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Abstract

Many animal species, including humans, live in groupkjch means, in
gener al ter ms, tirh gegeraliive i wea nt d gnd tehlr gprr ce.t
together o more specifically, depending
spatial proximity to each othertn this respect, not all animal species live
equally the group sociality-he social living is a matter of degree. Clearly, two
individuals of the opposite sex must stay togetbemating as well agarents

remain close to the childrem many speciesf animals. However, nowadays,

it is also clear that some species tend to be more social than others, beyond the
biological needs of mating and taking care of offspring. So some interesting
research questions are: What are the adaptive advantages otitidigng,

beyond the reproductive needs or looking after the neighbors? In other words,
why animals exhibit different degrees and types of sociality?

The advantages of living in groups have been extensively explored in ethology
and biology, and they argenerally related to the cooperation needs : (a)
protection from predators, (b) feeding efficiency, (c) competition with other
groups of corspecifics, and (d) possibility of information sharing.

Many authors argue tha@boperation enables groups ioflividuals to reach
common goals that are precluded to a single br example,in social
grooming Moreover laboratory dyadic cooperation has been analyzed with
new simplified paradigms such @Bhe Loose Stringd s k 0

On the other hand, living in nestyadic groups (consisting of more than two
subjects) poses a fundamental problem of social coordindtisna not simple
negotiation problem that in the examplEsr theethology, groups of animals

are autonomous unitehich allow members to synchromzsome activities,

such as collective foraging and coordination in moving. For this reason, in
animals world, especially in mammals and virtually always in primates,
whenever there are groups, there seémbe a leadership / followership
pattern emergenceBoth in ethology and in biology, whenever there are

moving groups of animals, a leadership arise. Evolutionary biologists use the



term leadership for behaviors that influence the type, timing and duration of
group activity and generally they argue thag reason for the emergence of
leadership / followership patterns is the need to coordinate.

A lot of theoretical works focus on how navigational information is exchanged
between group members and how such information flow depends on the
knowledge held by each member. Some open issues are : how do groups reach
consensus and solve the problem ofntaning a collective moving? Is there a
considerable variation in knowledge of the group members? Is the role of
individual knowledge level determining for leadership in animal groups?
Furthermore, gamtheoretical analysis has shown how, in some siosf the
emergence of leadership is almost inevitable. Some experiments, conducted on
humans, underline, not only how leadership can emerge in human beings as
well as animals, but variation in temperaments may represent a prerequisite for
the emergence ¢éadership. These studies suggest the thesis that evolution has
fashioned a sdargevari ati on of i ndividual so
emergence of leaddollower patterns that are, in turn, essential for solving all
the social coordination problems.

On one hand, w purpose iginding an answer to questions likéay really

arise leadership in a group of genetically heterogeneous robots? Who is the
leader? What are leaders made of? What are characteristics and skill of leader?
All mentioned biological and ethological experiments are often hard to be
performed in laboratory, since social species are not suitable for experiments
performed in captivity Therefore, inthis approachwe us artificial models

from Embodied Cognitive Science literature and Ewionary Robotics In
particular, we simulate groups of embodied and artificially evolved robots
which must cooperate in order to reach a collective purpaseevery
experiment, we tryo maintaina strong link betweefphenomenoaandiitasio
derived from experiments on animal behavior, in order to get insights from this
kind of data reciprocallyOn the other hand, we can contribute to build a new
generation of autonomous robotics apgions or a new generation of
software agents which need a coordination and a leadership emergence to work

properly. Examples are the design of new groups of robots for navigational

person



tasks in unknown environments where spontaneous leadership emergence
coud foster the coordination for the environmental exploration by robots.
Similarly, evolutionary software could exploit leadership/followership patterns
and hierarchic structures in order to guarantee the cooperation between
different components. In this wol illustrate 4 different experimental setups,
which examine the mentioned problems under different viewpoints.

Results show thasociality give the groups many advantage: 1) sociality
facilitate the emergence of more probability to find the food itespf the
increased physical obstruction. Moreover, individual physical limits can be
compensated by an increase of the population members number. The sociality
fosters the intrapecies or intraace cohesion that allowsembergbelonging

to one speciesr one race groygo be more successful respect to other species
or other races groups; 2) in dyadic coopgesiubjects, sociality contribute to

the coordination of the groupia many communication channels (visual or
voiced); 3) in nordyadic cooperate subjects (i.e. in groups of more than 2
member), social coordination causes the spontaneous emergence of flocking
behaviors and leadership. Leaders seem to be the most explorative individuals,
the fastest to reach the food areas, etc.






Introduction

Many animal species, including humans, live in groupkich means in
general ter ms, [1] Ihtheconimon serse, all thg iadividuals 0
of samespecies thdlive togetheralways share the same physical environment.
However,we can i nter pr et specificallydepgndibhgooget her 0
how two or more individuals live in spatial proximity to each other, by
perceiving others and by performing actions that change theoamentor

af fect ot.meéisedpectanat alliammmakspecies livequallywithin

group sociality Therefore, the social living is a matter of deglkearly, two
individuals of the opposite sex must stay together, in order to, nmatl
sexually reproducing specidgloreover in many spcies of animals, parents

take care othe children tdhelp them survive Nowadaysit is also clear that

some species tend to be more social than others, beyond the biological needs of
mating and taking ca of offspring. So some interesting research questions are:
What are the adaptive advantageshef social living beyondthe reproductive

needs orcaring aboutthe neighba? In other words, Wy do animals exhibit
differentdegrees and types of sociafity

The advantages of living in groups have been extensively explored in ethology
and biology and they aregenerally related tothe cooperation needs(a)
protection from predatorqb) feeding efficiency, (c) competition thi other
groups of corspecifics and (d) possibility of information sharing.

Many researchers have studithee principles underlying the cooperatiom

animal reign wherevarious and outstanding examples of cooperation can be
observed In genergl cooperation enables groupmd individuals to reach
commongoals that are precluded to a singler examplesocial grooming (or
allo-grooming) [2] is an activity in which individuals in a group clean one
another's body, as the reciprocal cleaning of [dirs practice, grounded an
tensionreduction mechanism [3§hows that primates exhibit sorbehavious

of reciprocal altruisnj4], whichmeang he mut ual assistance s

solwi | | h eThipmeghanism can bond and reinforce social structures,



family links, and build relationships or the structured social osgdioin of
insects such as ants, bees, wasps or termites where every subject covers a
specific role that sustains the hierarchy feeding the entire group.

The ethological observation othese phenomena has been recently
complemented with the study in controlled situatidsy using specific
experimental paradigms: these paradigms represent a simplified version of
cooperation chances that animals encounter in natural environ®eatof
these, he fiLoose String & s ki®an experimental paradigm to studyadic
cooperatior(regarding to two subjectsgleveloped5] and used§,7] in orderto

study chimpanzees, birdsnd recently elephants.

On the other handjving in nondyadic groups(consistingof more than two
subjects) poses a fundamental problem of social coordinatitinis a
complicatednegotiation problem thas not often involvedn the examples of
dyadic cooperationFor example, in order to move inlarge group, some
membergnot necessarilgverybody) must choose the moving direction for the
wholegroup and have to coordinate ith@ovements.

Primatology has éen dealing, for a long time, withhat may be the conditions

that lead to the faonation of groups in primatesSeveral authors have
suggested that grouping proviléo members, such benefits that differences in
size of groups (either between different races or within the same race) must be
sought primarily in the disadvantages that a given ecology determineg on th
group developmer[®]. As a matter of factsomeanimals which have to feed

on larger areas, geire an expansion of the growp match their nutritional
requirements, with a consequent increase in time and travel costs for the entire
group[10. A st udy on A shagspravedrthatithe size ef greups is
conditioned by the distribution, density and size offtha patches spread in

the environment Were primates live and interact [11]

In ethology, groups of amals are autonomous unit$iig allows members to
synchronize some activities, such as collectiveadorg and coordination in
movementsFor this reason, ithe animal world éspecially in mammalsnd
virtually always in primates)whenever there are groufigereseens to bea

leadership / followership pattesemergenceFor koth ethology andiology,



whenever there are moving groups of animalsieed forleadershiparises.
Evolutionary biologists use the term leadership dehavious that influence

the type, timing and dation of group activity12] and generally argue that the
reason for the emergence of leadership / followership patterns is the need to
coordinate 13].

A lot of theoretical works foces on how navigational information is
exchanged between group members and how auirtiormation flow depends

on the knowledge held by each memkkf][ Some open issues are : how do
groups reach consensus and solve the problemmaoftaining a collective
moving?Is there a considerable variationknowledge of the group membe@rs

Is the role of individual knowled@ekevel determining foteadership in animal
group®

Actually, a few experiments have attempted to provide the necessary empirical
dataabout he social coordinatiofl5]. These experiments demonstrate that
during pairing flights, when two pigeons have a conflict mirdividualy
preferred routeif they are significantly different (in knowledge), one bird will
emerge ashe leader and the otheone asthe follower. This means thatin

order to negotiate joint routes, pigeons make use of a complex decision making
system based on leadership mechanisms, where, in substance, less homing
experienced birds are likely to follow more experiencedsmetifics.

Furthemore, @metheoretical analysis has shown how, in some situattbes,
emergence deadership is almost inevitabl8ome experiments, conducted on
humans, underline, not only how leadership can emerge in human beings as
well as animalsput even how variation in temperamentsnay represent a
prerequisite for the emergence of leadershipese studies suggest the thesis
that evolution has fashionédver many milions of years of triad and erros) a

large variation of individualé personalitiesto foster the emergence of
leaderfollower patterns that ayein turn, essential forsolving of social
coordination problemfL6].

Therefore, some interesting questionosme from a detailed analysis of

literature May leadershipreally arise in a group ofegetically heterogeneous



robots? Who is the leaderWhat are leaders madof? What arethe
characteristicend skilk of a leade?

All mentioned biological ahethological experiments are ofteardto perform

in laboratory since strongl social species are not suitable foqperiments
which are performedah captivity. These animals tend to need a long time to be
trained and bred for the laborator§o it is often difficult to set some
experimental proves of theories abdeadership and grouping emergence by
themeans obnly usingexperimental animalor human subjects.

In this thesis | proposean alternative approacfinstead of tk traditional
statistical analysis of empirical datg to psychology scientiststhis new
approach s based on artificial modelThe idea comes frormy readings of
Embodied Cognitive Science literatuj®7] and Evéutionary Robotics [18]
which is the principal methodologthat | use inthis work for the design and
implementation of control systems simulated autonomous robotdn
particular, | simulate groups of embodied andartificially evolved robots
(kheperalike) situated in an environmemthere they must c@eratein order
toreach a collective purpose

In the past, severadeups have been experimentedth by the means of
Evolutionary Roboticsfor studyingthe emergence acfomecognitive skills in
robds. A series of experimental spshave been implemented to analyze the
prerequisitesor theemergence of different categsationabilities in embodied
agents [19]such ashehavioual categosation categorical perception, etn
another experiment, authors haweestigated thepossibility of aggregation
and controlled motion okelfassembling and setfrganizingrobots, called
swarmbots [20]. Analysis of the evolved controllers shows that these robots
have properties of scalability and display a swarm intelligence similar to
groups ofinsects or other living beingselonging tothe animal kingdom
Navigatioral skills of evolved robots have been examined in some setups [21]
as well aghe evolution and themergence of language [22). all thesecases
there is a veiled linketween the robots and the nature of living organisms.

In our view (of my research group)ve try to establish a stronger link between

fiphenomenod and fitask derived from experiments on animélehaviouy in



order to get insiglstfrom this kind of data reciprocally. For this reaseatry

to model experimetal setips, which have been widely used in animal
behaviourliterature. Recently, his approachhas beensuccessfully used to
study phenomena likethe evolution of mechanisms Hiad geometrical
primacy, in order to understand whether it is innate or affected by the
environmental interactiof23].

In my work | will focus on social coordinatiomecision making problems and
emergence of Leadership, a new line of research thedtiso much explored

until today, by making use oEvolutionary RoboticsThe resultsthat | have
achievedseem to bén excellent agreement with the biological and ethological
observationsApart from thescientific relevance in psychology, ethology and
biology, the present research could provide insights to robotics and software
design. he genetic differentab n of r obot s & cootibtteto! sy st
build a new generation of autonomous robotics applications or a new
generation of softwaragents where a coordination is needad leadership is
necessarily requiredFor example,the design ofa group of robotsfor
navigational tasksn unknown environmest such as he surface of a new
planet. Unpredicted leadership strategies and spontan@euarchies could
foster the environmental exploration by robots. Similarly, evolutionary
software could exploit leadership/followership patterns@nd hierarchic

structures in order to guarantee the cooperation betdiferent components.



1 The Social Living

Social Living in groupsis a well-known phenomenon within the anin
kingdom andhuman societies, since the dawn of tifhbe question of soci
life among animals has fascinated biologists for centuries. Some o
guestions g : How dowe define sociality? When is it likely to oc@uwWha
are the patras involved in social behaviovr

Sociality means groufiving. Recentlytheresearch in groupinigehaviar has
attracted considerable attention ilm@ge number of fieldsThe regonsof this
growing interestim | i vi ng t ogethero must t
natural selection is not only concentratedoak single individuab s |
Moreover, a lot of scientists have understood that all the aspects of s
and function bbiological individuals are not solely product of selection, k
many of their peculiarities come from the direct relationship between sel
behaviourand sociality.

The first studies onprimate social groups are dated from 1960s, when
ornithologists [24,25] brought home toprimatologists the value
comparative analysisThese scientisthave developed thdirst sophisticate
systemanalyticalapproacheso societal analysis in order to make predict
on mating modalities of birdgjroup formationgroup sizegtc. However, e
avian modelsare not suitablefor applicationto the situation of mosbf
primates, becaus# the distances between the species.eéxample, more thi
80% of bird species are monogamous. Other styd@shave tried tcclassify
primate social systemsgrounding it on mating structure (solitar
monogamous, single male, 8tavith primary attention on findingssociatior
between mating structiseand feeding A large amount ofliterature exist
explainingthe existence of groupirgsselforgansationconsequence?[/], for
reciprocalaltruism R8] or producerscrounger relationshigR9]. Lately, the
aims of researdrs have beenfocused on the mechanisms that goverr
evolution of groupingand theecological factors thaaffect group size ar

groupcomposition[30]. The general idea of these theories is that groups



and persist because all the members gain genetic advantgesonly
exception, in this theory, ogerns the sibling grouping wiiemerge becaus
of reproductive needdn general, authors of these studseggest that rgug
living only appears sincéhe combination ofgroup benefits,at some poin
enhances the fitnesd mdividuals (who accep the disadvantages of gro
living) above the fitnessf solitary individuals.

The most accepted suggestions on group forming argue that the sig
benefits for living in group are : a) more protection from predatorsthe
words, predation pressure fossegroup life [30]; b) improving of feeding
chanceq31]; ¢) competingagainst corspecific groupg32] d) exchanmg
information[33].

The two most qualified theories are a) and Bist, when individual
aggregate, each of them is less likely to be captured singedbaility of the
predator to attaclone member depends on the group size. All animal
seldom equally at risk and predators can choose according to the vulne
inexperience, weakness, etc. However, if the animalshe group actively
cooperte, they have more chanced discovemng the approadng of one
predator. In this waythey can become able tdransmit this informatic
(predator proximity) by postures, chemical signals, vosatiors or othe
means, and everybody can eventually take evasive actions at an earlit
Second, all hese mechanismalso affect in the same waythe groupin
behaviourfor feeding needs. Group size daereasepositively the number
chances of finshg food in a landvhere itis scarce Mor e feyes
together in order to find foodtan discover it eadr. Third, inter-grouf
competition for feeding sites most intense when foodccurs in spatiall
restricted patches, when such patchesrame, and whetravel costs betwe:
patches are higifsome measurements have been made about the cor
between high rates of aggression and scarcity of resoliwedh the electiv:
group size concept requires animals to be close enouglcdiatinuou
information exchange between thetective group size conceptgards to tr
fact thateach individualis surrounded by an imaginagyrcle whose radius

represents the maximum distance at which effective communidagiareer



individuals is posible A circle is usedbecause it is assumed |
communication is purely a function of distapaghich should beequally
possible in all directions. Group size is given by thenber of overlappir
circles that are interconnectéxke Figire 1.1)

Grouping could create somgéisadvantages : a) The cohesion between
members, constantly living in close proximity, should increase the disg
of forces due to the consequent amévoidable increase in the levels of ir
group competition. Whemdividuals have different skills and motivations,
need, to move together in groups, comprostiseir ability to cohesion.
Subjects withdifferent agessex andreproductive statusnay havedifferent
locomotive and nutritional needthis requiredifferentways offoraginganc
strategiedor defense from predatofkctatingfemale$; b) to move in group
some members (not all) must choose the same direction for all an
coordinate their movements. This is a negotiation problem, often nota
solve [34]. Other possible detriments, caused by grouping, areéntirease
likelihood of disease and parasite transmissimreased conspicuousness,
Group life requires associations between individuals, which potentiall
lead to interactions. Interactions have costs and benefits to each membe

Figure 1.1Elective Group Size concept.



It has been introduced classification of social orgasation: 1) groups c
unrelated individuals, 2) groups of uniformly related individuals (ruings)
3) groups of close and relatively distant individuals (perhaps cont
siblings), 4) groups of siblings, 5) groups of genetically identical indilg
(clones). Various definitions et about whatfigroup of individualé really
mears. Accordingto onefirst definition, a group g fiany set of organisir
belonging to the same species, that remain togdtirem period of tim

interacting with one anotha&o a distinctly greater degree thaith other cor

specifc® [.BB] anot her definition, a
ani mal s | i vi nSparchimydoe & pedadefinitior8dd grouping

can easilyproduce asterile list of critera that are hard to apply and of
arbitrary. Because ofthe great diversity of animal groupirgehavious, it
seemdlifficult to find adefinition that can be applied rigidly to all cases.

In a group of baboons, individuals forage together for the majority of the
sleep in close proximity, exhibit and maintain friendly relationships withi
group. Colonially nesting birds display aggregations of thousands of a
within a small aea forming a compact mass, against the predatbris
possible to say that they are social anim@is.the other hand, the orangut
of Borneo and Sumatra, forage separately, sleep alone, seldom live v
opposite sex mategnd mating process last®o more than seven hot
Orangutans could be called solitaBther species such as sloths, may alsc
together only for brief periods of maginleading independent livéle rest ¢
the time. Therefore, even in solitary species a period of paresasd
association and interaction may be necesshityanimously, adegree c
proximity in time andspaceseems to ban essential prerequisite for group
Anyway, the interindividual distance betweegroup memberdooks like a
function of the tradeff between the costs and benefits associaidu group
living. These costs and benefits have been extensively disandseddred of
studies 87,38 and it is not easy, even in this caecomprehend whagxactly
they are and classify them. Indeed, castd benefits depend on the differer
between group formation (when and where individuals form a group),

size (when and where group of different sizes are created), group comg



(which individuals aggregate), and the persistence of the gtoopgh th
time.

As the result of thegroup formation a social behaviourmay evolve withir
groupsfor three reasons: Firssociality empowerghe original advantage
group living For example predator attacksould be contrasted by soc
behaviourike thetightening of a flockor by alarm shoutdyy the clustering «
females and juveniles near the large maéds. Secondsocialbehaviourmay
evolve because it can reduce disadvantages and detriments of groupi
example, grouping could dease thelikelihood of disease angbarasit
transmission.Third, and most importantsocial behaviour can reduce th
effects of intragroup competition. For instance, the dominaot leader
individual gains some privileges if he has used his superior strength, ac
cleverness to maintain individuals grouped closely around Hhiine
subordinate members also gains since the dominant is usually informe

the surrounding enviranent, and so they can stay alive by remaining il

group.

1.1 The Primatology

The first studies on wilgprimateswere performedn the 1930s and 940s,

when on the basis of captive baboons and other species these studies proved
that sexual instincts provide the social glue that lead to the cohesiveness of
primate groups [39]. Ten yedeter,other researchers, analyzing the behaviour

of howlers monkeysind orangutans, rejected the previous thesis, pointing out
that the primate groups can remain stable even in species in which sexual
activity is infrequent and limited [40]. Indeed, as we said, there are theories
suggesting that the main selective farder the evolution of group living
primates are: predation pressure, feeding advantages, competition and
exchange of information. However, none of these theories has been rigorously

tested. Anyway, many efforts to identifyhe critical factors needed irhe

10



evolution of primate groups start with an original classification that focuses on
the question of group size.

Primate soi@l groups can be classified into three major types: a) monogamous
pairs, b) singlemale polygynous units and gjulti-male polygymus unit§41,
42,43].

The issue of the group size is critical, since it seems that group size is
correlated in some way with environmental resources and social behaviour. In
fact, all the &orts to identify the critical factors in the evolution of primat
societieshas centered on implicitly and explicitly on the question of group size
[44].

All large groups of primates are muitiale, and, in such concentrations of
numerous females, the males have apparently evolved to maximize matings,
acceptinga low confidence of paternity and showing less parental care than in
other socialgroups. Intermediateized and small groups correlate withe
presence of singlmale harems and, when such harems renmirtlose
proximity to one another, ith herding of femalg by males [45]

With regard to resources study on spider monkeysas showrthat the size of
groups is conditioned by the distribution, density and size of the patches of
food spread in the environment where primates live andaritdd6]. In
particular, two simple general model have been expressed to illustrate two
different situation of groups dependent on the distribution of food within the
environment. First, uniform distribution, when food patches are uniformly
distributed, tis means that food is rare and small groups are favored. In that
case, travel costs are high, and groups, in order to minimize costs, try to feed in
a small patch for a long period of time and patches are depleted gkeey
Figure 1.2a) Second, clumpedistribution, when food patches are massed in
small areas, the average distance to the next patch is small and travel costs are
consequently low.At such times, members form a large group and anys cost
can be easily recovergsiee Figure 1.2b)

Some authis have suggested that an increase in group size determines an
increase of the area that must be traveled to find food. Thus, group members

travel and spend more energy, if they are in a large group respect to members

11



(A) PATCHES DEPLETING / UNIFORM

PATCH SIZE
SMALL LARGE
- . - .
HIGH |° =
GROUP - GROLP
PATCH SIZE = TARGE SIZE = LARGE
DENSITY -
Low |*
GROUP GROUP
SIZE = SMALL SIZE = SMALL

(B) PATCHES DEPLETING / CLUMPED

PATCH SIZE
SMALL LARGE
=
HIGH
GROUP GROUP
PATCH sizg = LANGE |gpp = LARGE
DENSITY %
LOwW
GROUP GROUF

Figure 1.2 Dependency between group size and distribution, density and size
of food, in spider monkeys. The predicted group size is indicated in the box.

of small groups [9]. Surely, travel costs are correlated with the distribution,
density and size of patchasailable in the environment.

