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Abstract. This paper describes a study in evolutionary robotics con-
ducted completely in hardware without using simulations. The experi-
ments employ on-line evolution, where robot controllers evolve on-the-fly
in the robots’ environment as the robots perform their tasks. The main
issue we consider is the feasibility of tackling a non-trivial task in a re-
alistic timeframe. In particular, we investigate whether a population of
six robots can evolve foraging behaviour in one hour. The experiments
demonstrate that this is possible and they also shed light on some of
the important features of our evolutionary system. Further to the spe-
cific results we also advocate the system itself. It provides an example
of a replicable and affordable experimental set-up for other researches to
engage in research into on-line evolution in a population of real robots.

Keywords: Evolutionary Robotics, Neural Networks, Distributed On-
Line Learning, Embodied Evolution, Foraging

1 Introduction

Evolutionary robotics is a research area that “applies the selection, variation, and
heredity principles of natural evolution to the design of robots with embodied in-
telligence” [5]. In particular, evolutionary robotics aims to evolve the controllers,
the morphologies, or both, for real and simulated autonomous robots [18]. Con-
sidering the complexity of interactions between environment, morphology and
controller, employing evolution is a very promising approach to designing intel-
ligent robots for a range of circumstances [1, 13]. However, forced by technical
constraints the usual modus operandi in evolutionary robotics is quite limited:
evolve robot controllers in simulation and transfer the outcome to real hardware
afterwards. Thus, even though the final goal is to obtain physical robots with
intelligent behaviour, the evolutionary process is usually digital, which leads to
the notorious reality gap problem [9]. Furthermore, the evolutionary algorithm
is usually (ab)used as an off-line optimizer. It is only employed during the design
stage that ends with finding a good controller that is then deployed on the real
robot and kept fixed during the operational stage.

This paper describes a study in evolutionary robotics conducted completely
in hardware, without recourse to any simulations. The experiments use Thymio



II robots as hardware platform [14]. These robots – recently on the market–
are quite small, cheap, and easily available. Therefore, setting up a physical
robot population is much less demanding than a few years ago. The experiments
consider on-line evolution, where a collective of robots evolve controllers in the
robots’ task environment as the robots perform their tasks. This results in a
distributed on-line setup where robots learn individually and socially, meaning
the exchange of individually evolved controllers with others. The experiments
are motivated by a long-term vision of an ongoing evolutionary process that
enables adaptation to the environment and the task. This research differs from
most evolutionary robotics that employs evolution as an optimisation procedure
to obtain well-performing controllers before deploying the robots.

There are earlier experiments in distributed on-line evolutionary robotics
that take place exclusively in hardware, e.g., the work of Watson et al. and
Simões et al, both in 1999 [19, 15]. Watson et al. coined the phrase “embodied
evolution” for such systems. These experiments consider very straightforward
robot tasks such as phototaxis and obstacle avoidance, and subsequent research
into embodied evolution-like settings has not yet ventured beyond that.

The research in this paper serves as a further stepping stone towards on-
line evolutionary adaptation in complex tasks and complex environments. An
important goal of this paper is, therefore, to provide a replicable, accessible and
affordable experimental set-up for further research into the on-line evolution of
non-trivial behaviour in real robots. This paper investigates the feasibility of
tackling more complex tasks in a realistic timeframe. In particular, it considers
the on-line evolution of foraging behaviour in a population of real robots, with a
fitness function that rewards appropriate behaviours for a number of subgoals.
We try to answer the following research questions:

1. Can a group of robots evolve appropriate controllers for a non-trivial task
in one hour?

2. How important is the feature that the robots share the controllers they evolve
individually (social learning)?

3. How important is the most task-specific part of the compound objective
function?

An evolutionary process implemented in real hardware has the obvious bene-
fit of avoiding the reality gap, and when considering multiple robots with sophis-
ticated sensors such as cameras simulations may actually run slower than real
time, even for groups as small as six robots. An additional benefit is that exper-
imenting with real robots encourages the researcher to review the robots’ actual
behaviour during the experiments rather than allowing only post-facto analy-
sis of the metrics gathered by unattended simulation runs. Thus, experimenting
with real robots enhances the understanding of robot behaviour.

