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Abstract

In this work, we introduce a swarm robotic system, called a swarm-tot. A

swarm-tot is a self-asserhling and self-organizing artifact composed of a
swarm of s-lots, mobile robots with the ability to connect to/disconnect

from ead other. In particular, we addressthe problem of synthesizing

controllers for the swarm-kot using Arti cial Evolution. We describe the

motivation behind the choice of the ewlutionary approac and we provide

examplesof its application, detailing the results obtained in di erent tasks,

namely coordinated motion and hole avoidance. We shonv how ewlution is

able to produce simple but e ectiv e solutions, which lead to the emergence
of self-organizationin the swarm-iot.
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Chapter 1

In tro duction

This work addresseghe problem of de ning the control systemfor a group
of autonomous robots. In particular, we apply techniques derived from
Arti cial Evolution, and we shav how they can produce simple but e ective
and robust solutions.

There are multiple motivations that lay behind the choice of Arti cial
Evolution asa tool for synthesizing cortrollers for a group of robots. First,
Arti cial Evolution can bypass many di culties encourtered in the hand
design. In fact, evenin a single-robot domain, the problem of designingthe
control systemis not trivial at all. The designermust discover the rules that
must be encaled into the cortroller, in order to achieve a certain goal. To
do so, it is necessanto know the environment in which the robot should act,
and to predict the outcome of a sequenceof actions performed by the robot.
When the ervironment is dynamic and unpredictable, designingthe cortrol
systemcould be very challenging. In a distributed multi-rob ot domain, this
problem is worsenedby the fact that ead robot is an independert unit that
can take its own decisionsdepending on the current sensory pattern and
its internal state. Furthermore, robots interact with ead other, making
the system much more dynamic and unpredictable. In a similar scenario,
Arti cial Evolution may perform well asit directly tests the behavior dis-
played by the robot embeddedin their ervironment. This approad, working
in a bottom-up direction, bypassesthe decomposition problems given by a
top-down approad, typical of behavior-based or rule-based systems. Fur-
thermore, Articial Evolution can exploit the richnessof solutions o ered
by the complexdynamicsresulting from robot-robot and robot-environment
interactions.

In this work, we presern the results obtained from the ongoing work
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within the SWARM-BOTS project!. The aim of the SWARM-BOTS project
is the dewvelopment of a new robotic system, called a swarm-tot [44, 33].
The swarm-tot is de ned as an artifact composed of simpler autonomous
robots, called s-lots. An s-lot haslimited acting, sensingand computational
capabilities, but can create physical connectionswith other s-lots, thereby
forming a swarm-tot that is able to solve problems the single individual
cannot cope with.

A basic ability that a swarm-tot should display is coordinated motion,
that is, the ability to move cohererly acrossthe ervironment as a result
of the cooperation of the s-lots assenbled in the swarm-tot. We choseto
study coordinated motion not only becauseit is of fundamental importance,
but also becauseit represens the rst step toward the solution of many
other cooperative problems, like navigation on rough terrains or collective
prey retrieval. In this work, we presen the results obtained in a coordinated
motion task, wherea swarm-tot is composedof 4 s-kots connectedin a linear
formation. We also preser the casein which the sameswarm-tot is placed
in an arenawith holes,whereit should display hole avoidancebehaviors. We
show that the ewlved cortrollers are e cien t and presert alsogeneralization
properties both to changesin size and shape of the swarm-tot, and to the
introduction of obstaclesin the ervironment.

In the rest of this chapter, we will rst presen the state-of-the-art, de-
scribing the researt elds that constitute the starting point of this work.
This is the topic of Section 1.1. In Section 1.2, we preser in detail the
SWARM-BOTS project and the swarm-tot. Finally, Section1.3briey sum-
marize the contents of this report.

1.1 Background

In the last decadethere has beena growing interest in the dewelopmert of
complexrobotic systemswhich could preseri featureslik e versatility, robust-
nessor capacity to perform complextask in unknown environments. In order
to adhieve thesefeatures, the single-robot approac was often abandonedin
favor of more complex systems,involving multiple robots working in strict
cooperation. In fact, deweloping and cortrolling a single, multi-purp ose
robot is a complex task, and it may also be very expensive. Moreover, the
single-robot approad su ers the problem that even small failures may pre-
vert the accomplishmen of the whole task. A group of simple and cheap

1A project funded by the Future and Emerging Tedchnologies Programme (IST-FET)
of the European Community, under grant 1ST-2000-31010.
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robots may be ableto e cien tly accomplishmany tasksthat go beyond the
capabilities of the individual robot. This ideais at the baseof the researt in
the Collective Robotics eld and in the Metamorphic Robotics eld, which
cover most of the related researti done sofar. On a parallel track, the re-
searh in autonomous robotics has faced the challenge of synthesizing the
controllers for sud robotics systems. Among the di erent approacesthat
have been proposed, we are mainly interested in the study of Evolution-
ary Robotics, which applies techniques derived from Arti cial Evolution to
the de nition of cortrollers for autonomousrobots (for a review see[37]).
In this section, we preseri the state-of-the-art in all these researt elds,
which constitutes the starting point of our researd.

1.1.1 Collectiv e Rob otics

The eld of Collective Robotics focuseson the study of robotic systems
that are composedof a number of autonomous robots which concurrertly
act in order to reach a common goal (for an overview of the eld, seefor
example [39]). The main motivation behind the study of collective robotic
systemslays in the possibility to decomposethe solution of a complex prob-
lem into sub-problemsthat are simpler and that can be faced by simple
robotic units.

Collective robotics researtn has mainly focusedon the achievemert of
coordination of sewral systems. For example, Gerkey and Mataric [21]
propose a dynamic task allocation method basedon auction exchange in
order to achieve cooperation in a group of robots. Agassounonet al. [1] use
a scalablealgorithm basedon a threshold model for the allocation of robots
in a puck collecting and clustering task. Melhuish [31] describesa clustering
task collectively performed by a group of cooperating robots.

Another interesting aspect of collective robotics is given by the robust-
nessthat can be adieved by providing redundancy to the whole system.
For example, Parker [38] de ned a software architecture for fault tolerant
control of heterogeneousobots which allows a robot to selectthe correct
action to be performed depending on the requiremert of the mission, the
activities of the other robots, the ervironmental conditions, and its own in-
ternal state. Goldberg and Mataric [22] demonstrate the e ectiv enessof a
behavior-based approadc for the de nition of robust and easily modi able
controllers for distributed multi-rob ot collection tasks.

A cortroversial aspect in the collective robots community is given by
the use of communication. In somecases,communication can be useful for
modeling the internal state of other agens, or for committing the execution
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of a particular action to a teammate. Bonarini and Trianni [8] have shown
that the communication of \cooperation proposals" can help learning coop-
erative behaviors. Mataric [30] shaved how comnunication can be usedto
transmit sensoryinformation to other robots in order to increasethe coordi-
nation of the group. Communication was also usedasa meanto distribute
reward to other membersof the group in a reinforcemen learning task. Balk
and Arkin [4] have shownn that cooperation can emergein a group of robots
if they are not able to independertly accomplisha given task. They show
that, depending on the task, communication may or may not be helpful,
and that often very simple forms of communication are sucient to the
accomplishmen of a cooperative task.

1.1.2 Metamorphic Rob otics

The major e ort in Metamorphic Robotics researt hasbeento study single
robots composedof a collection of identical modules where ead module is
a simpler robot. Usually, every module is in contact with at least another
module so that a more complex structure is de ned. All modules have the
samephysical structure and eah module is autonomousfrom the viewpoint
of computation and communication.

Chirikjian et al. [13] describe a metamorphic robot composed of iden-
tical hexagonalmodulesthat can aggregateas a two-dimensional structure
with varying geometry Robot con guration is computed by a certralized
corntrol that usesmathematical properties of the lattice connectivity graph
assaiated to the structure. The work is closerto geometricaland kinemat-
ics researtn where the goal is to compute the minimum number of moves
to reach a given con guration rather than to the problem of cortrolling
in real time a complex robot structure. Yim et al. [54] have deweloped
PolyBot, a metamorphic robot de ned by a sophisticated basic module with
on-board computing capabilities. Also in this case,howewer, the robot shape
is de ned by a certralized cortrol. Murata et al. [34] considera system of
2D modules called Fracta that can achieve planar motion by walking over
ead other. The recon guration motion is actuated by varying the polarity
of electromagnetsthat are embeddedin ead module. Kamimura et al.[27]
have dewveloped MTRAN, which getalot of attention dueto excellen results
with real hardware. This systemusesa large number of modules with only
one degreeof freedom, exists physically and can self-recon gure. Despite
the very good hardware exibilit y, it has a certralized cortrol algorithms.
Shenat al. [47, 12] with CONRO proposedanother work that follows the
above-mertioned directions. Robot morphology is ensuredby modular iden-
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tical structures strongly coupled by physical connectors. Robot shapesare
prede ned and module movesare precomputed by planners basedon global
information while no e ort is made on distributed/on-line cortrol, adapta-
tion and self-recon guration. Only recertly, a decenralized corntrol hasbeen
deweloped for this systemby Sty et al. [49]. This systemallows to manu-
ally changethe position of the hardware modulesin the structure while the
systemis running and ead module autonomously re-adapts its behavioral
role in the system.

1.1.3 Evolutionary Rob otics

The problem of de ning a cortroller for a robotic system has been ap-
proached from many dierent directions: inferertial planners, behavior-
basedrobotics and learning classi er system are only someexample of the
possibleways of cortrolling a robot. Among these, Evolutionary Robotics
is a very promising technique for the synthesis of robot cortrollers [37]. It
is inspired on the Darwinian principle of selective reproduction of the ttest
individual in a population and makesuseof geneticalgorithms [26]. Starting
from a population of genotypes ead encaing the cortrol system(and some-
times the morphology) of the robot, the ewlutionary processevaluates the
performanceof ead individual controller, letting the robot freeto act in its
environment following the genetically encaded rules. The ttest robots are
allowed to reproduce generating copiesof their genetic material, which can
be changed by seweral genetic operators (e.g., mutation, crossoved. This
processis iterated a number of times (geneations) until a satisfying con-
troller is found that meetsthe requiremerts stated by the experimenter in
the performanceewaluation ( tness function).

Many dicult control problems have been easily solved relying on the
ewlutionary approad. For example, Nol [36] successfullyewlved a con-
troller for the Kheperarobot [32] in orderto nd and stay closeto a target
object. The Khepera, equipped only with infrared proximity sensors,was
placedin a rectangular arenasurrounded by walls and cortaining the target
cylindrical object that hadto befound. The ewlved cortroller outperformed
the behavior-basedone, asthis task is di cult to be solved by hand design,
In fact, a dicult discrimination must be performed between the sensory
pattern generatedby a wall and the one generatedby the target obstacle.
Harvey et al. [24] addressedhe problem of navigation acquiring information
about the evironmert from a camera. They ewlved both the morphology of
the visual receptive eld and the architecture of the neural network. Using
thesesettings, they successfullysynthesizedan individual for approacding a
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triangular shape painted on a wall and contemporary avoiding a rectangu-
lar one, guided by the vision system. Floreano and Mondada [20] ewlved a
homing navigation behavior for a Khepera robot, using a recurrent neural
network. They shawed that the internal dynamics of the recurrent network
could encade a sort of map of the ervironment that leadsto an ecient
homing behavior.

More recertly, the ewlutionary robotic comnunity has approadced the
problem of de ning collective behaviors. For example, Baldassareet al. [6]
ewlved group behaviors for simulated Khepera robots, which had to aggre-
gate and navigate toward a light target. Quinn [41] ewolved coordinated
motion behaviors with two Khepera. On the sametrack, Quinn et al. [42]
studied coordinated motion with three wheeldair robots.