Some academics have proposed that the optimal group size for any primate
species derives from a balance between the aggregation for safety from
predators and grouping for access to high quality feeding sites [47].

On averaggegroupsizes of anyspeciesare,in generalsmaller than that which
maximizespredator protection and larger than that which maximizes individual
feeding succed48].

As pointed out earlieecology may affect social structure indirectly through its

effect ongroup size.On the other hand, the majoritf the variatios in

12



primate mating systems directly related to differences in group siaéery
often, an mcreasing group size @ssociated with @ransitionfrom solitary
living to monogamy[49], to unimale polygyny,and finally to mult-male
polygyny [50]. However, recently, the relevance of ecology to primate mating

systems has been supported by a lot of researchers [51,52,53].

1.2 Social living for cooperating

As we indicated earliethe advantages of living in groups @enerallyrelated

to the cooperation needsBut some important questions unavoidably raise:
when should an individual cooperate? And when should an individual be
selfish? Under what conditions, cooperation emerge wwodd of egoists
without central authority? Generally, it is difficult for each of us to find
answers to these questions, due to the fact that the problem involves how
individuals act in social, political and economic interactions with others. We
have seerthat in the primate kingdom, cooperation between group members,
arises for protection from predators or for feeding needs.

Theoretically, in nature, the evolution of social living occurs when there is a
contrast between conflict and cooperation [54]. FEsample, replicating
molecules compete with their neighbors for resources. Moreowvery gene,
every cell and every organismeem tobe designed to promote its own
evolutionary success at the expense of its compet@orshe other hand, every

cell of multi-cellular organisms cooperate to hold in check some areas and do
not cause cancer. Ants of many species sacrifice their fertility to take care of
the queen ant and colony. Lionesses, belonging to a pride, may nurse cubs of
another pride. Finally, humabeings help each other reciprocally, to find food,
attracting a mate or for the territory defense. Even though, individuals helping
one another, do not necessarily risk their life, they could forgo some of their
reproductive potentials to benefit the ethHumans are the champions of
cooperationit appears athe decisiveorganisingprinciple of human society.

However, for decades, cooperation has represented a great headache for
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biologists, as it is very hard to attempt to insert cooperation in an evolutionary

perspective. Charles Darwin called this competitidra n hard fight for
survivingp, since only the fittest organisms wil
is a famous ptase originating in evolutionary theory. In faogtural selection

implies competition because wlution is based on aruel and unscrupulous

competition between individualghe best reproduce more than the others and

can spread in next generations. ite evolution shouldtheoretically foster

selfish behaviour In other words, according to the Darwin theory, nobody

should help contenders, and every single individual is justified if he tells lies

and cons for a living. In the game of life the most ingair thing should only

be the victory. As a matter of fact, an English philosopher, Thomas Hobbes has

argued that, before governments existed, the world was dominated by selfish

i ndividuals who competed on ruthless ter ms
nag vy, brutish and shorto. I n his opinion, C
a central authority, such as a government.
institutions and nations cooperate without a central authority. Then, why is

there such a widespd selfless and cooperative behaviour everywhkeas?

years a new discipline has been involved in analyzing the paradox of
cooperation and it is called fAGame Theorybo
is the study of mathematical models of conflict armbperation between

Adeci sion maker so, t hat is the study of th
subjects interact with each other, and decisions of one individual may affect

results of the rival by means of a retroaction mechanism. These decisions are

finalized to maximize the payoff of an acting subject. Lately, some specialists

of game theory, have indicated that, cooperation and competition work together

for the evolution of living beings, rather than to be in contrast with each other

[57]. No other lie form on earth is engaged in the same complex games of

cooperation and detectiplike human life isSome cooperation theories affirm

that individuals that pursue seffterests by cooperating are not forced

necessarily by a central authority.

A good example of the fundamental problem of cooperation, in the human

world, is the case in which two nations have created trade barriers to each
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ot herods exports. Since there could be
free trade, these barriers should be readbin every circumstance. Although,

if either country were to unilaterally eliminate its barriers, it would find that is

is facing terms of trade that damage its internal economy. As a matter of fact,
in any case, each country is better off by savingetrbdrriers. However,
keeping barriers, could lead to a worse outcome than would have been possible
if countries had cooperated with each other.

Clearly, regarding the cooperation, problems occur when the pursuit of self
interests leads to a poor payoff for all. To better understand the different
situations that may happen in cooperation issues, a representation has been
i nvent ed, cal De d e i P@deggamed). dn this game

there are two players, each one having two choices, namely cooperate or
defect. Each player must choose without knowing the actions of the other
player. One player can choose a row, either cooperating ottidgfedile the

other player chooses a column, at the same time. If both players cooperate,
both gain generous payoffs R=3 that are the reward for mutual cooperation. If
one player cooperates and the other defects, the cooperator will get 5 points,
whereaghe defector will get O points. In the end, if both defect, they obtain 1
point, namely the punishment for mutual defection. So if both defect, both do
worse than if both had cooperated. The
formulation of common situatienin which what is best for each person
individually leads inevitably to mutual defection, whereas everyone would be
better off with mutual cooperation.

It is denominated Prisonerds dil emma b
players are two prisoners atitey must be judged by a public prosecutor, they
have to decide, whether to cooperate or not. If one pridoreft awhile the

other one collaborates, the cooperative one will be put in prison for 1 year,
while the defector will be subjected to 4 yeafgrison.If both cooperate with

each other they will be punished only with 2 years of imprisonment, whereas if
each accuse the other one, both wal @ prison for three years. Faced with

the dilemma, it seems that the players (if they play onceJ¥allilinavoidably
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in the worsesituation where they get less than if they had cooperated.

However, this is not true, if the players interact in the dilemma game an

indefinite number of times. It is possible to prove that after some number of

i nteractions, cooperation can emerge in an
simulations have been imphented in order to understand the alternation of

the evolutionary cycles of cooperation and defection [58]. The experiments

begin from a randomly distributed population of individuals who are always

cooperative or always defectors. After each game, wingesmerate a mutated

offspring who take part to the next game. Each generation consists of a single

game. After a few generations, it is possible to observe that all the individuals

defect in every game. If suddenly a new strategy is created: playerstbegin

cooperate and imitate movements of their opponents. This stage leads

inevitably to communities of cooperators. This mechanism of cooperation is

called Adirect reciprocityo. One example o
groups of vampire bats. In the colonies, whenever a bat has an empty

stomach it calls to a bat that is full for help. Perhaps the full bat could share its

food with the unlucky bat, by regurgitating a portion of its precedent meal.

Some studies show that bats remember which comparhieiped them in

times of need. When the day comes, in which a generous bat needs food, it will

be likely to be helped by the bat which will return the favor. These kind of

simulations can demonstrate the emergence of other types of direct reciprocity,
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asthe possibility that cooperative players can help, not only other cooperative
players, but also defectors for short periods of time. In addition to the direct
reciprocity, another four mechanisms of cooperation may arise, but they will be

discussed in theext paragraphs.

1.3 Bio-robotics

Recently they have been developed a whole variety ofibépired robots
which are able to operate autonomously in a physical environment. The field
which deals with these kinds of bispired robots is calledi&robotics and it

aims to produce robots with lots of features that could be commonly identified
with natural organisms.

There are many successful robots which have been built using the principles of
this approach. For example, mobile robots have begplemented and
evaluated in order to study a hypothesized mechanism of phonotaxis in the
crickets [59, 60]. Phonotactic behaviour is concerned with all those processes
which enable a female cricket to get orientated towards a particular tone in
order to ecognize a possible male. The result of the research is a robot that
successfully locates a specific sound source under a variety of conditions, with
a range of behaviours that resembles the cridkets-igure1.4). Experiments

has allowed researchers to clarify some hypothesis on real crickets, such as the
neural mechanism for phonotaxis in crickets does not involve separate
processing for recognition and location of the signal, as is generally supposed.
Sahabot(Sahara Robot) is prototype ofa robot capable of walking in the
desert imitating the moving dynamics of Cataglyphis ants, which are a kind of
desert ant [61]. In fact, one of the fundamental abilities required in autonomous
robots is the homing abilityDesert ants solve thenoving problem by
integrating paths with arame of reference.n order to perform this

informational integration, ants employ a compass mechanism for determining
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Figure 1.4Robotic Cricket

direction and the compass precision will have a crucial effect on the precision
of homing. For deriving compass information, these insects use the pattern of
polarized light in the sky that arises due to the scattering of sunlight in the
atmosphere (polared light compass). The analysis of skylight polarization is
mediated by specialized photoreceptors and neurons in the visual system. Thus,
by inspiriting to the antsd polarized | igh
polarization compass which extractsmpass information from the polarization

pattern of the sky. The robot has been successfully tested in navigation tasks in

one of the natural habitats of the desert ants in North Africa.

Some simulated robotic insects have been created in order totstudvay a

few insects walk[62]. In those simulations, they have introduced some
exemplifications: for instance, insect legs are sticks with no mass and no joints.
Moreover, these simulated robotic insects
equipped witlsix legs, and each of them is able to get up or down. In this way,
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legs moving display two stages: a) a first stage, where a leg is down and
supports the body of the robot; b) a second stage, where a leg is up, and any
movement of the leg generates a mavé t he center of mas s
body, and this consequently causes a move forward of all the trunk of the

roba. Each leg is controlled bgffectoss, that is a subsystem needed to raise

the leg up and down, and two effectors which control joint imgsforward

and backwardAfter any robot change of position, body keeps placed on only

three legs(seeFigure 1.5a) and its centre of mass f
depicted by the three current front feEsapodrobots researchers have been,

for long time, looking at an artificial evolutionary process which suits the

insect robots walk, and at the end they used a specific genetic algorithm for the
evolution of the age(seeFyweldb) Bachleglis neur al
controlled by a recurrent neural network provided with a proprioceptive sensor

which measures the current angle of one of the joints. Insect robots have been
evolved to be capable to walk in a natural way that is similar to that of the

biological insects they aspire to.

backward i
swing

forward
swing

Figure 1.5(a) Body and legs of the esapod robot. (b) Neural controller for
each leg.
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Another interesting example of binspired robotics is a simulation of robotic
fish which learn to swim under the water autonomp{&8]. Researchers have
developed an animation that can achieve the intricacy of motion typical of
natural ecosystems, by means of advanced Computer Graphics techniques
such ausiforn®Be pl i ne (seekiguke £.6). dn order to achieve a
naturahess of robots movements, they have been simulating all the interactions
between agent and environment and fluid dynamics. The approach is to model
each animal holistically as an autonomous agent situated in a physical world
After a short time of learninghe movements of these fish are surprisingly
realistic. As in nature, the motions of artificial fishes in their virtual habitat are
not predictable because they are not programmed. Some general behavioural

patterns have been investigated such as: t@girgourting, mating, escaping

and predateprey interactions.

Muscle springs

Pectoral fin S \

%}A\V

w!?/:/,{\‘: ) b V/‘h\b,‘
,//\1’/

AN y/\v',),

IR

Figure 1.6 Artificial Fish diagram
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Lastly, another intriguing work on more abstract -biepired creatures has
been developed by some researchers in order to build more realistic entities
[64]. Frequently, the problem with these simulations is the complexity of the
world that needs hard algoritlsnto control the dynamics of behaviour and
morphology evolution. In this approach, researchers have adopted genetic
algorithms which permit virtual entities to be created without requiring an
understanding of the procedures or parameters used to gereratelhe
threedimensional bodiesf a creature can adapt to @sntrol system, and vice
versa, as they evolve togethdrhe fAneyvybobemso of cCreatur e
completely determined by thgenetic algorithmthe number of internal nodes,

the connectiity, and the type of functionrelated toeach neural node are
included in thegenetic description of each creature, and can grow in
complexityas an evolution proceeds.genetic language is presented that uses
nodes and connectioras its primitiveelements to represent directed graphs,
which are used to describe both the morphology and the neural ciroditry
these creaturedn this way, thegenetic languages enabled todefine an
unlimitednumber of possible creatures witiferent behaviowsand shapes.

In this work, the phenotype embodiment of a virtual creatuneaide of three
dimensional rigid parts represented by a directed graph of nodes and
connections. These evolutionary creatures are evolved for behavilkeirs
jumping, walking or swimming, that means in the case of jumping, for
example, individuals are selected by measuring the maximum height above the
ground of the lowest part of the creature, and so on. At the end of evolution a
variety of siccessful andnteresting locomotion strategies emerge, some of
them are far from the strategies observable in nature, and many oivtihdth

be difficult to invent or build by desigiseeFigurel.7).

In another work, the same researchers, have investigated the@valud ce
evolution of virtual creatures that compete in gigsically simulated three
dimensional worldsas they have t@ontend to gain control of a common
resource such as a foedube [65]. Most of evolutions have been performed
using the ndall VS. best o competition, [

compete with members of HShphecopponemter ®p

21



C) Creatures evolved for swimming.

Figure 1.7 (a) Walkingstrategies (b)Jumping strategiegc) Swimming
strategies.
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individuals compete and breed with each other. Virtual entities are modeled in
the same way as the previous wodgcavity, collisions, and friction are
simulated to restrict the actions to phydig plausible behavious and the
morphology ofthese creatures and thaeural systems are botfenetically
determined and represented into a directed graphs of nodes and connections.
After many independent evolutions, interesting and diverse stratages
counterstrategies emerge from the simulatigsseFigure1.8). Some evolved
species display different skills in reaching cubes, as some needs few
generations to reach it and others need many more. In one case, one species
was successful quickly, undevolution, so the other species never evolved an
effective strategy to compete with(geeFig 1.8c) In other evolutions, more
interactions occurred between the evolving species: a variety of methods for
reaching the cube were founded, such as extgralims out onto the cube or
crawling like an inchworm (seeFig 1.81). Interesting results have occurred
when both species discovered method for reaching the cube, almost in the same
evolutionary time, this forced a competition to emerge. For example, some
creatures pushed their opponent away from the ¢abeFig 1.8e) some
moved the cube away from the initial location and followed it subsequently
(seeFig 1.8f) or some just kept covering up the cube in order to deny the
opponent 6 s(seerig t8y)slssomecevoluttons, twarmed creatures

use the strategy of batting the cube to the side with one arm and catching it
with the other arnf{seeFig 1.8i, 1.8j and 1.8k)Finally, there are cases, where

the larger creature wins by a large marggaiast the opponent because it
literally walked away with the cubésee Fig 1.8m) In conclusion, some
observations of the authors are that the individuals with an adaptive behaviour
could be significantly more rewarded if evolutions were performed witlhyma
species instead of few. Moreover, to be successful, a single individual would
need to defeat a larger number of different opposing strategies.

However, n thesesimulations cooperation has not been investigated as well as
the increasing chances of swal of adaptive individuals. So they could be
examine the cooperation/competition patterns, speciation, mating patterns, and

relationship between offspring production and ecological niche.
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Figure 1.8 All the competition strategies evolved by Virtual Creatures with a
common resource.
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1.4 Embodied Cognitive Science

The AEmMbodi eddo approach in Cognitive Sc
and insights which have been originated by studies in the 1980% amigin

of the behaviour and the intelligence in living organisms. The main idea of
AEmbodi ed Cognitive Scienceo i s t hat
dynamic multiple interactions between the system which displays the
intelligent behaviour and theneironment where the system acts [66,67,68].

For the first time, the notion of embodiment has been introduced in order to
characterise all the systems (artificial or natural) provided with a physical body

[69, 70, 71]. Therefore, in the opinion of the exdi®d cognitive science,
Aembodi ment 0o i s a prerequisite of A Cc C
organisms) which are able to perceive the surrounding environment by means

o f a sensory system (vision sensors, a
derive someregularities in the environment. Anotheritical that complete

agents have to exhibit i's the #Asituate
physical environment with which they can interact.

A consequence of embodiment and situatediseizat agents have to be able

to display physical characteristics (weight, size and shape), they have to be
submitted to physic laws (inertia, gravity, energy consumption) and finally they

have to exploit the energetic exchange, material or informatem#hat they

could properly interact with the environment.

Another effect of the situatedness s t hat agent 0s sensor
Afegocentrico information (that i s deper
the orientation of the agent into the e
related only to the portion of the observed environment)fiadnn c omp | et e 0
information (for example, because of all the obstacles in the environment

which prevent to perceive some features) and, at the end, a noisy information.

The same issues are related to the motor system. Physicaldep&ésdent on

the embodirentrequisitegenerang constraints for tha g e mbvendentsbut
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on the other hand, they enable agents to exploit opportunities in order to adapt
and find robust and parsimonious solutions for the tasks they have to deal with.
So, from the embodimerstandpoint, behaviour is the result of the interaction
between the nervous system of the agent, the rsetmsoryskeletal system

and the environment, and it cannot be dependent only on one of those three
elementgseeFig 1.9)

To better understanithie insights from embodied cognitive science, a metaphor
has been proposdtat isc a | fuegdsedies game [72]. Fungus eaters are
imaginary artificial creatures that have the purpose of collecting rough uranium
on a far planet and they feed on a kind of mushrooms which grows up only on
that planet. Those artificial organisms, are equipped with a motion system, and
intelligence system capable of making decisions and actuators able to gather
pieces of uranium. Moreover, fungus eaters have a vision sensor and a sensor
able to perceive rough uranium. Since #wra solarplanet is too far from
earth, fungus eaters carrme controlled from a remote station, so they have to
be autonomous: the only information that these artificial creatures have is that
which comes from their sensors. In other words, those creatures have been
provided with a body (embodiment) with a medor them to collect rough
uranium and, they are autonomous since they cannot count on an external
intervention for the battery replacement, for example. Finally they live and
work in a specific environment that is the planet surface (situatedness).
Therdore, fungus eaters are a clear example of the complete agents theorized
by the Embodied Cognitive Science. At the base of Embodied Cognitive
Science there is a theorization cal
explain behavioural systems of livimgganisms [73]. According to this theory,

an autopoietic organization is a dense network of recurrent interactions, which
seltfmaintain and operate within clear physical confines. An example of an
autopoietic system are the cells of living beings, thatchaacterised by a

loop of internal chemical reactions on time step t, which produce the same type
of chemical reactions on the instant time t+1. An autopoietic organisation must
have two fundamental properties: @erational closurgthat means internal

processes are independent from the external environment. The environmental
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Figure 1.9 Schemasationof the interaction between nervous system, the
body and the environment of an embodied and situated agent, in Embodied
Cognitive Science.

structurei s never reproduced inside the syst
organi smés <cell, the metabolism cannot
processes; b)muctural coupling that means external environmental events are

not capable of affecting an aptetic organisation due to the fact the system

can initiate a series of balancing actions that reset the initial state and preserve

the integrity. I n the cell exampl e, it
permeability so as to countbalance the dagerous chemical fluctuations that

could happen outside in the environment. An autopoietic organisation, in living

beings, is the outcome of lomgnning evolutionary processes which formed

over millions of years and which are, in their turn, independeorh fthe

evolution itself. Concepts and ideas of autopoieses theory have been recently
extended to the nervous system of living organisms, as it is made of local loop
processes, which are structurally independent from the external environment
(operational msure) and in balanced interaction with it (structural coupling).

To better illustrate the autopoietic nature of a nervous system, a comparison
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has been cometdgphoed ¢ all sdibfinari neo. Accor di
methaphara nervous system cloube likened to the navigator placed inside of

a submarine who moves all the control levers and handles all commands by

following the indicators state and he does not pay attention to the external

situation directly. In the same way, the nervous systendutates some

number of parameters which are correlated with the external environment, but

without any direct awareness of the external events.

In the Embodied Cognitive Science vision, a simple control architecture of a

robot may exhibit complex behavioun evident example of that is the study

on Braitenbergds vehicles, where simple rol
motor connections, display complex behaviours like altruism and

aggressiveness which could be seen as intentional [74].

There are 14 \ecles in all a series of hypothetical, seperating mobile

machines that exhibit increasingly sophisticatetiavioursimilar to that in the

real biological or neuroscientific world.

Braitenbeg vehicle umberl, for example, is provided with a single sensor

that is perceptive to a specific physical quantity and a motor directly connected

to the sensofseeFigure 1.10) The higher the level of the physical quantity

read by the input sensdhe faster the motosweeps will belf the physical

guantity is the temperature, the effect is that vehicle number 1 will move faster

in warm areas and slower in cold areas of the environment, by showing
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Figure 110: Braitenberg vehicle number 1.
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apparently andntentionally to move in that way, that is the aim of avoiding
areas with high temperature that could damage it. If in the environment some
friction is present, the vehicle will deviate his rectilinear trajectory and it will
draw a trajectory that for arxernal observer could be apparently a complex
and senseless path.

A variation of the previous vehicle, is the vehicle number 2, that is pepip
with two sensorsrad two motors directly linked to each other according to all
the possible patterns of cautions (see Figure 1.11) An example is the
vehicle which has motors directly connected to light sensors, the right sensor to
the right motor and the left sensor to the left motor. The effect of this
configuration of links is that, in the presence dight source that stimulates
mainly the right sensor, the right motor is induced to rotate faster than the left
motor, generating, in this way, the vehicle approaching to the light. By
inverting the connections between sensors and motors, the effect iheéha
vehicle walks away from the light source. Therefadne, tehicles represent the
simplest form of behaviour based on artificial intelligence or embodied
cognition, (i.e. intelligentbehaviouy that emerges from sengemotor
interaction between the agt and its environment, without any need for an
internal memory, representation of the environment, or inferédoe. might
think that Braitenberg's vehicleare liketabletop toysbut they behave like
living creatureghat an observing psychologist dnilesopher might conclude
were controlled by concealed human being$hey come to embody the

instincts of

Figure 1.10Braitenberd2ehicle number 2.
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fight or flight, the characteristicbhehavious impelled by love and by logic,
manifestations of foresight, concept formation, creative thinking, personality,

etc.

