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Abstract

Communication is a point of central importance in collectiv e robotics, since it allows
the switch from solitary to social behavior. In this paper we study emergent communica-
tion behaviors that are not predetermined by the experiment er, but are shaped by arti�cial
evolution, together with the rest of the behavioral reperto ire of the robots. In detail, we
describe a set of experiments in which arti�cial evolution i s used as a means to engineer robot
neuro-controllers capable of guiding groups of robots in a categorization task by producing
appropriate actions. The categorization is a result of how r obots' sensory inputs unfold in
time, and more in detail, of the integration over time of sens ory input. In spite of the ab-
sence of explicit selective pressure (coded into the �tness function) which favor signaling over
non-signaling groups, communicative behavior emerges. Post-evaluation analyzes illustrate
the adaptive function of the evolved signals and show that th ese signals are tightly linked
to the behavioral repertoire of the agents. Their evolution is due to their social function,
which enhances the group performance, revealing a \hidden" bene�t for social behavior. This
bene�t is related to obtaining robust decision making mecha nisms, by reducing the disrupting
e�ect of noise on them. In a further series of experiments, we successfully download evolved
controllers on real s-bots and we discuss the challenges involved in porting neuro-controllers
displaying time-based decision making processes on real robots. Finally, the bene�cial e�ect
of communication on the behavior and the robustness against inter-robot di�erences of the
real robot group is discussed.

Key Words: evolution of communication, signaling, collect ive robotics, decision making,
real robots

Short Title: Evolution of Signaling in a Multi-Robot System
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1 Introduction

Recently, the research work carried out in the context of the SWARM-BOTS project 1 proved
that it is possible to build and control a swarm of autonomous self-assembling robots by using
swarm robotics principles. That is, a population of simple agents that, by interacting locally
with each other and with the environment, can physically connect in order to form bigger robotic
structures. Self-assembling systems can be particularly advantageous since the assembled structure
can perform tasks that go beyond the capabilities of a singlerobot. The work presented in Tuci
et al. (2006); Gro� et al. (2006) shows how an assembled structure can transport an object that
is too heavy to be moved by a single robot. In O'Grady et al. (2005), it is demonstrated how
assembled robots can climb a hill whose slope would cause a single robot to topple over. These
works highlight the mechanical and control aspects that make the implementation of self-assembly
possible. However, as pointed out in Tuci et al. (2006), in these works, the conditions that
trigger self-assembly area priori determined by the experimenter. This might be a limitation,
since in these cases, the adaptiveness of an autonomous multi-robot system is reduced. The
authors claim that when and with whom to assemble are decisions that should be governed as
much as possible by robots environment contingencies not determined by the experimenter. An
alternative way of treating these issues is to let the switchto collective behavior be controlled by
autonomous decision making. That is, the robotic group should be capable of deciding when to
initiate collective responses, by identifying the environmental contingencies that demand social
behavior. The work presented in this paper is about the design of robot controllers in which
decision making mechanisms to switch from solitary to social behavior (as in the case of switching
from single robots to assembled structures) are integratedwith the mechanisms that underpin
the sensory-motor repertoire of the robot. Even though we will not go as far as integrating
self-assembly in this study, we believe that our work clari�es aspects which might improve the
autonomy and the adaptiveness of multi-robot systems. In particular, we prove that time-based
decision making mechanisms can be designed to allow real robots to perform a categorization
task. Moreover, we look at issues directly implicated in theswitch from solitary to collective
behavior, such as the emergence of a communication system and its relation to the individual
decision making.

This work brings the problem of decision making together with the interest in self-organizing
communicating systems to a real world scenario, in which theswitch from individual to collective
behavior via an emergent communication protocol can be empirically investigated. In particular,
this switch is governed by time-based decision making structures that integrate over time sensory
information available to the robot. The tool we use to implement such structures is Continuous
Time Recurrent Neural Networks|CTRNNs (see Beer and Gallag her, 1992), shaped by arti�cial
evolution. These structures should allow robots to initiate social behavior in response to the
persistence of certain environmental stimuli. Due to the number of trials needed to test individuals,
the design of robot controllers by means of arti�cial evolution is usually carried out by using
simulation models. However, the digital medium might miss to take into account phenomena
that bear upon the functional properties of the evolved controllers. As a consequence, the latter
might result less e�ective in managing the real world sensing and actuation (see also Matari�c
and Cli�, 1996). One of the main contributions of our work is t o show that evolved CTRNNs
successfully control real robots. This is a practice that has to be taken into account to assure that
the behaviors we want our robots to display are viable and observable in the real world and not
only in a simulated environment. There exist several works in the literature that deal with porting
an Arti�cial Neural Network (ANN) able to display memory to r eality. In Paine and Tani (2005);
Blynel and Floreano (2003); Jakobi (1997), CTRNNs are ported on real Khepera robots, but
although the networks used are non-reactive, the tasks described|variations of the T-maze|are
in essence solved by switching through reactive strategies(see Ziemke and Thieme, 2002). Urzelai
and Floreano (2001) downloaded a PNN (Plastic Neural Network) on a real Khepera, but the
solution to the task is also reactive. Quinn et al. (2002) report on work done on real hardware|

1A project funded by the Future and Emerging Technologies Pro gramme (IST-FET) of the European Commis-
sion, under grant IST-2000-31010. See also http://www.swa rm-bots.org
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on a collective task, but the network they use is based on model spiking neurons. To the best of
our knowledge, there is no work reported where a CTRNN is ported to a real robot, for a task
where the integration over time of the sensor readings is required. In this case, it is the 
ow of
sensory input that will determine the robot's actions and noise present in reality can cause serious
and unexpected problems. The decision making mechanism is relying on the continuum (how
the sensorial inputs unfold in time) of the sensory information in order to determine subsequent
actions.

In previous work (see Tuci et al., 2004, 2005), it is the way sensory information unfolds through
time that a�ects the subsequent actions of the agent. However, these issues are not studied in
a social context. Di�erently, we study the collective response to the individual decision making,
based on the integration over time of sensory information. In other words, we study the group
reaction to the individual categorization of the environment. Communication is the way through
which the collective group response can be triggered, once one or more robots within the group
take a decision (see Trianni and Dorigo, 2006; Tuci et al., 2006, for examples). The mechanisms for
switching from solitary to social behavior and the ways in which the robots can a�ect each others
behavior (communication) are both not predetermined by theexperimenter, but are aspects of our
model designed by arti�cial evolution. This approach is particularly suitable for our goal, because it
permits the co-evolution of communicative and non-communicative behavior, since it lets di�erent
characteristics co-adapt by only requiring an overall evaluation of the group (see Nol�, 2005). The
reason to entirely leave the development of communicative behavior to arti�cial evolution resides
in the fact that, in this way, the co-adaptation of all mechanisms can produce more e�ective ways
to categorize sensory-motor information. Evolution can produce solutions better adapted to the
problem than hand-coded signaling behavior (see Trianni and Dorigo, 2006).

The main achievements of this work are twofold. On the one hand, we show evidence of suc-
cessful porting of evolved solutions on real hardware and wehighlight the challenges involved.
On the other hand, we investigate and unveil the structure ofthe behavior used in a communica-
tive context and we account for its evolution. The results of this work raise issues concerning
the importance and the implementation of communication with respect to a collective robotics
scenario.