1.2 Swarm Rob otics:
the SWARM-BOTS Pro ject

Swarm rolotics is a novel approadc to the design and implementation of

robotic systems. These systemsare composed of swarms of robots which

tightly interact and cooperate to reac their goal. Swarm robotics can be
consideredas an instance of the more general eld of collective robotics (see
Section 1.1.1). It is inspired by the scocial insect metaphor and emphasizes
aspects like deceriralization of the cortrol, limited communication abilities

among robots, emergenceof global behavior and robustness. In a swarm

robotic system, although ead single robot composing the swarm is a fully

autonomousrobot, the swarm asa whole can solve problemsthat the single
robot cannot solve becauseof physical constraints or limited abilities.

As merntioned above, this work is carried out within the SWARM-BOTS
project, whose aim is the dewelopmert of a swarm robotic system, called
swarm-tot. A swarm-lot is de ned as an artifact composed of a swarm
of s-lots, mobile robots with the ability to connectto/disconnect from eadh
other (for more details regarding the hardware, seeSection3.1). S-ots have
simple sensorsand motors and limited computational capabilities. Their
physical links are usedto assenble into a swarm-iot able to solve problems
that cannot be solved by a single s-lot (seeFigure 1.1).

The swarm-tot concept lies between the two main streams of robotics
researtt described above, that is, collective robotics and metamorphic
robotics. In fact, in collective robotics, autonomous mobile robots inter-
act with ead other to accomplisha particular task, but, unlike s-ots, they
do not have the ability to attach to ead other by making physical connec-
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Figure 1.1: Graphical visualization of an s-lot.

tions. On the other hand, a self-recon gurable robotic system consists of
connectedself-cortained modulesthat, although autonomousin their move-
merts, remain attached to ead other, lacking the full mobility of s-lots.

Some examplescan be useful to clarify the capabilities of this robotic
system. In the swarm-tot form, the s-lots are attached to ead other and
the robotic system s a single whole that can move and recon gure along
the way when needed. For example,it might have to adopt di erent shapes
in order to go through a narrow passageor overcomean obstacle. Physical
connectionsbetweens-tots are important for building pulling chains, as for
example in an object retrieval scenario (see Figure 1.2a). They can also
sene assupport if the swarm-tot is going over a hole larger than a single s-
bot, asexempli ed in Figure 1.2b, or when the swarm-ot is passingthrough
a steepconcave region, in a navigation on rough terrain scenario. Anyway,
there might be occasionsin which a swarm of independent s-lots is more
e cien t: for example, when searting for a goal location or when tracking
an optimal path to a goal.

The above examplesrepresen the family of tasks a swarm-tot should
be able to perform. Although these tasks present many di erences from
ead other, they share many common aspects, among which the capability
to perform aggegation and to distributely coordinate the activity of the
group. Aggregationis of particular interest becauset is a prerequisitefor the
developmert of other forms of cooperation: for example,in order to assenhle
in a swarm-tot, s-lots should rst be able to aggregate. Therefore, the
aggregationability can be consideredasthe precondition for the realization
of other tasksthat the swarm-tot is expectedto be ableto carry out. On the
other hand, the ability to coordinate the activities of the group is crucial
for the e ectivenessof a swarm-tot: for example, when carrying a heavy
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(b)

Figure 1.2: Graphical visualization of possiblescenariosinvolving a swarm-
bot. (a) Retrieving a circular object. (b) Passingover a trough.

object that a single s-lot cannot move, all s-tots should coordinate and
pull or push in the samedirection, in order to maximize the performance
of the swarm-tot. Similarly, when two or more of sudh objects have to
be transported, it is desiredthat the whole group of s-kots coordinates its
activity focusing on a single object rather than having small and ine cien t
groupsattempting to move di erent targets. The aggregationtask hasbeen
studied in previousreseart activities and solved both with hand designand
using arti cial ewolution [44, 50]. In this work, we focus on the coordinated
activity task, trying to solve the problem of coordinated motion in a swarm-
bot, as described in Chapter 4.

1.3 Report Layout

This report is organized as follows. In Chapter 2 we discussabout the
motivation that led us to the choice of Articial Evolution as a tool for
synthesizing cortrollers for the swarm-tot. We describe the features and
challengesof a swarm robotic system like the swarm-ot. We introduce
the notion of self-organization, which can be exploited for gaining useful
insights about the working principles of swarm robotic systems. We detail
the problemsthat have to be addressedwhen designinga cortrol systemfor
the swarm-tot, and we shaov how Arti cial Evolution can cope with them.

In Chapter 3, we presen the experimertal setup usedin the experimert
we performed. In particular, we describe the simulation model de ned for an
s-tot and its sensory-motorcon guration. We alsodescribe the ewolutionary
algorithm we employed in all the performed experimerts.

In Chapter 4, the results obtained in the attempt to ewlve coordinated



CHAPTER 1. INTR ODUCTION 9

motion behavior for the swarm-tot are presered. We describe the task
and the peculiarity of the experiments performed. We show that we were
able to ewlve e cient behaviors, that generalizeto dierent situation in
which the swarm-tot hassizeand shape di erent from those usedduring the
ewlution. Besides,we showv how the behavior also generalizesin situations
where obstaclesare addedinto the ervironment.

In Chapter 5, we presen the hole avoidance task, which consistsof co-
ordinated motion in an ervironment with holes. These hazards have to be
recognizedand avoided by the swarm-tot, asthe holesare too big to let the
swarm-tot passover. We presen the peculiarity of the experimental setup
and the results achieved ewlving three di erent neural network architec-
tures, and we analyze their performance. Finally, we showv how the ewlved
strategies are able to display generalization properties.

In Chapter 6, we draw the conclusionsof this work, highlighting the
important aspectsof this researt. Finally, we indicate the future directions
to be followed.



Chapter 2

Why Articial Evolution?

In this chapter, we describe the challengeswe are facing in deweloping a
corntrol system for a swarm-bt and the methodologies we can apply to
the solution of the designproblem. In particular, we highlight the principal
featuresof a swarm robotic systemand we explain how exploiting the notion
of Self-Organizationcan be of fundamertal imp ortance for a complexsystem
like a swarm-ot. We also discussthe possiblesolutions to the designof a
control systemfor the s-lots, that could allow them to self-organize.Among
these,Arti cial Evolution can be consideredvery promising, asit allows the
ewlution of a cortroller in abottom-up approad, without much intervention
from the designer.

2.1 The Challenges of Swarm Rob otics

As mentioned above, swarm robotics is characterized by the presenceof
swarms of robots that tightly interact in order to read their goals. Con-
trolling sud robotic systemsis a challenging task: decernralization, robust-
ness,adaptivity, embodiment, complex dynamics are featuresthat have to
be taken into account when deweloping a corntrol system. All thesefeatures
characterizethe behavior of insect coloniesand other animal sccieties, which
are the main source of inspiration for swarm robotics. In this section, we
will discussthe advantagesthese features can bring to a swarm-kot, along
with the challengesthey issue. During the discussion,we will also provide
examplesof natural systemswhich exhibit theseimportant features.

10
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2.1.1 Decentralization

When deweloping the cortroller for a multi-agent system like the swarm-
bot, the rst problem to be faced concernsthe choice betweena centralized
and a distributed approad. In literature, we can nd many examplesof
both, and there are also many intermediate approadies, in which cortrol is
deceriralized only to someextert.

Speakingin generalwords, the certralized approad can be de ned asa
singlemachine/agent/entity that takesdecisionsfor all the other agerts that
have to be controlled. For example, a group of robots that hasto perform
a foraging task could receiw instructions from a remote workstation that,
knowing the ervironment and the position of all the robots, could drivethem
toward the food sources,possibly optimizing the number of robots that can
exploit ead food source. The certralized planning of the instructions to
be sert to ead robot requires the combination of the state space of all
the robots in a single space,whosedimension grows exponertially with the
number of robots [29]. Furthermore, a communication medium must be
provided betweenthe certralized cortroller and the robots, and this medium
must be reliable, becauseloosing contact with somerobots will make them
useless.Becauseof these requiremerts, the cost of certralization increases
exponertially with respect to the size of the group.

On the cortrary, decertralization leadsto the distribution of the decision
making processamong all the agens composing the group. Each agert is
responsiblefor its own actions, which aretakenindependerly from the other
individuals, leadingto a noticeablereduction in the complexity of the cortrol
systems. In this way, the behavior of a single agert can be very simple, but
the entire group can still display complex behaviors. A striking example
of decertralization is given by many animal sccieties. For example, insects
like ants or beestake most of their decisionsin a distributed way without
being governed by any leading individual in the colory, and at the same
time achieving an extremely e cien t and organized behavior at the colony
level. Ants are able to trace the shortest path from the nestto a food source
without any a priori knowledge about the ervironment [14]. This behavior
is a result of the decisionstaken individually by ead ant and by the local
interactions amongants and betweenants and ervironment. Similarly, a sh
school can move in a very coherert way, but there is no leaderthat instructs
the group on the direction to take and the turns to perform. In fact, the
o cking behavior of the sh sdool is a result of individual decisionsand
local interactions (for a review, seealso[9]).

We mertioned local interactions as a mean to achieve coordination in



CHAPTER 2. WHY ARTIFICIAL EVOLUTION? 12

a group. In some cases,these interactions can be thought of as a sort of
communication among agerts. Indeed, in a decenralized system, a com-
munication medium among ageris is often provided, as communication can
favor cooperation [30]. Direct communication turns to be required when it
is necessaryto know the internal state of other ageris in order to take some
decision, and it is di cult to infer the internal state from the obsenation
of the other agent's behavior. Howewer, not always direct communication
can increasethe e ciency in solving a problem, but often simpler form of
communication are su cien t [4]. In a swarm-lot, we intend to useindirect
comnunication among individuals (stigmemgy [23]), thus limiting the use
of direct communication. Stigmergy takes placesif an individual modi es
the ervironment in a way that can be sensedby other individuals or that
can in uence their behavior. Stigmergy is a form of communication that
takes place trough the ernvironment, favoring local interactions among in-
dividuals, thus coordinating and regulating the activity of the group. This
phenomenonis often obsened in insect sacieties. For example, ants lay a
chemical substance,called phetomone which attracts other ants: using this
simple signal, ants can e cien tly perform tasks like foraging, recruiting and
nest building.

2.1.2 Robustness

Robustnessis directly linked to decerralization. In a certralized system,in
fact, the failure of the certral cortroller would a ect the whole group, while
a decertralized system, not relying on a single cortroller, can continue to
work even if someof its parts are not available any more.

Howewer, a distributed cortrol aloneis not enoughto obtain robustness.
For example, let us consider a group of agens that are able to adieve
their goal performing an ordered sequenceof sub-tasks, ead executedby a
specializedagen. In this case,the system may be decerralized, but not
robust, becausethe failure of one agert will lead to the failure of the ertire
group. In the swarm robotic system, the main way to achieve robustness
is to provide redundancy to the system, replicating its parts many times.
Thereby, the removal of somecomponerts will not a ect the functionality
of the system, but it will leadto a graceful degradation of the performance.
Redundancy and the consequeh robustnessare typical features of insect
colonies,that areableto function even after the remaoval of many individuals.
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2.1.3 Adaptivit y

In some cases,robustnessin a system can be a direct consequenceof its
adaptivity. A striking example of robustnessas a result of adaptivity is
given by ant speciesof the Pheidole gerus. In most speciesof this gerus
workers are physically divided into two fractions: the small minors, who
ful ll most of the quotidian tasks, and the larger majors, who are responsible
for seedmilling, abdominal food storage, defenseor a conbination of these.
Wilson [53] experimentally changedthe proportion of majors to minors. By
diminishing the fraction of minors, majors get engagedin the tasks usually
performed by minors and replace them e cien tly. Wilson [53] obsened,
that within one hour of the ratio change, majors adapt themsehesto the
new situation and take over the minors' work. The colory is able to achieve
robustnesshby adapting to the new, unexpected situations. Similarly in a
swarm-Iot, this kind of adaptation can lead to a dynamic division of labor
that is very important in order to perform complex tasks.