1.5 Evolutionary Robotics

In general, obotsare the entities closer to the complete agents theorized by
Embodied Cognitive Science, as thase embodied (they have a body) and
they are situated in an environment. However, autonomy is not present in every
type of robot: for example, robotic arms of assembly lines are not autonomous
because they could be rematntrolled or they could executa preset
program, without any particular decistamaking. Moreover, very often, these
robots are fiblindd, when they interact witdet
view, these robotic arms fully incarnate the concept of robots, which are pre
programmedevices for performing the same task in the time, these are tasks
that could be boring and frustrating for a human executor, as well as too hard to
do.

On the other hand, autonomous roboticalslevith robots able to be free from

strict programmingand capable for performing multiple tasks, interacting with
the environment by means of sensors, changing the behaviour depending on the
context and learning from their errors. One of the first successful outcomes,
from the autonomous robotics, is the rolshakey, illustrated ifrigure 1.11.

This robot has been designed at Stanford Research Institute with the aim of
accomplishing simple actions such as finding an object in the house or moving
an object from a room to another room [75]. The control systeShakey is
based on a language and a search algorithm by means of the definition of
expressions which translate symbolically to all the descriptions of the world.
All the reachable solutions by the search algorithm must fulfill some properties

like efficacy, completeness and consistency as the robot is not able to solve two
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Figure 1.11Shakey Robot

over the yearsdissatisfying results for many reasons. The most important
reason is that the planner of the robo
information from outside of the body, thus it cannot represent a correct and

precise description of the world. In order to solvesthand other problems and

limitations, a new approach has been proposed and it is knofpeagaviour

based r[@6h%&] This ghitosophy moves away from classical artificial
intelligence and robotics approaches, but it underlines that intelligstanss

design cannot disregard the embodiment. This means that an intelligent system

must own a body equipped with a sensorial system and a motor system, at

least. An intelligent system cannot be abstract and completely dissociated from
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the surrounding wdd. Definitely, according to the behaviebhased robotics,

an intelligent system must have a worl d whe
systems (situatedness). Therefore, in the conceptual elaboration, behaviour

based robotics has many points in commont h t he A Theory of Auto
and the Embodied Cognitive Science, in general.

In traditional Artificial Intelligence approaches, such as planning, robot brains

are serial processing units as depicted in Figure 1.12a. The BehBeisen

approach statethat intelligence is the result of the interaction among an

asynchronous set dfehavious and the environmeniTherefore, from this

viewpoint, robots brains are not designed by a series of modules that transfer

information in a serial mode. Instead, irlwviourBased Roboti cs, robot
system controls are made of modules that define complete behaviours, modules

are connected in parallel and have a direct contact with the external

environment. This architecture is depicted in Figure 1.12b.
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One of the most populaapplicationsin BehaviourBas ed Roboti cs
Cog P r [@9] @ dantanoidrobot building project based on physical
embodiment, integration of multiple sensory and motor systems, and social
interaction The robot has twentgne degrees of freedom and a variety of
sensory systems, including visual, auditory, vestibular, kinestreatd tactile
sensesA variety of visuatkmotor routineshave been implemented such as
smoothpursuit tracking, saccades, binocular vergence, and vestizuéar

and optekinetic reflexes, orientatiobehavious, motor control techniques, and
social behaviours such aspointing to a visual target, recognizing joint
attention etc. The robot is portrayed in Figure 1.13.

Figure 1.13Cog Robot
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Another interesting robotics approach isDev el opment @9. Roboticso
Developmental robotics is an emergenea of research at the intersection of
robotics anddevelopmental sciencesuch asdevelopmental psychology and
developmental

neuroscience. The methodologyimerdisciplinaryand two-pronged: on the

one hand, it employs robots temvestigate models omginating from
developmental sciences; on the other hand, it aims to develop better robotic
systems by exploitinginsights gained from studies on ontogenetic
developmentThe research methodology advocated by developmental robotics
is very similar to thasupported by epigenetic robcs [80] The two research
endeaveos not only share problemend challenges but also are driven by a
common visionOne of the most important application of Developmental (and
Epigenetic) Robotics is the Icub Project [81¢ub is a humanoid robot
platform, which has been designed sopport collaborative research in
cognitive development through autonomous exploration and social interaction.
This robust humanoid robot that offers rich percephator capabilities with

many degees of freedom, a cognitive capacity for learning and development, a
software architecture that encourages reuse & easy integration, and a support
infrastructure that fosters collaboration and sharing of resources. So far, each
iCub is made of approximateb000 mechanical and electrical parts and it has
been delivered to several research labs in Europe and to one in thdrnJSA.
Figure 1.14 iCub Robot is portrayed.

Al l traditional robotsd system contr ol des
decomposition bthe robotic system in subystems which are able to solve a
single subobjective. However, system decomposition does not always
guarantee

that general systems exactly execute the overall task since there is not always a
direct correspondence betweentds | and proxi mal agent 6s be
proximal level is from the system point of view, whereas a distal level
behaviour is from the viewpoint of the observer or the desidmnaviours

that appear complex from a distal point of view can be generatadcbtrol

system in a relatively simple way at a proximal level. On the other hand, a
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Figure 1.14iCub Robot

solution seeming simple and effective from a distal point can turn out to be
complex

and/ or ineffective from a proximal point of vie#.way to overcome previous
approachesd IpEoutohae Rsb oitd82a}tewhieee the robotic
control system is able to autwganiseby itself without the requirement of a
design system decomposition stage. In Evolutionary Robotics, adaptation
process (i.e. the development of robot capabilities to solve the task in the
environment) is achieved by means of genetic algorithms and meivadrks,
which are illustrated in Appendixes | and Il, in detalil.

In the past, a multitude of experimental setups have been performed by
Evolutionary Robotics methodology. In one of the first works, authors explain
how to evolve neural controllers for aKheperarobot (see Figure 1.15)n
computer simulations and théow to transfer the obtained agents in the real
environmen{83]. In this way it is possible to reach) an accurate model of a

particular robotenvironment dynamicby sampling the real wat through the
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sensors and thactuators of the robot; b) the performance gap between the
obtainedbehavious in simulated and real environment may be significantly
reduced by introducing a "conservative" form of noise; c) if a decriease
performance isobserved when the system is transferred in the real
environment, successful and robust results can be obtainedntipuing the
evolutionary process in the real environmentddew generationsin further
work, authorsdescribe the evolution of a distedime recurrent neural
network to control a real mobile rob{®4]. The evolutionary procedure is
carried out entirely on the physical robot without human intervenRobots
display the autonomous development of a setbehavious for locating a
battey charger and periodically returning to it. The emergent homing
behaviouris based on the autonomous development of an internal neural
topographic map (which is not pdesigned) that allows the robot to choose
the appropriate trajectory afunction ofits location and remaining energy
another experimental setup, authen®w how a group of evolved physically
linked robots are able to display a variety of highly coordinated basic
behavious (coordinated motion, coordinated obstacle avoidance, cabedin
light approaching) and to integrate sulbbhavious into a single coherent
behaviour [85]In this way the group is capable of searching and approaching a
light target in an environment scattered with obstacles, furrows, and holes and
of dynamically @anging its shape in order to pass through narrow passages.
Coordination of the group relies upon robust-setfanising principles based
on a traction sensor that all ows the singl
direction of motion of the rest of the aup. A series of works have been
performed on the categorisation capabilities in evolutionary robots [86,87,88]
Researchers show set of experiments in which embodied artificial agents
(namely robots)are evolved for the ability to accomplish simple sk
particular they focus on how categories might emerge from tlypamical
interaction between thegent and its environment and on the relation between
categories andbehaviour [89] Finally, theauthorsintroduce and discuss the
notion of actioamediated categories, that is the notion of internal states that

provide indirect and implicit information about the external environment
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Figure 1.5: KheperaRobot

and/or the agengnvironment relation bgxploiting the effects resulting from

a stereotypic way of interacting with the environméma further experimental
setup, the authdnvestigates how embodied and situated agents perform tasks
that require skills of categaedtion [90]. The task is tocategorse different
shapes of objects using sensargtor and linguistic input. Results show that
the autonomous agents are able to solve the casagon task by integrating

the sensoymot or experi enced states and empl o
environment. This shows that autonomous agents are able to develop some
"emerging" abilities by exploiting the information present in the environment

in order to recognize and discriminate objects. Autonomous agents also exhibit
a "social" behaviour becaise they are able to categorize the objects in the
environment, even when external inputs are unavailable. The purpose of this
wor k i's to prove the theoretical hypo

(external labels), deriving from another agent or fribra trainer, facilitates
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individual capacity to categorize, by the creation of internal representdtions.
other works, the authors investigate the emergence of communication in
embodied agents or robots. In particular, in one study, reseapiesent he
results of an experiment in which a collection of simulated robots, that have
been evolved for the ability to solve a collective navigation problem, develop a
communication system that allows them to-operate bettef91,92] The
analysis of the reswdtindicates how evolving robots develop a ftawvial
communication system and exploit different communication modalities. The
results also indicate how the possibility of@al apt i ng t he robotso
and social/communicativeehaviourplays a key re in the development of
progressively more complex and effective individudétsa further work, the
authors examinean artficial vision system that is trained with a genetic
algorithm forcategorzing five different kinds of images (letters) offfédirent
sizes[93]. The system, which has a limitéeld of view, can move its eye so

as to visually explore the images. The analysis of the system at the end of the
training processindicates that correct categai®n is achieved by (1)
exploiting sensgr-motor coordination so as experience stimuli that facilitate
discrimination, and (2) integrating perceptual and/or motor information over
time through a process of accumulation of partially flecting evidence.
Finally other authors have examined awfereliminary results on the
emergence of leadership/followership patterns in a group of autonomous robots
[94].

1.6 A neuro-robotic model for the social
living

In the general introduction to the present work we have wondered whether
social living is onlya mating issue or if there are reasons behind living
together. In particular, the questions we have askedMnat are the adaptive

advantages ahe social living beyond the reproductive needscaringabout
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the neighba? In other words, \wy animalsexhibit different degrees and types

of sociality?

However, there are many disadvantages of social living: resource sharing,
competition, lack or personal security, social disapprovals, fighting, etc.
Moreover there seem to be more disadvantages thantadeanas reported in
literature. Therefore, beyond mating needs, individuals should prefer to live
alone or in small groups instead of living together in very complex societies
such as communities, cities or nations.

Obviously, the present work of courisenot intended to explain all the reasons
and mechanisms related to the Dbiologica
difficult and complex challenge.

However, the simulative model, illustrated below, might be a first attempt to
identify what caild be the factors that lead to an increase of survival chances in

social living organisms in comparison to the solitary ones.

1.6.1 Experimental Setup

A population of robots lives in a 550cm x 550cm squared area containing some

food resources located in a corner without any motion (food zone). The food

zone consists of a 110cm diameter. The environment is surrounded by walls.

When a robot bumps againkee nvi r onment 6 s wal | or agai
bounces back in the neighborhood of the contact point, with a new random
direction. Each robot is made of a cilauchassis with a diameter of 6rb and

it is equipped with two motors controllitge movenents of two wheels. The

robot simulated for this experimental setup is a Khepkearobot. The

Khepera is a small (5cB) differential wheeledmobile robot that was

developed at the LAMI laboratory &PFL (LausanneSwitzerland) in the mid

'90s[95].

In the simulation, robots are physically unfathomable but the food zone is
navigable. Eachiobot is equippedwith a smell system to detetite relative

positionof the closest robot. The smellssy e m6s perception di st

According to therelative position of theclosest robotvith respect to a fixed
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sector of theperceivingrobot, smell sensors will be activated with a two digits
binary codeEach robots characterisg by agreencolor of the bodybut they
cannot perceive the color of the popul atio
code is depicted in Figure 1.12. Moreover, each robot has an additional smell
system by separate sensors which perceives the relative food zone position.
This food zone smell system isharacterisg by an unlimited perception
distance too, that is it covers all the environment. The codification system of
food zone smell system works in the same manner of the robots smell system.
Finally, the sensory systers made of a ground sensor to detect when the robot
is placed on the food zone.

The control system (Fige 1.13 of each robot consists of a fekmward

neural retwork with 5 input neurons and @utput neuronsSo they are
perceptronsEach layer oheurons is connected to the next layer with a pattern

of synaptic weights representing the strength of the conne@t@ninput layer
contains 15 neurons encoding the activation state of the corresponding
photoreceptors RGB components, 2 neurons thatveesenell signals and 1
neuron that receives output from ground sensor. The output layer is made of 2
neurons which control the speed of two motors, respectively.

They have been made for different experiments with this experimental setup,

by modifyingsomre par amet ers which have been consi d:¢

01 10

11

Figurel.12: Representation of theodification of smell inputs.
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sociality working. These critical parameters are: population $s2é>
experimetal setup no.l)perception distance of robdsibexperimental setup
no.2 and number of races within one single populatisnbexperimental
setup no.} In this way it should be possible to understand how a variation in
social living possibilities could affect perfaance of living (in terms of energy
levels and assimilated food during the life) and so the survival likelihood.

Sub-experimental setup no.1

In the subexperiment no.1, namedl b a s e (since i¢ will be used as basis
for comparison for the furtherxperiments), they have compared two robots
populations: a) a population of robots who live alone in the environment; b) a
population of robots who live socially in the environment, that is 100
individuals who act in the same time and in the same envirasmé&he
environment with robots is illustrated in Figure 1.13, for this first-sub
experimental setup no.lh both conditions, we have compared a-sahdition
where the food zone smell system is enabled, with a condition where the food
zone smell systemas been disabled but has the ground sensor on instead.

In other words, robots have not beeable to pereive the orientation ofhie

food zone until they aren top of it All the conditions are:

1..ASolitaryo Evolution, food zone
2. A S o chvalutian, food zone smell system off

3. ASolitaryo Evolution, food zone
4. iSoci al o Evolution, food zone sn

Basically, in the first condition a) individuals have been left to evolve in the
environment according to the most tradiab genetic algorithm version. That

means each of 100 individuals of the population (reminding each individual is

a candidate neural network for controlling the final robots) is singularly

i nserted into the environmenwithinthEhen 1 nd

environment (by freely interacting with it) and its fithess is evaluated at the
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end. Finally, a ranking is performed on the whole population in order to select

the best individuals and it is possible to
stating from the best. Instead, in the second condition b) the whole population

of 100 individuals S inserted into the e
individuals live and interact with each other within the environment, in the

same time. At the end thanking is performed on the entire population. In

both cases a) and b) the control system of each robot is a perceptron whose

weights and biases are selected by the genetic algorithm throughout the

evolutionary phase. The life time of each individual is teett0000 cycles

whereas the number of generations for each replication is set to 200. | need to

underline that replication is a synonym of seed because seed is related to the

random generator that in each replication produces different initial sequences

of pseuderandom numbers (for genotypes, random positions, etc.). The

sequence depends on the seed that is different in each replication. That is why |

will refer to seed as a synonym of replication hereafter.

Mutation rate is 2%. Robots have been evoliae®0 replications which differ

for the seed of random numbers generator ¢

Results are described in the specific section below.

Sub-experimental setup no.2

In this second sukxperiment we try to understand how phgsiencumbrance

vary with the increase of the population size. So, 4 conditions have been
compared by changing the number of population elements: 25, 50, 100 and 200
individuals. Robots have been evolved according to the same methodology
already adopted ithe subexperiment no.1. All the parameters have been
unchanged. The number of replications is 20 as well. Only the amount of
popul ati onds me méxgeringent has heen evdivedein tsvau b
stimulation conditions: in the first robots are not ablsridgf the food zone at

any distance (fz smell system disabled) and in the second they can sniff the
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Figure 113: The environment and the robotsf subexperimental setup no.1
in two condizions: a) a population of robots who live lonely; pdpulation of

robots who live socially
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food zone from everywhere (fz smell system with no distance limit). In both
cases they still can feel the presencéheffoodzone whenever they are on top

of it by the ground sensor. Results are reported below.

Sub-experimental setup no.3

In the previous sulxperimental setiyy the mechanisms of the physical
obstruction and food interception probability have been investigated in order to
understand how they affect fithess in a moace population. A third sub
experimental setup shed a light on how those mechanisms are wmhddifie
interactions between two different races in the same population. In order to
reach this objective, we have modified the-sxperimental setup no.1 to have

a population of 100 individuals divided into two different races. All of the two

r aces Oual$s mubti reachda shared food zone in order to survive. In
substance, the robots of the two different races interact with each other in the
same environment, but the final ranking, that is the selection of best individual
is performed separately: one ramifor the first race and another ranking for
the second race. In this way, on each generation, 10 of the best are selected
from the first 50 individuals of the population (i.e. first race) and 10 of the best
are selected from the last 50 individuals o fopulation (i.e. second race).
For each race, each of 10 best generates an offspring of 5 individuals, which
produce the second generation race. The first 10 produce the first 50
individuals of the population again, and so odrhis mechanism keeps
separgely genetic lineages of each race and make them independent from each
other. All the other parameters are unvaried from genetic algorithms of the
previous experiments. However, the only considered condition in this sub
experi ment al peceptupl., thiss meand the rdbote (in both
races) are not able to sniff the food zone at any distance, but they only feel it
when they are on top of it. Results are reported in the following paragraph.
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1.6.2 Results

Sub-experimental setup no.1

By evolving robots for the 4 conditions, they have been produced results which

mark robots develop two abilities, in the case of enabled smelling system:
robot seem able to fAfeel o the food zon
reaching it and (2) pankg on the top of it. In other respects, when robots have

the smelling system off (but the ground sensor), they develop only one ability:

standing on it when they perceive it by the ground sensor, but they are not able

to locate the food zone and reactHbawever, we can see that with no smelling

system evolved robots display marked exploratory inclinations in respect to
robots equipped with food zone smel/l S
behaviourtowards the food zone, because they can perceive Figlme 1.16

Average Fitness @ves of sukexperiment no.l1 are depictedor each

condition These curves have been determined averaging Fitness Curves of all

the replications and normalizing them in a range between 0 and 1 (1 represents

the maximum numbeof edible food unitsn 1 life time, that is 10000)At the

end, fitness curves have been elaborated with 10 period simple moving
averages in order to eliminate the typi
easy to solveAnalyzing fitness curves is psible to show that the average of

food quantity (food wunits) which is eat
the quantity of food eaten by fAnot s mel
this analysis, we consider only the average curve of fithess curves give that

bests curves are esdially set to 1: this is explicable with the fact that there is
always an individual who fAis borno in t
so this individual needs few time to reach it and acquire almost the maximum

guantity of food since the first gemragions. The second and more interesting

information from charts is that solitary living robots eat more if compared to

social living robots. If we try to understand reasons which lead to this
discrepancy between solitary evolution and social evoluni@ncould suppose

that physical impenetrability is the key factor which causes this variation. It is
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Figure 1.16Fitnesscurves related to th& simulationconditions:1. solitary

evolutior/ smell system off2. social evolution/smell system of8, solitary

evolution/smell system on4. socialevolution/'smell system on. Blue is the
bests component and red is the average component.

possible to pinpoint twodifferent reasons by way of which bodily
impenetrability influence survival chances of an individual: a) in order to reach
the energy source, any individual can be a real physical obstacle for other
individuals, in a crowded environment, similarly to artijes mobile obstacle

into the environment; b) the other reason is that when an individual reaches a

food zone, it tends to stand there as much as possible, but this causes a physical
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obstruction and finally probably a saturation of the energetic sourre etren

if it is unlimited in time it is not unlimited in space. In other words, a physical
encumbrance causes the impossibility to enter the food zone for the other
robots, in the course of the time. By these preliminary results it seems that it
should e evolutionary convenience of living solitary rather than living socially
(beyond of course mating needs that we have not considered in this study).

In Figure 1.17 it is reported a fithess gap between solitary evolution and social
evolution in the sameondition where robots are able to perceive the food zone
at any distance (smell system on). In the light of these results we have
wondered under what conditions the gap between solitary evolution and social
evolution is not so intense anymore. Moreovehjolr are the factors involved

in making sociality a weak point no longer (an obstacle) but a strong point?
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Figura 1.17Visualsationof the gap between average fitness curve of socially
evolved individuals (below) andverage fithess curve gblitary evolved
individuals only for the condition where food zone smell sysyerisaided.
The average gap i785f.u. (food units)
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Therefore, we have thought to introduce a physic limit in food zone smell
systembs percept i omevavedsdbasnrcfeur, perceptaat 1 s we h

Fal)

conditions of distance limit. In other words robots are able to sniff the food

zone within limited distances of 55cm (experimentld)cm (experiment b),

137.5cm (experiment c) and 220 (experiment d)The rest of eaclsub

experiment is executed with the same proced
Each sukexperiment has been performed for 20 replications in two sociality

conditions: solitary and social condition. At the end we have plotted the
average of fitnesscurvest each condition overlapping so
average fitness curve on social -evoluti ono:
experiment. The outcome, of this elaboration, has been reported in Figure 1.18.

As we can notice in Figure 1.18a (perceptilistance 55cm) the gap between

social evolution fitness and solitary evolution fitness is considerably reduced if

compared to the fAbaselineo, where there is
(see Figure 1.17)n this case the gap becomes 476 food units on average from

1785 f.u. in the baseline. From this first data, it seems that sociality is not such

a great disadvantage such as in the ndbasel
evolution still has a slight adntage compared with solitary evolution.

Surprisingly, the effect persists when perception distance is increased up to

110cm (Figure 1.18b) with a further reduction of the gap instead of an

enhancement. Again, redoubling perceptual capability of roth@xap further

decrease (Figure 1.18c). Clearly, increasing perceptual distance of smell

system (and consequently reducing physical limit) there is a reduction of the

advantage of solitary evolution in respect to social evolution.

The fitness gap retuno enlarge when the physical limit is almost not present

anymore (220cm) t hat is the situation <cl oc¢
limit). This last condition is depicted in Figure 1.18d. In Figure 1.19 is

represented a bglot which marks the growinggend of fithess gap depending

on robotsdé per cepltisdearlyithpossiblata analyzetheAl t hou gh
correlation between fitness gap and perception distance in continuum, we can

still make some important observations from these discrete aahgi we

have made.
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Figura 1.18Representation of the differergerceptual condition in the
experiment no.1 (swexperimentsa,b,c,d). Below each perceptual distance is
reported the related gap of fithess reached in that condition.
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There is a threshold limit of distance beyond which solitary evolution shows a
great advance in respect to the social evolution, this is when the threshold is
close to omniscience (perceptual unlimited capabilities). Below this threshold,
the social evolubn is not so harmful and becomes almost equivalent at a
certain point. We can claim that if there were other evolutionary advantages
(mating, reproduction, etd.) then the social evolution could surely be advanced.
A detailed analysis of the simulatiorodd permit us to understand the
mechanisms of the last discussed effects of perception distance variation. In
Figure 1.20 there argchematisatiasiof two different evolutionary conditions:
solitary evolved robots (100 individuals) and socially evolved robots (1
individual). In both cases the food zone smell system distance is limited to
55cm.