In the following section, the task addressed is detailed. The simulation model used is presented
in Section 2.2, while the controller and the evolutionary algorithm are introduced in Section 2.3.
In Section 2.4 we describe the �tness function employed to evolve the desired behavior. The
results of the experiments conducted are presented in Section 3. We �rst report on the results of
the experiments in simulation (Section 3.1), revealing thefunctionality of the evolved signaling
behaviors (Section 3.2), and we then discuss the portability of evolved controllers on real robots
(Section 3.3). Moreover, in Section 3.4 we treat the issue ofthe adaptive signi�cance of signaling.
Finally, in Section 4 we draw conclusions by discussing, on the one hand, the relevance of this
work for collective robotics and on the other hand, our contribution to the understanding of the
principles underlying the evolution of communication in embodied agents.

2 Methods

In this paper, we exploit Evolutionary Robotics (ER, see Nol� and Floreano, 2000), as the method-
ology to design controllers capable of providing the robotswith the mechanisms required to solve
the task described below. Roughly speaking, ER is a methodological tool to automate the design
of robots' controllers. ER is based on the use of arti�cial evolution to �nd sets of parameters for
ANNs that guide the robots to the accomplishment of their objective.

2.1 Description of the task

The task we consider is a categorization task in which two robots are required to discriminate
between two di�erent environments using temporal cues, that is by integrating over time their
perceptions. In detail, the task considered is the following. At the start of each trial, two simulated
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Figure 1: The task. (a) Env A is characterized by theway in zone. The target area is indicated
by the dashed circle. (b) In Env B the target area cannot be reached. The continuous arrows are
an example of a good navigation strategy for one robot.

robots are placed in a circular arena with a radius of 120 cm (see Figure 1), at the center of which
a light bulb is always turned on. The robots are positioned randomly at a distance between 75
and 95 cm from the light, with a random orientation between � 120� and +120� with respect to
it. The robots perceive the light through their ambient ligh t sensors. The color of the arena 
oor
is white except for a circular band, centered around the lampcovering an area between 40 and 60
cm from it. The band is divided in three sub-zones of equal width but colored di�erently|i.e.,
light gray, dark gray, and black. Each robot perceives the color of the 
oor through its 
oor
sensors, positioned under its chassis. Robots are not allowed to cross the black edge of the band
close to the light. This black edge can be seen as a circular trough that prevents the robots from
reaching the light. The colored zones can be seen as an indication of how close the robots are to
the \danger". There are two types of environment. In one type|referred to as Env A|the band
presents a discontinuity, called theway in zone, where the 
oor is white (see Figure 1a). In the
other type, referred to as Env B, the band completely surrounds the light (see Figure 1b). The
way in zone represents the path along which the robots can safely reach the target area in Env
A|an area of 25 cm around the light. On the contrary, the robots cannot reach the proximity of
the light in Env B, and in this situation their goal is to leave the band and reach a certain distance
from the light source. Robots have to explore the arena, in order to get as close as possible to the
light. If they encounter the circular band they have to start looking for the way in zone in order
to continue approaching the light, and once they �nd it, they should get closer to the light and
remain in its proximity for 30 sec. After this time interval, the trial is successfully terminated. If
there is no way in zone (i.e., the current environment is anEnv B), the robots should be capable
of \recognizing" the absence of theway in zone and leave the band by performing antiphototaxis.

Each robot is required to use a temporal cue in order to discriminate betweenEnv A and Env
B, as in Tuci et al. (2004). This discrimination is based on thepersistence of the perception of
a particular sensorial state (the 
oor, the light or both) fo r the amount of time that, given the
trajectory and speed of the robot, corresponds to the time required to make a loop around the
light. The integration over time of the robots' sensorial inputs is used to trigger antiphototaxis
in Env B. Communication is not required to solve the task considered. In particular, the �tness
function we use does not explicitly reward the use of signaling, contrary to Tuci et al. (2004).
However, robots are provided with a sound signaling system that can be used for communication.
The emergence of a signaling convention by which the robots can a�ect each other's behavior is
entirely left to the dynamics of the evolution. This issue is further discussed in Section 3.
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Figure 2: (a) A picture of an s-bot. (b) Sensors and motors of the simulated robot. The robot is
equipped with four ambient light sensors (L 1 to L 4), two 
oor sensors F1 and F2, 15 proximity
sensors (P1 to P15) and a binary sound sensor, calledSI (see text for details). The wheel motors
are indicated by M 1 and M 2. S is the sound signaling system (loudspeaker).

2.2 The simulation model

The controllers are evolved in a simulation environment which models some of the hardware
characteristics of the s-bots (see Figure 2a). Thes-bots are small wheeled cylindrical robots, 5.8
cm of radius, equipped with a variety of sensors, and whose mobility is ensured by a di�erential
drive system (Mondada et al., 2004). In this work, we make useof four ambient light sensors,
placed at � 112:5� (L 1), � 67:5� (L 2), 67:5� (L 3), and 112:5� (L 4) with respect to the s-bot's
heading, �fteen infra-red proximity sensors placed aroundthe turret ( P1 to P15), two 
oor sensors
F1 and F2 positioned facing down on the underside of the robot with a distance of 4.5 cm between
them, an omni-directional sound sensor (SI ), and a loudspeakerS (see Figure 2b). The motion of
the robot implemented by the two wheel actuators (M 1 and M 2) is simulated by the di�erential
drive kinematics equations, as presented in Dudek and Jenkin (2000). Light and proximity sensor
values are simulated through a sampling technique (Miglinoet al., 1995). The robot 
oor sensors
assume the following values: 0 if the sensor is positioned over white 
oor; 1

3 if the sensor is
positioned over light gray 
oor; 2

3 if the sensor is positioned over dark gray 
oor; 1 if the sensor is
positioned over black 
oor. The loudspeaker produces a binary output (on/o�); the sound sensor
has no directionality and intensity features. During evolution, 10% random noise was added to
the light and proximity sensor readings, the motor outputs and the position of the robot. We also
added noise of 5% to the reading of the two 
oor sensors, by randomly 
ipping between the four
aforementioned values. No noise was added to the sound sensor.

2.3 The controller and the evolutionary algorithm

We use fully connected, thirteen neuron Continuous Time Recurrent Neural Networks (CTRNNs,
Beer and Gallagher, 1992, see Figure 3 for a depiction of the network). All neurons are governed
by the following state equation:

dyi

dt
=

1
� i

0

@� yi +
13X

j =1

! ji � (yj + � j ) + gI i

1

A ; � (x) =
1

1 + e� x (1)

where, using terms derived from an analogy with real neurons, � i is the decay constant,yi rep-
resents the cell potential, ! ji the strength of the synaptic connection from neuronj to neuron i ,
� (yj + � j ) the �ring rate, � j the bias term, g the gain and I i the intensity of the sensory pertur-
bation on sensory neuroni . The connections of all neurons to sensors and actuators is shown in
Figure 3. NeuronsN1 to N8 receive as input a real value in the range [0,1]. NeuronN1 takes as
input L 1 + L 2

2 , N2  L 3 + L 4
2 , N3  F1, N4  F2, N5  P1 + P2 + P3 + P4

4 , N6  P5 + P6 + P7 + P8
4 , N7
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Figure 3: The fully connected CTRNN architecture. Neurons are represented as circles. Circles
with the light gray outline represent the input neurons, whi le circles with the heavy gray outline
represent the output neurons. Only the e�erent connectionsfor N1 are drawn: all other neurons
are connected in the same way. We show for all input neurons the combination of sensors that
serve as inputs, and for all output neurons the corresponding actuator. N10 is not connected to
any sensor or actuator.