Adaptivit y at the colory levelis oneof the mostimportant characteristics
displayed by scocial insects. Colonieswith thousands of individuals needto
adapt to changing conditions very quickly. The individual behaviors are
exible to sewral internal and external factors such as food availability,
climatic conditions or phase of colory dewelopmert. In a similar way, a
swarm-tot should be able to adapt to changing environmental conditions,
in order to obtain the best achievable performance.

2.1.4 Embodiment and Complex Dynamics

Adaptivit y of the systemis even more important when the systemis em-
bodied and physically interacts with its environment. The result of physical
interactions is dicult to predict and requires that the systemis able to
adapt to many di erent situations.

Speakingin generalwords, embodiment stresseghe importance of phys-
ical aspects of the system (like mass, friction, shape) and its interaction
with the environment. Therefore, an enmbodied system s characterized by
complex dynamics that are the result of the agen-environment interaction.
Exploiting this complexity can be useful in order to produce complex be-
haviors with relatively simple cortrollers. An experimental evidenceis given
in [37], where the task of discriminating walls from cylindrical obstaclesis
preseried. The results showed that this task cannot be e cien tly solved by
a disermbodied neural network that was trained using the badk-propagation
algorithm. Howewer, the task was successfullysolved by the samenetwork
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embodied in a Kheperarobot that was let free to move. This suggeststhat
physical interactions with the objects to be discriminated simpli es the task.
The importance of physical interactions is ampli ed in a swarm robotic
system, where ead ageri dynamically interacts not only with the environ-
ment, but alsowith all the other agens. In other words, a swarm robotic sys-
tem is characterized by very complex dynamical interactions among agens
and betweenagerts and ervironment. In a swarm-iot, physical connections
betweens-lots increasethe complexity of the system'sdynamic. This con-
rms the importance of the study of embodied cortrollers in a swarm-lot,
where s-lots can in uence ead other also by creating physical forces.

2.2 Self-Organization and Swarm Rob otics

In the previous section, we discussedabout the main features of a swarm
robotic system like the swarm-tot. The inherent complexity of a swarm-
bot suggeststhat the design of its cortroller is a particularly challenging
task. Unfortunately, there are no basic principles that can be followed in
order to designa cortroller for swarm robotic systems. Howewer, we can
approadc the solution of this problem looking at complex system theories.
In particular, usefulinsights can be found in the notion of self-organization.

Self-organizationcan be de ned as\the appearanceof structure or pat-
tern [in a system]without an external agert imposingit" [25]. More pre-
cisely, self-organizationexplains how, in a system, global level order emerges
from the numerouslocal interactions that takesplace amongthe lower-level
componerts of the system. In other words, a system self-organizesdriven
by its own componerts, which interact relying only on local information,
without any referenceto the systemas a whole.

The notion of \self-organization" started to be discussedin the mid-
dle of the 20" certury by a multi-disciplinary group of sciertists, like the
thermodynamicist Nicolis and Prigogine or the cyberneticians Ashby and
Von Foerster [35, 3, 51]. Prigogine won the Nobel prize for his study of
dissipative systems that is, systemsable to continuously dissipate energy
preserving a particular dynamic state. These systemsare able to maintain
constart or decreasetheir own entropy dissipating the excessenergyin the
surroundings. A well known example is given by the Benard convection
cellsthat can be obsened when heating a thin layer of a vegetableoil. The
vertical temperature gradiert in the horizontal oil layer causesan ordered
movemert of the moleculesin the liquid that results in a global hexagonal
pattern, which can be obsened on the substrate. Prigogine suggestedthat



CHAPTER 2. WHY ARTIFICIAL EVOLUTION? 15

self-organization typically takes place in non-linear systemsfar from their
thermodynamic equilibrium point.

In the same period, Ashby and von Foerster begun their work on self-
organization. Ashby noted that a self-organizing systemis a system that
ewlvestoward a state of equilibrium, called attractor. On the other hand,
Von Foerster supported the notion of \order form noise", claiming that
injecting noise in a system can move it acrossits state space, with the
possibility of ending in a more stable (ordered) state.

Starting from these pioneers, the importance of self-organization has
beenrecognizedin the study of many complex systems,ranging from chem-
istry to biology. As mertioned above, global order in a self-organizingsys-
tem is the result of local interactions among the individuals composingthe
system. When in the disordered state, individual actions and interactions
are deeply in uenced by randomnessor noise, and result in the so called
random uctuations of the systemaround its state. Then, self-organization
may emergefrom the interplay of two basic metanisms: positive and nega-
tive feedback Positive feedbak consistsin the ampli cation of the random
uctuations of the system: it can be seenasa snowball e ect that increases
exponertially and drive the systemtoward a stable state. On the cortrary,
negative feedbak seresas a regulatory mecanism, and it is often a result
of the ampli cation itself, that exhauststhe resourcesof the system. Neg-
ative and positive feedbak are responsible for maintaining a systemin its
stable state, restoring the organization after any deviation causedby some
external in uence.

As an example, let us consideragain the Benard convection cells men-
tioned above. When heating the thin layer of oil, a temperature gradient
is created betweenthe bottom and the top of the layer. Howewer, the sys-
tem remainsin a stable state where heat is dissipated by conduction until a
certain threshold is reached. At this point, random uctuations and local in-
teractions may trigger the self-organizationprocess.In fact, a small portion
of the liquid at the bottom may rise slightly becauseof random movemerts
of the molecules(random uctuations). It will be surrounded by a colder
region, and, being lessdense,it will be pushedup (local interactions). The
more it rises, the colder the surroundings and the higher the rising force
(positive feedbak). The samemecdanism appliesto a cold portion of liquid
at the top: a small downward movemen causedby random uctuations is
amplied by the interaction with the warmer (and thus lighter) liquid in
the surroundings. The ampli cation processterminates onceall the liquid
preseri corvection cells, that is, when the resourcesof the systemhave been
exhausted (negative feedbak).
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Self-organization can be of particular interest for studies in swarm-
robotics in general,and speci cally for the swarm-lot asit can explain the
behavior of many biological systems,like ant coloniesor sh sdiools, from
which swarm robotics takesinspiration. Moreover, a particular form of self-
organization taking placein insect sccieties, called self-assemblingis strictly
related to the SWARM-BOTS project: self-asserhling is the self-organized
creation of structures asa result of connectionsamongindividuals composing
the system(for areview of self-asserhling in insectsocietiessee[2]). Animal
sccieties presert multiple forms of self-organization and self-asseraling. In
such systems, the interactions among individuals are made using rules of
thumb that require: (i) a limited cognitive ability and (ii) a limited knowl-
edgeof the ervironment [9, 10, 11, 15, 17, 19, 43, 45, 46]. Also in this case,
we can recognizethe basic features of self-organization: local interactions,
random uctuations, positive and negative feedba& medanisms. As an ex-
ample, we can mention aggregationin the bark beetle larvae Dendroctonus
micans [16]. Normally, these larvae individually seard for a fruitful feed-
ing site, moving randomly (random uctuations). When they start feeding
in a good location, they start to emit a chemical signal, a pheromonethat
di uses in air and servesas commnunication medium (local interactions, stig-
mergic communication). At this point, the aggregationprocessis triggered:
in presenceof a pheromonegradiert, larvae react by moving in the direction
of higher concertration of pheromone,thus reinforcing the chemical signal
coming from the aggregationsite (positive feedba& mecanism). The ag-
gregation endswhen all the larvae have clusteredin one location (negative
feedba& medanism resulting from the exhaustion of larvae) [16].

The above example shavs how order in a system, that is, the aggregate,
can emergefrom simple individual rules and local interactions. This kind
of behavior correspondsto what we want to obsene in a swarm-kot. Then,
why not designinga swarm-tot ableto self-organize?In fact, self-organizing
systemshold the features we want to provide to a swarm-kot, which have
beendiscussedin Section2.1:

Decentralization.  All the elemens of a self-organizingsystemare, by def-
inition, autonomous: there is no leaderthat drivesthe organization of
the system, which is not a result of somerecipe, blueprint or template.
The control is distributed, and all parts of the systemcontribute to the
emergenceof the organization. Furthermore, every elemen of a self-
organizing systemreliesonly on local information and interacts locally
with the other elemerts of the system, suggestingthat its behavior can
be modeled with simple rules.
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Robustness. When a self-organizingsystemreadesits stable state, it will
be very di cult to destabilizeit, becauseit hasthe natural tendency
to return in its stable con guration, which constitutes an attractor
for the system. This is mainly a result of the feedba& medanisms
that cortinuously maintain the organization in the system. A self-
organizing system is thus robust to ervironmental changes,but also
to the failure of someof its componerts, given its high redundancy.

Adaptivit y, Embodiment, Complex Dynamics. A system that self-
organizenaturally adaptsto its environment, becausedt readesa sta-
ble state driven by internal forces and by the interaction with the
ervironment itself. Furthermore, a self-organizing system preseris
non-linearities and complex far-from-equilibrium dynamics, that is,
the systemreadesa stable state that is not an equilibrium point: this
make it possibleto have a dynamic systemwith fast reactions, which
favors adaptation to ernvironmental changesand the production of new
responsesto new, unexpected situations. The physical properties of
the system have a big in uence on its dynamics, and on the type of
organization that will be reached: for example, the viscosity of the oll
determinesthe size of the Benard corvection cells. This con rms the
importance of embodiment in the study of self-organizingsystems

In conclusion,a swarm-tot should be self-organizingin order to exploit
all the advantageousfeaturesthat pertain to self-organizingsystems. How-
ever, we still have to understand how to designthe cortrol systemin order to
obtain self-organization. This \design problem" is the topic of the following
section.

2.3 The Design Problem

As mertioned above, we want to designthe cortrol systemfor the s-tots in
order to obtain self-organizationin a swarm-tot. Howewer, designingsudc a
of cortrol systemis not atrivial task. It is necessaryto discover the relevant
interactions betweens-ots that lead to the emergenceof the global organi-
zation. In other words, the challengeis given by the necessiy to decompose
the global behavior that result in the desiredorganization in simple meda-
nisms and simple interactions amongthe systemcomponerts. Furthermore,
even if we know the medanismsthat lead to the emergenceof the global
organization, we still have to considerthe problem of encaling them into
the cortroller of ead s-tot. As we already mertioned, in doing this, the



CHAPTER 2. WHY ARTIFICIAL EVOLUTION? 18

ervironment in which the s-lots are embedded must be taken into accoun
becauseof its importance on the dynamics of the system and its role as
comnmunication medium, allowing di erent forms of stigmergy. Figure 2.1
exempli es this process.The self-organizedsystemdisplays a global behav-
ior interacting with the environment (Figure 2.1, left ). In order to de ne
the cortroller for the s-lots, it is necessaryto rst decompose the global
behavior into individual behaviors and local interaction among s-tots and
between s-lots and ervironment (certer). Then, the individual behaviors
must be encaded into the cortrol program that drivesead s-tot (right).

control
program
environment

environment

Figure 2.1: A represenation of the design problem. In order to have the
swarm-tot self-organize,we should rst decompsethe global behavior of
the system (left) into individual behaviors and local interactions among s-
bots and between s-lots and environment (cernter). Then, the individual
behavior must be in someway encaded into a cortrol program (right).

Summarizing, from an engineering perspective, the design problem is
generally decomposedinto two di erent phases:(i) the behavior of the sys-
tem should be described as the result of interactions among individual be-
haviors, and (ii) the individual behaviors must be encaded into cortrollers.
Both phasesare complex becausehey attempt to decomposea process(the
global behavior or the individual one)that emergesfrom a dynamical inter-
action amongits subcomponerts (interactions amongindividuals or between
individual actions and ervironment).