Although perceptual distance is limited, socially evoluabts are more likely

to intercept the food zone presence compared with solitary evolved robots.
Clearly, those conditions are two outstanding situations of a range of
possibilities in terms of populbetionbs si ze
law is still valid when we compare populations with 10, 50 individuals on one
side and 100 individuals on the other side. In summary of this experimental
setup no.1, when individual sd physical [ i mi
perceptual distase) and/or to the environmental limits (i.e. food visibility) then
the multitude of individuals increases the survival chances since this improves
the likelihood of a successful perception, such as the probability of finding the
food. Therefore a good ques arising up to this point is: is sociality
inevitable because it is a direct consequence of the physics laws of the world?
Does sociality unavoidably derive from the probabilistic nature of individual

environment interactions? The question is spkio.

Sub-experimental setup no.2

As it is possible to obseryven i n ¢pre r ¢ e gonhditi@n) from 25 individuals

to 50 individuals, population shifts from 1120 food units to 1804 food units.
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Figura 1.19in this figure is drawn the variation of the fithess gap (between
social and solitary evolutions) as a function of smell system perception
distane.

Thus the population shows an increase of fitness (this is the fitness of the
average population and i$ still the average of 20 replications at the end)

instead of a decrease as we have supposed, because of the increase of physical
obstruction (i.e. 50 > 25). With 100 individuals the fitness decreased to 1287

f.u. and then to 763 f.u for 200 individual&his trend is shown in the plot in

Figure 1.21a.

Probably 200 individuals is a threshold limit since there are limits of food
zoneds physical capacity which is not p
i n fpreorceptual 0 conddisinat posifivelytcorelateddi t nes s
with the popul ationds size.

I n the Aperceptual 6 condition there is
fitness curve as a function of the population dimension. This is true because

there is not a substantial increasef@od units from 25 individuals to 50

i ndividual s: fitness goes from 6060 f.

members the average fithess goes down to 4702 f.u.. With 200 individuals the
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fitness further goes down to 3024 f.u. Figure 1.21b shows the fitness trend of
Aperceptual 0 condition.

A simple graphical interpolation has been applied to thatpdo mark the

probable curves6 trends.

These apparently inexplicable differences i
conditions, can be elucidated by the effect of the presence of different factors

which contribute to the production of fitness in dition A (no perception of

food zone) and condition B (full perception of food zone).

In substancein the second condition (B), the only factor that varies by

increasing the population is the physical encumbrance, namely the obstruction

deriving from thecrowding. In this condition, as individuals can sniff the food

zone at any distance, they have no troubles detecting the food zone in

whichever position they are located. After the evolution, individuals learn to

massively migrate toward the food zone,tilhi s way the popul ati on
wei ghs on the time in which individuals nee
the populationbés size affects the capacity
any given time, because more individuals are in there, sodhe erowded the

food zone gets, meaning it is more difficult for the others to get in. In this way,

the decrease of fitness with the increase of size, appears sensible.

Instead, in the first condition (A) there is not only the obstruction factor which

affects the group dynamics, but there is also the probability factor of randomly

reaching the food zone, as individuals are not able to perceive it from afar.

So the population members are not able to locate the food zone from a distance

but only feel it wken they are on the top of it. In this condition both factors,

obstruction and probability to find the food zone, are in competition.

Increasing the population gzwill increase the chance of obstructions,

however, converty there is an increase in tipeobability of finding the food

zone and soncreasing the fitnessThis is the reason that doubling the

population from 25 to 50 increases the fitness instead of decreasing it: the

increased probability of finding the food zone is a greater improvemant th

the disadvantage of obstructiddowever, if the population is increased much

more then the physical encumbrance is more reatie awl so the fitness will
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decreaseThis is ckarly seen when the population is again doubled but this
time from 50 to 10Qat this point the detrimental effeatf the obstructions

have increasd to the point that it cancels out the positive affeictinding the

food zone, so the fitness decrease€his is further seen when the increase is
from 1 to 200 individualsTheseobservationswith the varying populations
would seem to suggest that the optimal population would be somewhere in the
middle, neither to numerous nor too fewn other words there is a threshold at
which the trend of increasingriiess reverses and itato decrease again

In Figure 1.22 there is are depictions which are useful to explain the
phenomenon of the apparently unpredictable fitness trend in condition A.

In conclusion, also in this second sexperimental setup, it would seem that an
increasng of sociality (i.e. increasing of population dimension) leads to a
success probability increasing and so to more chances of survival. Although,
this advantage of sociality is countamlanced by the disadvantage of physical
encumbrance deriving from ancdreasing size of population. Therefore where

a physical limit exists such as in biological organisms (limited perceptual
distance, environmental obstacles) sociality fosters an improvement of feeding

chances, which means survival.

Sub-experimental setup no.3

Evolving robots for 20 different conditions, we can notice a remarkable
difference of average fithess between the first race and the second, only in
some replications. In Figure 1.23 there are represented the comparisons of the
first 5 r epltelateddotbotlotwosracesfin particalar, in replication
no.1l and no.5 the first race gets a fitness far and away less than second race
fitness. For t his reason the second
understand why there is such a pronouncedbgiypeen races fitness in only a

few replications, robots behaviours have been carefully examined. Immediately
a dominance of the second race arise from robots behavioural analysis. In

Figure 1.24 is illustrated the situation over some generations.|dadyc
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Figure 1.23 Fitness comparisons between both two robots races of some
replications (over 20). In replication 1 and 5, blue race is dominant and green
race is recessivén the remaining 3 replications, races are on par.
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is obstacled to get in the food zone, over generations. Finally green race is not
able to lie in the food zone when ground sensor signalptiesene of it.
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marked that blue individuals (race 2) tend to place Hadwves all around the

food zone on the border. They evidently develop this strategy sooner than the

green race (race 1). This is clear in the picture, as blue individuals tend to
position on the border of the food zone, since first generations (see generat

20 and 100 in the Figure 1.24).

Obviously, if blue robots are faster in displacing all around the food zone they

wi || create a dAdwall o for the green robc
the food zone throughout the generations. In this way, green robots will not be

capable to devep the only strategy robots can develop in this setup to get

fitness: learn to stay in the food zone when ground sensor is on. In other words,

at the end, green robots will not be able to lie in the food zone when they are in
because their possibility tearn it has been precluded during the evolution, by

the dominance of blue race. That i s why
fitness and green raceods fitness. Inste
not generate a so efficient wall arouhe food zone making green robots able

to penetrate in there, and vice versa. In this way, green robots learn to stand in

the food zone when they find it, and average fitness is about the same for both
races.Therefore, in this sukxperimental setu@ rew information emerges on

how physical obstruction can be exploited by competitive races to predominate

on the other.

However, in this <case, racebds dominanc
differences in physical features but from the genetic differencacafsrfrom

the begin of the evolution, because of the random choice of initial genotypes.

This difference could make one race enough fast to reach the food zone and
create a barrier to obstacle the other
encumbrancecan foster interace competition but at the same time it can

enhance intrlace cooperation to increase survival chances of own race.
1.6.3 Future directions

So far, we have examineabmeadvantage and some disadvantageksocial

living and these can be reduced improvedundersomeconditions.A new

59



series of experiments could shed a light on all the advantages of sociality. We
could investigate:

1. When individual tend to aggregate to each other?
2. Which are other factors whéoster the cooperation and living in

group? (predation protection, feeding efficiency, information and
resource sharing, etc.)
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2 Dyadic Cooperation

Cooperation allows to reach goals that are precluded to a single agent. This
principle is weltknown in animal reign where various and outstanding
examples of cooperation can be obseryieid. possible to ansider for example
grooming in primates, an activity in which individuals in a group clean one
another's body by which animals who live in proximity can bond and reinforce
social structures, family links, and build relationships or the structured social
organsation of insects such as ants, bees, wasps or termites where every
subject covers a specific role that sustains the hierarchy feeding the entire
group.

In order to cooperate, sometimes, it is not needed being numerous. In nature,

there are many siations where couples of individuals reciprocally help each

ot her to achieve a common benByhdict. Thi s
Cooperatiom, since it is accomplished by two

The ethological observation of dyadic cooperatidias been recently
complemented with the study in controlled situation using specific
experimental paradigms: these paradigms represent a simplified version of
dyadiccooperation chances that animals encounter in natural environment. The
fiLoose String &sko is an experimental paradigm to studlyadic cooperation

and it has been explicitlgevelopedfor chimpanzeesy, 6], birds [96,8] and

recentlyelephant$97].

2.1 Dyadic Cooperation in Corvids and
AThe Loose String Task

Recent work have shown that captive rooksre able develop dyadic
cooperativealliances with their cospecifics. Furthermore, thpressures
hypothesized to haviavoredthe socialintelligence in primatesalso apply to
t he birds fcarviti®l y w hci aclhl eatbavgftagens nr@ks

jackdaws jays, magpiestreepies choughsandnutcrackersBefore the same
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studies have been extensively conddabeé monkeyand chimpanzees. These
studies on primates dyadic cooperatiamequivocallyprove that monkeys and
chimps understand when cooperation is neeaegs Furthermore primates
display behavioual coordination and they have a robust understanding of
partnersd requirements. These findings hav
role of temperament during the evolution of cooperation. Ultimatdig, t
difference in the temperament betwedtimpanzees anldumans might reflect

an important evolutionary step, providing a platform upon which our
cooperative culture and sophisticated cognition could lewadved. Starting
from the cooperation resultsn primates other authors haveesteddyadic
cooperative pblemsolving in rooks to compargheir performance and
cognition with primates. Withouprevious training, eight rookshave been
faced to aproblem inwhich two individuals havéo pull both the ends of a
string simultaneously in order to reaehfoodplatform. In literature this dyadic
test is known asi L o o s e St Thetest is Oiddedkio 3 experiments:
AfbasefhderkayndiebbodDce Itnestthbe first experi ment
two rooks(at a time)are trained to pull the string simultaneously. In the second
experi ment the dreewas flap is relesased(hy the experimentgr
once one of partners entdlge test room. In this wayt has beerpossible to
verify whetherone of rooks waits theompanionfor the time necessary to
enter in the testingroom | n t he end, rooks musitclmosdic hoi ce t es
between a single and a double apparatus. When tested tler®rds should
preferto pull the sngle apparatus becauttey are not allowetb individually

get food from the double apparat(which only works with two subjects).
When tested with their partner, roosisould attempt to coordinate theiroup
actions and pull in the double apparaflise three experiments are depicted in
Figure 21. The second and ththird experimenthave been developetb
investigate whether corvids haem understanding of the a r t need is 6
order to have areffective cooperatiorby delaying acting or checking the
presence of the partner.

Similadly to monkeysand chimps rooks performance has beéptter when

within-dyadtolerance levels have bebmgher. In contrat to primates, rooks
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have not delayedcting on the apparatus whilleeir partner gained access to
the test roonfdelay test)

Furthermore, given a choice between an apparatus that beuloperated
individually over one that required the actiohtwo individuals(choice test)
four out of six individualshave showed no prefence. These results may
suggesthat cooperation in chimpanzeesbigsed ormore complex cognitive
processes than that in rooks. Such a difference amiag from the fact tha
while both chimpanzees andaks form cooperative alliances. However,
Chimpanzees, but not rooks, live inmore complex andsariable social
network made up of competitive and cooperative relationships.

2.1 Dyadic Cooperationin Robotics

Allthei Loose Stri ng T aofek difficalttogobe execotedroh s ar e
captivity animals such as rooks in laboratory. These conggsl a preceding
long term breeding training. Moreover a long training for using the apparatus is
often necessary for each single rook. Many times, this involves the wounding
of the animals and sometimes even their death.

For these reasons, always mdrequently, robots and simulations are being
adopted in order to prove cognitive theories on cooperation in these animals.
In one of those artificial experiments, two robofsuek are simulated within a
rectangular arena where the robats initially placed on a wide corridg®8].

Once the robots have reached the great central targetthi®darge area
disappears andhtee smaller targets are placed in the corridor. In order to
accomplish the task, robots have to drive towards one of #med targets.

The setup is depicted in Figure 2.2. This experimental seagimpleversion

of the 'Loose %ing Task' (adjusted for the robotgnd represents a situation

in which the robts should coordinate themselves in ordercoemperateand
geting a reward. By evolving robots (by means of Evolutionary Robotics

techniquey dyadsdisplayto be able to accomplish theska showing
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Figure 2.2 First Experimental Setup on Dyadic Cooperation in robots.

an efficientbehaviour Results underlinghat cooperation between robots is
regulated by sociainteraction between robots, vieommunication as a
medium.The emergence of communication leads to a coordinated cooperation
behaviourthat is anything likecooperation observed in natural organisush

as corvids.

In a second experimental sefup/o robots epuck situated in a rectangular
arena with two target areas, are evolved fbe task of reaching areas almost
simultaneously99]. The experiment ischematise in Figure 2.3The dyads
equipped with communication channels. Finally dyad, with enabled
communication, become®gectly able to reach target areas in the same time
Whereasdyad evolved, withoutcommunication signals beconable to reach
the target area in different times: each robot etfitertarget area on its own.
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Instead, the communicative dyad develop the capability to synchronize by the

communication, in real time.

Figure 2.3 Second Experimental Setup on BiaCooperation in robots.
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22Aneuro-r oboti ¢ model f or

N

Cooperationo

In our artificial approach we always attempt to aestrong link between
phenomenon and tadkhat is derived from experimentsn order to obtain
insighs from this kind of data reciprocally. For this reason we model
experimental setips, that has been widely used in animal behaviour literature.
In others approaches, thmain drawback is that attention is focused in
verifying if a certain ability/capacityan be found in another species or not. In
other wordst seems that a catalogue mhstcompiled: dogs do this thing, cats
donot , et c, whereas there Iis no interes:¢
strategies in solving that task between speciestber a common underlying
mechanismHere, we try to overcome, at least partially, this issue with the
present contribution in which we describe a dyadic cooperation task solved by
artificial organisms whose we can analyze the solving strategies and
mechamsm.

In thisnewtaskwe have extended previous experiments in order to make these
simulations even more approximate to the real experiments (Loose String

Task) on corvids.

2.2.1 Experimental Setup

Two wheeled robotgkhepera) must cooperate fabtairing a reward, i.e. food,

which is clearly visible, but not directly reachable. The dyat$ the reward if

the two tipsof a bar are pushed onto food zones. However, this is still a
simplified version of the Loose Stringa3k: a bar must be brought on two

areas by the two robotsat about the same time to receive arewdiri.he b ar 6 s
extremities must be simultaneously on two different areas to generate a reward,
the setup is depicted in Figure 2A delay of one robot caus¢he failure of

both The robotsstart from fixed positions inside ashaped corridor where, in

the centre, there is a wallhe environmental arena has a size566cm x

1100cmThe environment is surrounded by walléhen a robot bumps against
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Figure 2.4 Robots and Environment.

environment o6s wal | or against anot her

neighborhood of the contact point, with a new random direcEanhrobot is
equippedwith two motors on the bottom side and thtmemp sensors, as
shown in the Fure2.5. As we can se# the picture, ach sensor encodes the
stimulationin this way: 00 caesponds to no impact, 11 frontal impact, 10 and
01 lateral impactsThe robot control system consists of three layers: the input
layers is made up by 2 bump neurons, 18 neurons assibd@ the visal
system of the robots and byn&uron that encodes the ground sensor.

The visual system of the robot encodes on a-gcaje the input from the
artificial retina of the robot whereas the ground sensor signals if the robot is on
a specificarea. The output layer is made up by 2 neurons that control the
motors. The hidden layer is made up by 5 neurons. The layer that control the
retina is formed by neurons that receive a value from 0 to 1 according to the
gray-scale acquired from 1 of the i&ina photorecepter The retina receptive

field goes from90 degrees to +90 degrees considering face direction so every
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Figure 25: Representation of the codification bmps sensors inputs.

photoreceptor cover an area 10 degrees witle. neural control system is in
Figure 2.6.Robot are evolvedusing a genetic algorithm with an initial
population of 100 dyds of agents whose genotypedaadomly variedAt the

end of their life robotseceive ditnessscore according to their abifito solve

the task described above (they can try 20 times) and their chance to reproduce
themselveslepends on this ece. This selection procedure has béerated

for 300 generations.rém one generation to the nerhly the 2% of offspring
genotypesare mutd. The whole process has been replicat8dtimes with
different starting conditionsEach dyad consists of clones, that means each
robot has the same genotype.

The main purpose of this studyts understand how cooperation evolves with
different conditionsof communication. The task we have described, in fact,
implies that a subject in the dyad considers the presence of the other and that
wait each other. It is moreover clear from the ethological observation that
animal use some channel of comnmation to coordinate and solve the
cooperative task correctly.

We have then compared 4 different conditiompno communication and no
vision; b) communication (with an auditory signal) and no visi@);no

communication and visiom) communication and vision.
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2.2.2 Results

The first results is about the number of sucesdy the robotsn the four
conditions, illustrated in Figure 2.6. From the chéris clear that the most
successful condition is the ftmmmunication and visiozor each condition in

the table inFigure 2.7there are the averagefitness values and standard
deviationof the best dyadsfor each condition. The difference between the 4
conditions(evaluated with t tests) &atistically significant.

The results are counterintuitive: one would expect that communication and
vision together could be more helpful in solving the task. On the contrary
vision alone works better.

If we obseve thebehavioual strategieswe can see that the robot, exploiting
the lateral vision see eachother in each momentf a robot is late, the other
walit for itspartner and then they to ¢logether to puskhe bar in order to reach
the reward areassimultaneouslyand solve the task. In other words they
synchronizeby the vison.

Number of successes on the best seedsfor each condition %)

100
80
80 1
70 1
60 1
50 1
40 1
30 1
20 1
10 1

W No Communication - No vision

W Na Cormunication - Vision

[ Communication - No Vision

[ Communication - Vision

Figure 2.6Number of successeby the robots
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No No Communication Communication | Communicat
Communication ion
Vision No Vision
No Vision Vision
Aver | 0,0485(0,052)| 0,1291(0,059) 0,0738(0,039) 0,0805
age (0,046)

Figure 27: Average Fitness arfstandardDeviations.

On the contrarythe other three conditions do not produce strategies as

efficient as the one described and this reflect also on the indexes reported

above.Some examples dfehavious are reported in Figure 2.8.

How can we explain these puzzling data? our opinion, the present

evolutionary process doemt allow the signal to become a communication

signal: in other wors, in no casethe dyad arrives to interpret the auditory

signal as something that can be uskf

ot her

S i

de,

Vi si

on

to understand

aut omat i

cally

position, an information that is clearly relevant in this kind of task.

2.2.3 Future directions

ot her so

and

What is relevant in our opinion, is thetis approach allows us to study the

cooperation issue trying to go deep inside the mechanisms that regulate it. In

fact, with the artificial organisms we use, there is the chance to control more

variables: how can you control the elephant vision? Fot igssmuch easieto

understand how vision determines cooperation and through which mechanisms.

In the future, we propose to test other variasftthe loose string experiment,

for exanplethefi ¢ h o i cRartherma@e, we.coulohvestigatenore deeply,
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Figure2.8: Behavioual strategy of synchrosation

therelation between information absence and communicaaas inmatural

and artificial organisms.
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3 Flocking behaviour and
Leadership

As we stated in the Introductida the present documemmtrimatology has been
dealing with the conditions which lead to the grouping in primates, such as
monkeys and apes. Some authors have argued that grouping provides such
benefits to the members that differences in size of groups bausought
mainly in the disadvantages of the ecology where the members are used to live.
Beyond mating, reproducing and offspring caring, the most accepted
advantages of social living in groups aag¢:more protectin from predatorsh)
improve the chares of feeding ¢) compete against cepecific groupsd)
information sharing (resource sharing). However the most significant
disadvantages of grouping are) Intra-group competition increase due to
constantly living in close proximity; different motivations and skills could
cause a compromising of group cohesion; b) Coordination needs proportional
to the group size: in order to move in groups, some membersdnessarily

al 1) should choose the same moving dir
Moreover thosefi e | e cduleset oof individuals should coordinate the
movements of the whole group. This is a negotiation problem, often not easy to
solve [34].

Nowadays evolutionary biologists generally argue that the reason for the
emergence deadership / followership patterfsver the years of evolutiong

the need to coordinatd 3]: they usually use the term leadership to indicate
those behaviours that influentte type, timing and duration of group activity.
Specifically, the role of Leadership, that is identified in solving coordination
and collective action problems, involves different degrees of confhci®ss
species, individuals are more likely to egeeradeaders if they have particular
morphological, physiologicabr behavioural tragincreasing their propensity

to actfirst in all thecoordination problems.
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3.1 Leadership in living beings

A review of the human and ndruman leadership literaturguggests five

major transitions in the evolution of human leader$b@®]:

1)

2)

3)

4)

5)

Leadership emerged in pheiman species as a mechanism to solve
simple group coordination problems where any individual initiated an

action and others followed;

Leadership was eopted to foster collective action in situations

involving significant conflicts of interest such as internal peacekeeping
in which dominant or socially important individuals emerged as
leaders;

Dominance was attenuated in early human egalitarian sExidtiat
paved the way for democratic and prestigesed leadership facilitating

group coordination;

The increase in human group size selected for powerful social cognitive
mechanisms, such as theory of mind and language, providing new
opportunities for laders to attract followers through manipulation and

persuasion;

The increase in social complexity of societies that took place after the
agricultural revolution produced the need for more powerful and formal
leaders to manage complex intend intergroyp relations: the chiefs,
kings, presidents, and CEOs. In some cases these newdbleaders
are bestat providing public services, at worshey abuse their position

of power to dominate and exploit followers.