 P9 + P10 + P11 + P12
4 and N8  P13 + P14 + P15

3 . Neuron N9 receives a binary input (i.e., 1 if a tone
is emitted by either agent, 0 otherwise) from the microphoneSI , while neurons N10 to N13 do
not receive input from any sensor. The cell potentials (yi ) of N11 and N12, mapped into [0,1] by
a sigmoid function (� ) and then linearly scaled into [-4.0,4.0], set the robot motors output. It is
important to mention that the speed that these values translate to is not the maximum possible
speed of the robot, but only half of it. This is due to the fact that after some initial experimenta-
tion, we found that if we use a faster robot, we have a higher chance of getting a false reading from
the 
oor sensors and in general a worse sensory-motor coordination. The cell potential of N13,
mapped into [0,1] by a sigmoid function (� ) is used by the robot to control the sound signaling
system (the robot emits a sound ify13 � 0:5). The parameters ! ji , � i , � j and g are genetically
encoded. Cell potentials are set to 0 when the network is initialized or reset, and circuits are
integrated using the forward Euler method with an integrati on step-size of 0:1.

A simple generational genetic algorithm (GA) is employed to set the parameters of the net-
works (Goldberg, 1989). The population contains 100 genotypes. Each genotype is a vector
comprising 196 real values (169 connections, 13 decay constants, 13 bias terms, and a gain fac-
tor). Initially, a random population of vectors is generated by initializing each component of each
genotype to values chosen uniformly random in the range [0,1]. Generations following the �rst one
are produced by a combination of selection with elitism, recombination and mutation. For each
new generation, the three highest scoring individuals (\the elite") from the previous generation
are retained unchanged. The remainder of the new populationis generated by �tness-proportional
selection from the 70 best individuals of the old population. New genotypes, except \the elite",
are produced by applying recombination with a probability of 0.1 and mutation. Mutation entails
that a random Gaussian o�set is applied to each real-valued vector component encoded in the
genotype, with a probability of 0:15. The mean of the Gaussian is 0, and its standard deviation is
0.1. During evolution, all vector component values are constrained within the range [0,1]. Geno-
type parameters are linearly mapped to produce CTRNN parameters with the following ranges:
biases� j 2 [-2,2], weights ! ji 2 [� 6; 6] and gain factor g 2 [1,12]. Decay constants are �rstly
linearly mapped onto the range [� 0:7; 1:7] and then exponentially mapped into � i 2 [10� 0:7,101:7].
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The lower bound of � i corresponds to a value slightly smaller than the integration step-size used
to update the controller; the upper bound corresponds to a value slightly bigger than the average
time required for a robot to reach and perform a complete loopof the band in shades of gray.

2.4 The �tness function

During evolution, each genotype is coded into a robot controller, and is evaluated for 10 trials, 5 in
each environment. Both robots in the ten trials have the samecontroller (homogeneous system).
The sequence order of environments within the ten trials does not in
uence the overall performance
of the group since each robot controller is reset at the beginning of each trial. Each trial di�ers
from the others in the initialization of the random number generator, which in
uences the robots'
starting positions and orientation, the position and amplitude of the way in zone (between 45� to
81� ), and the noise added to motors and sensors. Within a trial, the robot life-span is 100 s (1000
simulation cycles). The �nal �tness attributed to each geno type is the average �tness score of the
10 trials. In each trial, the �tness function E is given by the following formula:

E =
E1 + E2

2 � (nc + 1)
;

wherenc is the number of (virtual) collisions in a trial, that is the n umber of times the robots get
closer than 2:5 cm to each other (if nc > 3, the trial is terminated) and E i , i = 1 ; 2, is the �tness
score of roboti , calculated as follows:

� If the trial is in Env A, or the robot in either environment has not yet touched the band
in shades of gray or crossed the black edge of the band, then its �tness score is given by
E i = di � df

di
.

� Otherwise, that is if the band is reached inEnv B, E i = 1 + df � 40
dmax � 40 .

di is the initial distance of the robot to the light, df is the distance of the robot to the light
at the end of the trial and dmax = 120 cm is the maximum possible distance of a robot from the
light. In case roboti ends up in the target area in Env A, we setE i = 2. From the above equations
we can see that this is also the maximum valueE i can obtain for a robot in Env B, and this
corresponds to the robot ending up at 120 cm from the light (df = 120). So if both robots are
successful, the trial gets the maximum score of 2. An important feature of this �tness function
is that it rewards agents that develop successful discrimination strategies and end up doing the
correct action in each environment, regardless of any use ofsound signaling. That is, a genotype
that controls a group that solves the task without any signaling/communication gets the same
�tness as one that makes use of communication.

3 Results: from simulated agents to real robots (the s-bots )

In this section, we present a series of post-evaluation tests concerning both simulated and real
robots. In particular, in Section 3.1, we select and re-evaluate the best evolved strategies of
a series of twenty evolutionary simulations. In Section 3.2, we show that sound signaling is a
functional element of the behavioral strategies in the majority of successful groups of robots. In
Sections 3.3, we report the results of experiments in which we test the capability of one of the
best neural networks, evolved in simulation for controlling the behavior of real robots engaged in
the task illustrated in Section 2.1. In Section 3.4, we run further post-evaluation tests aimed at
unveiling the adaptive signi�cance of sound signaling behavior.

3.1 Simulated agents: a �rst series of post-evaluation test s

Twenty evolutionary simulation runs, each using a di�erent random initialization, were run for
12000 generations. Thirteen evolutionary runs produced successful groups of robots. Note that
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a group is successful if both robots approach the band and subsequently (i) reach the target area
through the way in zone in Env A; (ii) leave the band performing antiphototaxis in Env B. We
arbitrarily demand that the successful accomplishment of this task corresponds to an average
�tness scoreF � 1:8. In those seven evolutionary runs considered not successful, the �tness score
recorded during the evolutionary phase by the best groups ateach generation was always lower
than 1:8. For each successful run, we chose to post-evaluate the best group of each generation
whose �tness score was higher than 1.8.

The post-evaluation tests are meant to provide a better estimate of the behavioral capabilities of
these groups. In fact, the �tness of the best evolved controllers during evolution may have been an
overestimation of their ability to guide the robots in the ta sk. In general, the best �tness scores take
advantage of favorable conditions, which are determined bythe existence of between-generation
variation in starting position and orientation and other si mulation parameters. The entire set of
post-evaluations should establish whether the groups chosen from the thirteen successful runs can
e�ectively solve the task and at the same time ascertain whether signaling behavior characterized
the successful strategies. We employed the average �tness score F over a set of 500 trials in each
type of environment as a quantitative measure of the e�ectiveness of the evolved groups' strategy.