Nol and Floreano [37] claim that, sincethe individual behavior is the
emerger result of the interaction betweenagert and ervironment, it is dif-
cult to predict which behavior results from a given set of rules, and which
are the rules that will create a given behavior. Similar di culties occurs
in the decomposition of the organized behavior of the whole system into
interactions among individual behaviors of the system componerts. Here,
the understanding of the medanisms that lead to the emergenceof self-
organization must take into accoun the dynamic interactions among indi-



CHAPTER 2. WHY ARTIFICIAL EVOLUTION? 19

vidual componerts of the systemand betweencomponerts and ervironment.
Thus, it isdicult to predict, given a set of individual behaviors, which be-
havior at the systemlevel will emerge,and it is alsodi cult to decompose
the emergenceof a desired global behavior in simple interactions among
individuals.

The decomposition from the global to the individual behaviors could
be simpli ed taking inspiration from natural systems,like insect sccieties,
that could showv us the basic medanismsto be exploited. This approac
nds its roots in the recert studies on swarm intelligence [7]. Starting from
the animal society metaphor, swarm intelligence has emergedas a novel ap-
proach to the designof \in telligent" systemsinspired by the e ciency and
robustnessobsenedin social insectsin performing global tasks. The swarm-
intelligent approad to the designproblem starts from the obsenation of a
natural phenomenon followed by a modeling phase,which is of fundamertal
importance to \uncover what actually happensin the natural system" ([7],
page 8). The deweloped model can then be used as a sourceof inspiration
for the designer,who can try to replicate certain discovered medanisms
into the arti cial system,in order to obtain dynamics similar to the natural
counterpart. As exempli ed in Figure 2.2, this approad requiresa rst de-
composition step that modelsthe phenomenaobsened in nature to nd out
which are the basicmedanismsand individual interactions. This knowledge
is than exploited in the designphase,where these mechanismsare encaled
into the cortrol program.

observations design?
and modeling

natural system

control
program

dy/dt = yx+p(y)
dx/dt = y+q(x)

environment

Figure 2.2: The swarm-intelligent approad to the designproblem: a natural
self-organizingsystem(left) canbe obsenedand its global behavior modeled
(center), obtaining useful insights on the medanisms underlying the self-
organization process. The model can be used as a source of inspiration
for the following design phase, which leadsto the de nition of the cortrol
program (right).

Howevwer, it is not always possibleto take inspiration from natural pro-
cessebecausehey may di er from the arti cial systemsin many important
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aspects(e.g., the physical embodiment, the type of possibleinteractions be-
tween individuals and so forth), or becausethere are no natural systems
that can be comparedto the arti cial one. Moreover, the problem of en-
coding the individual behaviors into a cortroller for the s-lots remains to
be solved. Our working hypothesisis that these problems can be e cien tly
solved relying on Arti cial Evolution[37], as discussedin the next section.

2.4 Articial Evolution of Group Behaviors

In this section, we will motivate why Arti cial Evolution cane cien tly solve
the design problem. In fact, arti cial ewlution eliminates the problem of
decomposition at both the level of nding the medanismsthat lead to the
emergein global behavior, and the level of implementing those medtanisms
into a controller for the s-bots. Arti cial ewlution relies on the evaluation
of the system as a whole, that is, on the emergenceof the desired global
behavior starting from the de nition of the individual ones. This approad
is exempli ed in Figure 2.3: the cortroller encaded into ead genotype is
directly evaluated looking at the resulting global behavior. The ewlution-
ary processis responsible of selectingthe \good" behaviors and discarding
the \bad" ones. Moreover, the cortrollers are directly tested in the environ-
mert, thusthey can exploit the richnessof solutions o ered by the dynamic
interactions among s-tots and between s-bots and environment, which are
normally dicult to be exploited by hand design.

— T~ "

controller environment

Figure 2.3: The ewlutionary approad to the design problem: cortrollers
(left) are evaluated for their capability to producethe desiredgroup behavior
(right). The ewlutionary processis responsible for the selection of the
cortrollers, testing them in the environment where they should work.

It is worth noting that, while the hand designnormally proceedsn atop-
down direction, following a divide and conquer approad, the ewlutionary
processproceedin the bottom-up direction, directly evaluating cortrollers
for their suitability to the requiremerts de ned by the designer. Arti cial
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Evolution does not needany arbitrary decomposition of the problem into
sub-problems,but it relies on the automatic processof selectionand repro-
duction (which is often referred to be self-organizeditself).

The main problem of the divide and conquerapproad is well explained
by Nol and Floreano [37]. The decomposition of a global behavior into
sub-componerts is often performedfrom a distal description of the behavior,
that is, a description from the obsener point of view. On the other hand,
the control rules correspond to a proximal description of the behavior, that
is, a description of the coupling of sensory(and internal) states to motor
actions. The distal description of the behavior is a result of the agert-
ervironment interactions, and therefore it may be impractical to de ne the
controller at the proximal level. The divide and conquer approadh may
fail when, following the distal description, the global behavior is arbitrarily
decomposedin sub-parts that doesnot have a one-to-onemapping with the
sub-componerts of the cortrol system. On the contrary, the ewlutionary
approac can overcomethis problem de ning a cortroller at the proximal
description level, while testing and evaluating it at the distal level. In this
way, no arbitrary choiceis performedby the designer,but the processis left
free to chooseand test any possiblesolution that can produce the desired
global behavior.

The application of the ewlutionary approac to group behaviors has
already been successfullyapplied in previous work, where we ewlved an
aggregationbehavior for a group of s-tots [50]. We obsenedthat ewlution is
ableto nd simple but e cien t solutionsto the aggregationtask, producing
self-organizing behaviors similar to those obsened in natural systems,like
the one shortly describedin Section2.2.

Before concluding, it is worth mentioning that the advantages o ered
by Articial Evolution are not costless. On the one hand, it is necessary
to identify initial conditions that assureevolvability, i.e., the possibility to
progressiwely synthesizebetter solutions starting from scratch. On the other
hand, arti cial ewlution may require long computation time and it is often
unfeasibleto apply it on real robots. For this reason, software simulations
are often used. The simulations must save as much as possiblethe inter-
esting features of the robot-ervironment interaction. Therefore, we have
chosento dewelop our simulations using a rigid body dynamics simulator,
which can accurately simulate the dynamics and collisions of our s-lots in
a 3-D ervironment. In Chapter 3, we will describe the setup of our ex-
periments, introducing the simulated model of the s-tot and describing the
ewlutionary algorithm we usedfor the synthesis of self-organizingbehaviors
for the swarm-lot.



Chapter 3

Exp erimen tal Setup

This chapter is dedicated to the description of the experimental setup. It

is thus introductory to the following chapters, in which the experimerts we
performed are described in detail. In particular, we will introduce the s-lot
hardware and the simulated model in Section3.1. In Section 3.2, the sensor
and actuator con guration usedthroughout all the experiments is detailed.
Finally, in Section 3.3, we describe the ewlutionary algorithm we usedin

order to ewlve coordinated movemert behaviors.

3.1 The S-bot Mo del

In this section, we describe the s-bot hardware and the simpli ed simulation
model we devisedin order to run the ewlutionary experiments. Figure 3.1
shaws the rst s-tot prototype that has been produced. The mobility of
the s-tot is ensuredby a combination of two tracks and two wheels, called
Di er ential Treels® Drive which are mounted on a chassiscortaining motors
and batteries. Each track is connectedto the wheelof the samesideandit is
controlled by an independert motor. This particular combination of tracks
and wheelsallows an e cien t rotation on the spot dueto the position of the
wheelsand makes navigation simpler on moderately rough terrains, while
more complex situations can be tackled by a swarm-ot. The chassiscan
rotate with respectto the main body (turret) by meansof a motorized axis.
This ensuresan independert movemert of the turret where the sensorsand
the grippersfor physical connectionsto other s-lots or objects are located.

!Details regarding the hardware and simulation of the swarm-bot can also be found
in [40] and in the project web-site (http://www.swarm-bots.org ).

22
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The s-lots have two di erent way of creating physical interconnectionsto
self-asserle into a swarm-tot con guration: rigid and semi- exible. Rigid
connections between s-lots are implemented by a gripper mounted on the
s-tot turret. This gripper can alsobe usedto lift another s-lot if necessary
Semi- exible connections are implemented by a exible arm actuated by
three seno-motors mounted on the turret. Thesethree degreesof freedom
allow to extend and move laterally and vertically the arm. The s-lot grippers
can grasp other s-ots on a T-shaped ring around the s-lot turret.

Figure 3.1: The rst s-bot prototype, provided of the tracks system, the
body holding the rigid and the exible grippers,and many sensorsystems.

Given the hardware implementation, we have de ned a simple s-kot
model in order to develop fast simulations, which could presene the features
of the real s-lot we are interested in (seeFigure 3.2). For this purpose,we
relied on the Vortex™ SDK, which o ers the necessaryfunctionalities to
dewelop accurate 3-D dynamic simulators. The s-tot turret is modeledasa
cylinder (radius: 6¢cm, height 6¢cm), connectedto the chassisby a motorized
hinge joint. The chassisis a sphere(radius: 1:4 cm) to which 4 spherical
wheelsare connected(radius: 1:5cm), two lateral and two passive wheelsin
the front and in the badk, which serwesas support. The lateral wheelsare
connectedto the chassisby a motorized joint and a suspensionsystem, thus
they are responsible for the motion of the s-ot. In this way, a di erential
drive medanism is implemented, modeling the external wheelsof the physi-
cal realization. On the cortrary, the other wheelsare not presert in the real
s-ot, which is provided of tracks instead. These wheelsmodel the balanc-
ing role of tracks, but, being not motorized, they do not cortribute to the
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motion of the s-tot. Connectionsbetweens-kots are simulated dynamically
creating a joint betweenthe two bodies. However, in this work, s-lots are
always assenbled into a swarm-tot, thus we do not considerthe problem of
dynamically creating connections.

Figure 3.2: The simulated s-tot model. The body is transparent to shov
the chassis(center sphere),the motorized wheels(lighter spherical wheels)
and the passiwe wheels (darker spherical wheels). The position of the vir-
tual gripper is shavn with an arrow painted on the s-tot's body. On the
contrary, the front direction of the chassisis not showvn. In the following,
we will display the direction of forward motion drawing a conein place of
the spherical chassis

The s-lot model is thus simple enoughto obtain fast simulations. Wheels
are modeled as spheresand not as cylinders in order to simplify both the
collisions detection betweenthe wheelsand the ground, and the computa-
tion of the dynamics of the dierent bodies. The chassis,having no other
functionality than connectingthe di erent parts of the s-kot, is modeled as
a sphere,which is the simplest object to be simulated. The s-bot turret on
the contrary is modeled as a cylinder, the simplest shape closeto the real
s-tot. This allows to simulate in a realistic way collision among s-bots and
between s-lots and walls or obstacles.On the contrary, the computation of
collisions involving wheels, chassis,walls and obstaclesare all disabled, as
these objects cannot collide, thus improving the performanceof the simula-
tor.

3.2 Sensor and Actuator Con guration

The hardware realization of an s-lot includes many sensorsystems,among
which infrared proximity sensorsJight sensorsdirectional microphonesand



CHAPTER 3. EXPERIMENT AL SETUP 25

an omni-directional camera. Even if thesesensorsare provided by the dewel-
oped simulator, they are not usedin this work. On the cortrary, we provide
eadh s-bot with a traction sensor, placed at the turret-c hassisjunction and
able to detect the direction and the intensity of the traction force that the
turret exerts on the chassis. This particular kind of sensorproved to be of
fundamental importance for coordinated movemen tasks[6], and it is at the
momert of writing under dewvelopmert on the real s-tot.