In ethology, groups of animals ame@tonomous unitdhat enableanembers to

synchronize some activities, such as collective foraging and coordination in

moving. A lot of theoretical workshave focused on how navigational
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information is exchanged between group members and how such infarmatio
flow depends on the knowledge held by each menib&r fome open central
issues are: how do groups reach consensus and solve the problem of
maintaining a collective moving, if there is a considerable variation in
knowledge of the group members? Is tloée rof an individuald &nowledge

level determining for leadership in animal groups? Actually a few experiments
have attempted to provide the necessary empirical da& [These
experiments demonstrate that during pairing flights, when two birds (homing
pigeons) have a conflict innaindividually preferred route, if they are
significantly different (in knowledge), one bird will emerge as leader and the
other onewill emergeas follower. In aother studythe authorshaveexamined

the factors contrikting tothe formationof leadership / followership patterns in
flocks of pigeons, focusing on the role of previous navigational experience
[101]. The results prove that, in order to negotiate joint routes, pigeons make
use ofa complex decisiomaking system badeon leadership mechanisms,
where, in substance, less homing experienced birds are likely to follow more
experienced cospecifics.

In order to coordinate group movements, primates evolution seems to have

identified two strategies:

(1) Personal leadershipwhere a single individual usegts
dominan status to impose its own choices. In this case, the
spatial and temporal distribution of the group does not affect
the initiation likelihood of movements. Moreover, the current
leader does not constantly take under chéskfollowers
behaviour He simplyleads and the others follow. In this kind
of leadership, the leader is the focal point of the group and all
thegr oupds members are constantly
activities. Before moving, the adult male signals its readiness to
move, assuming rigid posture and eyes fixed towards a given

direction. He moves rushing in the direction chosen,
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occasionally uttering grunts. Members of theugraimply join
him to follow [103;

(2) Distributed leadership: in this case, individuals continually
exchangeinformation to reach a collective decision. In this
type of leadership several individuals(not necessarily the
dominant ones)nay be the initiators of group movements.
Spatial and temporal distribution of the group can strongly
affect the probability ofsucceskilly beginningthegr oup 6 s
motion In this context, very memberconstantly looks foan
answer bytuning insound and visual signalfrom the other
membersThe geater the number of individuals involved in the
decision makingthe more types otommunication signals are
needed103].

In the systems ofistributed leadershjpthe leader is1ot chosen by status of
dominance, especially in tolerant species. In this case, even older females may
be selected. In the wild macaques "Barbary (Masteanus), for example,
females usually lead the group, but males become more influential in cases of
imminent danger. So there seems to be a distinction between a leader who
guides (chief) anda dédifact@ leader (leader)The social organization can
influence the mechanisms of leaderslife asymmetrydegree in dominance
relationships may play a key role. Some studiageargued that whitéaced
capuchin monkeys which are more socially open and tolerant races of
monkeys, rely on a distributed leadersiii94,105] Whereas browifaced
capuchin monkeys aharacterisg by a more central role afhigherranking

male, who aggressively contsahccess to resources, and whoséaviouris
constantly monitored by other members of the group. In this case awsawy

that brownfaced capuchin monkeys display a more personal style of leadership
than whitefaced ones[106,107] In some ethologicallystrong theories,

whenever there are moving groups of animals, tladraysseem toarisea
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leadership/followershippatterns emergence T hat 0s a stronger
because it claims that motion is a necessary and sufficient condition for the
emergence of leadership: in all cases a motion is needed, a leadership would
arise [108]

Also the modern biologyand psghology seem taagree withethology on
leadership operating principlesin species where individuals prefier move
together leaders and followers are more likelyoe present in groupingasa
consequence afocial and ecological pressuidoreover, inthe human case, a
purely social environment may have selectively created the conditions for
sophisticated leadership/followership patterns in human[1i®]. However,
literature on evolution of leadership, suggests that we can identify a first stage
in the emergence of leadership in humans, wherhpnean species, that tried

to solve simple group coordination problems for foraging, developed a
differentiation of roles, in this way some individuals initiated an action and
others followed111].

3.2 Flocking behaviour

FIl ocking behaviour can be defined as tF
follow other groupdés members drawing th
are exactly called f | a Thioseliehavioual patterns have been extensively

identified by biologists and ethologiststime animal world:researchers tend to

make distinctions among th@ s h o abelhaniauoof fish, thdi s war mi ng o
behaviour of insects ofi h e r dbehagoar of land animals. Geneyall

flocking behaviour is used to mean groups of flying birds, and the lines they
trace are named Afl ockso for this reaso
simulated in many computer simulations with the aim of understanding

fundamental mechanisms []13
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3.3Aneuro-r oboti ¢ model f or
Predator o

The following work is meant toidentify the possible mechanisms and

conditions involved in the emergence of leadership, in socially living

organisms. In order to achieve this ambitious purpose, we have simulated a
neurarobotics model based on evolving prey robots and predator robots. In

particd ar , t hi-pr efypr emdaad eolr mi ght shed a | ight
correlation between leadership and group moving (supposed in literature) and

what is the leadership role in motion coordination. The most significant

qguestions to which this simulation isténded to reply aretnder wrat

conditions may grouping spontanesty emerge witim a colony of robots?

Doesleadershimeeda group of genetically heterogeneous rolotaris€

3.3.1 Experimental Setup

The atificial system that | presentconsists ofa simulation of Khegra
Robots whose body is made @f circular chassis with diameterof 5.5cm
visual sensors and twoheels with whichthe robot moves in the environment.
In Figure 3.1 there is achematisatiomf the robot used in this experimental
setup. The envonment is a squared arena of 550cm x 55focmals bounded
by walls. The environment contains 20 predator robots and 20 prey robets.
only physical difference betweamme predatoand one prey conssts in the
color difference, blue for predators and green for pBsth predators and prey
are evolving robots by means of the evolutionary robotics methodology.
Another substantial difference between prey and predators is the different
fitness functiorcomputation: when a predator bunmaggainst a preyobot, this
disappeas from the environmen(i.e. it is deadl and the predatos fitness
increaseby +1. On the other side,rpdators cannot did.he Reyd $itness is

calculated byhe number of time stejis whichtheystay alive, thereforehe
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morethe prey survive, thenore fitnesghey gain In conclusion, \een a prey
robotiseatet he t ot al amount of prey (.Alivingc
The possibility of eang one prey robot is the onlybehavioual difference
between predators and prey. To survive and have offspring the predator robots
must be able to approach and readh gat) the prey robots whergag prey

robots must be able to avoid predator roblrtsother words, gedators should
evolve te skill of running aftemprey, and prey shid evolve the skill of
escaping

When a robot bumps against environna¢émialls or against another robot, it
bouncs back in the neighborhood of the contact pdiating a new (i.e.
randomly choserdirection.This experimental setup is depicted in Figure 3.2.

The vision system of both prey and predators is based on a linear refina of
(RO-R8) photoreceptors that perceives gray scaledrgolie field of view

(FOV) of each rbot is 90 degrees wide, and it repentsthe extent of the
observable world that the robot can see at any moment. The FOV ranges from
45 degrees to +45 degrees respect to the face direction (0°) thatritheo t 6 s

moving direction. In this way, each photoreceptor manage$ widl® porton
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Figure 3.2The environment and the predator robots (blue) and prey robots
(green).

of the FOV, the first one is associated to a rangg-4%°-35°] with respect to
the face direction, the second one 485f -25°], and so on. When any object
(such as motherrobot) is located in front of a photorecepf{aithin its vision
angle, it is activated to a value encoding the cabthe objec{translated ito
gray scalg So the green cotoof prey setsphotoreceptors to 0.2@hat is a
normalisedvalue (between 0 and i¢lated to the gray scalepleen. The blue
color of predatorsetsphotoreceptors to 0.9This vision system is depicted in
Figure 3.3.The maximum vision distance #fsion sensorss 55cm. 9 if an

object isfurther from a photeceptor more than 55¢mt cannot be detected.
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Each predator robot can live a maximum of 3,000 time stepsdpatsentd
epoch of the entire life. Whereas each prayot can die at any time sorey
can live less thathe maximum epoch 8me.

As we have previously saither ob ot 6 s c asrewlved by a gepetid e m
algorithm, even thougta different rankingsystemis applied to prey and
predators, in order to simulate two differapiecies. At the beginning of each
epoch,everyrobot starts from a random positiaithin the environmentEach
life time is made of 20 epochét the end oftheir life, the 20 predatorare
rankedaccording to hie averagenumber ofprey eaterin all epochs. Each of
the 4 higherranking predat@ generates five predator offspring which inherit
the genotype of their father. THest offspring individualy preservesthe

fat her 0 s tirgle(alibsmywhereasharest of the offspringeceives a
random mutation with a probability of 2%ithin the inheritedgenome. The
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total number of new preda®i(4 x 5=20) populats the next generation.
Similarly, the 20 prey robots are ranked sepyatgenerating 20 new prey
robotsfor the next generation. Thesvolution carries on for 300 generatson

The number of replications is 1@&ach replication is charactsed by a
different initial genotype randomly selected before the eggof the first
generation.

The evolving genotype of each individual consists of a set of binary encoded
controlling n e uparametersiThet neuoat tketiverk (ANNg e
controk the behaviour of each robot. These encoded parameters Hre
synaptic weightsof the connections and biaséer the neural network.
Furthermore these free parameters of ANN are randomly generated in the
interval between +5 aridb, and each parameter in encoded as a sequence of 8
bits.

The contrdling neural network consistof 3 layerswith 13 neurondor all,

each one is connected tioe other layerswithout recurrent connection3he
neur al net woscHedaiseinbigueB4o gy i s

The nput layer contains 9 neurons which encode the output from the %retina
photorecepta: In other words, input units receive valuemrfmalisedin a
rangebetweenOand)f r om t he r et i naodthegeaglevelofr s dependi
perceived imagelhe hdden layer consists of 2 units, atie output layes are

the controllers othe motorunits output neurongncoca the sged of the two
wheels that enablie robot to move in the environment. The activabbiall

t he net wor k G ranga [Ofl]énteraat and dutput neuroree
distinguished by aigmoid activation function (lastics).

Initially, for thefirst generations, the predator robots are not able to approach
the prey, to eatthem. Similarly, prey robots are not goatl avoidng the
predators During the generationghe best robots selecin and themutation
operator cause the predatorsdé to i mprove tF
the other hand, the prey learns to escape from predators.

When a biological or artificial organism perceives fo(atey robots or
patche}, the organisnshould appoachto and eat the food becaudias is

necessaryor thesurvival.But when the organism does not perceive any food,
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Figure 3.4 The control system of predator and prey robots.

what should it doThe organism should explore the environment @sd as

many parts of the environment as possible, because this will increase the
probability that itwill perceive food.Therefore the fithessscore ofa predator
robotwill depend on twalistinct abilities: (a) the ability to approach and reach

a perceved food token, and (b) the ability to explore the environment when
there are no food tokens in view.

Two robots carachievethe same fitnesscore:but one robotould begoodat
reaching food and less goodeaiploring the environment. In oppositionttos
another robot could be skilled at exploring the environment and less good at
reaching the food. We probably expect a specialization of skills like this, after

the evolution.Both abilities could likely to bedevelogd during evolution.
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After the evolition phasewe are able to test the evolved robots in an artificial
experimental laboratory.

3.3.2 Results

By evolving predator and prey robots, we observe that the former learn to
follow andor eat the prey, while the latter improtreeir abilityto escape from
thepredators.

Moreover we observe the emergence of a flocking behavimiween
predators. Instead, prey do not display any specific grouping behaviour, they
just avoid predators. The flocking is schematised in Figure 3.4.

The motivationfor the flocking behaviour emergence has been roughed out
previously. As every predator robot has a limited maximum distance of vision,
when they do not see anything around them they prefer to follow another
predator robot instead of doing anythingelse Whave observed that
display a significant behaviour of following very different from the behaviour
of hunting. The behaviour of following another predator because, in this case,
predators do not tend to bump against the other predators, gytughdimit
themselves to follow with a safe distance. On the other hand, the behaviour of
hunting consists of following the prey until the predator reaches and bumps
against it, in order to finally eat the prey. Someone could trivially argue that
flocking is facilitated by the evolution of a simple following strategy, namely
chasing everything that is moving. This is not true, because as we have just
explained, there is a differentiation between the behaviour of following one
predator and following a prey

In conclusion, by virtue of the previous behavioural analysis, we can strongly
suppose thaflocking Behaviourin this model is caused biwacuum visioo |,

that is: when | do not see prey around me, | just prefer to follow another
individual like me.This is generated bg limit of their vision capabilities
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Furthermorejf we take alook at the fitness curve®ver thegenerationp of

the best and the average populations, we notice thatuttves are constant
Figure 3.6 is showed the average of the fitness curves of the predator robots.
The steadiness of fitness curves is too¢h for predators and prellowever,

by watchingthe robots (both predators and prey) behavieuthey seem to
improve theirskills andperformance throughout the generatiorighis effect
has been explained in some past works byfittee r -ma ¢ enscbanism that
can arise in artificial evolution tofl13]. Armsraces may emerge in every
situation where a cevolution of two species of organisms is involved:
wherevertwo competing population of organisms-eeolvetheymay lead one

another to increase reciprocalllye behaviourcomplexity by producing an
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evolut i o n ar-rya cfetes rélmistents and purposes$n this case, he
efficiency ofe ac h s i n g | eeolved istiategiedossmaot sifluence a €o
evolved group enhancement. In this simulation, for example, prey robots
become better and better at avoglipredators, meanwhile predators become

better and better at hunting the prey.

score and preyods fitness score does not

the amount of prey the predators can eat, in one gtoeyr is affected by

preyo6s skildl enhancement s: i f prey get

predators will not eat a larger amount of them. That is why the fitness curves
appear stableThrough evolutionprey become increasingly go at escaping

from predators, butpredatorsalsobemme increasingly good at huntitigem.
However, this does not mean tlaat o b sttategiesand skillsdo not improve

and becomenore effigentduring the evolution.

Another factor that makes the predators fitness suceastant is the fact that,

at each generation, only 20 prey can be eat¢otal, becausé¢he preywill not

be born again after their death. Definitely, the number of prey eaten by
predators (fitness)through the generationscannot increase that much.
Certainly, the speedf the predatorsto devour prey, can increase during the
evolution.

In order to prove this fact, weaveconducteca n i e ¢ te¢po gihcaal means
was executed in the evolutionary ecological environméfg.have measured

the number oftime steps inwhich predators eat all the 20 pré@ye. predation

time). The test has been repeated by loading the genotypes of all the robots
over the generations. Not all the 300 generations have been considered, but
only a sample of them, witla step of10 generationsThe test haseen
perfomed in 20 trials per generation, wiBR00 time steps for each oriéhen

the 20 values obtained, have been averaged. We have then achieved 30 values

(average time steps) per replicatitm.order to reducthefi ar-rmasces o0 ef f ect

the testhas been executed with motionlessey, randomly spread irthe
environment.

Finally, we have calculated the average of all 10 replicaticared we have
plotted these values on the chart depicted in FigurelB&gapbetwween the
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first generation and last generation time4tl, 57 time steps, that proves a

decrease of predation time. This means an enhancement in predation skills, in

spite of the constancy of the fitness curves.

Obviously, predationtime cannotfall below a certainthresholdbecause this

depends owariousfactors such as they cannot exceed th
motors speed, there is a limit the number ofedible preys, the limited

environmendl size and so on.

To find a single indicator on the fithess reached by robots in each replication,

we have calculaed t he average of the | ast 20 genei
Figure 3.8 there is a batot with all the 10 values of fitness per each

replication that we calthe i Fi t nes s |l ndi cator 0. We <can o
replication no.10, predators achieve the bijhaverage fitness, whereas they

have the lowest average fitness in replication no. 7.

M Seedl
W Seed2
0,96 W Seed3
g M Seedd
0591
g BSeeds
4
@ B Seed6
: 0,86 I
= ! Seed?
'S
081 - == H Seed8
| Seed9
0,76 - S mseedi0

2 23 4 Oovdly 80N

Number of Replication (Seed)

Figure3.8: Fitness Indicator per replication
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Apparently there is an unexpected iateplication variation of fitness. So the

first question we have tried to answer\ighatis thephenomenormehind this

substantial variation?

In order to understanthe why of this variationwe havetried to calculate a

static aggregation measure bfh e p r eapwdatiomsro$ id ecological
environment.From this point we only consider the predators population for

further analysis, as there are no interesting emerging social behaviours in the
preys popul ati on. The AAggregation Me i
measuring the distance betweeklesobot and the nearest robot, in each time

step. All the 20 measures of distance, for each time step, have been averaged
returning, in this way, an average distance between each robot and the nearest
robot, for each ti me ststapces have deen al | t
averaged. The test has been executed on the last generation robots for 20 trials.

So the average distance between one robot and the nearest robot has been
averaged over all the trials. Finally, we have obtained an indication on the

ability of predators to aggregate. The static Aggregation Measure per
replication has been reported in a-pbt in Figure 3.9. The lower values

correspond to more aggregation and vice versa higher values correspond to less
aggregation. This is because the aggtion value means the average distance

of each robot from its neighbour, so the lower value is the average distance, the

higher should be the aggregation. In thlist, we notice that (on the opposite of

the Fitness Indicator Ploth replication no.10, predators achieve the lowest

value of average distance (higher aggregation), whereas they have the highest
average distance in replication no. 7. Moreover, we can obseragadilita

between replications in the Fitness Indicatioart.

Therefore we have tried to understand whether there is a possible correlation
betweenthe Fitness Indicator anthe Aggregation Measure, by calculating
Pearsonés Correlation Coefficient bet we
has surprisinglyeturned g -6.7 that means high artorrelation between
Fitness and Aggregatiqni n st ati stics, 0.5 .ghisj < 1 m
means that whenever there is a high aggregation then there is a high fitness

probably, and vice versa. Artorrdation had been expected as whiegre is a
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high aggregation, then the average distance between a robot and the closest
robot is low. In Figure 3.10 all the series are reported on a plot with the
correlation coefficient.

To better understand the dynamics of the robots aggregation through their life
we have plotted the average distance between a robot and the nearest robot on a
chart in using the life time steps, as those reported in Figure 3.11-&esX

we have the timsteps and on Yaxes we have the Aggregation (average
distance). In Figure 3llthere are two examples of aggregation curves related

to replications no.7 and no.10. As we can see, theflication curve appears
constant whereas the L@eplication curve appears to be decreasing, that
means the predators population tends to aggecat the end of their life in
replication no.10. Figure 3.12 illustrates the average aggregation curve, namely
the average of al/l 10 replicationsd agg
we observe an aggregation reduction at the end of theThiis. could mean

that the predators probably tend to increase the flocking behaviour and

aggregation as a consequence of the inc
Seed 7
3-3W
s
%
| 3

Seed 10

Toma dlip

Aggre g steoem
I .

Figure3.11 Aggregation variation through the life.
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As a matter of fact, after the predators eat the prey in the first part of the life
cycle, then the prey supply become scarce.

In the first parbf ar o b o t théavdragd aggregation is always less than the
average aggregatioin the second half of its life, in every replication, but in
replication no.7, where the aggregation trend is always constant as we have
seen. This situation is clearly depicted in Figure 3.13. Each black bar indicates
the average aggregation in the tfitO00 time steps and the grey bar is the
average aggregation of the last 1000 time st#&psve can see, in the first 1000

time steps the average distance between each individual and the nearest
individual is greater than in the last 1000 time steps.

Thefirst important issue, we have faced, is trying to understand why there is a
substantial intereplication variation, why there is a difference between seed 7
and seed 10. To find answers to these questions, finding a behavioural measure
is important eveibefore a behavioural analysis. But in this simulation, we have
needed to analyze the behaviours beforeinidentifyingwhat we need for the
following numerical analysis.

By examining the behaviour, we have compr
flocking behaviours are not simply a grouping of robots following each other.
There are in many cases some special robots which lead the otlsermen

way. To identify the underlying mechanism we have tested each single
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predator robot i n a smaller environmen
Environment with size of 150cm x 150cm we have inserted one or two
predators at a time, and we have studied their behaviour. In practice, before, we
have inserted one single predatand we have examined the trajectory as
illustrated in examples in Figure 3.14. As we can notice, in the picture there are
3 predator exemplars: predator no. 29, 39, and 27. Each of them draw a
different trajectory and we can say they display a differgplogatory ability.

The prey are numbered between 0 to 19 and the predators are numbered
between 20 and 39. In all predators we have noticed different trajectories
differentiated in groups depending on the exploratory ability: robots with a
small exploratoy ability, robots with a medium exploratory ability, and robots

with a large exploratory ability. By placing the robots side by side in the same
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Figure3.15: Trajectories of alnatchesbetween predators 27, 29 and 39.
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environment, individuals 29, 39 and ,2%e have obtained the behaviour
illustrated in Figure 3.15Basically, we have made all the possible couples
between robots 29,39 and 27 and we have watched how they interact within the
environment. Surprisingly, we have immediately noticed that in every couple
one robot always leads and one robot always followss fiappens whichever

trial we have run the test in. But fundamentally, there is a following hierarchy
between predators and this is predetermined in advance. In any way we change
the robots positions and orientation, this hierarchy always arises irarnhe s
preset manner. Furthermore, if we compare Figure 3.15 with Figure 3.14, we
observe that all the robots with less exploratory capability (i.e. with draw small
trajectories if tested alone) are the ones who tend to follow then. All the robots
with more eploratory capability (i.e. which draw big trajectories if tested
alone) are the ones who tend to lead. In other words, the following hierarchy
appears to be regulated by every single trajectory, or exploratory ability. In
fact, the 39 which is the less maratory in the Figure 3.14 is a follower if
coupled with the both robots 29 and 27 which draw bigger trajectories. Robot
29, which appears as leader with the robot 39 is a follower with robot 27.
Robot 27 seems to be the absolute leader among theset8. foldeed, 27 has

the maximum exploratory ability. The hierarchy cannot be regulated by the
color, because all the 3 robots have the same color. The hierarchy should be
established by means of the angle of view: by exploiting the retina
photoreceptorsgach robot is able to recognize the angle of movement of
another robot. So each robot is able to discriminate the arching amplitude of
the curvilinear trajectory which another robot is able to draw. Exploiting this
amplitude each robot can recognize therdnichic degree of another robot. So

in this way, one robot can establish if it has to follow or to lead. Obviously, the
genetic algorithm shaped this mechanism to guarantee the emergence of
leadership, since it is the only strategy we can imagine to tescpurpose.
Evidently, the leadership has been needed for the group coordination in moving
toward one direction. In this way, we guess it is possible to conclude that a
group of artificial agents, like those in the present simulation, needs

leadershiffollowership patterns to solve a simple moving task in one direction
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this is the direction where the prey are. In other words, atpgerer flocking
behaviour is not enough on its own to guarantee a smart movement of the
group in one direction, but is necessarfor the emergence of leadershigher
evolutionhas fashioned the following strategies in this interesting. Wagtly,

i n this simulation, the | eadership appe
not an absolute leader but it is ald@er of another robot. Since, the leadership
position is correlated to the exploratory ability as we have argued, there could
be an absolute leader among all the 20 predators, this would be the leader with
the maximum trajectory amplitude. But this doe$ mecessarily happen, there
could be two maximum leaders of three and so on.