Table 1 shows, for each successful evolutionary run (i ), the results of the best group among
those chosen for post-evaluation. These groups are referred to as gi . We can notice that all these
groups achieve an average �tness score in each environment higher than 1.8 (see Table 1 columns
2, 3, 6, and 7). Thus, they proved to be particularly successful in performing the task. The
post-evaluation tests also reveal that among the successful groups, nine groups (g1, g2, g5, g6, g7,
g8, g9, g13, g19) make use of sound signaling. In particular, the use of soundstrongly characterizes
the behavioral strategies of the groups when they are located in Env B. In Env A signaling is, for
all these groups rather negligible|see Table 1 columns 4, 5,8, and 9, which refer to the average
percentage and standard deviation of the time either robot emits a signal during a trial. In groups
g10, g14, g16, g18, the robots do not emit sound during post-evaluation in either environment.

group Env A Env B
�tness signaling (%) �tness signaling (%)

mean sd mean sd mean sd mean sd
g1 1.92 0.31 0.00 0.00 1.98 0.13 17.39 0.30
g2 1.94 0.28 0.72 3.72 1.99 0.00 18.22 1.36
g5 1.99 0.10 0.00 0.00 1.98 0.10 13.36 1.58
g6 1.96 0.21 0.00 0.00 1.99 0.11 16.47 2.38
g7 1.99 0.11 0.00 0.00 1.95 0.21 15.06 2.82
g8 1.96 0.25 0.00 0.00 1.99 0.02 16.47 2.08
g9 1.99 0.12 0.00 0.00 1.97 0.16 16.38 2.62
g10 1.91 0.31 0.00 0.00 1.91 0.36 0.00 0.00
g13 1.87 0.43 1.72 8.14 1.95 0.09 20.88 2.44
g14 1.96 0.17 0.00 0.00 1.98 0.17 0.00 0.00
g16 1.89 0.33 0.00 0.00 1.94 0.27 0.00 0.00
g18 1.81 0.45 0.00 0.00 1.87 0.16 0.00 0.00
g19 1.91 0.27 0.00 0.00 1.98 0.06 12.65 0.99

Table 1: Results of post-evaluation tests showing for each best evolved successful group of each
evolutionary run ( gi ): the average and standard deviation of the �tness over 500 trials in Env A
(see columns 2, and 3) and inEnv B (see columns 6, and 7); the average and standard deviation
of the percentage of timesteps sound was emitted by either robot over 500 trials in Env A (see
columns 4, and 5) and inEnv B (see columns 8, and 9).
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Figure 4: The graphs show some features of the behavior of thegroup of robotsg2 at each timestep
of a successful trial inEnv B. Graphs (a) and (b) show the robots' distance to the light. The areas
in shades of gray represent the circular band. Graphs (c) and(d) show the cell potential of neuron
N13 mapped into [0:0; 1:0] by a sigmoid function � (i.e., the sound output) of each robot controller.
Graphs (a) and (c) refer to the normal condition. Graphs (b) and (d) refer to the not-other-sound
condition (i.e., the robots do not hear each other's sound). Robot 1|see continuous lines|is
always initialized closer to the light than Robot 2|see dash ed lines.

3.2 Sound signaling and communication

The results of post-evaluation analyses carried out so far have shown that in nine of the best
evolved groups, the robots emit sound during the accomplishment of the task in Env B. Note that
the emission of sound is not demanded in order to navigate towards the target and discriminate
Env A from Env B. Indeed, the task and the �tness function do not require the robots to display
signaling behavior (see Section 2.4). Mechanisms for phototaxis, antiphototaxis, and memory are
su�cient for a robot to accomplish the task. Therefore, in th is section we show the results of further
post-evaluation tests on those groups in which the robots emit sound during the accomplishment
of the task. These tests aim at unveiling whether sound has a functional signi�cance within the
behavioral strategies of the groups and, in case it turns outto be functionally signi�cant, what its
function is.

3.2.1 Behavioral features and mechanisms

We looked at the behavior of the robots that emit sound during a successful trial in each type
of environment. During each trial, we recorded for each robot of a group the distance to the
light and the change in time of the sound output (i.e., cell potential of neuron N13 mapped into
[0:0; 1:0] by a sigmoid function � ). These two variables are recorded both in anormal condition
and in a condition in which the robots can not hear each other's sound (i.e., thenot-other-sound
condition). In the latter circumstances, the input of neuron N9 of each robot controller is set to
1 only if the sound in the environment is produced by the robotitself. Figure 4 shows the results
of the tests for robots of groupg2 in Env B only. We do not show the results of the tests inEnv
A because they are less relevant with respect to what concernssound. In fact, we have already
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shown that in Env A the robots of signaling groups either do not emit sound at all, or they do it
in such a way that it is reasonable to exclude that sound has any functionality within the groups'
behavioral strategies (see Table 1 columns 4, and 5, groupsg1, g2, g5, g6, g7, g8, g9, g13, g19). We
show only the results of one signaling group (i.e.,g2) since it turned out that the groups that emit
sound in Env B share the same behavioral strategies. Therefore, everything that is said for group
g2 with respect to sound signaling, applies to groupsg1, g5, g6, g7, g8, g9, g13, g19.

In Figure 4a, and 4b, continuous and dashed lines refer to therobot-light distances in, re-
spectively, the normal condition and the not-other-sound condition. In both �gures, the areas in
shades of gray represent the circular band. From these �gures, we can recognize three phases in
the behavior of the robots. In the �rst phase, the robot-light distance initially decreases for both
robots (phototaxis phase). When the robots touch the band, the distance to the light remains
quite constant as the robots circle around the band trying to �nd the way in zone (integration
over time phase). In the third phase the robot-light distances increase and reach their maximum
at the end of the trial (antiphototaxis phase). We immediately notice that the behavior of the
robots in the the normal condition (see Figure 4a) only slightly di�ers from what observed in
the not-other-sound condition (see Figure 4b). The only di�erence concerns the third phase. In
particular, while in the normal condition both robots begin to move away from the light at the
same time, in the not-other-sound condition Robot 2 initiates the antiphototactic behavior a fter
Robot 1. If observed with respect to how the robots sound output unfolds in time, this small
behavioral di�erence turns out to be an extremely indicative cue on the function of sound.

Figure 4c, and 4d show that for both robots the sound output changes smoothly and in the
same way in both conditions. During the phototaxis phase, the sound output decreases. During
the integration over time phase, this trend is reversed. Thesound output starts to increase up to
the point in which its value rises over the threshold set to 0.5. The increment seems to be induced
by the persistence of a particular sensory state corresponding to the robot moving around the light
on the band. Once the sound output of a robot increases over the threshold set to 0:5, that robot
starts emitting a tone. In the normal condition we notice that, as soon as the sound output of
Robot 1 rises over the threshold of 0:5 (see continuous line in Figure 4c around timestep 650) both
robots initiate an antiphototactic movement. Robot 2 leaves the band the moment Robot 1 emits
a signal, despite the fact that its own sound output is not yet over the threshold of 0:5. Contrary
to this, in the not-other-sound condition we notice that Robot 2 does not leave the band at the
same time as Robot 1, but it initiates antiphototaxis only at the time when it starts emitting its
own sound (see dashed line in Figure 4d around timestep 830).