The working principle of the traction sensorsis very simple (see Fig-
ure 3.3): when s-lots are connectedin a swarm-lot con guration, their
movemen can produce pulling/pushing forceson other s-tots. In particu-
lar, the turret of ead s-bot physically integratesthe forcesthat are applied
to the s-tot by the other s-lots, and takesalsointo accourt the movemerts
of the s-tot's chassis. As a consequencethe traction sensorprovides the
s-tots with an indication of the averagedirection toward which the swarm-
bot is trying to move as a whole. More precisely it measuresthe mismatch
betweenthe directions toward which the ertire team and the s-lot chassis
are trying to move. The intensity of the traction is alsoan indication of the
size of this mismatch.

t=s-c

Figure 3.3: Traction sensorworking principle: the traction tis the resultant
of the vectorial summation of all the forcesapplied by other s-lots on the
turret (s) minus the force exerted by the movemert of the chassis(€). is
the resulting direction of the traction, while jtj is the resulting intensity.

Besidestraction sensors,in this work we also make use of ground sen-
sors which are merely proximity sensorspointed to the ground. The use
of these sensorsis justied by the fact that, when exploring an unknown
ernvironment, the s-tots should be able to recognizethe presenceof hazards
like holesor troughs and behave in order to avoid to fall into them. Also,
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these sensorscan be used as a measureof the roughnessof the terrain on
which they are moving, and usedto selectdi erent strategiesof exploration.
The real s-lot is provided with 4 ground sensors,positioned along the axis
of the chassis,as can be obsened in Figure 3.4a. In the simulated s-lot we
tried a dierent con guration that we considerto be more useful to avoid
hazards. In this case,the 4 ground sensorsare evenly distributed around
the chassisof the s-lot, starting at 45 degreesfrom the direction of move-
mernt (seeFigure 3.4b). This sensordistribution will be implemented in the
hardware exploiting someof the proximity senorspresen on the turret.

(b)

Figure 3.4: Ground sensors.(a) a graphical represeniation of the hardware
implemertation, where ground sensorsare positioned along the axis of the
chassis. (b) The simulated ground sensors,displayed as lines exiting from
the s-lot are positioned around the body in order to better recognizethe
direction of hazardslike holesin the ground.

Concerning the actuators, ead s-lot can control its wheels indepen-
dently. In order to do so, the cortrol system can specify a desired angular
speed to be readied and a maximum torque to be applied by the motor
controlling the lateral wheels. The maximum speedvalues has beenset to
10rad=s which correspond to a maximum speed of the s-lot of 0:15m=s.
The maximum torque to be applied is setto 0:2 Nm. In addition to the
wheels, the movemens of the s-bot are also in uenced by the motor con-
trolling the rotation of the turret with respect to the chassis. Howewer, it is
not independertly cortrolled with respect to the wheels,its desiredangular
speed! ; being de ned as

= (3.1)

where! | and ! ; are the desired angular speed of the left and right wheel
respectively. The maximum speedand torque valuesare the sameasfor the
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wheel motor. This way of cortrolling the rotation of the turret is designed
in order to help the re-orientation of the tracks when, due to the roughness
of the terrain or to pulls or pushescoming from other s-kots, one or both
wheelsdo not touch the ground. In these cases,the torque applied to the
turret motor will result in a rotation equivalent to what would result from
the action of the wheels.

As already mertioned before, we are interested in ewlving behaviors
for coordinated movemert in an already assenbled swarm-tot, while the
problem of self-asserhling will be consideredin future researt. Thus, the
gripper actuators are not usedin this context, ass-kots are always connected
to ead other. The connectionsare rigid and do not allow relative motion of
the s-lots. In sometest experiments, we made connections exible to study
the e ect of relative position change on the ewlved controllers.

3.3 The Evolutionary Algorithm

In this section, we describe the ewlutionary algorithm usedto ewlve con-
trollers for coordinated motion. The details of the ewlved cortroller and of
the tness function may changefrom experimert to experimens, and they
will be described later.

We use a generational ewlutionary algorithm for the ewlution of the
s-lot neural controller. The initial population is composedby randomly
generatedgenolypes. Each genotype is binary encaded, and can be mapped
into a controller for a single s-tot. The length L of the genotype is xed
and dependson the controller that is ewlved. This cortroller is cloned in
eah of the n s-bots involved in the experiment [5]. The tness F of eah
genotype is estimated allowing the group of s-tots to \liv e" for M \ep ochs"
and then averaging the obtained value:

F = Fe; (3.2)
e=1

where F¢ is the tness estimation obtained from a single epoch. The value
Fe dependson the ewlved behavior. Eadch epoch e lasts a maximum of T
simulation cycles,ead cycle corresponding to 100 ms of real time.

The best genolypesof eah generationare allowed to reproduce, eath
generating = o spring 2. Each bit hasa probability p=L of being replaced
by the opposite value. The reproduction is asexual,as no reconbination is

2For sake of simplicity, we use valuesthat are divisors of values.
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performed. Furthermore, parerts are not copiedto the o spring population
(no elitism). The ewlutionary processis stopped after a maximum value of
N generations.

This algorithm is very simple and straight forward, but we found that is
enoughto ewolve simple but e cien t cortrollers for group of robots [50, 5, 6].
Table 3.1 summarizesthe parametersthat have to be set for de ning an
ewlutionary run, and it givesalso somedefault valuesthat are commonto
all the experiments preseried here.

Table 3.1: The parameters of the ewlutionary algorithm. Default values
commonto all the experiments performed in this work are also shawn.

| Parameter | Explanation | Default |

Population Size 100

L Length of the genotype (bits) |

n Number of s-hots involved in the ex- 4
perimert

M Number of epochs per tness estima- 5
tion

T The duration of a single epoch e (sim- |

ulation cycles)

The number of parents allowed to re-
producein order to build the popula- 20
tion of the following generation

The average number of bits mutated
p in a genotype, resulting from a prob- 2
ability p=L of mutation per bit
N Maximum number of generations 100




Chapter 4

Evolving Coordinated
Motion

Coordinated motion is a basiccapability that should be provided to a swarm-
bot. In fact, when assenbled into a swarm-kot, s-lots partly loose their
autonomy, asthey are physically connectedto other s-lots. Nonethelessthe
autonomy in motion of the swarm-tot as a whole must be presened. This
implies that s-tots should coordinate in order to move as a single being,
collectively avoiding obstaclesor aiming to a particular location.

The problem of coordinated motion in a swarm-tot, which is detailed in
Section 4.1, has been studied by Baldassarreet al. [6], and was e cien tly
solved using Articial Evolution. In this chapter, we presern the results
obtained replicating the experiments presened in [6], adapting them to the
simulation model preserted in Section3.1. The experimental setup of these
experimens is described in Section4.2. We show that we are able to obtain
comparable results and similar generalization features of the ewlved con-
troller (seeSection4.3 and 4.4). The experimerts presened in this chapter
can be consideredasthe starting point for the solution of the hole avoidance
problem, which is presered in Chapter 5.

4.1 The Coordinated Motion Task

Generally, the rst problem to be faced when trying to cortrol an au-
tonomous robot is how to make it move e cien tly in a given environment.
Depending on the robot, this task can be very simple or incredibly complex.
For example, a wheeledrobot can be easily cortrolled by setting the speed
of its wheels. On the contrary, the motion of a humanoid robot is still an

29
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open problem in the robotic community. Also the ervironment in which the
robot is placed may in uence the complexity of the motion: a at terrain
without obstaclesdoesnot create many problems, while a rough terrain with
holes and obstaclesis clearly more challenging. A di erent sourceof com-
plexity is preser in the coordinated motion task, where the robotic system
is composed of a number of independent ertities that have to coordinate
their actionsin order to move cohererly.

Coordinated motion is a well studied behavior in biology, being obsened
in many di erent species. For example, we can think of o cks of starlings
coordinately ying or to schools of Atlantic cods swimming in perfect uni-
son. These examplesare not only fascinating for the charming patterns
they create, but they also represen interesting instancesof self-organizing
behaviors. Many researders have provided models for schooling behaviors
of sh, and replicated them in arti cial life simulations [9]. These model
explain the coordinated movemert only with simple attraction and repul-
sion rules between individuals (positive and negative feedbad), which are
basedonly on local information about the position and heading of neighbor-
ing sh. Similarly, the behavior of groups of arti cial sh (called e-toids)
has been ewlved to display schooling behaviors, obtaining interesting re-
sults [52]. Finally, ewlutionary computation has beenusedalso to ewlve
coordinated motion behaviors in group of physical robots [41, 42]. In this
case,groups of 2 and 3 robots where asked to move as far as possiblefrom
their starting location, and the results showved the emergenceof coordinated
motion, notwithstanding the limited sensingabilities of the robots.

In this work, coordinated motion is performedin a group of physically
linked s-tots.  This additional constraint limits the individual abilities of
eadh s-ot in the group, becausephysical connectionsprevent most of the
possible movemerts. Furthermore, the motion of one s-lbt can in uence
the dynamics of the whole swarm-lmt becausephysical links transmit the
forces applied by one s-tot to the rest of the group. Howewer, the s-lots
can orient their rotating chassistoward a commondirection and move in a
coherent way. Therefore, a very precise coordination in the orientation of
the rotating basesis necessary becauseeven a small di erence can a ect
the performancein the motion of the swarm-fot.

4.2 Exp erimental Setup

The experiment performed in this work replicates those presered in [6].
Here, the swarm-kot is formed by 4 assenbled s-lots in alinear con guration,
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as shavn in gure 4.1. Physical connectionsare rigid, so that no relative
movemert is allowed between s-tots. Initially , the chassisof ead s-bot is
randomly oriented. In this way, the s-lots have to solve the problem of
collectively choosing a common direction where to move and then have to
cover the maximum possibledistance.

Figure 4.1: The initial con guration for the ewlution of coordinated move-
ment behaviors. The swarm-tot is composedof 4 s-lots linearly connected
(physical links are not drawn). The red line on top of ead s-tot indicates
the intensity and direction of the traction felt by ead s-lot.

4.2.1 Controller Setup

In these experiments, the s-bot is equipped with a traction sensorthat pro-
vides compactinformation about the averagedirection wherethe swarm-tot
in trying to move (seeSection 3.2). The information provided by the trac-
tion sensorrefersto both intensity and direction of traction. We encaded
these two valuesin 4 variables, in order to limit the discortinuities of the
information on the direction of traction, which can directly passfrom

to or the other way round, and may causeproblem at the control level.
Thesefour variablesv; encade the intensity of the traction from four di er-
ent preferertial orientations with respect to the chassis ; = i =2, having
i 2 f0;1;2;3g. In particular, for ead preferertial orientation ;, this inten-
sity decreasedinearly with respect to the absolute di erence betweenthe
sensor'spreferertial orientation and the direction of traction, and is 0 when
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this di erence is biggerthan =2:

( o
l iJ if i i _
v= b= i e o023y (e
0 otherwise

where s the direction of the traction and | is its intensity, linearly scaled
in the interval [0; 1].

Each s-tot cortroller is a neural network with 4 sensoryneurons that
receiwe the variablesvj, plus one bias neuron. These are directly connected
with 2 motor neurons. The activation state of the motor units is normalized
between[ 10;+10] and usedto setthe desiredangular speedof the two cor-
responding wheelsand the turret-c hassismotor, asdescribed in Section3.2.

The connectionweights of the neural controller of the s-lots are ewlved
following the algorithm described in Section 3.3. Each connection weight is
represerned in the genotype by 8 bits that are transformed into a number
in the interval [ 10;+10]. Therefore, the total length of the genotpe is
10 8 = 80 bits. The other parameters of the algorithm are set to their
default value (seeTable 3.1).