2 Related Work

In principle, the scope of the related work includes all on-line distributed evo-
lution in populations of physical robots as well as research where foraging be-



haviour evolves in simulation and is subsequently transferred to hardware. For
the latter category, we restrict the scope of related work to research applying
neuro-evolutionary methods to control differential drive robots.

There are few papers that consider on-line distributed evolution in popu-
lations of physical robots. Pioneering works in this field are those by Watson
et al. and Simões et al., both published in 1999. Watson et al. implemented
“embodied evolution” in a population of six robots [19]. The robot controllers
evolved to tackle a phototaxis task in an on-line fashion by broadcasting parts
of their genome at a rate proportional to their task performance. Simões et al.
evolved morphological features as well as the controllers in the same genome for
collision-free behaviour [15]. These are the first examples of evolutionary algo-
rithms distributed in a population of physical robots where the robots are not
only evaluated, but are also performing real tasks. Since then, four more stud-
ies show on-line distributed evolution in populations of physical robots where
the task to learn is either only obstacle avoidance ([17], [7]), obstacle avoidance,
phototaxis and robot seeking [10] or survival without a specified fitness function
[3]. These studies focus on showing that on-line evolution of the controllers for
different tasks is possible and that communication between the robots is always
beneficial. To our knowledge, the current study is the first to consider evolving
foraging behaviour in hardware and in an on-line fashion.

Foraging is often considered as a task in off-line evolution. Here, we consider
research where the controllers evolve in simulation and the best controllers are
transferred onto robotic hardware where they remain fixed. We found no exam-
ples of off-line evolution of foraging behaviour where evaluations were performed
on robotic hardware. The first example is [12], where controllers evolved in sim-
ulation to locate, recognise and grasp “garbage” objects and transport them
outside the arena. The platform of choice was a Khepera robot with a gripper
module. With a population size of 100 it took 1,000 generations to generate the
desired, complex behaviour. One controller evaluation took 8 seconds in simu-
lation (and 300 seconds in reality). The number of components in the fitness
function (penalties and rewards for different observed behaviours) was found to
have substantial impact. Transferring the best evolved controller onto hardware
resulted in only a small performance decline.

In [8], the author incorporated dynamic rearrangement of neural networks
with the use of neuromodulators to push a “peg” to a light source. Both peg and
target were arranged in a straight line in front of the robot. A population of 100
controllers evolved for 200 generations, with controllers evaluated by simulating
them for 500 time steps. When transferred to a Khepera robot, the best controller
showed appropriate behaviour.

In [16], the task was limited to box pushing, and this is the only example
where the required behaviour was simple enough that the neural networks did
not require hidden nodes. The authors investigated the difference in performance
with fitness functions that use internal/external and global/local information.
They showed that a global external fitness function (diametrically opposed to the
notion of distributed on-line evolution) performed best for their task. The best



controller was transferred onto a Khepera robot and showed adequate behaviour.
The controller resulted from a (30+1) evolutionary strategy running for 250
generations; controllers were evaluated by simulating them for 100 time steps,
starting from different positions in the arena.

The most recent work that we know of is [4]. Here, multi-objective evolution-
ary algorithms were applied for two conflicting tasks: protecting another robot
by following it closely and collecting objects in the arena. Controllers evolved
in an unknown population size over 100 generations, with each controller evalu-
ated in simulation for 70 seconds. Even though the input sensor values for the
simulated and real robot (CR robot) did not overlap perfectly, the robot showed
the desired behaviour.

Thus, evolving foraging behaviours in simulation and subsequently transfer-
ring the results to the appropriate hardware platform has been shown to work in
a number of settings. However, once the final controller is transferred, it does not
adapt further and so cannot cope with unforeseen circumstances or changes in
the environment. Our ambition is to develop foraging behaviour through on-line
evolution, with some speed-up afforded by distributing the evolutionary process
across a small number of robots. Given the population sizes and number of gen-
erations used in simulation-based research, this is not a trivial task to accomplish
within a realistic timeframe (i.e., within the robot battery’s operational period).