3.2.2 The role of sound

The way in which the distance to the light and the sound output of each robot change in time in the
two experimental conditions suggests that the sound is functionally relevant to the accomplishment
of the task. In particular, signaling behavior seems to be strongly linked to mechanisms for
environmental categorization. As long as the latter mechanisms work properly, the emission of
sound after about a loop around a light becomes a perceptual cue that reliably indicates to a
robot the necessity to move away from the light. Moreover, sound has a communicative function:
that is, once broadcast into the environment by one robot (e.g., Robot 1 in normal condition)
changes the behavior of the other robot (i.e., Robot 2 innormal condition) which stops circuiting
around the light and initiates antiphototaxis (see Figure 4a and 4b). To further test the causal
relationship between the emission of sound and the switch from phototaxis to antiphototaxis, we
performed further post-evaluation tests. In these tests, we post-evaluated for 500 trials inEnv A
and 500 trials in Env B, group g2 in conditions in which the robots are not capable of perceiving
sound. That is, their sound input is set to 0 regardless if anyagent emits a signal. We refer to this
condition as the deaf setup. We remind the reader that similar phenomena to the oneconcerning
g2 and illustrated in Table 2, have been observed in all the other signaling groups. As far as it
concernsEnv A, the average �tness of the group does not di�er much from the average �tness
obtained in the normal setup (see Table 2 column 1 and 2). ConcerningEnv B, the average �tness
of the group is lower than the average �tness recorded in thenormal setup (see Table 2 column
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Group g2

Env A Env B
�tness signaling (%) �tness signaling (%) Robot 1 (df ) Robot 2 (df )

mean sd mean sd mean sd mean sd mean sd mean sd
1.97 0.16 1.35 7.03 1.26 0.09 51.13 4.35 66.52 14.46 54.90 3.12
1.94 0.28 0.72 3.72 1.99 0.00 18.22 1.36 119.65 0.20 119.64 0.20

Table 2: Deaf setup (robots' sound inputs set to 0): results of post-evaluation test showing for
group g2 the average and standard deviation of the �tness over 500 trials in Env A (see columns 1,
and 2) and in Env B (see columns 5, and 6); the average and standard deviation ofthe percentage
of timesteps the sound was on by either robot over 500 trials in Env A (see columns 3, and 4) and
in Env B (see columns 7, and 8); the average and standard deviation ofthe �nal distance ( df ) of
each robot to the light in Env B (see columns 9, 10, 11, and 12). The row in gray shows again
the result of group g2 in the normal condition, with no disruptions applied to the p ropagation of
sound signals.

5, and 6). Moreover, the robots' average �nal distance to thelight is not or only slightly bigger
than the outer edge of the band (i.e., 60 cm to the light; see Table 2 columns 9, 10, 11, and 12).
Given that the robots never collided, the decrease of the average �tness recorded inEnv B in the
deaf setup can only be attributed to the fact that the robots do not perform antiphototaxis. This
con�rms that, in conditions in which the robots can not hear any sound, they do not switch from
phototaxis to antiphototaxis. The role of sound is indeed to trigger antiphototaxis in both the
emitter and the robot that is not emitting a tone yet.

For the sake of clarity, we should say that, when signaling groups are located in Env A,
the robots' sound output undergoes a trend similar to the oneshown in Figure 4c. That is, it
decreases during the initial phototactic phase and starts rising during the integration over time
phase. However, when the robots are placed inEnv A, the increment of their sound output is
interrupted by the encounter of the way in zone. As soon as the robot gets closer to the light via
the way in zone, the sound output begins to decrease. This process has been shaped by evolution
in such a way that, in order for the sound output to rise over the threshold of 0:5, no way in zone
has to be encountered by the robots. In other words, it takes more or less the time to make a
loop around the light while moving on the circular band, for a robot's sound output to rise over
the threshold. Consequently, when the robot is located inEnv A, no sound is emitted. Those
post-evaluation trials in which sound has been recorded inEnv A in signaling groups (see Table 1
columns 4, and 5, groupsg2, and g13) were probably due to atypical navigation trajectories which
caused the sound output of either robot to rise above the threshold.

Finally, we should say that for all the best evolved groups ofrobots, we found out that there
is a neuron other than the sound output neuron whose �ring rate behaves similarly to neuronN13

of robots of group g2. That is, there is a neuron whose �ring rate increments in response to the
persistence of the sensory states associated to the robot moving around the light on the band. For
groups that never emit sound (i.e., g10, g14, g16, g18), if this increment is not interrupted by the
encounter of the way in zone, it eventually induces antiphototaxis2. For groups that emit sound
(i.e., g1, g2, g5, g6, g7, g8, g9, g13, g19), this mechanism is linked to the behavior of neuronN13

as shown in Figure 4c. The relationship between mechanisms for integration of time and neuron
N13 is the basic di�erence between signaling and non-signalinggroups.

3.3 Porting on real robots

The task described in this paper is characterized by the factthat not only the change but also
the persistence of particular sensorial states are directly linked to the e�ectiveness of the evolved
strategies (see previous section). These strategies are generated by robot controllers developed in

2See http://iridia.ulb.ac.be/supp/IridiaSupp2006-007 for supplementary graphs showing the behavior of
all neurons and a lesion analysis aimed to prove the function ality of each neuron.
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arena Env A Env B

(a) (b) (c)

Figure 5: The experimental setup. (a) A picture of the arena,with the points around the band
showing the locations where the robots were randomly positioned. (b) A snapshot of a trial in
which two robots �nd the way in zone in Env A. (c) A snapshot of a trial in Env B. The robot
with the lighter turret color is the one that has signaled the absence of away in zone. Both robots
have left the band and are performing antiphototaxis.

a simulated world that is responsible for modeling the sensory states of s-bots acting in Env A
or Env B. Our simulated world (see Section 2.2) models only a small subset of the s-bot-world
physics, since it has been designed to speed up a particularly long evaluation process (i.e., 12000
generations, 100 genotypes, 10 evaluation trials for each genotype, 1000 simulated time cycles for
each trial). As mentioned in Section 2.2, we compensate for the e�ect of those physical phenomena
not modeled (e.g., acceleration, friction, etc.), by adding random noise to the light and proximity
sensor readings, the motor outputs, the position of the robot, and the reading of the two 
oor
sensors. However, there is always the risk that the physics of our simulated world are insu�ciently
and/or incorrectly de�ned, and that the evolved behavioral strategies exploit loop-holes which
strongly limit their e�ectiveness to only an unrealistic scenario. Porting the controllers evolved in
simulation onto a real robot is the best way to rule out the above mentioned problem (Brooks,
1992). As already pointed out in Section 1, this practice hasnot been taken into account in
previous research work in which CTRNNs have been evolved to deal with tasks that required
integration over time of sensory states. In this paper, we provide evidence of the \portability" of
the evolved controllers by showing the results of tests in which real robots are repeatedly evaluated
in Env A and Env B. We choose to re-evaluate the controller of the successful group g2 because this
group during post-evaluation achieved a very high performance, but also because in preliminary
tests, among other equally successful controllers, this one seemed to achieve the best sensory-motor
coordination when downloaded on a group of real robots. Experiments are performed with groups
of two and four s-bots.