4.2.2 Fitness Estimation

To allow the swarm-lot to move as fast and as straight as possible, we
deviseda tness estimation Fe basedon the Euclidean distance betweenthe
certer of massof the team at the beginning and at the end of ead epoch:

kX (0) X (T)k

Fe = 5

(4.2)

1 X
—Xj; (4.3)
j=1

X (t)

where n is the number of s-tots involved in the experimert, X (t) is the
coordinates vector of the j " s-tot at cyclet, X (t) is the resulting coordinates
vector of the certer of massof the group, and D is the maximum distance
that a single s-tot can cover in T cyclesby moving straight at maximum
speed. The duration T of ead epoch is xed to 150 simulation cycles,and
correspondsto 15 secondsof real time.

In Table 4.1, we summarizesthe parameters of the ewlutionary algo-
rithm speci c to the coordinated motion task. Along with the de nition of
the tness estimation Fe, they complete the description of the ewolutionary
algorithm given in Section 3.3.
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Table 4.1: Parameters of the ewlutionary algorithm speci c to the coordi-
nated motion experimens.

| Parameter | Explanation | Value |
L Length of the genotype (bits) 80
T The_ duration of asingleepoch e (sim- | 454
ulation cycles)

4.3 Results

The experiment were replicated 10 times, starting with di erent randomly
generatedpopulations. The average tness over the 10 replications is shown
in Figure 4.2. The plot indicates that the ewlutionary experiment was
successfulas a very good performancewas achieved in all replications.

best

0.8

0.6 i

fitness

04t

0.2¢

0 20 40 60 80 100
generation number

Figure 4.2: Average tness over the 10 replications of the experiment for
the ewlution of coordinated motion. The bestand the average tness of the
population are plotted versusthe number of generations.

We tested the best cortrollers produced in ead replication, evaluating
them for 100 epochs. The average tness valuesare presened in Table 4.2.
It shows that most of the ewolved cortrollers display a satisfactory average
performance.

The behaviors obtained in ead replication present many similarities.
Direct obsenation has shawvn that at the beginning of ead epoch, the s-
bots start to move in the direction they were positioned, but the physical
connectionstransform this disorderedmotion into traction forces,which are
exploited to coordinate the group. When an s-tot feelsa traction force, it
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Table 4.2: Averageperformanceof the best cortroller ewlved in ead repli-
cation of the experimert.

| Replication | Performance |

1 0.87888
0.83959
0.88338
0.71567
0.79573
0.75209
0.83425
0.85848
0.87222
0.76111

O ONOO|O|AWN

=
o

rotates its chassisin order to cancelthis force. Once the chassisof all the
s-tots are oriented toward the samedirection, the traction forcesdisappear
and the coordinated motion of the swarm-lot starts (seeFigure 4.3). This
is possiblebecauseasmerntioned in Section3.2, the traction sensorgivesan
indication of the mismatch betweenthe direction of the chassisof the s-lot
and the averagedirection of motion of the swarm-tot. Thus, a high value
returned by the traction sensorcorrespondsto high mismatch, and results
in a fast rotation of the chassisin order to compensatethis mismatch.

An example of the coordination activity is given in Figure 4.4, showing

Figure 4.3: Trajectories drawn by a swarm-kot during coordinate motion.
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the dynamics of the coordination. Figure 4.4aplots the angular distancebe-
tweenthe chassisof eat s-lot and the averageorientation of all the chassis
in the swarm-lot, scaledin the interval [0; 1]. It shaows that after a transi-
tory period, the s-tots converge toward a common orientation.  Similarly,
Figure 4.4b plots the traction intensity felt by ead s-lot, also scaledin the
interval [0; 1]. Also in this case,a transitory period is followed by a stable
state in which the traction intensity is zero, indicating that the coordination
hasbeenadieved. It is worth noting the similarities betweenthe two graphs,
which con rms that an high traction correspond to an high mismatch in the
direction of the chassisand triggers a fast reaction, asexplained above. Fig-
ure 4.4 also highlights how the reaction of an s-tot to the traction intensity
and anglevariation presens complex dynamicsthat have beenexploited by
the ewlutionary algorithm to synthesizean e cien t cortroller.
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Figure 4.4: Coordination dynamics. (a) Angular distance betweenthe chas-
sisof ead s-lot and the averageorientation of the chassisin the swarm-lot.
The averageorientation is normalized betweenthe values|0,1], and is plot-
ted against the simulations cycles. (b) the traction intensity felt by eadh
s-tot, scaledin the interval [0; 1] and plotted against the simulation cycles
elapsed.

The obtained results are qualitativ ely similar to those preserted in [6].
Nonetheless,a quartitativ e di erence is presen in the performance,due to
the dierent simulation models used. These di erences result in dierent
dynamics of the swarm-kot with respect to similar initial conditions in the
two cases. This also conrms the importance of the embodiment in the
design of the cortrollers.
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4.4 Generalization Prop erties

The ewlved strategy for coordinated motion is very robust, being able to
work in many di erent settings. For example, this strategy scalesvery well
with the number of s-tots forming in the chain: alsoin this case,coordi-
nated motion emergesafter atransitory phasein which the s-bots collectively
choosea common direction. This generalization property can be explained
by the fact that the traction sensorstill integratesthe forcesapplied on the
turret by other s-bots. However, the transmission of forcesis lesse cien t
with increasingchain sizeand causesa longer duration of the coordination
phase.

The ewlved strategy generalizeswell also to dierent shapes of the
swarm-tot. Figure 4.5showsthe trajectoriesdrawn by ead s-kot in a swarm-
bot having a star formation. This revealsthat the information coming from
the traction sensorhasthe sameproperty, and the ewlved behavior is able
to exploit it, no matter the con guration of the swarm-iot.
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Figure 4.5: Generalization of the coordinated motion behavior to a di erent
number of s-tots and a di erent shape.

The coordinated motion behavior displays another interesting feature:
it is able to perform collective obstacle avoidance. When an s-lot hits an
obstaclewith its body, the turret exerts a force on the chassisin a direction
oppositeto the obstacle. This forceis felt asatraction pulling the s-kot away
from the obstacle. In responseto this traction, the s-kot rotates its chassis
in order to cancel the traction, as explained above. Moreover, the rigid
connectionsbetweens-kots transmit the force resulting from the collision to
the whole group, which triggers a fast changein the direction of movemern
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of the whole group. This behavior is shovn in Figure 4.6, where 4 s-kots
forming a chain move in a squarearenaand, oncethey hit awall, collectively
changedirection of motion, without remaining stuck against the wall. It is
worth noting that the traction sensorworks asan omni-directional bumper
distributed on the whole body of the swarm-iot, allowing collective obstacle
avoidance.

Figure 4.6: Generalization of the coordinated motion behavior to obstacle
avoidance. Here, the traction sensorworks asa distributed, omni-directional
bumper.

Finally, we tested the ewlved behaviors using exible connectionsbe-
tween s-tots, allowing relative motion between connected s-tots. Flexible
connections allow the connecting s-bot to rotate around the body of the
connecteds-lot, without changing the distance. Using this type of connec-
tions, the shape of the swarm-tot can changeduring motion, and traction is
transmitted by meansof the connectiononly to someextent. Nevertheless,
the ewlved strategy still works. Figure 4.7 shaws the caseof a chain of 8
s-lots with exible connections,placedin a squaredarenawith cylindrical
obstacles. The initial coordination phasemakesthe chain deform, but after
a while the swarm-tot displays coordinated motion. Also the collision with
an obstacleleadsto a changein the shape, which enablethe swarm-tot to
passthrough narrow passagesnd restart the coordinated motion afterward.

In conclusion, we have shown that the ewlved strategy displays very
robust behavior, which is able to cope with both changesin the number
of s-lots forming the swarm-tot, and variations of the shape of the swarm-
bot. Also environmental changes,like the presenceof walls or obstacles,do
not degradethe performance of the ewlved cortrollers, which are able to
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Figure 4.7: Generalization of the coordinated motion behavior to the intro-
duction of exible links betweenrobots. The swarm-kot is able to change
shape and e cien tly avoid obstacles.

display a collective obstacleavoidancebehavior. Arti cial ewlution wasable
to exploit the complexgroup dynamicsarising from the physical interactions
among s-hots, producing a behavior that preseris the typical featuresof self-
organization. In the following chapter, we will showv how similar featurescan
be produced also for the hole avoidancetask.



Chapter 5

Evolving Hole Av oidance

In the previous chapter we preserned the coordinated motion task, and we
shaved how ewlution can synthesize simple but e cient and robust con-
trollers for the s-ots. In this chapter, we face a similar problem, that is,
coordinated motion in an ervironment that preseris hazards like holes or
troughs, that have to be avoided by the swarm-tot. This task is preseried
in Section5.1. The experimental setup for the ewlution of hole avoidance
behaviors is detailed in Section5.2. Finally, Section5.3 preseris the results
obtained using arti cial ewlution for di erent typesof neural cortrollers.

5.1 The Hole Avoidance Task

The hole avoidance task can be consideredas an instance of the family of
\navigation onrough terrain” tasks. The ability to cope with rough terrains,
holes, gapsor narrow passagess a very important feature for an intelligent
robotic system,that can open many possibleapplication scenarioslike res-
cuein a collapsedbuilding or spaceexploration. Researt in this direction
has focusedmainly on the dewvelopmert of rovers provided with articulated
wheels or tracks, like the path nder [48], well known for the big impact
on mass media resulted from the mission on Mars. A dierent approad
to rough terrain navigation is presered by recon gurable robotics, where
robots can adopt di erent shapesin order to cope with dierent erviron-
mental conditions [12, 49, 54].

In the swarm-ot case,navigation on rough terrain is achieved by means
of the cooperation between s-tots which can self-asserble and build struc-
tures that can cope with hazardoussituations like avoiding a hole or passing
over a trough. In sud cases,rigid connectionssene as support for those
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s-tots that are suspended over the gap. This approad to rough terrain
navigation also as a natural cournterpart in ants of the species c ophilla
longinoda [28], which are able to build chains connecting one to the other,
creating bridgesthat facilitate the passageof other ants.

In this work, we study the problem of coordinated motion in an erviron-
mernt that presens holestoo large to be traversedby a swarm-tot. Thus,
holes must be recognizedand avoided, so that the swarm-tot does not fall
into them. The di cult y in this task lays in the fact that s-tots, having only
limited sensingcapabilities, cannot feel the presenceof a hole until they are
very near to its edge. Therefore, when not joining a swarm-tot, s-lots may
fall into holesbeingunable to e cien tly react, above all when edgespresen
irregularities like corvex angles. In the swarm-tot con guration, physical
connectionsserwe as support for those s-lots that are near an edge,making
the swarm-lot able to safely react. Howewer, it is necessaryto communi-
cate the presenceof a hole to the whole group, which must consequetly
reorganizeto choosea saferdirection of motion.

5.2 Experimental Setup

In order to study the hole avoidancetask, we designedan arenathat presens
holeswith both concare and cornvex angles(seeFigure 5.1). The arenais a
squarebox (side 3 m), having 4 squareholes(side 60 cm). The hole edges
preser corvex angles,which are di cult to detect by an s-tot. Besides,the
borders of the arena itself are hazardsto be avoided and present concave
angles.

Figure 5.1: The arenaemployed for the hole avoidancetask.

Also in this case,the swarm-tot consistsof a linear structure made by 4
s-lots. The sizesof the arena and of the holes have beenchosenin order to
leave enoughspacefor the passageof the swarm-tot, no matter the orienta-
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tion of the chain. This can allow an e cien t navigation in the arenaonce
the s-bots are able to avoid holes.

5.2.1 Controller Setup

The s-bots are provided with a traction sensor,which returns direction and
intensity of the traction exerted by the turret on the chassis. Thesevalues
are encaded in 4 virtual sensors,as described in Section 4.2.1. Besidesthe
traction sensorsan s-tot can exploit the information coming from 4 ground
sensorgositionedaround the chassisof the s-lot (seeSection3.2). The value
returned by ead ground sensoris normalizedin the interval [0; 1] and passed
to the neural cortroller. Thus, the neural network has 8 sensory inputs
coming from traction and ground senors,and 2 motor outputs cortrolling

the wheelsand the turret-c hassismotor.