3 System Description

3.1 Robot

Fig. 1: Thymio II robot, devel-
oped by The École Polytechnique
Fédérale de Lausanne (EPFL) and
École Cantonal d’Arts de Lau-
sanne (ÉCAL), with Raspberry Pi
2, Raspberry Pi NoIR camera,
WiFi dongle, external battery and
a LEGO gripper.

The Thymio II robot includes seven Infra-
Red (IR) proximity sensors for obsta-
cle detection; five are arranged along the
front and two along the back of the robot.
The sensors return values between 0 and
circa 4,500, with high values correspond-
ing to close obstacles. The robot has dif-
ferential drive with the maximum wheel
actuators set between -500 and 500. The
operating speed is set to 30% of the max-
imum speed, which is between -150 and
150, to prevent overheating and to adapt
to the camera’s image processing speed.
We extend the standard Thymio set-up
with a more powerful logic board, a cam-
era, wireless communication, and a high
capacity battery. We use a Raspberry Pi
2 that connects to the Thymio’s sensors
and actuators an processes the data from
the Raspberry Pi NoIR Camera. A WiFi dongle (Edimax 150Mbps Wireless



802.11b/g/n nano USB WiFi Adapter model EW-7811Un) attached to the Rasp-
berry Pi enables inter-robot communication. Battery life is etended through a
Verbatim Dual USB 12,000 mAh battery, allowing for a total experimental time
of 10 hours. The extended Thymio II is shown in Fig. 1. The hand made LEGO
gripper helps the robot maintain control of the pucks when manoeuvring.

3.2 Environment

Two robots operate together in a 1×1 meter arena with six pucks and one target
area. This set-up is duplicated three times, facilitating a total population of six
robots, where communication across arena instances is possible. A set-up with
three arenas with two robots each (as opposed to having all six robots in a single
arena) reduces the likelihood that the robots’ grippers become entangled.

Fig. 2: The 1 × 1 meter arena with two Thymio
II robots searching for the red pucks. The tar-
get location is indicated by the blue corner. The
arena is duplicated three times to facilitate six
robots while minimising robot collisions.

The arena size allows the
robot to see the target area
from across the whole arena.
The arenas have a white
floor and white walls for
improved obstacle detection.
The pucks are red and the
target area, located in a cor-
ner, is blue, with white stripes
added for better colour recog-
nition when the robot is close
to the target.

A WiFi router placed
close to te arenas facilitates
reliable wireless communica-
tion between all robots in
the three arenas. A motion
tracking system monitors the
robots and pucks in one of
the three arenas for post-hoc
qualitative analysis of robot
traces.

3.3 Task and Objective Function

In the foraging task, the robots must collect items (pucks) and deliver them to
a target location. Although this task may not seem difficult, there is no con-
sensus on how to define an objective function for this task, and in particular
there is no prior experience with suitable functions for on-line evolution. Our
experiments use an objective function that rewards appropriate behaviour for
a number of subgoals to provide a relatively smooth fitness gradient; only re-
warding the successful delivery of a puck results in a largely featureless fitness



landscape. The objective function assesses robot behaviour over a period of T
timesteps as follows:

ftotal =

T∑
t=0

fobs + fpuck + ftarget + fbonus, (1)

where:
fobs = vtrans · (1 − vsens), (2a)

fpuck = bpuck + 2 · bpush, (2b)

ftarget = btar, (2c)

fbonus = bpush × btar, (2d)

and:

– vtrans is the translational speed (normalised between 0 and 1), calculated as
the sum of the absolute speeds assigned to the left and right motor;

– vsens is the value of the proximity sensor closest to an obstacle and nor-
malised between 0 and 1;

– bpuck is a boolean value indicating whether the camera detects a puck in
sight;

– bpush is a boolean value indicating whether the robot is pushing a puck;
– btar is a boolean value indicating whether the camera detects the target area.

Note, that the analyses in Sec. 5 report overall system performance as the
number of pucks collected over a period of time, not as the fitness function as
described above.