In Jakobi (1997), the author claims that the robot does not have to move identically in sim-
ulation and reality in order for the porting to be called successful. In fact, it is enough that its
behavior satis�es some criteria de�ned by the experimenter. Following this principle, real robots
are considered successful if they carry out the main requirements of our task. That is, the robots
have to reach the band in shades of gray regardless of the typeof environment and subsequently
(i) end up in the target area in Env A, without crossing the inner black edge of the circular band;
(ii) end up as far as possible from the light inEnv B. The robots should also avoid collisions.

3.3.1 Experiments with two s-bots

In our real-world experimental setup, two s-bots (s-bot1 and s-bot2) are randomly positioned at
a distance of 85 cm from the light. We performed 40 trials, 20 in each environment. Each trial
di�ers from the others for the randomly de�ned initial posit ion and orientation of the robots, and
for the position of the way in zone inEnv A. The initial position of the robots is randomly chosen
among one of the sixteen possible starting positions which surround the light (see Figure 5a). The
width of the way in zone is �xed to 45� , which is the smallest value encountered during evolution
and the most di�cult case for a possible wrong interpretatio n of an Env A for an Env B. The
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groups O�set �
avg (degree) sd (degree)

two s-bots -30.6 11.75
four s-bots +18.22 12.97

simulated robots +31.6 16.05

Table 3: Average and standard deviation of the o�set � record ed for di�erent group types.

s-bots proved to be 100% successful in both environments: there were no wrong discrimination,
collisions or crossings of the black edge of the band3. As it was the case for the simulated robots
of group g2, the s-botsaccomplished the task by using sound in a communicative context. That is,
the sound emitted by ones-bot triggers antiphototaxis in both robots. The following paragraphs
provide further quantitative descriptions of the behavior of simulated and real robots. This data
might help to quantify the extent to which the behavior of simulated robots diverges from the
behavior of real robots and to evaluate the reliability of our simulated world as a tool to develop
controller for real robots.

Given the nature of the successful strategy of groupg2, the start of the emission of a tone can
be used as a sign which precisely indicates when ans-bot has reached the conclusion that it is
located in Env B rather than Env A. We compute the o�set between the entrance position in the
circular band of the robot that �rst emits a signal and the pos ition at which this robot starts to
signal. This measure, called o�set �, takes value 0� if the robot signals exactly after covering a
complete loop around the circular band. Negative values of the o�set � suggest that the robot
signals before having performed a complete loop, while positive values correspond to the situation
in which the robot emits a tone after having performed a loop around the light (see Tuci et al.,
2004, for details on how to calculate �). The o�set � is used to compare the behavior of simulated
and real robots.

During the tests on real robots, we observed that inEnv B, it is always s-bot1 that emits a
signal. As shown in Table 3, we see that thes-bot that �rst emits a signal does so on average before
completing a loop. However, being the magnitude of the o�set� smaller than the width of the way
in zone, the group does not run into the risk of misinterpreting an Env A for an Env B. Further
tests have proved that, if left to act alone in an Env B, s-bot2 always signals after completing a
loop (i.e., positive o�set �, data not shown). This result ca n be accounted for by calling upon
mechanical and/or sensor di�erences between the twos-bots, that can hardly be captured by the
simulated world (inter-robot di�erences). Contrary to the s-bots, the simulated robots of groupg2,
signal on average after completing the loop (see Table 3). The mismatch between the behavior of
simulated and real robots controlled by the same neural network is an estimate of the magnitude of
the divergence between simulated and real world. However, being our real robots 100% successful
in both environments, we conclude that the noise injected into the simulated world was su�cient
to cross the \reality gap" (see Jakobi, 1997) and to capture the variability of the behavior of
sensors and actuators of real hardware, which can easily disrupt the e�ectiveness of the evolved
neural mechanisms. Note that the successful porting of the controller of a group (i.e., g2) does
not necessarily imply that controllers of other groups proved to be successful in simulation result
equally successful in guiding real robots. For example, if the e�ects of inter-robot di�erences on
the mechanisms used for environmental discrimination induce robots to anticipate (with respect
to what the group does in simulation) the emission of a signal, then simulated groups with a
� 2 [� 45� ; 0� ) could be more likely to fail. In fact, these groups might incur into the error of
signaling and consequently performing antiphototaxis even if placed in an Env A.

3The movies that correspond to these experiments can be found at http://iridia.ulb.ac.be/supp/
IridiaSupp2006-007
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3.3.2 Experiments with four s-bots

We also performed a further experiment by porting the controllers of group g2 on a group of four
di�erent s-bots|namely s-bot3, s-bot4, s-bot5 and s-bot6. The aim of these tests is twofold: �rst,
we test the capability of the evolved controllers to accomplish the task despite the cardinality of
the group being higher than what experienced during the evolutionary phase; second, we evaluate
the e�ectiveness of our controllers with respect to individual di�erences among the robots. The
experiment consists of evaluating for 10 trials the four robots group in each environment. The
results are once again almost perfect4. In all trials in Env A, the robots found the way in zone
without erroneously emitting a tone or crossing the inner black edge of the band in shades of gray.
In Env B we noticed that s-bot3 was always signaling �rst, but never too early. In all trials , s-bot5
never emitted a tone and in a separate test we discovered thatit was signaling way too late, even
after more than two full loops around the band5. Nevertheless, all robots reacted properly to the
signal emitted by s-bot3 and left the band reaching the appropriate distance from thelight. In
Table 3 we see that, with respect to the o�set �, the behavior o f the four robots group is closer
to simulation than the behavior of the two robots group.

3.4 On the adaptive signi�cance of signaling

The results illustrated in Section 3.1 have shown that the majority of the successful strategies
employ signaling behavior and communication among the members of the groups. This suggests
that our decision to equip the robots with \ears" and \mouth" turned out to be helpful. However,
by simply looking at the characteristics of our model, we canhardly work out why evolution
exploited these robot's structures to develop a simple formof communication. In principle, groups
in which the use of sound is functionally relevant for the success of the group, and groups in
which it is not, can be equally successful. Yet, the majorityof the evolutionary runs that ended
successfully (i.e., nine out of thirteen best evolved groups) are characterized by group's strategies
that make use of sound signaling and communication among therobots (see Table 1). How can
we account for this result?

It might be that there is in fact no selective advantage for groups in which the use of sound
is functionally relevant to their success with respect to alternative types of group. The evolution
of signaling might simply be due to the e�ect of statistical drift of genetic material over time
in populations of simulated agents (i.e., genetic drift). However, we collected evidence based on
which we are inclined to rule out the genetic drift hypothesis, and to support the idea that there
are selective pressures which favor signaling over non-signaling groups. The rest of this section is
dedicated to this issue.