We performed 3 di erent setsof experimerts, ead characterizedby a dif-
ferent type of controller. In the rst set, we useda simple perceptron, where
the sensoryunits and a bias unit weredirectly connectedto the motor units.
The weights of the perceptron were ewlved. Each weight, ranging in the
interval [ 10; 10], wasrepresened in the genotype by 8 bits, corresponding
to a genoypelength L; = 18 8= 144bits.

In the other two setsof experiments, we usedrecurrent neural networks
in order to test whether internal dynamics of the neural network could lead
to an adaptive advantage in the hole avoidancetask. In the secondset of ex-
perimens, we employed an Elman architecture [18], characterized by a fully
recurrent hidden layer made by 4 neurons,which are also fully connectedto
the input and output layers. In total, there are 62 connectionweights to be
ewlved, which correspondsto a genotype length L, = 62 8= 496 bits.

In the last set of experiments we used a modi ed Elman architecture,
called dynamic network. Here, ead hidden neuron i has a time constart

i, sothat the activation state H; of the unit is computed by meansof a
moving average:

Hi(t+1)= | Hi)+ @ ) Aj; i 2 [0;1] (5.1)

whereA; is the sum of the activation comingfrom all the connectingneurons.
Also time constarts were under the control of the ewlutionary algorithm,
and were represerted in the genotype by 8 bits. In this case,the length
of the genolypeis L3z = 66 8 = 528 bits. In all setsof experimerts, the
remaining parameterswere set to their default valuesgiven in Table 3.1.
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5.2.2 Fitness Estimation

In order to ewlve hole avoidance behaviors, we deviseda tness function
that favors coordinated motion, exploration of the arenaand a fast reaction
to the detection of the hole's borders. The tness estimation F¢ is given by
the averageof two componerts:

Fel + Fel
2

In order to compute the tness componerts, we divide ead epoch e
into two sub-epochs, e; and e,.. In the former, we test the genotype for
its ability to perform coordinated motion in a at ervironment, having a
tness estimation Fe, computed with Equation (4.2). This sub-epoch lasts
Te, = 150 cycles. Here the s-lots start connectedin a linear chain, having
the orientation of their chassisrandomly initialized, and having to learn to
move coordinately.

In the latter sub-epoch, the tness estimation Fe, is given by

Fe = (5.2)

Fe, = Fs Fx; (5.3)

where Fs is a survival sub-componert and Fyx is an explomation sub-
componert. The survival sub-componert Fg is designedto reward only
those genotypesthat read the end of the epoch without falling into a hole.
It is computed as follows:

1 if Ts= Te,

Fs = 0 otherwise

; (5.4)
where T, is the length of the sub-epoch e; and Ts is the number of cycles
the swarm-kot \surviv ed" without falling into a hole. This sub-componert
penalizesewery fall, even if it happensat the end of the sub-epoch, thus
favoring more robust behaviors.

The secondsub-componert is designedin favor of those genotype that
are able to explore the arenain depth. In this case,the arenais virtually
divided in 25 squaredzonesof 60 cm side. The genotype is rewarded for the
number of visited zonesduring the sub-epoch, as formalized as follows:

_ ZTs) .
T 2T

(5.5)

where z(t) is the number of visited zonesat cyclet and Z(t) corresponds
to the maximum number of zonesthat can be visited in t cycles. This sub-
componert alsohasthe side e ect of favoring coordinated motion, because,
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in order to explore,the swarm-kot must beableto e cien tly move. Howewer,
without the componert F¢,, Fx is not sucient to ewlve e cien t motion.
Sometests we performed using only Fy as tness function showed that the
ewlved behaviors exploited the shape of the arena, kept constart during the
ewlution. In fact, the swarm-tot learnedto circle around one hole, without
learning to avoid falling in di erent situations.

In sub-epoch e, s-lots are positioned at the certer of the arena and
start in the usual chain con guration, but their chassisare all initialized
with the samerandom orientation. Also the chain is randomly oriented
at the beginning of ead sub-epoch. In this way, there is no need of a
coordination phaseat the beginning of the sub-epoch, the focus being put
on hole avoidance. The sub-epoch lasts Te, = 200 cycles.

Table 5.1 summarizesthe parametersof the ewlutionary algorithm spe-
cic for the hole avoidance task. It also speci es the parameter specic
for the dierent setsof experiments performed. Along with the de nition
of the tness estimation F¢, these values complete the description of the
ewlutionary algorithm givenin Section 3.3.

Table 5.1: Parameters of the ewlutionary algorithm speci c for the hole
avoidancetask and di erent setsof experimerts.

Parameter Explanation Value
Perceptron | Elman | Dynamic

L Length of the genotype 144 496 528
(bits)
The duration of a single

Te, sub-epoch e; (simulation 150
cycles)
The duration of a single

Te, sub-epoch e, (simulation 200
cycles)

5.3 Results

In this section, we presen the results obtained ewlving hole avoidance be-
haviors using the three di erent cortrollers described above. For ead con-
troller, we replicated the ewlutionary experiments 10 times. The average
tness values, computed over all the replications, are showvn in Figure 5.2.
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The average performance of the best individual and of the population are
plotted against the generation number. All dierent neural architectures
perform well, reaching a high tness value. There is no clear di erence
among the plot of the dierent architectures, except for the fact that the
perceptron ewlvesfaster than the other two networks.
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Figure 5.2: Average tness over 10 replications of the experimert.

In order to test the performanceof the ewolved cortrollers, we evaluated
the bestindividuals of the last generation of ead replication of the experi-
ments. The corresponding results are showvn in Table 5.2. It can be noted
that the averageperformanceof every controller is signi cantly lower than
the averagevaluesachieved during the ewlutionary runs. This is dueto a
super-estimation of the individual performancerelated to random initializa-
tion and a small sampling size (5 epochs per tness estimation). This fact,
howewver, doesnot disturb the ewolutionary process,becauseat eah genera-
tion all the individuals are evaluated with the samerandom initializations,
thus ensuring a fair comparisonbetweenindividuals.

Table 5.2 also highlights the best cortrollers ewlved for ead of the three
di erent neural architectures. From thesedata, it is possibleto seethat the
best ewlved cortroller is the dynamic network obtained in the 6 replica-
tion, performing better than the best cortrollers of both the perceptron and
the Elman architectures (evolved, respectively, by the 7" and 6 replica-
tion). Performing a Wilcoxon signed rank test with cortinuity correction,
the dynamic neural network resulted statistically better (p-value of 0.007511
in the dynamic/p erceptron test, 0.002356in the Dynamic/Elman test).

It is worth noting that the dynamic architecture presens somereplica-
tion with alow tness. In particular, the 10" replication did not end with
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Table 5.2: Mean performanceof the best individuals of ead replication of
the experiments, averagedover 100 epochs. The best ewlved individuals of
ead neural network architecture are highlighted in bold.

Replication Performance

Perceptron | Elman | Dynamic
1 0.6640 0.6564 | 0.6870
2 0.6541 0.6715 | 0.5696
3 0.6502 0.6257 | 0.6701
4 0.6079 0.6241 | 0.6075
5 0.5835 0.5951 | 0.5297
6 0.6376 0.6894 | 0.7287
7 0.6866 0.5942 | 0.6564
8 0.6397 0.6592 | 0.6005
9 0.6640 0.5798 | 0.6935
10 0.6458 0.6500 | 0.3913

an e cien t solution. This canbe explainedby the fact that the seard space
is big and ewlution may require more generationsto nd a suitable solution.

Direct obsenation of the behaviors ewlved shoved that all e cien t solu-
tions rely on similar strategies. Coordinated motion is achieved in the same
way asdescribed in Section4.3. Concerning hole avoidance, when one s-bot
detects an edge, it rotates the chassisand changesthe direction of motion
in order to avoid falling. This changein direction is felt by the other s-lots
by means of the traction sensors,and triggers a coordination phase that
endsup in a new direction of motion away from the edge. A key role in the
functioning of this strategy is played by the motor cortrolling the rotation
of the chassiswith respect to the turret of an s-bot. In fact, this motor has
a stabilizing e ect on the rotation of the chassisewen if one of the wheels
is suspended on the edge. This givesthe chance of changing its direction
of motion to an s-lot, even when partially suspended and, consequetly,
it can causea traction force that can be felt by the other s-bots. If the
turret-c hassismotor were not provided any rotation of the wheel touching
the ground would causea rotation of the chassisand consequetly the loss
of cortact with the ground, loosingthe possibility to in uence the behavior
of other s-tots. Figure 5.3 shows the trajectory displayed by a swarm-iot
performing a hole avoidancetask.

This kind of strategy may fail mainly for two reasons:the inertia of the
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Figure 5.3: Trajectories displayed by a swarm-tot performing a hole avoid-
ancetask. It canbe seenthat, during the last turn, one s-tot was partially
suspended,asthe trajectory goesout from the border. Howewer, falling was
successfullyavoided also using the turret-c hassismotor (seetext for more
details).

swarm-tot and movemerts during the coordination phase. Inertia can cause
problems mainly when the direction of motion of the swarm-tot is more or
lessperpendicular to the edgeof the hole. In this case,only the s-tot at the
headof the chain canfeelthe presenceof the hole. If the swarm-ot is moving
at full speedtoward the edge,the heading s-tot may not be able to rapidly
change direction of motion becauseof the high inertia of the swarm-lot,
given alsothat the other s-kots are unaware of the presenceof the hole and
continue moving at full speed. The avoidance can still be performed if the
next s-lot feelingthe holeis ableto changedirection of motion. Howewer, in
this caseit often happensthat the swarm-ot falls during the coordination
phase. Movemerts and rotations of the swarm-tot during the coordination
phaseare the secondmain causeof failure of the ewlved strategies. In fact,
it may happenthat while coordinating, the swarm-ot reachesan edgeand
the lack of coherencein the movemerts may cancelthe avoidance e ort of
those s-lots that feel the presenceof the hole. This may happen mainly
after a successfulavoidance, when the swarm-lot is closeto a corner of the
arena.
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5.3.1 Robustness Prop erties

The causesof failure described above occur in many ewlved behaviors, also
in the best rated behavior produced by the dynamic neural network. This
meansthat in somecaseshe ewlved behavior is not robust enoughto cope
with all possiblehazardoussituation.

In order to understand to what extent the ewlved behavior are robust

with respect to the hole avoidance task, we performed some evaluations
of the performance of the best cortrollers of ead replication. To do so,
we de ned two performance metrics related to the tness function usedin
these experimerts, but slightly modi ed in order to test the robustnessof
the cortroller. The rst is a \surviv al factor", which corresponds to the
fraction of time the swarm-tot surviveswithout falling into a hole, and is
given by:
Ts.
T_p:
whereTs is the number of cyclesthe swarm-tot survivedwithout falling, and
Tp is the total amount of cyclesusedfor this performanceevaluation. This
metric is clearly related to the tness componert Fg, but it givesmore infor-
mation about the robustnessof the behavior with respect to the avoidance
of falling.

The secondperformance metric is the \exploration factor" Py, related
to the tness componert Fy, given by

_ z(T) .
Px = Z(Ty)’

P = (5.6)

(5.7)

where z(t) and Z(t) have the samemeaning as in Equation (5.5), but are
computed with a di erent number of cycles. This metric gives us an idea
on how good a cortroller is in exploring the ervironment. In particular, it
penalizesa situation in which the swarm-tot remainstrapp edin a particular
location while trying to avoid to fall. Giventhat swarm-tots that are ableto
survive longer have also more time to explore the arena, we have combined
the previous metrics in a single\exploration per survival cycle” performance
metric, given by:

p= X (5.8)

which should give a fair comparisonof the capability of exploring the arena
while not falling into a hole.