3.4 Controller

The controller is a feed forward neural network with 13 input nodes, 5 hidden
nodes and 2 output nodes as depicted in Fig. 3. The nodes have tanh activation
functions. Five input nodes, denoted PS1 to PS5, connect to the proximity
sensors (three in the front and two in the back of the robot). The remaining
seven inputs relate to camera information. To extract the salient information
from the camera image, the image is divided into four parts (left, middle, right
and bottom, or l, r,m and b) as shown in the top left in Fig. 3.

Masking red values to detect pucks in the four areas yields the (Pl, Pm, Pr, Pb)
inputs that denote the size of the largest red area in each sub-image. A further
three inputs denote the total percentage of blue in the three top sub-images
(Tl, Tm, Tr). The input and hidden layer each have an additional bias node.
The output nodes drive the left and right motor actuators. All input nodes are
connected to all hidden nodes (except the bias node) and all hidden nodes are
connected to the output nodes, resulting in a neural network with 62 weights.
The sensor input values are normalised between -1 and 1 and the weights are
between -4 and 4.
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Fig. 3: Visualisation of salient information extracted from the camera image (left)
and the neural network controller with 13 input nodes, 5 hidden nodes and 2
output nodes (right). Input nodes Px detect pucks as the largest area of red
pixels in each sub-image (l,m, r, b denoting the left, middle, right and bottom
sun-image), Tx detect the total amount of blue pixels in each of the three upper
sub-images and PSx detect obstacles.

3.5 Evolutionary or Learning Mechanisms

The evolutionary process employs the common direct encoding scheme of an
array of neural network weights. In this case, the length of that array is 62.
Controllers evolve on-line and on-board; the robots encapsulate a self-contained
evolutionary algorithm and augment this with a distributed evolutionary system,
amounting to what was labelled as a hybrid scheme in [6]. Such a combination
of evolutionary processes can also be cast as a combination of individual learn-
ing (the encapsulated evolutionary process) and social learning (the distributed
evolutionary process). We adopt the individual and social learning terminology
to align with the DREAM project1 of which this research is part.

1 http://robotsthatdream.eu



Individual Learning The robots implement individual learning through a (1 + 1)
evolutionary strategy, similar to the approach in [7] and [2], using the objec-
tive function defined in Eq. 1. The neural network weights are mutated using
Gaussian perturbation with N(0, σ), where the value of σ doubles when the off-
spring controller (the challenger) does not improve on the current controller (the
champion). When a challenger outperforms the current champion, it replaces the
champion. Each controller is evaluated over a testing epoch of 1,000 time steps,
equating to a period of circa 3.6 seconds.

This is a very short evaluation time, certainly too short to complete one round
of detecting and approaching a puck and then transporting it to the target area.
One could argue that this evaluation time should be longer, but the difficulty of a
longer evaluation time is the need for more controller evaluations because it will
take the robot longer to discover all the subtasks required to perform the overall
task. The short evaluation time results in a quick response to objects of interest
— the pucks and target. To enable robust assessment of controllers, even though
the robot cannot experience all relevant situations during a single evaluation, the
robots re-evaluate their champion controllers with a 20% chance. The champion’s
fitness value is updated upon re-evaluation by taking the weighted sum of the
current and the re-evaluated fitness with a 20-80 weight distribution (20% of the
re-evaluated and 80% of the current fitness value).

Social Learning The robots broadcast their champion genome after every eval-
uation, provided that its fitness exceeds 50% of the maximum fitness. Robots
cache received genomes in their social learning storage. When a robot embarks
on a round of social learning, it takes the most recently received genome from
the storage and either evaluates it directly as a challenger (in 75% of the cases)
or creates a challenger through averaging crossover with the current champion.
Directly re-evaluating received controllers rather than copying the sender’s fit-
ness value makes sense because the robot may be in a very different situation
than the sending robot when it evaluated the controller. Just as with individual
learning, the challenger replaces the champion if it outperforms it.

The robots randomly alternate between individual and social learning with
a rate of 70:30.



