rule shows a p-valueequalto 0.2201,that is not su�cien t

to reject the null hypothesis.

The results obtained with the two statistical tests con�rm the presence

of wide di�erences among the algorithms in this setup. Five real robot ex-

periments for each learning strategy allowed us to �nd the same kind of

di�erences we found in simulation. We are therefore not able to invalidate

the simulator in this case.

We focus then our attention on those parametersthat show in the sim-

ulation a small di�erence. Figure 6.7 suggeststhree experimental setups:

f prey probability = 0.02,size = 2g, f prey probability = 0.005,size = 4g and

f prey probability = 0.005,size= 6g. For the samereasonsasabove, we chose

to use the setup where prey probability is equal to 0.005and the colony is

composedby four robots. For this setup,our purposeis to show that there is

a relevant di�erence amongthe algorithms. As above, such di�erence should

appear with a few instances,if it exists in the real robots.

Performing the Friedman test over �v e instances,we obtain a p-value

greater than 0.05. It meansthat we cannot reject the null hypothesis that

the samplescome from populations with the samemedian. This is a less

strong, but important evidenceof the soundnessof the simulator. Five runs

in this experimental setup are not su�cien t to emphasizethe di�erences

among the e�ciency values. In order to �nd such a di�erence, we should

perform more experiments with real robots. Additional experiments would

behowever a wast of resources.Wearenot interestedin showing that there is
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Prey Probability
0.005 0.01

Labella's Algorithm 81.72 87.13
ALLIANCE 68.89 74.85

Li's Algorithm 84.94 91.81

Table 6.5: Percentagesof captured prey in the two di�erent setupswe used
for real robot experiments. The colony is always composedby four robots.
The resultsare qualitativ ely closeto the oneswe showed for simulation. AL-
LIANCE never scoresbetter than the other two learning strategies,while we
get closevaluesfrom Labella's Variable Delta Rule and from Li's algorithm.

a di�erence, rather in showing that such di�erence is of a di�erent magnitude

than in the simulator, which seemsnot to be the casewith theseparameters.

Table 6.5 shows the percentages of captured prey over all the prey ap-

pearedin the environment during the experiments with real robots. As we

can see,the valuesare coherent with the oneswe found in simulation. AL-

LIANCE displays scoressensiblylower than the other two algorithms. More-

over, Li's algorithm and Labella's Variable Delta Rule show closevaluesin

both the experimental setups. As we did for simulated runs, we perform a

statistical analysison the number of captured prey. We take all the exper-

iments we performed as samplesize (N = 10). The Friedman test returns

F = 12:4118 and a p-value equal to 0.002018. This result, totally coher-

ent with the one obtained in simulation, allows us to refusethat the three

samplescome from populations with the samemedian. The random per-

mutation test, �nally , con�rms what found in simulation, that is, both Li's

algorithm and Labella's Variable Delta Rule have a better performancethan

ALLIANCE on the number of captured prey (p-valuesequal to 0.0096and

0.01, respectively).

Finally, we can seein Figure 6.11 that also a qualitativ e analysisof the

third parameterof interest re
ects what we observed in simulation. The his-

togramscan be directly comparedwith the onesin Figure 6.9. The scaleson

the x and y axis are the samein the two �gures and the overall arrangement

of the bars is the same,aswe could expect from a reliable simulation.

ALLIANCE evidently doesnot specializeits agents and their �nal Task
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Time valuesare grouped in the middle of the diagram. On the other hand,

we cancharacterizetwo di�erent groupsin the two histogramscorresponding

to Li's algorithm and to Labella's Variable Delta Rule.

All our attempts to invalidate the simulator failed. On the contrary, they

show a good agreement between simulation and real robots. Theseresults

support the usefulnessof the simulation asan instrument for our research.
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Labella's Algorithm ( size: 4 ; prey prob. = 0.01 )
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Li's Algorithm ( size: 4 ; prey prob. = 0.01 )
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Figure 6.11: Final specializationof the real robots usedin experiments where
the colony size was set to four agents and prey probability was equal to
0.01. It is evident the �nal result of the specialization processwith Li's
learning strategy (Figure 6.11(c)) and with Labella's Variable Delta Rule
(Figure 6.11(c)). In both cases,we can notice that most of the robots that
can be categorizedas foragers. On the other hand, ALLIANCE does not
specializeits agents and their �nal TaskTime valuesare concentrated in the
middle of the histogram. As wedid analyzingthe resultsfrom simulation, also
in this caseweshow 1