To support these ideas originated by the previous behavioural analysis we have
studied a series of measures in order to prove the hypothesis we have made on
the leadership hierehy. The first Measure, that we have introduced, is the
ALeadership Measure by Visiono, that s
level by exploiting the vision system. In practice, we have inserted all the
possible predator couples, into the Labonatenvironment. Each of the 20
predators have been coupled with each of the 19 others. For eadssunly

2 robots are present in the environment each time. Then we have counted how
many time steps each predator sees something, namely how mantepsiats

least one retinoic photoreceptor is activated. For each predator, the number of
time steps in vision, has been averaged for all the pairings with the other 19
predators. The hypothess that if there are only two individuals in a small
laborabry environment, the leadevill see less than the followelhe leader
should more likely be at the head of the following line whereas the follower
should be on the tail. Therefore, this turns out a sequence of vision parameters,
for each predator per repditon. Each parameter represents the leadership
ranking of each predator in the group, and the lower the value of the
ALeader ship Measur e by Visiono, t he hi
predator. The Measure of Leadership by vision is depicted ind=B)@6. This

picture shows the values of Replication no.7 and Replication no.10, which are
the ones with the lowest aggregation and highest aggregation respectively,

according to the Aggregation Measure in Figure 3.9.
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Hgure 3.16:Leadership Measure by Visidn.the picture there are the values

of Replication no.7 and Replication no.10
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Comparing the figures 3.8, 3.9, 3.11 and 3.16, we can argue that: whereas there
iIs a low aggregation (replication 7) then the variation betweenlapors
leadership valuesire low, the fitness is low and the aggregation evolution
during the life is constant. On the other hand, when the aggregation is high
(replication 10), then there is a high variation between leadership values, the
fitness is highand the aggregation evolution during the life is decreasing. In
other words, there is a great correlation between aggregation, fithess and
leadership. Leadership parameters in replication no.10 suggest that
leadership/followership patterns appear onlyewtthere is a high variation
between the values: only some individuals are absolute leaders (namely, 21, 24,
34 in the picture), others are relative leaders (namely, 25, 28, 35, etc.) that
means they are leaders for some predators and followers in regatber
predators. Lastly, only some predator robots are absolute followers (namely,
22, 39). Leadership variation suggests that leadership emergence is correlated
with fitness: this should be a winning strategy because whenever there are
strong leadershifpllowership patterns there is a higher average fitness
indicator, and vice versa. All this indicates an operational way to extract a
unique measure of leadership per replication: measuring the variation intra
seed of Leadership Measure by vision, we eohia Leadership Measure per
replication. For this reasonwe have calculated the standard deviations of
leadership measure for each replication, in this way we obtained a value of
Leadership for each seed. For example, it shouldhl¢ there isa high
emergence of leadership/followership patterns, in seed 10 (high standard
deviation) and seed 2, while theseed 7 (low standard deviation) there should

be a low leadership/followership emergentherefore, to measure intszed

Leadership Measure by Vigioo s vari ati on, we have cal
deviati on of It for each 1ir sgndaidc ati on.
deviationso per replication is illustra

with the previous comparisons between different meastines| eadership
Measure per replication draws a situation where replication no.7 (low standard
deviation) displays a low leadership/followership pattern emergence; whereas

replication no.10 shows a strong emergence of leadership/followership pattern.
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Hgure 3.17:Leadership Measure by Vision per replication (standard

deviation).

This is in accordance with behavioural observations because in replication
no.10 we notice a strong presence of following with many special individuals
who lead the group. stead, in replication no.7 we observe that each individual
displays a selfish behaviour and tends to explore the environment
independently from others. In seed 10 robots tend to be more clustered than in
seed 7.

Therefore we have tried to express formaflg a numerical form) the
correlation we have foreseen (just before by comparisons) between
Aggregation Measure per replication (Figure 3.9) and Leadership Measure per
replication (3.17).
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ThePear sonds Correlation Coef fi,hasent bet
returned g -6.8 that proves a strong correlation. Figure 3.18 is shbisn
correlation.This means that the higher the leadership presence, the stronger the
aggregation in the group and vice versa. Obviously, in this tases is an
anticorrelation becausef the leadership measure desighe leadership is

stronger when the vision valug lower.

Another interesting issue we have wondered about is: in what way is the
leadership role connected with the exploratory ability? Predator robots seem to

display different exploratory skills. Thus, we have calculated the exploratory

ability for each single rgdator in the laboratory. Basically, we have counted

how many 5.5cm x 5.5cm sized cells each robot visits in the lab environment
only once. Each test has been perfor med
20 trials lasting 3000 time steps. Each valas been averaged over all the
trials and reported on a bar plot such

Ability Measureo is depicted. As we can
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Figure3.19 Exploratory Ability Measure. In the picture there are the values of

Replication no.7 and Replication no.10.
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difference between seed 7 and seed 10, also in this casesdattavariation is

low in seed 7, with all the predators appearing strongly expigraAgain, in

seed 10, variation between values is high, and only a few predators appear
exploratory. Also in this case we have thought to findsamptivemeasure for
exploratory ability per each replication. However, in this case, we have tried to
imagine and to calculate the average of all the exploratory abilities (instead of
standard deviation) because we are interested in the average capabilities per
seed. Therefore at the end we have the Figure 3.20 which shows the
exploratory ability ofthe@ pr edators in the | ast genc¢
expected, replication no.7 displayed the maximum average exploratory ability
whereas replication no.10 shows a low exploratory ability on average. This
means that in seed 7 predator robots are selfistindieggendent of each other,

they just deal with seeking prey on their own.

300

]
u
o]

200

150
100 |
O I
1 2 3 4 5 6 7 8 9 10

Seed

Number of explored cells (Exploratory Ability)

u
o]
1

Figure3.20: Exploratory Ability Measurper replication (average)
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They do not follow and they do not have hierarchies. In the seed 10 predator
robots are in strong relationship with each other, they follow the higher ranked
robots basically, and they do not have high exploratory abilities. In this case,
there is a leadship hierarchy. Moreover, this numerical analysis is in
agreement with behavioural observations.

Another interesting point is understanding the following capabilities of each
predator and trying to correlate these with all the other capabilities. In other
words, so far, we have examined the
point of view, now we are willing to study them from a followership point of
view. To reach this purpose we have tried to identify a measure of following
ability. Therefore we has measured the exploratory ability of each robot in

ecology by inserting all predators in the ecological environment together. At

predat

this point we have disabled =each robot 6s

exploratory ability without any influence from their gkbors. The results are

in perfect agreement with the exploratory ability in the laboratory shown in

picture 3.19, as expected. This test

predators for 20 trials. Later on, the test has been repeated with tie reti
vision system enabled: in this case each predator starts to follow another one
according to the leadership system we have earlier illustrated. This following
behaviour unavoidably causes the increase of exploratory abilities in those
replications wheremany robots were not that exploratory. The increase of

exploratory ability has been schematised in Figure 3.21. In the picture, in grey

has b

i's represented the increase of explorati ol

Visiono condition t o Aa wehcam bbserves insi ono

replication no.7, mosof robots were initially exploratory, so there was no
evident increase of exploration. On the other handepfication nol0Q, only a

few robots (leaders) were initially exploratory after the vision reactivation, so
the less exploratory robots became more exploratory as they follow the leaders.
In other words, the leadership seems to make followers able to become
exploratory wih regard to the situation in which they are alone. If we compare
Figure 3.19 (seed 10) with Figure 3.16, all the leaders that emerge in the
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measure. In other terms, leaders turn out as the most exploratory robots,

definitely.

They lead the less exploratory robots and thegtribute to enhancing their

exploratory capability in order to catch some prey. When leadership emerges

there is a specialization of skills that is not present in seeds like no.7 where

everyone is rather exploratory.

| guess, this is the most importanformation from this simulation. Another

i nteresting insight comes from measuring th
visiono condition and the fAwith visiono co
Basically, we have averaged all the values of the eca@odgic ino vi si ono

exploratory ability per replication. The result is the-plt in Figure 3.20.
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Thereafter, we havevaer aged al | the values of t he
exploratory ability per replication. Overlapping the two charts, wevtsaralise

the barplot in Figure 3.22.

A variable gap appears between replications; that gap can be assumed as the
average follaving ability of robots in one replication. This is the following
ability because from the fAno visionod co
exploration abilities which is directly proportional to the ability of the robot to

follow.

In fact, thenewe pl or at ory capability in the fAwi
high as the following of the robot, because the robot affects its ability to move

and explore the environment. The grey gegualisal in Figure 3.21 shows this
following ability per predator o bot exactly. Therefore, i
we obtain a measure of their following ability per replication, as illustrated in
Figure 3.23. Absolutely, this is a reli
appears to be in agreement with the Leslip Measure by vision, as it shows

a great following in replication no. 10 and a small following in replication no.7.

This is what we had expected, as where there is a high leadership component,

there should be a high followership component and viceav@is numerically
formaliset hi s apparent correlati on, we have
coefficient between Leadership Measure and Followership Measure and we

have returned p -6.79 confirming a strong correlation.

In Figure 3.24this correlation is graphically visualised careful analysis of

the exploratory and following abilities by previous charts, shows another
interesting piece of information: in this simulation, the exploratory ability and

following ability are reciprocallyexceptive, meaning that one ability excludes

the other one. For example in seed 7 all predators appear to be explorers rather

than followers, whereas in seed 10 they look like followers rather than
explorers.

Therefore, we have implemented an analysisexgbloration and following

abilities depending on different perceptive conditions. Basically, we have
evolved robots with different condition
13.75cm, 27.5cm, 41.25cm, 55cm, 82.5cm, 165cm and 220€mourse, we
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have not been able to sample many more conditions of vision because of the
elevated computational and time costs.

Anyway, the number oEompletedsamples seemed to be acceptable for the

present. The limit of 55cm is used as the default condition because it was used

i n the initial evolution. Therefore, we
basis for comparisons. gain, every simulation has been evolved for 300
generations and with 10 replications for each one.

After all the evolutions have been accomplished, we have calculated the
average Bxpladodattdrey iAbi | i t yvalde @siir e per
Figure 3.20)andallthei Fol | owi ng Abi |l ity vadllesas ur e pet
in Figure 3.23)verthe replications for each perceptive conditiohe result

for the AExploratory Abilityo and #dAFol l
conditions are depiet in Figures 3.25 and 3.26.
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L
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Figure3.25 Exploratory Abilitythrough different Distance Vision Limits.
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For example they are able to qmetty more. Finallyeach predatocan prefer

to follow prey rather than follow other predators. This seemn good
explanation of the phenomenon. In the matter of the following ability we can
observe a totally oppositeend: the following has an increasing trend up to
55cm and then it stato decrease agaitater on Definitely, following ability

and exploratory ability appear in contrast: winegrthere is a strongresence

of one of those abilitiethe other abitly is low and vice versa.his is another
important information coming out frothis simulation.

The last informatior{we have tried to extradtom this experimental setuj®
related tothe number of leaders and followewshich arepresentin every
evolved population of robots. Moreover, we have tried to understand how the
number of |l eader s af Frenc the intdipeetatigrofo u p 6 s
predator robotsbehavious andthe exploration datan all replications(Figure
3.21), we haveealised some clues abotite types of individualsvhich the

predatorsdé population is made of:

1 Leaders: which are predatorscharacterise by an initial high
exploratory ability (i.e. in noisocial condition when they do not see the
others). When they ara social conditior{with enabledvision) they do
not display aconsiderableincrease of the exploratory ability. This
because they are selfish and do not tend to follow other rdfuots
instancerobots 21, 27 and 36 in Figure 3.24eed 10).

1 Followers: which are predatorscharacterisgé by an initial low
exploratory ability (i.e. in nosocial condition when they do not see the
others). When they are in social condition, with visioalded, they do
display an elevatethcrease of the exploratory abilityrhis because
they tend to follow other robots, and thiskes them more exploratory
(for instanceaobots20, 39, 37 in Figure 3.2l1seed 10)

1 Non-socials: which are predatorsharacterisgé by an initial low

exploratory ability (i.e. in nosocial condion when they do not see the
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others). Wha they are in social condition (with enabled vision) they do
not display a highncrease of the exploratory ability. The exploratory
ability keeps the samenore or less. This because rsotrialsdo not
tend to folow other robots and they are not exploratory initially (for
instance robots 24, 38 in Figure 3.2R1seed 10). The nesocial®
portion (in each replication seems to be paltry with respect to the

leaders and followers portions.

These considerations have provided usn@dus operandito count the exact
number of leaders, followers and nsocials predators. We have defined some

thresholds to separate all the three sets of robotsviduals with high

exploratory ability initialy i nv ifisnioono condi ti on and with |
t hat #vn sfiwintoh conditi on are the | eaders; i ni
ability imisiahbycbndithbon and with high in

Vi si on 0 are theledadersj imdduals which are nagéxploraivei n -fin o
visiono condition a exdloratien it h fwai stihmc ® e a s e 0
condition are the nerocials. The resudof this analysis are reported in Figure
3.27 and 3.28per replicationWe canobserve that nesocialrobots in every
replication are a small part of the totalit9n the other hand, all the replicatson
which fit with high leadershigFigure 3.17)and high followership(Figure
3.23)show a small number of leaders with respect to the number of followers.
In other words, every replication where a strong leadergimg followership
consequently) arise, displagssmall ratio leaders/followersuch as seed 2,
seed 5, seed 1l(hamely comparing in Figures 3.17, 3.23 and 3.27). These
counting results are in e&llent agreement with the literature which asserts this
law: only a very small proportion of informed individuals (leaders) is required
to guide a group and to achieve great accufady. In this case leaders are
informed individuals since they are more explorative aad experienca
wider portion of the environmenNamely, there exist a layin coordinated
moving group9 according to which, whenever there is strong emergence of
leadeship, only few individuals can lead big groups of robots. The larger the

group, the smaller the leaders portion.
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3.3.3 Future directions

Some improvements can be made in the simulation in order to examine
depth some unclear aspects such as the correlation between headers
emergence and fitness. Furthermore the connection between group size and

leaders portion might be investigated.
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4 The underlying mechanisms of
the Evolution of Leadership

As | have stated in Chapter 3, theason for the emergence of leadership /
followership patterns in groups living beings is the need to coordinata
evolutionary biology [12,13. Moreover, | have underlined that a first
leadership classification identify two categories of leadership: distributed
leadership (democracy) and personal leadership (despotiss)me species
followers accept the decision of a specificlividual on a regular basi$n

others, decisiongan beachieved via a majority vote, or when a threshold
numberof f ol | owers agree with a potenti al
Another interestindeadershigclassificationis based on the modality according

to which, the leader can lead a follower. This classification considers two
categoriesa) passive leadership, which occurs as a consequencegftieeu p 6 s
emergent properties, such as differenaei n d i v itehpeeamesstd This

variation could determinea variation in information supplying for every
member. Usually, inthis case, leaders and followers do not need to
communicate directlyPassivdeadership is common in largemdhomogenous

groups, such as insect swarms, fish, bird flocks, where individuals have little or

no significant conflict of interedtl4, 27} b) active leadership, which occurs

when potential leaders explicitly signalhte i r i ntention t o ot
members. Group membeazan choose to follow, ornoAct i v e ekpkcih der s 0
signalling can operate at a global scale, via communication with all group
members[114]. This type of leadership can be found in some species of
animals such as ravens that inform group members about th@ $oodtion

through acrobatic flight$115. In monkeys species, it can be found a great
amount of vocal and visual signalling for initiating group movemgas]. In

human groups there are d¢al expressions, gestures, rituals, and complex
language forms to synchronize group actiiylg. In the case of active
leadership, followers need to agree with leaders lhdege coordinated group

action [L17].
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Another classification suggest that could there be two types of leadership in
dependence on environmental factors : structural leadership where the
i ndi v ileddership dotds not affectedsocial variationsor environmental
interaction. On the othehand, in contextual leadership, roles change

depending ornvironmental and social conditiofist]

4.1 Intra -specific Temperaments
Variation

Correlations between leadership and temperament arada@limented in the
animal and human literaturt. has been argued thattiaspecific differences

in temperament (or personality) derifeom a stablephenotypic or even
genotypic variationPersonality differences have traditionally been assumed to
be a noradaptive variation which affect adaptivepptationbehavious [16].

In a recentexperiment,pairs of sticklebacké&ave coordinated theiforaging
toward a food patchpersonality differencediave revealed themselves as
crucial for achieving coordination. Bold fistaveemergedas leaders and shy
fish has emerged as followersh8sedifferenceshave beemnhanced by social
feedback, namelpold leadershave alwaysnspired faithful followership, and
shy followers have facilitated effective leadershipl18]. A review of the
human literature shows that exiversionis correlatedvith leadershipand this

trait (an indication of boldnesd)as a substantial heritable compongri9).
Furthermore experiments show that the most talkative memloéra group
often becomé¢ h e g r dew mdresor leseegardless of the quality of their
inputs thisisreferredtoas he obabbl e effectd.

To better understand what are the characteristics that make some individuals,
leaders, and some other individuals, followers, a series of games &éane b
invented which prove, without any doubt that, in many situations, leadership is
almost inevitable.

Inasimpletwep | ayer Acoordination gameo,
simple goals to reach: one individual have to stay rthar partner for

protection, andhe otheiindividual have to seek resources such as food patches
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and waterholes. In this situation, any trait (physicalbehavioual), that
increases the likelihood of one individual moving finstll make them more
likely to emerge ashe leader, and the other player is left with no option but to
follow. Furthermore, if this trait difference between players is stable (i.e. if the
first individual is always hungry first) leaderskiplower pattern will be stabl
over time [R(Q]. So it sems that individuals are more likely to emerge as
leaders if they have a particular physiologicalbehavioual trait increasing
their propensity to act first to solve coordination probleifise consistent
correlation between leadershipnd personality suggests the intriguing
possibility that personality differences are maintained in populatieause
they foster social coordinatiom other words, thesstudies suggest the thesis
that biological evolutiorary process has fashionedindividuals genetic
temperamentslifferences(over manymillions of years of trial and error) in
order to foster the emergence of leafi#lower patternsin animal groups.
Then, these leadership/followership patterns hadssentiatole in solving of

social coordination qoblems.

4.2 Leadership in Robotics

All these mentioned biological and ethological experiments are aftious

to be performed itaboratoy. Frequently, ighly socal species are not suitable
for supervisedexperiments because they typically need lotige and
laboratory breeding. Sagetting some experimental proyesf theories on
leadership and sociabehavious, in general, is often hard by adopting
experimental animalor human subjects.

Always moreand morefrequentlya synthetic approach is babg up This
approach is based on the use of artificial models such as collective fobots.
one of these artificial experiments, authdrave evolved a team of four
homogeneous robots for dynamically allocating roles through bodily and
communicative interactions [121]. In particular, evolved robotshow to
differentiate both their communicative and rosmmunicativebehavious so

that only onerobot assumes the role of the leadéthe group, sending high
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valuesignals, while all the other robots as norleader,almost ceasing their
signalingbehaviour

In this experiment robots can rely only on the local information provided by
their infrared sensors and by a e@onee communicationchannel.Definitely,

after the evolution, robots are able to ch®asgho is the leadeof the group

This experiment proves in what way leadership could arise in a team of robots
trying to accomplish a collective task, in which the presence of a leader could
becritical. The outcomes from this experiment could facilitidte development

of robotsable to accomplish collective tasks which require the presence of a
leader because this might significantly improve the performance of the group.
In another experiment, a group of agents has been simulated for reaching a
target ina wo dimensional environment [1R2The fitness is regulated by the
time taken by the last agent to reach the target. The simulation compares
groupswith and without a leader. Wheneweteader is a member of the group,
other members of the group folloivthrough the environmenihree factors
have been examined titer the group performance: (a) group size} e
presence or absence ofi a fi aibdividual which candetect targts at a
greater distance than partrne(8) the existence of a communica network
among group members. The results show that, in groupsouwtit
communication, the leader has a positive influence omytbep performance,
especially in large groups. This is more evident wiami a b indevidlual is

the leader ofthe group.However, in situations where group members can
communicate, the results aime conflict with the first results as leaders are
damagimg, rather than beneficidipr thegroup performance

In another work, researchers have evolved a rob&ingoto study the
possibility for the evolduion of leadership patterns 3. Each robot has
prearranged its own social position: leader, follower, and stranger. Leaders
have the responsibilitior the survival of thegroup while followers choos®

go after their leaders. Strangers behave independently withéeddsr or a
follower. Transitiors between social positions are regulabgdsimplerules.
Behavious change adaptively to the environmbgtmeans of aevolutionary

compuation. Through expements, authorfiave observed that a@entralized
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structure with deadershipalwaysemerges in the evolutionary robot coyon
only few leaderswith safetybehaviourpoliciescontrol the group ira difficult
situation.

In my following experiment have focused on some aspedtsat havenot been
investigated in the pastin previous mentioned worksThe aim of this
experiment is toi nt roduce further newnelss to
particular we have simulated and evohaedroup otheterogeneoumbots, that
means they have not the same controflam the contrary of [21]). This
means, thatach robot hagotthe same body shape, buis characterise by a
different colour and a different genotype which endes the control neural
network. So eeh robot ischaracterise by different controlling neural systems.
A fAHet er ovguionayAd g o E prochssie expressly conceived to
maintain geneticvariation between the robat) order to reproduce conditions
which can lead t@ spontaneou@ot preprogrammedas in [23]) leacership
emergence

This could enable us to reply to some questions derived fronpréhgous
readings on temperaments variation and the correlation with
leadership/followership patterns emergenoearticular we havéried to reply

to the following questionsMay leadershipalways emergean a group of
genetically heterogeneous robotls heterogeneity a fundamental pegjuisite
for leadership emergencé&¥ho is the leader ¥hat are leaders made of ?