4 Experimental Set-up

System parameters
Total controller

evaluations

1000

Evaluation duration (sec) 3.6

Re-evaluation chance 20%

Re-evaluation champion

weight

80%

Individual learning chance 70%

Social learning chance 30%

Individual Learning
Maximum fitness 6000

Weight range 8

σ initial 1

σ maximum 4

σ minimum 0.01

Social Learning
Broadcast threshold 50%

Averaging crossover 25%

Import 75%

Social learning storage

size

20

The duration of each experiment is
one hour, allowing for 1,000 controller
evaluations of 1,000 time steps (ca 3.6
seconds) each. Unless indicated oth-
erwise, each set-up was repeated 20
times. The table on the right lists the
most important system parameters2.

The robots start every experiment
in the same position, facing the mid-
dle of one of the walls that is not ad-
jacent to the target area. The robots
are not repositioned during an ex-
periment unless two robots’ grippers
or wiring become entangled or when
a robot is pushing multiple pucks
against the wall (in that case, the
pucks prevent the robot from mov-
ing close enough to the wall for ob-
stacle sensors to detect it). In case
the robot loses its gripper, it is reat-
tached and the experiment continues.
Furthermore, the temperature of the
robots is constantly tracked to pre-
vent the robots from overheating. As a result, no robots broke during the exper-
iments and all collected data can be used.

The robots are preprogrammed with a threshold for the amount of blue that
needs to be exceeded before we can say that a puck is collected. When a puck
is pushed to the target area, the robot internally registers the time and emits
a sound to alert the experimenter. The puck is then manually replaced in the
centre of the arena and the experimenter records the number of collected pucks.

5 Experimental Results

To quantify the performance of the robots, we consider the number of pucks
collected in ten-minute intervals. The objective function defined in Eq. 1 is not
suitable for this purpose: controller evaluations are so short that a perfectly
good controller scores poorly, e.g., because the robot spends the entire evaluation
period looking for pucks.

Figure 4 compares a baseline experiment with the performance when learning
is enabled. For the baseline experiment, the evolutionary mechanisms are dis-
abled and the robots run with randomly generated weights for every evaluation.

2 The code for implementation is available on https://github.com/ci-group/

Thymio_swarm.



(a) Random controller (b) Evolving controller

Fig. 4: Number of collected pucks per 10 minute intervals by the robot pop-
ulation for random and evolving controllers. The box plots show the median,
interquartile range, min and max values. The evolutionary process was repeated
20 times, the random baseline was repeated 10 times. Although the increase in
pucks collected when learning increases only marginally, the increase is signifi-
cant (Mood’s Median test with Fisher’s Exact Test, p = 0.02).

There is a clear difference in performance between the random and evolving
controllers, so learning definitely improves task performance. If the robots do
learn the foraging task successfully, the number of pucks collected per interval
should increase over the course of an experiment. The performance does indeed
increase over time in Fig. 4(b), but the increase is slight. To ascertain whether
the increase in performance is statistically significant, we use Mood’s Median
test on the median number of pucks collected the first and the second half hour.

Mood’s Median test is calculated as follows: the median number of pucks col-
lected in the first and second half of each experiment is calculated. The data for
the 20 repeats is then summarised in a 2×2 table: each cell in the table contains
the count of repeats in its class. Classes are assigned to the cells according to
whether the performance metric was calculated over the first or the second half
hour (first or second column, respectively) and whether the metric is lower or
equal or higher than the overall median (first and second row, respectively). The
standard Mood’s Median test then calls for a χ2 test, but in this comparison re-
quires a one-tailed test to establish whether the robots collect significantly more
pucks in the seconds half hour. Therefore, we substitute it with Fisher’s Exact
test. For these data, this yielded p = 0.02 – a significant increase at α = 5%.

Performance is in fact somewhat disappointing and also worse than at least
some behaviour that was observed (one of the benefits of running experiments
in real robots is that the experimenters monitor robot behaviour as a matter
of course and do not rely only on quantitative post-hoc analysis as is often the
case with simulation-based experiments). From observations of the robots during
the experiment, it appeared that the robots do learn appropriate behaviour, but
subsequently revert to much less efficient behaviour.