Pl
insteadof Pl for the robots that usedLabella'sVariable

Delta Rule. This way, the valueson the x axis of the three histogramscan
be directly compared,becausethey are all expressedin seconds.
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6.4 Conclusions

What we can infer from the above analysis is very interesting. It is true

that ALLIANCE scoresbest on the �rst, and most important, parameter

of interest (e�ciency), but this result is achieved never truly specializing

agents and, consequently, collecting a relatively low number of prey on the

total appeared. The TaskTime �nal valuesare grouped in the middle of the

possiblerangein almost every experimental setup. It meansthat the robots

using ALLIANCE as learning strategy do not really changetheir behaviour

accordingto the environmental situation.

On the other hand, both Li's algorithm and the Variable Delta Rule

designedby Labella (2003) show a better adaptation to the environmental

situation and to the size of the colony. Their robots, in average,spend more

time outside the nest (thus obtaining lower e�ciency results) and collect a

remarkably higher number of prey (as it is evident from Tables6.4(a), 6.4(c)

and 6.4(b)).

We present more practical conclusionsabout the results of the three al-

gorithms in Section7.2.
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Discussion

In this last chapter, wedraw some�nal conclusionsabout what hasbeendone

in our research in terms of aims and major �ndings. We summarizeherethe

methodology we developed and applied to the di�erent learning algorithms

studied and we evaluate the results that emergedfrom the data analysis.

Finally, we describe brie
y what we could expect as further research work.

7.1 An Overview of the Research

It was our intention to detail a methodology to evaluate the performanceof

di�erent learning strategiesapplied to the Swarm Robotics �eld.

The procedure we explained in the previous chapters utilizes methods

already accepted in many other scienti�c �elds, that is, to bring all the

learningalgorithms to a commontest �eld and to evaluate their performances

regardlessof di�erent hardwareimplementations or environmental variations.

First, we de�ned the test �eld wherewe intendedto perform our analysis.

We choseprey retrieval as the task the robots must accomplish.Our choice

is motivated by the importance that this simple task has both in robotic

literature and in biology, which is the domain that mostly inspired Swarm

Robotics. Prey retrieval doesnot require direct communication among the

agents. The robots can exploit local information to evaluate their perfor-

manceand to adapt their behaviour to the environmental conditions.

93
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The secondstep we made was to de�ne the experimental setups that

describe the conditions under which the learning algorithms weretested. We

delineatedthe setupsby meansof two variables: size of the colony and prey

probability. The secondvariable speci�es the probabilistic rate at which prey

appear on the testing �eld.

Sincewe intended to comparelearning strategies,regardlessof hardware

e�ectiveness,we choseto employ very simple robots. The choice fell on the

MindS-bots, robots built with LegoMindStormT M bricks designedby Labella

(2003)that havesu�cien t sensorcapabilitiesto perform a prey retrieval task.

Considering that real experiments are time consumingand in order to

expand our research to a wider number of di�erent experimental setups,

we decidedto use also a simulator. We coded a speci�c software, MindS-

miss, intended to emulate the MindS-bots and their interactions with the

environment in a slightly simpli�ed but realistic way.

Our goal, fully achieved at the end of the research, was to test the algo-

rithms in simulation and then with real robots. The real experiments were

intended to validate the soundnessof the simulator and to prove that the

results obtained in the virtual environment could be valid also in the real

world.

We prepared nine di�erent experimental setups. For each of them we

decidedto perform forty experiments in simulation. Each set of experiments

had to be performedasmany times asthe number of algorithms we intended

to examine. We wanted the comparisonas fair as possible,thus we decided

to prepareforty instancesof random generatedprey timing for each possible

value of the prey probability variable. Each instance included the time at

which each prey hasto appear in the environment and its exactposition. We

coupledtheseinstanceswith an equalnumber of seeds.The seedsarecasually

generatednumbers that werepassedto the random number generatorof the

simulator to have a �xed sequenceof valuesproducedat each simulation.

We chosetwo setups for the runs in the real world. Five experiments

for each experimental setup were su�cien t to demonstratethe soundnessof

the simulation and to validate the results obtained. For real robot trials we

employed a subsetof the instancesgeneratedfor the virtual environment.
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We decided to evaluate the performancesof three learning algorithms.