What are charactistics and skill olaleader ?

4.3 A neuro-robotic model for
NCoor di n deadesship and
Gameso

4.3.1 Experimental Setup
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A group of four simulated robots live in an environment consisiira 55@m

x 55&m squared arena surrounded by walls. When a robot bagguast
environment os wal | or against anot her ro
neighborhood of the contact point, with a new random direction.

The food source is located in two target areas placed in a fixed position of the
environmentThe food zone consists ofld0cm diameterEach robot is made

of a circular chassis with diameter of 5.6m and it is equipped with two

motors controlling the movements of two wheelspestively (Figure4.l).

Moreover, the robot is geared with two senss whi ch FfAsmel |l 06 the r
position of the food zone in respect to the position of the robot body, as

illustrated in Figire 42. According to the position of the food zone with

respect to a fixed sector of the robot, smell sensors will be activatiea wito

digits binary code.

Each robot icharacterisé by acolourof the body: green, blue, light blue and

yellow and it is equipped with a linear retina system in order to see the position

and thecolourof the other group members. The linear retina is made of five

Linear Retina Face Direction [0°) Wheel

Top view Bottom view

Figure 4.1Visualsationof top and bottom view of the robot chassis.
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RGB photoreceptors that manage a portion of the robot field of, \aed it
exactly works like preyredators obot sdé retina i lLBuustrat ec
in this experimental setup retina has less neurons (5) respect to the prey
predators setup, as they do not need a detailed information about angle of
movements of other robots, as in the previous setup éas immediately
needed.

The field of view (FOV) of each robot is 90 degrees wide, and represents the
extent of the observable world that the robot can see at any moment. The FOV
ranges from-45 degrees to +45 degrees with respect to the direction of
movement (0°).In this way, eah photoreceptor manages a 18 degree wide
portion of the FOV, the first one is associated to a range4bf f27°] respect

to the face direction, the second one-8Yf-9°], and so on.

Each photoreceptor consists of 3 colour sensitive componentsgciresjye

Red, Green, and Blue. When an object (such as a robot) is located in the front
of a photoreceptor, within its vision angle, the sensor is activated to the
corresponding RGB value for that object. The maximum vision distance of

receptors is the emanment size. The setup is illustrated inuFey.3.

Figure4.2: Representatiorof the activation patterns of the robot smell
system.
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Figure 4.3The environment and the robots.

The control system (Fige 44) of each robot consists of a fekaiward neural
network with 18 input neurons, 2 hiddens, and 2 output neurons. Each layer of
neurons is connected to the next layer with a pattern of synaptic weights
representing the strength of the connections. Thetitgyer contains 15
neurons encoding the activation state of the corresponding photoreceptors RGB
components, 2 neurons that receive smell signals and 1 neuron that receives
output from ground sensor. The output layer is made of 2 neurons which

control the speed of two motors, respectively.
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Figure 44: Neural network architecture

With regard to the adaptation algorithm, for this experimental setup, we have
expandeda genetic algorithm thatwould foster the genetic differentiation

betweenlte evolving robots and sdlowedthe robots talistinctly evolve their

behavioual skills.We have calledii Het er ogeneous Genetic Al
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In this algorithm, he evolutionary process for the robots is basedthen
ranking type Each individual is ngresented by a genotype that encodes the
sequence of synaptic weights and biases of a neural network controller. Each
parameter is encoded with 8 bits. In order to provide robots with different
behaviours, each of the four robots berig a different pagation of D

i ndividuals. Thus, the evolution starts wit
robots (i.e. with randomly generated genomes) with no skills about how to
move and identify the food sources.

Genotypes are randomly selected within each ptipatafor each generation,
individuals of each population is numbered by an inde¥9)0and a sequence

of indexes is chosen (i.e45-4) from the four populations in order to extract
the genotype that will control the robots. The first genotype (3), thanfirst
population, controls the green robot, the second genotype, from the second
population (4) controlshe blue robot and so on. Fdd Hials, a new different
sequence of individuals is compared in the environment, and robots fitness is
calculatedat the end of life. The same index sequence never will be extracted
twice. The same individual never will be extracted twice, so that each sequence
extraction univocally corresponds to one trihe extractionof sequences is
depicted in Figure 8.

Eachrobot is rewarded with +1.0 at a given time step in which the entire group
stays in the same food zone. Life time consists of 3000 cycles of neural
network activation.

At the end of 100 trials (end of one generation), each individual (neural
controller) is separately ranked according to the fithess score.4Tiigher
ranked individualsare selected from the list of genotypks each population.
Every best generates 5 offspring individuals which inherit its genotype . The
first offspring individual preserves entirely the genotype of the father (elitism)
while the other four ones receive a random mutation with a probability of 2%.
The total number of nemdividuals 20(bests) x 5(off) x 4(pop), will populate

the next generation. Since, each population evolves separately: this mechanism
fosters the genetic differentiation between the four robots and allows the robots

to evolve distinctly theibehavioual skills.
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Population 1 Population 2 Population 3 Population 4
S 15t Trial Sequence

010111000111 | nd 0 101111101111 | Ind0 010011100001 | Ind 0 010011100001 | Ind 0

OUI0001111 | 44 010001110011 | g totuto0t000t| | 101110010001

Ind 1

@ 2nd Trial Sequence

100100011141 | g 1 101110011111 Ind 19 101111014111 g 19 101111014111 1ng 19

Ind 99 Ind 99 Ind 99 Indl 99

v Y Y y

© 0 0 O

Figure 45: Schemasationexample of index sequence selection.

4.3.2 Results

The mpulations of neural networks which are candidate to control the team of
robots have éen evolved for 30 replications by means of the genetic algorithm
implemented to maintain aneterogeneity betweepopulations (it has been
described in detail in the previous paragraph). For each replication (which is
made of 600 generations) it is possibledioserve that robots are initially
Anauveo t hadnotradetoceordinditeenyotion in order to solve the

t ask. Further mor e, r o b doehaviow Afterosomee x hi bi t
tens of generationfobots become explorativeHowever, only after some
hundreds of generatiomsbots start to exhibit & f | o cHbehaviayrdn this

new simulationwe have not focusechuch on the flocking but especially on a
new aspect ofgroup cooperation, that is the emergence of pattern
leadership/followershipLooking carefully at the flockindgpehaviourof robots,

it has been immediately noticed the presence of a special individual who lead

all the team of robots, while other robots follow himdividual in question
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changes in any replications (that is it has diffecour) and it takes different
behaviours in the direction of the group. At the begin of each trial, the leader
seems to select one of two food zones on its own initiativeoves toward the

food zone, and iaffects thebehaviourof all the followers which come after it
unconditionally without any discretionary independence. The way of leading
looks varying from replication to replication, in general two different leaders
groups arise though: a) leaders that move forward, toward the chosen food
zone, not minding of the fact they areléoved by someone. This type of leader

can be calledi p a s sfar theeréasonsve will explain after in the chapter; b)
individuals who moves backward (in reverse) and who constantly hold in
check thebehaviourof the followers. These leaders make use afies@actions

which are necessary for to modify, in real time, tH@haviourin order to

mai ntain the group cohesive and compact. Th
In addition to theibehavioua | analfygiroap §kowaveritésmi c s
always necessary to producefiaguant i t at bywoaoalculatingasorges i s 0
behavioual indicators. Behavioual indicators are usually elaborated with
some statistical techniques whigtint out some general rules on the dynamics

of the simiation that is going to be implemented. These general rules must be
true for all the replications (since the simulation is structured in different
replications) and enable the user to derive some general conclusions that
should be hopefully in agreementtivihe hypothesis.

A first neededrepresentation are the fitness curves, which depict how much
fitness each robot population gets throughout the evolution, generation by
generation (food units eaten from the food zone in one generation). As each
generation is repeated for 20 trials (witmdom robots start positions for each
trial), each generationdés fitness score, r
trial. Fitness values can be of two kindsfiap e §ithess, which is the fithness

got by the best robot, that is the robot that hataized the maximum score,

and for this reason it will be the first after the final rankingfibh v er a g e 0
fitness, which represent the average of the fitness of all the population for each
generation. Clearly, the average fitness is always less or at @guratto the

best fithess, because the population will never get an average fithess greater
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than the best individual, for the inner design of the genetic algorithm. In the
current implementation of the algorithm, for each generation 4 populations of
20 rdbots are evolved (as previously said), so there will be 8 values of fithess in
all, 4 values for the bests and 4 for the averages.

According to thedesign of the fitness, only grps of individual who reach the
food zone in the same time are rewardedother words, each individual get
fithness score whenever other individuals get it so the fitness function is
exclusively made of &isoccamponent . Therefore,
fitness score appears to be identical for each of four populations, bdta in t
part of bests and in the part of averagée have intentionally decided to
eliminate thefi i n d i vcondporert of the fithess within the evolutionary
fitness function, that is the increase of fithess when a single individual is alone
in the food zone. Individual fithess has been introduced at the begin of the
study, but with a double component (indivil@ad social), it is very difficult

to discriminate between the situation

solve the task individually (reaching the food zone) or the situation where the
all the group is able to coordinatself to read the foodzone together. This

mix of components shddiinvolve some further difficulties for indentifyg in

which replications final fithess score depends on the a social coordination, and
in which replications fitness scodepends on the individual componentdan

so on individuals skills. Moreover individual componesft fithess might

contribute to the reduction of thBev ol ut i ondtoyhe pocid s sur e

coordinationAs a matter of factsingle individuals could be induced to acquire

i s el fbehavious for achieving the target going to the detriment of
cooperativebehavious, that would mean the emergence of few situations of
leadership/followership patternsin other terms, with the only social
component, it is possible to obtain a direct correlati@iwben social
coordination occurrences (that is the objective needed for the emergence of
leadership) and higher fithess scores. This condition may simplify the
identification of the different conditions to examé Last and certainly not
least, it is necgsary to concentrate to the fitness curves asymmetry that may be

resulting by an individual fithess component, since there should be a different
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fitness shape for each of 4 populations, that could imply a hard strenuous
elaboration of fitness values, in & as populations should be independently
considered during the analysis phase.

Hence, a chart has been plotted with only one of the 4 possible fithess curves
(for the four populations). Ifigure 46 fithess curves are depicted for the first
population of robots (the other ones are identical) for some of all 30
replications. Each curve represent the sequence of fithess scores got by robots
for each generation and they are averaged on 20 trials. Bsatisle of curves

it can be noticed an increasing monotone trend of the fithess function. The
fitness growth is generally gradual, that means that the emergence of
coordination is not instantaneous but a digystep process that stabilize
during the evoltion.

Moreover, it is clear that there isfar i pphedhe HAsurfaceodo of eac|
especially as regards to the average fitness. It is possible to observe local trend
inversionsrespect to the global increasing character of the curve. Those effects
cod be explained with the fact t hat soci a
initial conditions.

For instance, a necoordination situation arise if initial positions are wide
spread into the environment and they are far away and far from food zones.
This isa situation that do not easily foster the social coordination of the robots,
as they must look at each other from far, try to get closer and follow the leader
to move all together toward the chosen food zone.

It is a different story for the robotgho start close to each other and to the food
zone.They will be obviously facilitated (since the begin) by being cohesive
and compacand by moving closely to the food zone. This noise or ripple, is a
component often present in such simulations, wheredbhsome of the fitness
depends strongly on initial conditions. At this poirtjs needed to open a
parenthesis:a system of 4 robots which start from random positions within the
environment (such as the model presented in Figure 4.3) is a classicpleexam
ofichaoti c dyntkams amplg dissussedniderature over the
years [R4]
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Figure 46: Representation of fithes curves of some replicatiorBest fithess
arevisualisel in black, whereas average fitness are depicted irt gby.

A dynamic system is defined chaotic if it displays the following properties

[125] :

1. Sensitivity to initial conditions, that means infinitesimal variations of
surrounding conditions (or in generically of the inputs) produces finite

variations ofthe outputs. As trivial exaple: the smoke of many
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matchsticks, in glaringly similar conditions (pressure, temperature,

flows of air) follows trajectories very different, from time to time;

2. Unpredictability, that is it is not possible to foresee, inambe, the
trend of a system over a long period if they are compared to the
characteristic time of the system starting from surrounding conditions;

3. The evolution of the system igraced, in the phase space, by
innumerable orbits (state trajectory), veryfetient from each other,
with an evident stochastic component frc
of view. These orbits are all confined within a limited space: the system
does not evolve to the infinite for none variable; in this case it is

possible to defie attractors or deterministic chaos.

The system described in this experimental setup glaringly suit all three the
conditions, as a slight variation of initial positions of the robots and a slight
variation of initial Afeaceariiatetican oo® pobd
trajectories. Obviously, the process which manage all the system is stochastic
(second property) as it is impossible to predict all the system evolution by a
macroscopic point of view. Of course, in theory, it is possible to cadcalat

the states of the system since it is possible to calculate all the positions where
robots are placed over the time, by determining the outputs from neural
networks inputs.

Theoretically, in this way, system evolution could be calculated, and for this
reason the system may be considered as a deterministic system and thus it
meets the third requirement as well (deterministic chaos). To determine the
system state, related varlas are so many that the system results complex as
any complex in real life, even though it can be calculated in theory.

In the real worlda social or economic systesuch as the GDP of a country
could always be foreseeable in thedgffectively, evey country is made of
institutions which deal with calculating the GDP that should recap all the

economical interactions between imports, exports, etc. Nevertheless, last
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political happenings has shown that this indicator (GDP) hardly ever reflects
the realproductive contexbf a countryy ust becauséeocoapromoant:r
c y c ik & ahaotic complex dynamic system itself. All that is complex appears
unpredictable since all variables in question are too many and they do not
permit an elaboration with traenal informative systemsAnyway, all this

does not mean that it will not be predicted one day with appropriate means.
Again with simulation, all this is needed that the evolution of the system of
robots is unforeseeable without a precise and complex calculation. For this
reason, simulation needs many trials per each generation with a random
positioning of the robots, btiis causes the ripple that it is possible to observe
on fitness curves charts.

The level of noise is as lower as greater the number of trials is for each
generation. Howevewye decided to use almost always a reasonable number of
trials (20 in this modg both for computational costs and for the eventual
inductive power loss (by increasing the number of trials, but this treatise lies
outside of the purpose of this document).

Finally, observing fitness cwes, it is possible to catch the presence of a
Aboot st r a phat gsrindibiduasnstart to solve the task (defined by
fitness function) only after some hundreds of generations. This must be
explained with the fact that all the 4 populations of the genetic algorithm
evolve independently and thegile separate rankings andtheyiamonver ge o
relatively late throughout the evolution. For convergence is meant the fact that
robots initially tend to solve the task individually, and soth# separate
evolutionary processdend to meet the solutiondependently. But at a certain
point, it could happen that some totally unconnediedavious in the four
evolutions, could lead to reach a fitness score, not got until that moment, by
means of essentially selfishehavious. All this produces every single
evolutionary process to stay diehavioual patterns which have leaded the
whole group (of 4 populations together) to take higher fitness scores, that is
cooperativebehavious that imply the social coordinatiomhese patterns can

be reached early or Etduring the evolutionaccording to the initial genetic

conditions. Also the evolutionary process can be assumed to be a chaotic
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system as it can generate totally different effects as a result of a small variation
of robots' initial genotypeAnyway, inorder to have a global view étness

curves for all 30 replications, it has been calculated the aveetgeen each

set of values (30 values, 1 per each replication) for each generation, both on the
best fitness curves and on average fitness. The result is depicted in the chart in
Figure 47 where there is an increasing gradual trend of the average fitness
curves.This indicates, without any doubt, a siepstep solution of the task

via social coordination strategies (that will be examined later) which are
probably acquired in a rather gradual manner.

This last statement can be justified with the desigi@fimulation since there

is a strict correlation between fitness and social coordination (and so leadership
emergence). Therefore a gradual increase of the fithess corresponds to a

gradual increase of the social coordination capability during the evalut

Average on 30 seeds

0.6

Fitness

Figure 47: Visualsationof the average of all 30 fitness curves, bests (black)
and averageglight grey)
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An interesting visuadiation of system are théi p h as e whighasca 0

cartesianr epr esent ati on of the systemos St e
highlight the chaotic origin of the system. Clearly, there could be several phase

spaces for one system according to the variables that are taken into account and

to the states typology. Irhé case of this simulation, a possible phase state

might be the set of all the positions that all the robots are able to cover in one

test of 3000 cycles. To produce this phase space, all evolved robots (for each
replication) have been left to act in theveonment (in a test of example) and

all visited positions per each tirstep (xaxis and yaxis coordinates)The

result is illustrated inFigure 48 where there are the phase spaces of some
replications( t he same of f i t nlethesphaseuspaceechart,pl ot 6 s
eachcolour is associated to the reablour of each robot into the simulation,

green for the green robot, yellow is for the yellow robot, and so on.

Given that the simulationds dynamic sys
curves in the phase space for each robot, and not a discrete sequence of points.

In the figure is possible to identify an attractor (described in the third property

of chaoti c s yf@ eaehmaplgatiahelrf nnathematicyy an Jattractor

is a ®t toward which all the dynamic system evolves after a adequately long

time. To define attractor a set of points, all trajectories, that get enough closer

to it, must be close to each other even though they are slightly perturbed.
Trajectories of a dynamigystem get close up to the unlimited, after the system
converges to an attractor. Therefore, inshe mul ati ond6s phase sg
some smalfivortexe® ar e t he reonbdo todfs alrlajtelced ori es,
definitely the attractors of the spac®&tost likely, attractors correspond to the

condition in which robots group reach one of the food zolmethe case of

robots simulations | i kehaviduhli sat tatdactacrt ®a
every behaviour flows into the samebehavioual pattern caéd attractor.

Finally, of course, it does not have sense to calculate the average over the
replications, in the case of the phase space, as it has been done on fithess
curves.I n effect, in the phase space anal
independat in every replications and they do not concern the other positions in

other replications.
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Figure 48: Visualsationof the phase space per each of 30 replications. Each
colouris associated to theolour2 ¥ S| OK &aAYdz | A2y Qa NRo2GY
green robot, yellow for the yellow robot, and so on.

So a unique description of attractors for aeplications isnot possible to
determne, it is necessary to examiphase space case by case.

To better understand integplication fitness differencesye tried to find a
measure which the level of fithess score got by a robot in one replication. It
fact is difficult to compare single fithess curves which are usable at the end of
the evolutionper each replication. It has been noticed that, in the last 20
generations, every curve get stable on a constant value both regarding to the

best fithess and to the average (basically it does not considerably increase or
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decrease). Fathis reason it habeen calculated the average fitness of last 20
generations for each replications and that gives a measure which has been
call ed #fAFi t nkEgue 49Mere s a baplat of fitheas measures

for each replications. As it is not difficult to observthere is a variation
between seeds which denotes a significant difference between fithess of a
replication if compared to the other onebhis differentiation probably is
associated to the extent of social coordination in a replication rather than
anotrer one. At this point, it has arisen the necessity to understand what
happens inside each replication and why they differentiate in this substantial
way.

As previously argued, a flockingehaviourarises in all the replicationhat
implies robots follow each other in somehow. Moreover, there is always an

individual who lead the group (leaders) and other individuals who follow

02
I

00
L
[
[
[
[

1 2 3 4 5 [ 7 8 9 0 N 12 13 14 15 %6 17 18 19 20 24 2 23 24 25 26 27 28 29 30

Replications

Figure 49:Barplot2 ¥ G CAlGy S&da aSlI adaNBé F2NJ S| C

135



(followers). Thisbehaviourbobs up in a simulation where a group of robots is

faced to a simple decisiemaking problem, which concerns all the group. This

decisionmaking problem is defined by means of the fitness function and the

experimental setugt is immediately apparedevident so it is necessary to

find one or more measures about Ahow muc
replications and if this have any sense.

In general, it isalways difficult to capture what leader or follower mean for a

group of robots. Thus it has attempted to find some numerical and statistical
measures which enable to get more detaile
behavious from a mathematical point of view.

Inordertoacheve that purpose, some definitions a
|l eadero in the simulation and not in the |
literature). Which properties a robot must possess to be called leader? By and

large, it is possible to deife the following properties for an individual called

il eader 0:

1. The | eader mu st a fbéhavourin somdhemin i ndi vi dual

order to optimize the group coordination to solve the task;

2. The leader must aggregate all other individuals around him in a greater
guantity respect to each other groupbds n
words | eaderdés distance from the group I
ot her i1 ndividualogplbharygentet ance from the gr

The second condition provides an operational methodology to identify who is

the leader at each replicatidn.n ef f ect , to understand Adhow
there is in one replication, it could be sufficient to calculate the gap between

the minimum value of leadership measure (among the 4 individuals in 1

replication) and the average of the other individudlarger will be the

measureds gap, |l arger wil |l be the differenc
leadershiehavioutthey displayin other words grater will be the influence of

one individual on the others.
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Hence, a first measure in this sense, which has been devisgdvisy of the
calculating the distance between each robot in the group and the centroid (or
barycenter) of the rgup itself. By determining which individual has got

mi ni mum di stance from the grouphiss baryc
groupb6s member tend to deeply aggregat e
and for this reason it could be definitely corsetl as leader of the group. This

is because a leader is usually the cornerstone of the group since it leads the
group and the others follow his actions in any moment.

The test has been essentially performed by holding one, inliatn,in a fixed
position into the centre ahe environment, antdy leaving the other Bobotsto

act freely in the environmentSurely this test has been imagined to be
performed on best robots of each different population (related to 1 generation).