3.4.1 Functions of sound signaling

We started our analysis by trying to understand whether during evolution sound had ful�lled
functions other than the one we observed in the best evolved groups of robots during the post-
evaluation tests shown in Section 3.2. To do this, we post-evaluated (500 times in each type of
environment) all the best groups at each generation (1 to 12000) of all the successful evolutionary
runs. During this post-evaluation we recorded the average �tness in each environment and the
average percentage of time per environment either robot emits a signal during a trial. After post-
evaluating these groups, we isolated those whose average �tness was higher than 1.8. We noticed
that after having excluded (i) those groups that signal throughout the entire duration of a trial in
both environments6, (ii) those groups that never signal in a trial in both environments, and (iii)

4The movies that correspond to these experiments and a more de tailed description can be found at http:
//iridia.ulb.ac.be/supp/IridiaSupp2006-007

5The light sensors of s-bot5 are the reason for this behavior. In fact, their readings pro ved to be signi�cantly
di�erent from the ones of the other robots. By comparing the b ehavior of this robot with s-bot1 , one can get an
idea of the magnitude of the inter-robot di�erences

6We do not further analyze the cases in which the robots signal throughout the entire duration of a trial since
we consider them as an evidence of the fact that signaling beh avior is not linked to any speci�c function. It could
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those groups in which sound was not functionally relevant for their behavioral strategies, we were
left with groups that signal only in Env B for an average time of about one fourth of the duration
of a trial. Further investigation on the behavior of these groups revealed that in all of them sound
was ful�lling one and only one function: triggering antipho totaxis in Env B.

In other words, looking at the behavior of all successful signaling groups of any evolutionary
simulation run we discovered that anytime signaling is functionally relevant to the success of the
group, it is employed by the robots in Env B as a self-produced perceptual cue. This cue induces
the emitter as well as the other robot of the group to change its behavior from light-seeking to
light-avoidance. This evidence constrains our investigation on the adaptive signi�cance of sound
signaling to only a speci�c case in which we can arbitrarily associate to sound two functionalities:
on the one hand, sound is the means by which a robot emitter switches from phototaxis to
antiphototaxis. We refer to this as the \solitary" function . On the other hand, sound is the means
by which the robot emitter in
uences the behavior of the other robot. In fact, the perception of
the sound triggers antiphototaxis in the emitter as well as in the robot that is not yet emitting
a tone (see Figure 4a and 4c). We refer to this as the \social" function. In the following, we
illustrate the results of post-evaluations that prove and explain why it is the latter functionality
which makes a group of signaling robots better adapted than other group types.

3.4.2 The social function of sound signaling as a means to com pensate noise and
obtain robustness

The statistics shown in Table 4 refer to a series of tests in which we post-evaluated (500 times
in each environment) 100 di�erent groups of robots of �ve di� erent evolutionary runs (n. 2, 10,
14, 16, 18), chosen among the best of each generation whose average �tness was higher than 1.8.
As far as it concerns run n. 2, we post evaluated: (i) 100 groups that use sound signaling in the
normal setup (see Table 4 second row \sig") and in thenot-other-soundsetup (see Table 4 fourth
row \not-other"); (ii) 100 groups that do not use sound signaling (see Table 4 third row \non-
sig"). Recall that the not-other-soundsetup refers to the case in which the robots do not hear each
other's sound (see also Section 3.2). The 100 non-signalinggroups of robots of evolutionary run
n. 2 are \predecessors" of the signaling one. That is, they were the best groups some generations
before the evolution of successful signaling groups.

By looking at the statistics shown in Table 4 we notice that: (a) the average �tness of signaling
groups (run n. 2) is higher that the average �tness of any of the non-signaling groups (run n. 2
\not-sig", 10, 14, 16, and 18); (b) the standard deviation of the �tness of signaling groups (run

be that a constant perception of sound de�nes a necessary con dition required by the robots to accomplish their
goal. However, this particular relationship between signa ling behavior and successful strategies falls outside our
domain of interest.

run n. groups mean sd lower quartile median upper quartile

E
nv

B

2
sig 1.989 0.082 1.995 1.996 1.997

non-sig 1.923 0.261 1.964 1.995 1.997
not-other 1.747 0.268 1.589 1.760 1.982

10 non-sig 1.905 0.308 1.966 1.995 1.997
14 non-sig 1.943 0.226 1.993 1.996 1.997
16 non-sig 1.945 0.210 1.992 1.995 1.997
18 non-sig 1.880 0.326 1.918 1.995 1.997

Table 4: The table shows the statistics of post-evaluation tests in which 100 di�erent groups of
robots of �ve di�erent evolutionary runs (n. 2, 10, 14, 16, 18), chosen among the best of each
generation whose average �tness was higher than 1.8. As far as it concerns run n. 2, we post
evaluated: (i) 100 groups that use sound signaling in thenormal setup (see row \sig") and in the
not-other-sound setup (see row \not-other"); (ii) 100 groups that do not use sound signaling (see
row \non-sig").
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n. 2) is smaller that the standard deviation of the �tness of any of the non-signaling groups (run
n. 2 \not-sig", 10, 14, 16, and 18); (c) the average �tness of signaling groups (run n. 2) recorded in
the not-other-soundcondition is smaller that the average �tness of any of the non-signaling groups
(run n. 2 \not-sig", 10, 14, 16, and 18). We consider (a) and (b) as empirical evidence which
suggests that indeed signaling groups are on average betterthan non-signaling groups. Notice
that, although the di�erence among the groups is small, during evolution it may have in
uenced
the distribution of genetic material and consequently the emergence of the behavioral strategies.
For the sake of completeness, we also show the lower and upperquartile and the median of the
distributions. This data con�rms that the di�erence in perf ormance between the two groups seems
to lie in the fact that non-signaling groups display a slightly worse performance than signaling
groups, in few cases (see lower quartiles, run. 2 \sig" and \non-sig"). We consider (c) an evidence
which suggests that the bene�cial e�ect of signaling is not linked to the \solitary" function, since
if we prevent signaling robots to hear each other's sound (i.e., the not-other-sound setup) the
\solitary" function is not by itself su�cient to make the rob ots on average better than those that
do not use signaling. Consequently, it appears that groups of robots that use sound signaling have
a selective advantage over other types of groups, due to the \social" function of signaling.

In particular, we believe that the selective advantage of signaling groups is given by the ben-
e�cial e�ects of communication with respect to the disrupti ve e�ects of random noise on the
mechanisms a robot uses for environmental discrimination.That is, the e�ectiveness of the mech-
anisms which integrate sensory information over time in order to disambiguate Env A from Env
B is disrupted by the random noise explicitly injected into the simulated world, which strongly
a�ect the sensors' reading and the outcome of any \planned" action. However, by communicating
the outcome of their decision about the state of the environment, signaling groups, contrary to
other types of group, might exploit social behavior to counterbalance the disruptive e�ect of noise
on individual mechanisms for environmental discrimination. That is, in those groups in which
antiphototaxis is triggered by the perception of sound rather than by an internal state of the
controller, a robot which by itself is not capable or not ready yet to make a decision concerning
the nature of the environment can rely on the decision taken by the other robot of the group.
Therefore, by reacting to the sound signal emitted by the group mate, a robot initiates an action
(i.e., antiphototaxis) which it may not have been capable of, or ready to perform, otherwise. For
example, in the experiments with two real robots, we have seen that s-bot2 signals always later
than s-bot1 (see Section 3.3.1). In the four robots experiments (see Section 3.3.2), we noticed that
s-bot4 s-bot5 and s-bot6 repeatedly bene�t from the sound signal emitted by s-bot3, which proves
to be the fastest|as well as extremely accurate|robot to sig nal the absence of theway in zone
in Env B. If a robot that reacts to the \non-self" produced sound could not have exploited the
signal emitted by the other member of its group, it would have wasted precious time circuiting
around the light. Eventually, it would have switched to anti phototactic behavior, but due to time
limits it would not have been able to reach the maximum possible distance to the light (seedf in
Section 2.4). Consequently, the �tness of the group would have been smaller.