The choice of the �rst candidate was straightforward. Sinceour work is in

someway the prosecutionof Labella's research (Labella, 2003),we evaluated

the performanceof the Variable Delta Rule designedby the author.

The secondalgorithm wedecidedto includein our research is ALLIANCE.

Designedby Parker (1998), it was created for Multi Robot Systems. It

shows some similarities with Labella's Variable Delta Rule (robots adapt

their behaviour in an automatic way even when a centralized knowledgeis

not present) and it is well known in mainstreamrobotics.

The last candidatewas an algorithm designedby Li (2002). It was par-

ticularly suitable for our purposes,becauseit is intended to specialize the

agents adapting only oneparameter. Moreover, it was createdto work with

swarms of robots.

The �nal part of the work was the run of the experiments and the statis-

tical analysisof the results.

7.2 Evaluation of the Results

The most important result we obtained in our work wasto prove the robust-

nessof our methodology. Using speci�c statistical tests, we demonstrated

the soundnessof the simulation with a very limited number of experiments

performed in the real environment. This led to a signi�cant saving of both

resourcesand time. Moreover, we detailed guidelinesto comparedi�erent

learning strategiesin Swarm Robotics.

Also the parameterswe choseto rate the performancesof the three algo-

rithms led to interesting results. As we showed, ALLIANCE always scores

better than the other two when we considere�ciency , but it never reaches

the results of Labella's Variable Delta Rule and of Li's learning strategy in

terms of captured prey.

Analyzing the histogramswe presented in the previouschapter, we notice

that ALLIANCE doesnot allow the agents to specializeaccordingto di�erent

environmental situations. The �nal Task Time values, that represent the

time each agent spendsin the nest beforestarting a new prey retrieval trial,
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are almost constant in every experimental setup.

In conclusion,the choiceof oneof the three analyzedalgorithms for real-

world applications depends on the situation where the agents have to be

employed. For instance, we could consider using ALLIANCE as learning

strategy when e�ciency is more important than the number of captured

prey. It could be the caseof a number of rovers that must retrieve samples

on a distant planet. On the other hand, it is evident that Li's algorithm or

Labella'sVariable Delta Rule could givebetter resultsin terms of cleanliness,

performing the already mentioned garbagecollection task on the streetsof a

town.

7.3 Further Work

There are surely many ways to continue researching in the �eld we explored.

The �rst, and most obvious, is to considernew algorithms for comparison,

using the sametest �eld we preparedfor the three we examinedin our work.

We could alsoexplorea larger number of experimental setups,increasingthe

number of robots in each colony or deploying them in environments with

di�erent valuesof prey probability.

The caseof heterogeneouscoloniescould alsobe explored,that is, the use

of robots having di�erent speci�c capabilities or performanceson a speci�c

task. In such a situation, it could be interesting to analyze if the learning

algorithms can lead to a di�erent specialization degreeamongthe agents.

Another interesting topic could emergefrom the observation that, in our

research, we did not �nd experimental evidenceof the reasonwhy e�ciency ,

with all the strategiesexamined, decreaseswhen the size of the swarm is

incremented. A possiblefurther research could focuson this issue,evaluating

if this situation is causedby problemsrelated to the learning strategiesor,

alternatively, by the way we decidedto measuree�ciency in our work.

Nevertheless,considering the huge number of di�erent tasks to which

Swarm Robotics is applied, we believe that the most interesting kind of

prosecution of our work could be to expand our methodology to new test

�elds. Our procedurecould allow swarm robotic systemdesignersto improve
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their control algorithms sparing resourcesand time, drawing scienti�cally

sound conclusionsabout their performanceswith a limited number of real

experiments.
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App endix A

Simulator UML

We present here four UML class diagrams of our simulator, MindS-miss.

The diagramsdo not include all the classesexternal to our program, such as

KODEX or ODE.