To investigate whether the robots do indeed learn (and subsequently for-
get) efficient foraging behaviour, we ran ten repeats of an experiment with a
high-fitness controller without further development. This controller was selected
manually from controllers that consistently showed high fitness values, also over
multiple re-evaluations. All six robots were programmed with the neural net-
work weights set according to this individual genome, positioned in the standard
starting position and subsequently ran for one hour, with all other settings as
described for the runs with the learning mechanisms enabled.

Fig. 5: Number of collected pucks
over ten runs per 10 minute interval
of one of the better controllers de-
veloped during an evolutionary run.
The box plot shows the median, in-
terquartile range, min and max val-
ues.

The box plots in Fig. 5 show the per-
formance of ten repeats of this experiment
in ten-minute intervals. The first ten min-
utes show exceptional performance due
to the convenient starting position of the
pucks in the middle of the arena. But also
in the other intervals, performance beats
the on-line performance with an active
learning process by a factor of three (note,
that the y-axis in Fig.5 had a larger range
than that in Fig 4).

Thus, it appears that the evolution-
ary process does discover very good con-
trollers, but subsequently discards these
individuals because they perform poorly
at some point. We hypothesise that this
is a result of the brief evaluation periods
that these experiments require: if, for in-
stance, no pucks are picked up during a re-evaluation of a controller, its assess-
ment is revised, even if it is actually very relevant. Combating this ‘forgetting’
behaviour is the focus of further research that is now underway.

Fig. 6: Traces of one robot showing the first (red)
and last (blue) 100 controller evaluations. The
target location is at position (800,0). The traces
show the mid-point of each robot, meaning that
the robots learn wall-following behaviours.

For a qualitative analysis
of robot behaviour and the ef-
fect of evolution, Fig. 6 shows
traces of one robots at the be-
ginning and towards the end
of an experiment (the first
and last 100 evaluations in red
and blue, respectively). The
traces indicate typical be-
haviour that was observed in
most runs. The robots learn
wall-following behaviour – the
traces show the mid-point of
each robot, its sides are actu-
ally very close to the wall for
large parts of the trace.



Because the robots often push pucks towards the wall in the early stages of
learning, this is quite efficient behaviour to move pucks to the target area. When
the robots deviate from this behaviour, they often end up pushing more pucks
to the wall to resume wall-following.

The Need for Social Learning. To investigate the influence of the social learning
mechanisms, another set of 20 experiments was conducted where communication
between robots was disabled, so that they only learn using the encapsulated
1 + 1 evolution strategy. Other than that, all settings are as in the original
runs presented above. Fig. 7 compares the results from the experiments with
both social and individual learning with experiments where social learning is
disabled.

The plot shows that the social learning mechanisms yields better performance
and is in fact necessary to prevent a decline in performance. Social learning
implements a shared repository of controllers that goes some way to exacerbate
the ‘forgetting’ behaviour.

Fig. 7: Number of collected pucks per 10 minute interval by the robot popula-
tion for evolving controllers without (red) and with communication (blue). Box
plots show median, interquartile range, min and max values. Both experiments
were repeated 20 times. Communication is shown to be necessary to ensure a
performance increase for the foraging task.



Objective Function Design. This is known to be a difficult problem in general
[11]. In our case, the observation of robot trajectories (cf. Fig. 6) suggests that
evolution solves the task differently than we, the experimenters, have expected.
In particular it seems that the behaviours are optimsed for grabbing a puck and
carrying it around along the walls.

This raises the question whether rewards ftarget and fbonus that correspond
to the subtask of reaching the target area are important or not. To find out
we ran a series of experiments with a reduced objective function that contains
only the first two terms fobs and fpuck of formula 1. Based on this function the
optimal behavior is continuously pushing a puck without hitting the walls.

The results of these experiments are shown in red in Fig. 8, with the original
results in blue for reference. Using these data we can ask two questions regarding
the role of the target related rewards: 1) Whether the robots are still learning
the puck collecting task without these rewards? and 2) Whether the omission of
these rewards decreases performance?