These performance metrics are evaluated for T, = 10000 cycles (1000
seconds),a very long duration with respect to the one usedin the tness
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estimation. As a consequenceywe have Z(T,) = 25, which corresponds to
the exploration of the whole arena. The long ewaluation time is intended
to let the swarm-lot test many di erent situations while navigating in the
arena, situations that could have never appeared before and to which the
swarm-tot should prove to be robust enough. We repeatedthe performance
measuresl00 times for the bestindividual producedby every replication of
the experiment. The results are showvn in Figure 5.4.

The box-plot shaws that most of the ewlved cortrollers have a small
survival factor with an averagein generallower than 0.2, which corresponds
to 2000 cycles spent without falling (seeFigure 5.4a). This suggeststhat
there exist situations that ewolved cortroller cannot cope with. Howewer,
there are 3 cortrollers that outperform the others, that is the the Elman
networks of the 15t and 6 replications and the dynamic network of the
7 replication. There are no perceptron networks that can be considered
robust with respectto surviving. Therefore, we can supposethat Elman and
dynamic networks are more robust than a simple perceptron concerningthe
hole avoidancetask, particularly with respectto the capacity to avoid falling
into holes.

The exploration factor con rms that the networks bestrated by the sur-
vival factor were able alsoto explore e cien tly the ervironment, asit can
be seenin Figure 5.4b. Howeer, it is clearthat thesecontrollers, being able
to survive longer, have also more time to explore the arena. In fact, the
discourted exploration metric, plotted in Figure 5.4c, penalizesthem with
respect to the other cortrollers. Howewer, the results obtained with the
exploration factor are interesting, as they reveal that the cortrollers that
survive longer are also able to coordinately move trough the environment,
without being blocked in the attempt to avoid a hole. Their exploration
speed is anyway slow with respect to other cortrollers, as shown in Fig-
ure 5.4c.

In conclusion, these data reveal that it is possibleto ewlve neural net-
works with complex architecture (EIman and dynamic) that shav good ro-
bustnesswith respect to the hole avoidance task, while simple perceptrons
do not seemto be comparable. However, in order to consisterlly ewlve sud
robust behaviors, it is necessaryto devisea tness function that explicitly
rewards robustness. A similar tness function must test the cortroller in
as many dicult situations as possibleand for long time. The drawbad is
that such tness estimation may require an excessie amourt of time. There
clearly is atrade-o betweenthe desiredrobustnessand the time neededto
achieve it.
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Figure 5.4: Performance evaluation for the robustnessof the ewlved be-
haviors: (a) survival factor (Ps); (b) exploration factor (Pyx); (c) combined
performancemetric (Pyx=Ps).
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5.4 Generalization Prop erties

The generalization properties of the coordinated motion task, described in
Section4.4, are a result of the physical connectionsamong s-lots and, above
all, of the traction sensorswe used. Given that the hole avoidancetask in-
herits many featuresfrom the coordinated motion task, we expect to obsene
the samegeneralization properties. However, we mentioned above that the
reaction to the edgedetection is in uenced by the orientation of the chain
and by its inertia. Varying the size and the shape of the swarm-kot will
worsenthis conditions, and may lead to ine cien t behaviors.

First, we tested the obstacle avoidance generalization, surrounding the
arenausedfor the hole avoidancetask with walls. As showvn by Figure 5.5,
the swarm-tot is able to avoid both holesand obstacles,e cien tly exploring
the arena. The obstacle avoidance behavior is similar to the one described
in Section4.4, that is, traction sensorswork asa distributed bumper for the
swarm-lot.

Figure 5.5: Generalization properties: obstacle avoidance. The swarm-lot
is placed in an arena cortaining holes and surrounded by walls, and it is
able to survive avoiding both holesand obstacles.

The secondgeneralization test was performed using di erent size and
shape for the swarm-iot. Figure 5.6 shows the caseof a star formation in
a squared arena without holes, but with open borders. We do not shav a
casewith internal holesin the arenafor presenation purposes:in fact, when
working with a high number of s-bots and rigid connections, the passages
betweenholesareto narrow to betraversedby the swarm-tot without having
oneor more s-tots that sensea hole and trigger a direction change. In these
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cases,the trajectories were too confusingto be understood. The casewe
show in Figure 5.6 is anyway represerativ e of the generalization behavior.

The star formation is able to avoid to fall out of the arena, but it canbe seen
that someof the s-bots' trajectories lay outside of the arena. This is due
to the higher inertia of the star formation, which can easily push an s-hot
out, without being able to stop. It is a penalizing factor for the generalized
behaviors, asthey becomelesse cien t in avoiding holes. Howeer, giventhe

higher number of s-kots forming the group, the fall can be avoided when the

edgeis sensedby other s-tots approading it, so,in general,the performance
is satisfying.

Figure 5.6: Generalization properties: size and shape change. The swarm-
bot is composedof 8 s-lots rigidly connectedto form a star formation. In
this case,the swarm-ot is able to avoid falling, but its high inertia makes
the behavior lesse cien t.

In the last generalization test, we use exible links in the swarm-lot
so that it can change shape during the exploration (see Figure 5.7). We
performedtests with both a star and a chain formation composedof 8 s-kots
eadh. The exible star formation caseis shavn in Figure 5.7a, where the
swarm-tot was placedin a squaredarenawith four big cylindrical obstacles
and nowalls onthe printer. Figure 5.7ashowsthat the exible formation was
able to perform coordinated motion, obstacleand hole avoidance, changing
shape when it had to go through a narrow passagehaving an obstacle on
the left and the arena border on the right. It can be noticed that the
exible formation adapts more easily adapt to the ervironment, and in some
situations can avoid holesmore e cien tly than arigid structure. In fact, the
s-tots do not completely feel the inertia of the swarm-tot, becausethey can
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move deforming the structure and adapting to the edgeof the hole. This
fact is even more evidert in Figure 5.7b, wherea chain formation wasplaced
in the original arena. Here, when the chain reaced the edge,it completely
deformedwithout having a single s-tot being pushedout of the arena.

@)

(b)

Figure 5.7: Generalization properties: hole and obstacleavoidancewith ex-

ible structures. (a) The swarm-totis composedof 8 s-lots exibly connected
in a star formation. The arena corntains big obstacles,which create some
narrow passageswith the border of the arenaitself. (b) The swarm-lot is
composedof 8 s-tots exibly connectedto form a chain. The arenacortains
holes, but no obstacles.
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Conclusions

In this work, we have preseried a new robotic concept, called a swarm-lot,
de ned asan artifact composedof simpler autonomousrobots, called s-kots.
An s-lot haslimited acting, sensingand computational capabilities, but can
create physical connectionswith other s-bots, thus forming a swarm-tot that
is able to solve problems an individual cannot cope with. We presered the
results obtained in the attempt to cortrol a swarm-ot. In particular, we
choseto exploit Arti cial Evolution for synthesizingthe controllers for the s-
bots, and for obtaining self-organizationin the robotic system. The solutions
found by ewlution are simple, generaland in many casesthey generalizeto
di erent environmental situations. This demonstratesthat ewlution is able
to produce a self-organizedsystemthat relies on simple and generalrules,
a systemthat is consequetly robust to environmental changesand to the
number of s-lots involved in the experimert.

6.1 Obtained Results

We presenied a set of experiments for the ewlution of coordinated motion

behaviors in a group of simulated s-tots that are physically connectedto

form a swarm-tot. We showed that the problem can be solved in a rather

simple and e ectiv e way by providing the s-lots with atraction sensorand by

ewlving the neural cortrollers. The ewlved strategy exploits the fact that

the body of a swarm-tot physically integratesthe e ects of the movemerts of

the singles-lots. The traction sensorallows s-tots to detect the result of this

integration. In this way, the problem of producing coordinated movemerts

can be easily solved. In fact, thesesensorsallow s-bots to have direct access
to global information about what the entire group is doing.

53



CHAPTER 6. CONCLUSIONS 54

In a secondsetof experiments, we described how coordinated motion can
be performedin an ervironment presening holes,that have to be avoided in
order to not fall into them. Here, the ewlved strategiesstrongly rely on the
traction forcesproducedby those s-tots that feelthe presenceof an hazard.
Using the information given by the traction sensors,the whole group can
changethe direction of motion when heading toward a hole.

We also shaved how neural cortrollers are able to generalizein rather
di erent circumstances,even if they were ewlved for a particular case,that
is, for the ability to produce coordinated movemert and hole avoidance
in a swarm-lot composed of four s-bots forming a linear structure. We
have obsened that (i) ewlved cortrollers produce coordinated movemerts
in swarm-kots with varying size, topology, and type of links, and (ii) they
display obstacle avoidance when placed in an environment with obstacles.
Theseresults suggestthat this strategy might constitute a basicfunctional-
ity that, complemened with appropriate additional functions, might allow
swarm-Iots to display a large number of interesting behaviors.

The traction sensorwas found to be a very powerful mean of achieving
coordination in the swarm-tot. In fact, it allows to exploit the complex
dynamics arising from the interaction among s-bots and betweens-kots and
ervironment. It providesrobustnessand adaptivity featureswith respect to
environmental or structural changesof the swarm-iot. It is very versatile, as
it alsofunctions asa distributed bumper for the swarm-kot usedfor obstacle
avoidance. Besides traction forcesare usedasa sort of communication of the
presenceof an hazard. This communication among s-bots is neither direct
nor explicit, but canbe consideredasan implicit stigmergic communication,
asit takesplace through the ervironment, that is, through the bodies and
the physical connectionsbetween s-lots.

Concerning the hole avoidance task, we performed three sets of exper-
iments ewlving di erent neural network architectures: simple perceptrons
and two recurrent architectures (Elman and dynamic neural networks). We
were able to obtain satisfying cortrollers using all the three typesof neural
networks. Howewer, a robustnessanalysis shaved that not all the behaviors
were equally e cient. We found that, among the ewlved strategies, only
somerecurrent networks resulted in robust solutions, while the behaviors
produced by simple perceptronsnever displayed a similar performance.
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6.2 Future Work

In this work, we tried to ewlve neural networks with complex architectures
in order to understand if internal dynamics of the network could provide
adaptive advantage in the hole avoidancetask. We shaved that someof the
ewlved networks are more robust than simple perceptrons,but the collected
data cannot state that they are consisterily better. The understanding
of the dynamics of the ewlved networks can give useful insights on the
medanismsthat producethe obsened behaviors. Thus, we plan to analyze
in detail the ewlved neural networks, performing neuro-ethologicalanalysis
(lesion and correlation studies). Sudh analysis can help us understanding
the functionality of the sub-componerts of the neural network, in order to
state if the better performancedisplayed wase ectiv ely a result of the higher
complexity of the neural network. If this is the case,we will perform new
experiments aiming at consisterly ewlving those featuresthat are relevant
for a robust and e cien t hole avoidance behavior.

The hole avoidancetask represers the rst step toward the solution of
more di cult problems. We plan to cortinue studying problems that be-
long to the \navigation on rough terrain" family, like passingover a trough
or coping with rough terrain. Finally, we will face the challenge given by
functional self-assernling for all-terrain navigation, that is, we will study
the problem of forming or disbanding swarm-kots given the ervironmen-
tal conditions, in order to maximize the e ciency in the navigation task.
This problem also requiresthe formation of suitable shapes,which must be
adapted to the environment the swarm-ot is coping with. For example, if
the swarm-tot hasto passover a trough that is as large as a single s-tnt,
then the optimal shape is a circle with a radius bigger than the diameter of
an s-lot becausen this way the trough can be traversedno matter which is
the orientation of the swarm-kot. This is a very particular case,but in gen-
eral the optimal shape dependson the number of s-bots available and on the
environmental conditions. Thus, the shape formation must be an emergen
result of the interaction among s-tots and between s-tots and ervironment.
Therefore, s-lots should be able to self-organizeand self-assernle in order
to build the most suitable swarm-fot.
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