After a �rst, global overview of the logical schema of the software, we

focuson three important groupsof classesthat are analyzedin more detail.
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Figure A.2: We detail here the structure of the portion of our software that
reproducesthe control systemof the robots. The classesthat hold the mech-
anismsof the learningstrategieswe evaluatedderive from two virtual classes,
Controller and Starter. All the controllers employ the samebasicbehaviours,
that are described in the lower part of the diagram.
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Figure A.3: The classRobot holds all the physical information about each
agent acting in the simulation. It derives from the genericclassObject and
speci�es alsowhich is the controller that is coordinating the robot movement.
In the classare present methods to specify the speedof the six wheelsand
to check the situation of the bumpers.
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Figure A.4: The classEnvironment is a central part of the simulator. Its
methods are also used to load all the objects in the arena. The properties
and the number of such objects arereadfrom XML �les by the FileApp class.
The outputs of MindS-miss are log �les, generatedby the classLog, where
all the information about the running experiment is stored.
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App endix B

Statistical Tests

To validate the results of our simulation, we used two di�erent statistical

tests. In the following we summarizetheir procedures.

B.1 Friedman two-way analysis of variance

by ranks

The Friedman two-way analysis of variance by ranks can be applied when

the data from the matched samples1 are in at least an ordinal scale.2

It tests the null hypothesis that the three (or, more in general, the k)

repeated measuresor matched groups come from the samepopulation or

from populations with the samemedian. In our case,for the Friedman test,

the data are grouped in a table with three columns (k), that represent the

di�erent algorithms, and N rows (the number of experiments performedfor

each learning strategy). The scoresin each row are ranked separatelyand

the test determinesthe probability that the di�erent columnsof ranks come

from the samepopulation. If the null hypothesisweretrue, we would expect

1We recall that the experiments make use of the blocking design, which grants the
matching of data coming from di�eren t algorithms.

2Ordinal scale: the objects in one category of a scaleare not only di�eren t from the
objects in other category of that scale,but also stand in somekind of relation to them.
Typical relations among classesare: higher, more preferred, more di�cult, etc. (Siegel
and Castellan Jr., 1988).
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the distribution of the ranks in each column to be a matter of chanceand

the sum of ranks in each column to be:

N (K + 1)
2

(B.1)

If the oppositecase(null hypothesisH0 false), then the rank totals would

vary from one column to another. The Friedman test determineswhether

the rank totals (Rj , where j is the column we consider) for each condition

(or learning algorithm, in our case)di�er signi�cantly from the valueswhich

would be expectedby chance. To do this test, we compute the value of the

statistic which we denoteas F (Siegeland CastellanJr., 1988).

F =
h 12

N k(k + 1)

kX

i =1

R2
i

i
� 3N (k + 1) (B.2)

Once we have the value of F , we can calculate the probability associated

with it.

For big samplesizes,a large-sampleapproximation can be usedand the

statistic F is distributed approximately as � 2.

B.2 Random perm utation test for paired repli-

cates

Permutation tests, under certain conditions, are the most powerful of the

nonparametric techniquesand are appropriate whenever measurement is on

an interval scale,3 asit is in our casewhenconsideringe�ciency valuesor the

percentagesof captured prey. It utilises both the direction of the di�erences

within pairs and the relative magnitude, giving more weight to a pair which

shows a large di�erence between the two conditions than to a pair which

shows a small di�erence.

A permutation test assumesthat the two scoresobserved in each pair

3Interval scale: a scalethat hasall the characteristics of an ordinal scaleand wherethe
distancesor di�erences betweenany two members of the scalehave meaning.
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could be randomly assignedto the algorithms (say X and Y) that generated

them. This is what we would expect if the null hypothesisof no di�erence

betweenthe algorithms is true.

We de�ne di = X i � Yi as the di�erence for the i th pair and it is a

measureof the di�erence between algorithms, while
P N

i=1 di is the sum of

the di�erences. If H0 was true, then the sign of each di would be a matter

of chance.

The samplingdistribution consistsof the permutation of the signsof the

di�erences to include all possible2N (whereN is the number of experiments)

occurrencesof
P N

i=1 di . The region of rejection consistsof those outcomes

that have the most extreme
P N

i=1 di 's and it is composedby 2N � � occur-

rences. If the measured
P N

i=1 di falls into the region of rejection, we can

discard the null hypothesis that the algorithms are equivalent. Moreover,

sincewe usea one-tailed test, we can also deducewhich one is better than

the other.

Sinceweareusinga largesample,the number of permutations to calculate

would be too large. We estimate the p-value by meansof the Monte Carlo

method. We perform the pairwise comparisonof the algorithms, then we

apply to the p-valuesthe Holm correction for multiple test (Holm, 1979), in

order to have a strong control over the errors.
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