Moreover, the �tness of signaling groups not only outperforms the �tness of non-signaling
groups in Env B, but also in Env A. Actually, signaling groups seem to be better adapted with
respect to the \danger" of wrong discrimination in Env A than non-signaling groups, thus \early"
signaling seems to be an issue taken care of by evolution. Ourspeculation is that once signaling
groups evolve, their signaling behavior isre�ned , probably by categorizing the world later than in
the case of non-signaling groups. This happens in order to ensure that the chances of a potential
disadvantage resulting from social behavior are minimized(e.g., see Table 3: simulated robots
of group g2 signal on average after completing a loop|rather late). In o ther words, the use of
communication in a system can also a�ect aspects of the behavior not directly related to commu-
nication (i.e., the process of integration over time). This hypothesis explains the low performance
recorded in the not-other-sound condition, compared to the normal condition. When robots emit
signals later (high o�set �), robustness is achieved because the risk of wrong discrimination in
Env A is minimized, at the cost of triggering antiphototaxis in Env B later7. However, this is

7Seehttp://iridia.ulb.ac.be/supp/IridiaSupp2006-007 for data complementing the statistics of Table 4 with
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counterbalanced by the e�ect of the social behavior as explained above. To summarize, putting
robustness in Env A and social behaviour in Env B together, we can account for the selective
advantage of communication.

4 Conclusions

In this work, we have studied the emergence of communicationin a system provided with the
necessary hardware (i.e., \mouth" and \ears") and where the use of communication was not
predetermined by the experimenter, but left to evolution to shape it. It came out that evolution
produced signaling behavior tightly linked to the behavioral repertoire of the agent and that makes
social behavior more e�cient than solitary behavior, even though the former was not explicitly
rewarded by the �tness function. In fact, as we have discussed in Section 3.4, communication
manages to better tackle potential disruptions brought forth by noise. This study contributes to
the understanding of issues concerning the evolution of communication, and more in detail, the
identi�cation of conditions that might facilitate the emer gence of communication in populations of
embodied agents. From another point of view, this work demonstrated the successful porting on
real robots of evolved time-based decision making mechanisms. We consider this a necessary step
that ensures the feasibility of our study in real world situations and that ampli�es the signi�cance
of our conclusions.

Owing to the properties of our design methodology (i.e., Evolutionary Robotics), signaling
behaviors co-evolved with time-dependent categorizationstructures, i.e., integration over time. In
evolutionary terms, these non-reactive mechanisms might have paved the way for the evolution
of signaling. In fact, we can draw some hints from the evolutionary analysis we performed in
Section 3.4 concerning the evolution of signaling and thesehints suggest that things happen in
an \incremental" way. What we observed is that signaling was present in the population before
successful solutions started to appear, in all the evolutionary runs that produced signaling groups,
but seemed to have no functional meaning|signals seemed to be produced rather randomly and
not with respect to the environmental contingencies. Functional signaling behaviors seem to evolve
shortly after evolution produces the �rst groups able to solve the task without any use of signaling.
In other words, communicative solutions seem to be subsequent to non-communicative ones. A
possible visualization of this process is that signaling that was before irrelevant, becomes linked
to the already evolved mechanisms for environmental discrimination and then, as we have proved
in Section 3.4, the solutions making use of communication outperform those that don't. Another
clue in support of these speculations is the comparison of the mechanisms underpinning behavior
between signaling and non-signaling groups, which was discussed in Section 3.2. Both solutions
rely on an internal neuron integrating over time sensory information. However, for communicative
solutions, the sound output also behaves similarly. What wecan hold from this discussion is
that indeed, the evolution of signaling seems to be stronglybased on already evolved cognitive
structures (discrimination capabilities) of the agents (see also Nol�, 2005).

The selective advantage of signaling over non-signaling groups as detailed in Section 3.4, is
the reason why we observe the evolution of signaling groups.Moreover, it is the social function
of signaling, that is the communication resulting from it, t hat makes these groups more �t than
others. In other words, we can attribute the evolution of signaling to its social function, thus to
the e�ect of emitted signals on other members of the group. This observation justi�es the use of
the word \signal" in order to describe the emission of sound.In fact, according to Maynard Smith
and Harper (2003), a signal evolved because of its e�ect on others. Asignal is de�ned as \an
act or structure that alters the behaviour of another organism, which evolved because the receiver's
response has also evolved". Contrary to that, a cueis de�ned as in Hasson (1994):\a feature of the
world, animate or inanimate, that can be used by an animal as aguide to future action". Obviously
our robots do emit a sound\as a guide to future action" (to trigger the action of antiphototaxis),

results in Env A and for data supporting out claim that signaling groups tend to signal later than non-signaling
groups
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but this is not the reason why signaling behaviors emerged inthe �rst place, even if they also
display the latter functionality.

In this paper we have proved the portability of time-dependent decision making mechanisms
on real robots. Even though the controllers were evolved in asimulated world and the simulation
did not go as far as implementing possible inter-robot di�erences (see Section 3.3), the system
was always successful and we never observed any wrong categorization of the environment. Our
results also show that the use of communication was particularly bene�cial in the real world, since
the noise present there did in fact severely disrupt the individual decision making mechanisms of
certain agents (see for examples-bot5 in the four-robot generalization test, that would need, if left
alone, more than two loops around the light to initiate antip hototaxis). However, it is easy to
imagine a case where a robot takes the wrong decision about the state of the world, and initiates
antiphototaxis emitting a tone in Env A. That would cause the collapse of the whole system,
since all robots would perform the wrong action in that environment, even if their individual
discrimination mechanism would not be disrupted by noise. However, this event was not observed
in reality (see Section 3.3). In fact, the system proved to bevery robust against inter-robot
di�erences.

The discussion above on potential negative interference ofcommunication and how arti�cial
evolution treats it, and the fact that communicative behavi or evolved even in the absence of explicit
selected pressure coded in the �tness function|revealing a \hidden" bene�t for communication,
raises the following issue: should we always equip our robots with \ears" and \mouth" for a
switch from solitary to social behavior, with tools as the (long-range) sound signaling used in our
experiments, even in cases when the nature of such a system isobscure to us|the experimenter?
The work presented in this paper is an example in which communication proves to be bene�cial
and the ER methodology manages to discover ways to use it by linking it to the rest of the robot
behavior, that end up to be advantageous (enhancing the robustness of the system). That is,
evolution found an e�cient way to use these hardware tools (i.e., \ears" and \mouth"), and it
is our belief that also for other and maybe more complex tasksit might be the case too. Even
though we cannot go as far as claiming that integrating long-range communication devices should
always be considered, we can say that evolution can discovere�cient ways to use them. In other
words, by using ER within the context of collective or swarm robotics, such hardware tools for
long-range signaling might end up being bene�cial for the group performance on a certain task,
even though they may appear meaningless to the experimenterat the time of de�ning the building
blocks of the behavior.
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