It can be immediately observed, during the barycenter test, that when one
leader (optically identified during a normal test) is stopped at the centre of the
environment, all the followers crowd the neighborhood of the leader, gaitin
for an action from him tdollow. Moreover followers are careless about the
fact they have to go in the food zone for feeding and solving the task. On the
other hand, every time whichever follower is motionless at the center of
environment, the other 3 individuals group (leadetuded) go in the direction

of the food zone, without any care of the motionless follower is not moving
(with the exception of active leadership that will @eamined hereafterfhe

two different situations are depicted figure 410. The situation is related to

the replication n.1. In this context, the green robot is the leader of group
whereas the othersolours are followers. In Figure 4.10a the leader is
motionless, and it is possible to observe the followers surrounding him. In the
second square, the leader is movable, and it accurately solves the task going to
one of the food zones whereas the followers follow him without caring for the
stoppedyellow robot. Every time one robot, is stopped, in turn, ategbisrun

for calculatng the distance of the motionless robot from laeycenterof the

group. Each sukest has been performed for 20 trials, for each of 30
replications. Each trial is made of 3000 time steps, and in each time step the
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Green
Robot N,

is the Leader

Green Robot
is the
Leader

Followers e
do not matter - - '

of the yellow robot

Figure 410: Depiction of theBarycenterTest.In Figure a) the Leader is
stopped whereas in the Figure b) one follower, the yellow robot, is stopped.

distance of motionless robot from the barycenter of the group has been
calculatedThe groupdbés barycent elbymeaosooftilei nat es ar e

following formula:
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1) @

Wherew and w are the calculated coordinates of the barycenter wheseas
and w are the coordinates of each robtistead, the distancéom the

barycenter of each robot is calculatedfbfz u c | i d e a dornlbla:st anceo

8 Q W W 1 "Q p&

Where@ andU ar e t he bar yc emandearé the coondmatesi nat es
of each robot, and finalyA i s t he di stance from the gr
the robot ith.

All the 3000 distance values calculated in a life time are averaged returning a
value for 1 single trial. At the end, it has calculated averageon all the
values of 20 trials, getting 1 single value for 1 generation. The test has been
repeated for the last 20 generations (loading the bests of the current generation,
time by time). By averaging all the last 20 generations too, it isilpesto get

a single value which represent the level of individuals crowding around the
motionless individual. In this way, it has been possible to obtain a sequence of
30 quadruples of values, where each value represent the distance from the
barycenter bthe group every time the corresponding robot has been fixed in
the centre of the environment.

The 30 quadruples of values are plotted in a bar plot suchkigure 411a.

The green value coincides with the green robot, the yellow value with the
yellow robot and so on.

Once t he A Leadd¢basedc bnp barpdenters ucalailaliors
determined, it has been necessary to understand another important question:
Who is the leader? which are the features of a leddete leader the more
skilled individual in order to solve the task? Or nai? reply to these question

an Individual Fitness Measure has been imagined to supply a general indication
about the most capable individual: for example, the speed to approach to the

food zone, the ability to not being affected by thehaviour of other
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individuals, etc. This indivd u a | fitness i s a Afvirtual 0O

represents the individual ability of each robot to provide for feeding by himself
independently from the other robots. It is a virtual fitness as it has not adopted
for evaluating the individual duringhé evolution,where a real fitness is
applied, already illustrated in the previous section. To weigh the individual
fitness, a test has been implemented, where all the robots move freely into the
environment in the same way of the evolutionarggeh Althagh in this ést,
every time a single robot reach the
independently from the fitness of the other individuals or of the group (which
is the real fitness used under evolution). In this way, individual fitness is
correl ated with the robotds velocity
the ability to not be influenced by other individuals, and so on. Definitely,
individual fitness measures the level of velocity and smartness of a robot, and
greater will behe individual fitness, faster and smarter should be the robot.
Again, the test is executed for 20 trials calculated on last 20 generations. So
each fitness value represents an average on trials and generations. &inally,
Measure of Individual Fitness iseturned which is over again a set of
quadruples of values for each replication. Each value is associatenbkoua
which is thecolour of the corresponding robot as illustratedFigure 410b.

The main idea is that whenever a robot emerges as ther laecbrding to the
centroid measure, the same robot should have the maximum value according to
the individual fithess measure.

Comparingeach quadruple of the barycentmeasure with the respective
repl i cat i ooftbesindigidua fitmress pnkasure, every time one robot
has got minimum value for the barycenter measure then it has got maximum of
individual fitness in the same considered replication. This mean that the leader
(defined accordingo the barycenter meas)ris the bestnember of the group

to feed, the faster to reach the food zone, BitGs is true in the 100% of the
cases, that is by comparing all the replications, as illustratéigjime 411.

In other words, without any doubts, another importantrmédion that is
returned by this simulation is that, every leader (defined by barycenter

measure) is always the most skilled to solve the task individually.
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Figure 411: Comparison between the Barycenteeadership Measure (A) and
Individual Fithess Measu(8).

Another interesting measure has been drawn by calculating the average of all
minimum values of the barycentereasure for all the quadruples. Then, the
average of the second minimum has been calculated, the average of the third
minimum and so on.

This elaboration is needed to understand if there is a subsigayibetween

individuals with minimum valus (most ikely leader?) and the values of other
individuals.This might mean that in every replication there should alkays
robotwiththemi ni mum di st an slearydentes, whigttheenaigr ou p 6
one able tocollect all the other individuals around. iThis new insight is

depicted inFigure 412.
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Figure 412: Representation of the gap between Individuals with minimum
distance from the Barycenter and other Individuals. There is a significant gap
between the two conditions in every replications.

Another interesting question that habeen asked in the introduction, is

whether the emergence of Leadership is a winning strategy or not. To respond

to this question it is needed to understand if it is possible to correlate the

quantity of leadership (irsomehow), of the various replications, with the

fitness level reached during the evoluti®@o, a first step is determining a

measure which represent summarize the influenddeleadership effect in

one replication, t hat igirsthafirgpbcationihec h | eader s |
insight has arisen by analyzing tiharycentermeasure and from the idea

(already discussedhat lesss the distancérom the barycenter and greater is
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the capability of the individual to join all the individuals around itu3hthe

heavier consequence of this reasoning is that stronger is the variation between

the values of barycentero6s distances, s
given replicationSo it is possible to determine an indicator of the quantity of

leadership for each replication by calculating the standard deviation of each
quadruple of leadership measure by barycenters. The outcome of this calculus

is reported inFigure 413, which represents a Measure of Leadership reliable

enough. At this point itds been possible to evaluate the statistical dependence
among il é strelards devigtian v ari abl e and NRaver :
variable (respectively taken from the Leadership Measufagare 413 and

from Average Fithess Measure in 5.9¥or this purpose, two different

correlation coefficients have been considerdgdPe ar sonds Correl
Coef fiamdi 8pear mands Cor r.€dbrralatingdchose o e f f i c i
series of date (Leadership Measurgt. devand Average Fitness Measure) has

been returned a Pearsooefficientwhich shows a great correlation with =

0.67 between leadership and fithneési n st ati sti cs, 0.5 <
correlation) Mor eover Spearmands coefficient

| = 0.4754 arnlldis cbrelationdisplay ah@her interesting

information about this experimental setup: leadership appear a winning
strategybecause whenever there is a strong leadershimenreplication then

there is a gain of high fithess and vice veiBae generdy linear correlation

between fitness and leadership is displayeigure 414, where on Xaxes the

Leadership Measure (st. dev) is reported whereas -@xe¥ the Average

Fitness is reported.

Another important issue is discovering how many kinds of leadership exist and

i n which way they bemvidusu eaarcce drheu @ dod | dywre
For this fact, it has been distinguished between situations in which the leader is

selfish and he moweindependently from followers and situations where the

| eader take a car elbebavioureverg time.tinothetfirste f ol |
case it is possible to talk abdutp a s s i v e (bborcavedey lisetaturp on

leadership in living beings) that mesie leader is not barely affected by
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Figure 413: Standard Deviation of each quadruple of Leader Measure by
Barycenters.
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Figure 414: Visualsationof the correlation between Leadership Measure
(Standard Deviation) ané&itness Measure.
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followers and it does not profit of being followed, only the followers take
advantage of following the leader.

In the second condition can be calfedh c t i v e bsireatdedeademhtake 0
advantage of the followinp ecause this foster the gro
higher fitness. Thus the leadstiarts up all the necessary actions to make the
followers able to follow him in any instant of time. To do this a test has been
designed, where the 3 followers are placed fixed position in the centre of

the environment without any possibility of motion. Then, it has not been
difficult to distinguish among replications where leaders who totally takes no
notice of the followers and replications whé&aders approach to thellbwers

to attempt to fAconvi rrigueeddlstthere ate sorme f ol | 0
phase spaces related to 4 replications. They have been recorded keeping the
motionless followers into the centre of the environment. As it is possible to
observe to the ugp charts, the leader (yellow in the first and blue in the
second) does not pay attention to the motionless followers but he run toward
the food zone which is identified with the attractor (vortex). Instead, in the
lower charts, the leader (green in botraxs) reaches the followers, at least
once, in order to actively try to let the followers follow him (but it is worthless

as they are fixed and motionless into the centre of the environniretitg first

case, the leader approach to the motionless fellsvonly once but in the
second case the leader travel back and forth as a shuttle between food zone and
follower positions, until life cycles finishFor this reason in the upper
quadrants there is an active leadersbighaviour whereas in the lower

guadants there a passive leadership.

4.3.3 Future directions

A possible of the illustrated experimental setup is in humanoid robotics.
Indeed, the experimental setup has been originally designed by imagining it for
a humanoid task, but as we have focused on the mechanisms behind the
leadership more than robotics issues, we have decided to simplify the setup
with A keperal | kobdis.
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Figure 415: lllustration of phase space for some replications, with followers
fixed into the centre of the environment without any motion. Upper diagrams
depict a classical example of pasde@dershipand lower diagrams show an
activeleadership.

However, it isstill possible to extend it to an equivalent setup with robots

i i cluibkwihere the team is composed of 4 humanoid robots positioned

around a table. With this setup some new interesting questions riGeWp: a t

foll owing does meaniWhoart hluemsadneorisdh irpo biost sfad
humanoid robotics?o0.

In order to reply to those question it has thought to implement a simulator (or

use one already done, such as the official icub simulator) where it is possible to
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multiply the number of simulated icubEBach robot joint and sensor must be

controlled by a neural network like that one used for khepera robots in the
previous experimental setup. The task cstnisi moving a small cylinder to the

center of the table. Each robot is placed to one side ofatile and it has 2

small cylinders in front of him. Each cylinder is numbered but none robot is

able to read the number of the cylinder. In any time step, the group of robot is
rewarded (of +1.0 as in the previous experimental setup) if they move the same
corresponding cylinde(that is with the same number) from his cylinders

source area to the middle area of the table in charge of containing those
cylinders. As robots do not know the number of cylinder could exploit sensory

motor information to understandith cylinder is on the left of his body and

which one is on the right. The adaptation algorithm is the same used in the
experimental setup described in the previous paragraphs, that is an

Ahet erogeneous genetic al gor idiffanento . I n o
genetic patrimony which makes him able to display diffetettavious and

different skills in reaching the cylinder, moving it, etc. A schesaditbnof the

experimental setup with humanoid robots is depicted in Figure fhlthe

figure is illustrated that each robot is governed by a different genotype.

In this humanoid experimental sefupe individual which sooner emerge as

faster to move the cylinder into the middle of the tataeld ariseas leader of

the group, whereas the other indivals follow him in any instant of the life

time, as well as the experimental setup with wheeled robots. As previously
indicated, it would be interesting, in this case, understanding what following

does actually mean for humanoid robots. They of course cannot follow each
other with body moti on, but they can f
(cameras) by moving neck noos which produce head changing of position. In

this way they can fiel aborateo movements
their movements in order to make the same actions. From this point of view, in
humanoid experimental setup, the following takes rtteaning of imitating,

since robots follow others6é6 movements a

Clearly, it is a more complex process if compared to the wheeled robots task,
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Figure 4.16Robots and Environment of Humanoid Experimental Setup.

since the number of senseamotor information to integrate in space and time is

much more: camera photoreceptors are many more,-@lgiseration of other

robot so movement s [

action is needed to flolw (imitate), etc.

S

needed,

a
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5 Conclusions

Thesestudies have a twprongedvalue.In robotics and software design: the
genetic differentiation of robots control systems camtribute to building a

new generation of autonomous robotics applications or a new generation of
software agents where a coordinatisnneeded. This coordination can be
reached by means of leadership/followership patters emergemcexamps,

it is possible to imagine tose ar o b @roup dor navigational tasks in an
unknown environment such as the surface of a new planet. A spontaneous
hierarchic orgarsiation could arise amongobots based on leaders/followers
patterns that could make more effitithe envionmental exploration. This
might be as useful asiore unpredictable are the decisimaking problem
details, whichhad notbeenforeseen in design phas@&he Leader robotould

be, for instance, the one who is genetically suitable for a fagpdomtion of

the environment om smarter selection of needed information. Analogous
outcomes can be achieved with software controlled by evolutionary threads
which ae genetically differentiated through the medium thie same
methodologyadopted for th robots. In order to cooperate, these threads could
interact accating to a hierarchy usinteadership/followership patterns. For
instance, we may imagine a user interface controlled by different threads (i.e.
agents in cooperation or competition) whicwé the task of user preferences
personalisatior(user profiling). Every agent is able to deal withe type of
preference: icons positioning, windows sizing, widows displacensents
priority, etc. Depending othreads are genetically differentiatedpgeof them

could emerge as leaders and the otlwgld be the followers withirthe
collaborative taskf profiling user preferences.

On the other hand, in social sciencéscould be possible to explain that
leadership is unavoidable. If we consider a group of genetically diffetexhtia
robots and they are facéalthe choiceof accesmg a resourcethe inevitability

of leadershipould come outAccess to the resource stibe contemporary for

al | the group6s smethbb eorretatechim sbmenyeostre u r ¢ e

i ndi v isuwlviva thanées (for examptesourcesnay be afood source, a

149



water source, etc.). Actually, we are takingdocount the necessity of a

A s @lcdecisioamaking that means a decisiemaking of the entire group.

We can prove that evolving a groupiondlividuals to a group decisiemaking
problem, one or more individuals emerge as leadsroving toward the
resource which is chosen unconditionally. Other individaaigollow without
wondering about they have took the right choice or not. Other solutiqgig
emergein addition to leadership/followership one, such as solutions where the
group coodinate by a minute by minute negotiation and a complex
communication between individuaBut with this simulative modelit can be
proved that the leadership mways themost efficient solution.All the
alternative solutions (respect to leadership)eapmefficient becauséhey are
slower than a solution where one leads and others follow. At the end,
distributed solutiom end up to become extinct making way for
leaders/followers in every experimental replication.

This reasoning might giveome insighto those intellectuals who suppaie

idea of societies withowt central government, factories without a president or
an administrative committeestc: in other words groups without a leader.
Indeed, there is more and more an open debatehenreal benefits of
leadership and on disadvantages. This is because of the fact that, nowadays,
human societies continue to rely heavily on leaders (political, military,
professional and religious leaders). However, there is still a consistently high
rate of leadership failure: for example, 60P56% is the estimated rate of
business failures ioorporate America [A6].

Ultimately, all his discussionsuggests thabur modeling approachand
simulations could be useful fanderstanding when and why human leadership
succeeds or fails, anechder which conditiong is indispensable or not. This is

atopical issue.
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6 Appendix | : Artificial Neural
Networks

Artificial Neural Networks(ANN) wereintroduced, for the first time, by 1943,

in a work on the formadationof neural activity in propositional logic form

[127]. In this analysis, authors argue that this new modalledi neur al

net wor ks o, can be delseaxprasdiorsdoderi saomet er ms
conditions. Variouspplications of neural computation weliscussed. We can

define artificial neural networks as a simple model of biolagic or gani s ms 6
nervous system. Depending on the way an artificial neuron is modeled and the
connection8topology, we can identify different models of neural networks. In

general, an artificial neuron consists & inputsandM outpus y regulated

by an dacti Wwadi and f andt tfseeaHmureod.)iThe
activation of the neuron-th is a linear combinatio of input signals, on the

base othe following formula:

(6.1) A=83wX -J

This is a weighted surof every single neuromctivation, where w; is a
Asynapt i af thevaomngction &rom the neurotihi to the neuron-fh,
X, is the input of the neuronth (presynaptic activity) eJ, represents the

Abi ariacti vat i ocohtheimdumoreib. hol do
The ft h n e wutpatnsdrsturned byan activation function which is

expressed by the following formula:

_ __al a
(6.2) y;=F(A)=Faa w;X;-J o
gi:l -
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Figure6.1: Graphical comparison between Biolodibkeuron and Artificial
Neuron.

Where F is the activation functiomr i | o g i e lbgestic function define
thebehaviourof t he neurondés response to some sti.:
logistic is implemented by means of nlimear functions such as the sigmoid

function (see Figure 6.2), which make neural networks dinear system.

The bias can bassumed a synaptic igat related to a virtual input calleX,,

this input is always set to a constant value of 1.0.
Depending on the neur al net workdés topolog

connections) we can identifwb different neural networks architectures:

1 Feed Forward Neural Networks: namely, networks which are made
of two layers of neurons (input layer and output layer) and some layers
of internal neurons (hidden Wwtyer). Ther ¢
oriented connections from input neuroias output neurons, with the

one only castraint loop connectiogwithin a layer are not allowed.
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Figure6.2: Sigmoid Function.

1 Recurrent Neural Networks : that are neural networks, here
connetions withinthe same layer are allowed. These are called loop
connections and they can be made on the same neMaeover
recurrent connectionare allowed from a layer to the previous layer.

These links permit to take baeaksignal fronoutput to input.

In practical applications,ery often Ahybridd topol ogi es
as feed forward neural networks with some recurrent connections. These
networks can be useful in those applications where we need to provide the
networkwith the possibility of crate internal states.

Genetic Algorithms can be adopted with neural networks in a few applications
such as Evolutionary Robotics (as stated in the paragraph 1.5). Genetic
algorithms can generate a neural network (from a population of initially
random neurdanetworks) able to solve a required task. Depending on the
parameters under evolution, we can identity three different ways to use a

combination of genetic algorithms and neural networks:
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1 Evolution of synaptic weights :where evolutioary parameters are
synaptic weights and biases. In this case, the network architecture is
pre-arranged, that mearthe number of neurons and connecticarsnot
be modified through the evolution, therefore tla@g not precodified

into the genotype.

9 Structure Evolution : where the number of neurons and connections

are precodified into the genotype.

In 1994, some authors have implemented a genetic algorithm to evolve neural

networks controlling a small mobitebot in real time[128]. In this work, the

robot can move autonomously into the environment while the neural network
acquires signals from robotds sensors and
motors. A computer program constantly evaluate the fitness in terms of

velocity and cdlsions avoidance Each genetic algorithénsndividual is

identified by a neural network controlling the real robdte x t generations?o
individuals are tested one by ongfter 10 hours (i.e. 50 generations) the

genetic algorithm produces neural networkdealn exhibit navigational

behavious and obstacle avoidance.

Because of the elevated computational cost, simulation programs have been
devised to simulate the environment and th
to the real environment arlde real robot.

After the evolution, the best control neural network can be transferred in the

real robot control system (synaptic weight, bias, etc.). Then, a test of the real

robot can be executed, by eventually submitting the robot to a further siower

the real environment.
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7 Appendix Il : Evolutionary
Robotics and Genetic Algorithms

As we have stated, evolutionary robot{d®9] attemps to build robots by

means of an evolutionary processpired to the biological evolution:

1. An initial population of control systems (which are named individuals)
is randomly generated

2. Only some control systems are selected and reproduced: those ones
which display abehaviour that mostly approximate the wanted
behaviour Each reproduction generates a new generation of individuals

similar but not identical to the pre

3. Phases 1 and 2 are refseiuntil the control neural network reaches the
desired accuracyThus, this candidate control systemecomes the
definitive control system of the evolved simulated robot and real robot

eventually

The evolutionary approaatelegate the programmer to a meheckerof the
systembehaviouy without any design role. Therefore, evolutionary robots are
autoorganizing systems able to develop own abilities autonomously, by
interacting with the environment. Since they are aurgganizing, evolutionary

robots areharacterisg by two properties:

1. They can afford to deal with very complex tasks in an unexpected way
for the trainer. However, vergften they can use simple strategies to

solve complex tasks.
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2. They can find parsimoniouand unpredictable solutions. In this way
they can provid@ew insights to the designprogrammer.

The Evolutionary Process adopted in evolutionary roboticss the fiGenetic

Algorithmsd [130]. This methodology is based on the manipulation of
Anartificial chromosomeso bel atfgi@lng to an
chromosome (or genotype) is a string which ensauldividual characteristics

(or phenotype).

In general, the evolutionary process is structured in generations through the

following phases:

1. For each generations, individuals are let I{tteat is interacting with
the environment), and best genotypes are selected depending on the
fithess score (selection operator);

2. Individuals are randomly joined by merging genetic material

(crossover operator);

3. Individuals are mutated (mutation operator).

At the end of each generation, from population of individuslgenerated an
offspring which produces newindividuals populating the new generation.
The process goes on until a good individual is generatedrding to the
required task. The traingrogrammer defines the genetic encoding and the
fitness function. Genetic encoding represents the relationship between
genotype and phenotype. The choice of the codification is a critical point for
the problem wich is aimed to be solved and for a better exploiting of genetic
algorithm functionalities.

In the case of direct codifications, phenotype parameters are translated in
genotype values, which are finally encoded in binary cbead, in the case

of indirect codifications, the genotype encode some developmental rules which

determine how the phenotymedevelopedrom the initialartificial embrion.
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Evaluation function, or fitnessis a function which is used to evaluate
individuals performances with respect to the considered problem or the
designed task. The fitness function is calculated on every phenotype on the
base of some critical parameters defined by the tr@iregrammer. The
fitness function retrns a numerical value which is proportional to the accuracy
of the solution providedy each individual.

In evolutionary robotics, the fitness function evalsdtee roboté behaviour
emergng during theitinteraction with the environment. Many fitnedssigning
methods exisin order to selectively produce individua@3ne ofthe most used
algorithms is thefir o u | e t t Ie rouletteevenéel) the probability for an

individual to generate an offspring is given by the following formula:

(7.1) P =

where x; is the considered phenoty@nd f, = f(xi) is its fithessscore

In other wordsthe likelihood to select an individual isnarmalisedunction of

the fitness score over the total fitne
selection is accomplished as the individual is selected on a wheel, made of N

slots and each slot is associated to an individued. number of the offspring is

pON.

An alternativeis thefi r a n k  metloae, dvbere allindividuals of one

generation are sorted by the fitness score. A number of bests are selected and

the rest is discarded.
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