Fig. 8: Number of collected pucks per 10 minute interval by the robot population
for evolving controllers without (red) and with the bonus component of the
fitness function (blue). Box plots show median, interquartile range, min and
max values. Both experiments were repeated 20 times. Although there seems to
be an increase in pucks collected when there is no bonus component, the increase
is not significant (Mood’s Median test with Fisher’s Exact Test, p = 0.57).



Calculating the Mood’s Median test for the increase in performance for first
and second half an hour, gives a value of p = 0.57. In other words, the perfor-
mance in the second half of the experiment is not significantly higher than in
the first half. Thus, with the reduced fitness function the population does not
seem to learn over time.

To answer the second question, Mood’s Median tests are performed for every
ten minutes between the two algorithms. Values of p = 0.62, 0.63, 0.9, 0.5, 0.37, 0.09
indicate that there is no significant decrease in performance when removing the
rewards related to the target area – using a significance level α = 5%.

These results are seemingly contradictory. On the one hand, the system with
the full fitness function (blue) is different from the one with the reduced fitness
function (red), because it does learn over time, while the other one does not. On
the other hand, the system with the full fitness function is not different from
the one with the reduced fitness function, because their performance differences
over the whole experiment are not significant. This “contradiction” is caused by
the statistics and indeed the last 10 minutes when the red system exhibits poor
performance.

A more interesting conclusion we can draw from these data concerns the
role of the target related fitness rewards. The fact that red and blue do not
differ significantly regarding the number of pucks collected can be explained by
taking a closer look at the environment. The target area is positioned in a corner
and can be reached by wall following. This feature implies that a robot that is
continuously pushing around a puck without hitting the walls will eventually
deliver the puck to the target area. This solution was not intended by us, but it
nicely illustrates how evolution can exploit environmental features to the surprise
of the experimenters.

6 Conclusions and Future Work

In this paper we described an evolutionary robotics study completely conducted
in hardware, without using software simulations up front. An important result
is the experimental evidence that a population of six robots can evolve forag-
ing behaviour in one hour. The significance of this finding is apparent from a
comparison with existing work; on-line evolution embodied in real robots has
previously been only applied to relatively simple tasks, such as obstacle avoid-
ance and phototaxis.

Our results show that the robots do learn foraging behaviour and that per-
formance rises steadily if marginally. The robots learn appropriate control as
shown by an analysis of one of the better controllers considered, but these con-
trollers are lost, presumably when the robots re-evaluate them in inauspicious
circumstances. This is probably linked to the short evaluation times necessary
for our experiments. Further research is required to investigate possibilities to
mitigate this ‘forgetting’ of good controllers.

Experiments disabling certain components of the evolutionary system re-
vealed the importance of these components. In particular, we observed that al-



lowing the robots to communicate and cross-fertilise brings significant improve-
ments with respect to a system where each robot is running an isolated internal
evolutionary learning process whose results are not shared with the others. The
robots’ performance increase was found to be only significant when the robots are
able to share information about their controller. Without the sharing of informa-
tion, performance declines, probably because of the short evaluation time where
the robot is not able to experience all subtasks in the arena within an evaluation.
Thus, individual learning augmented with social learning outperforms individual
learning alone. In the terminology of [2] this shows the advantage of a hybrid
(encapsulated plus distributed) system over encapsulated evolution.

We also looked into the composition of the fitness function and learned that
rewarding the subtask of reaching the target area is not necessary to obtain
overall good performance. This is a consequence of a particular feature of the
environment that can be exploited by evolution.

The main ambition of the research in this paper was to push for more complex
tasks to be considered in on-line evolutionary robotics outside of simulations. Al-
though the performance achieved by these experiments can be improved upon,
this paper provides an important stepping stone towards this goal by providing
the research community with a well-documented and affordable example of an
experimental set-up to investigate an evolving collective of robots with rich sen-
sory inputs in a non-trivial task. We hope that this will provide inspiration and
opportunity for other researchers to research physical, not simulated, robot col-
lectives that evolve to tackle tasks beyond the complexity of obstacle avoidance.
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