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Abstract—Robot-to-robot learning, a specific case of social
learning in robotics, enables the ability to transfer robot con-
trollers directly from one robot to another. Previous studies
showed that the exchange of controller information can increase
learning speed and performance. However, most of these studies
have been performed in simulation, where robots are identical.
Therefore, the results do not necessarily transfer to a real
environment, where each robot is unique per definition due to
the random differences in hardware.

In this paper, we investigate the effect of exchanging controller
information, on top of individual learning, in a group of Thymio
II robots for two tasks: obstacle avoidance and foraging. The
controllers of the robots are neural networks that evolve using a
modified version of the state-of-the-art NEAT algorithm, called
cNEAT, which allows the conversion of innovations numbers from
other robots.

This paper shows that robot-to-robot learning seems to at least
parallelise the search, reducing wall clock time. Additionally,
controllers are less complex, resulting in a smaller search space.

Index Terms—Evolutionary Robotics, Neural Networks, Evo-
lutionary Algorithms, Robot-to-Robot Learning

I. INTRODUCTION

To enable autonomous robots to operate reliably in an
environment that is not fully understood or known at design
time, there is a need for self-learning robots. In such a setting,
the robots can learn individually, e.g., by encapsulating a self-
sufficient learning algorithm within the robot. These robots
learn about and act in their environment while completing a
task.

The robotic controller that we consider for the robot to learn
a task is a neural network. This is a direct policy that maps the
sensor inputs of the robot to actions. This mapping, consisting
of nodes and connections between the nodes, are evolved with
evolutionary algorithms.

Evolutionary algorithms are inspired by Darwins’ theory of
survival of the fittest. In nature, animals survive and procreate
when they are more fit. Similarly, a robotic controller is
tested by observing the behaviour of the robot and is given
a corresponding fitness measure. The higher the fitness, the
more chance this controller has to procreate. Over generations,
the quality of the controllers will improve and lead to robots
that are capable of executing a predefined task properly.

The robotic controllers are evolved online, while the robot
is performing the task, as opposed to offline learning, where
only the best controller is transferred to hardware. Online
learning increases the difficulty of the learning process for
two reasons. First, if the robot is stuck in a difficult situation,
e.g. a room with one small opening, the first and only priority

is to recover from this situation. With offline learning, a robot
will be repositioned at the end of the controller evaluation.
Second, it is important that the whole population of controllers
is performing well because the robot is already performing the
task. Therefore, the measurements of the performance in this
paper always include all individuals in the population.

The choice of online learning is perpendicular to the choice
for a physical or simulated platform. In this paper we choose
a physical platform. Online learning on a physical platform
has the disadvantage to be slow.

Accelerating the learning process could be reached when a
collective of autonomous robots is used that can share knowl-
edge, i.e. socially learn, to enhance the individual learning
process. Note that social learning in robotics is not the same as
the widely used definition of social learning: learning through
observation of conspecifics. Regarding robots, we can add a
type of social learning, that we call robot-to-robot learning,
based on the ability to transfer robot controllers directly from
one robot to another. (In common parlance this would be the
robotic equivalent of telepathy.)

The benefits of robot-to-robot learning have been shown in
multiple simulation studies [1], [2], [3]. In particular, evidence
by [4] and [5] suggests that robot-to-robot learning can linearly
decrease learning time, e.g. the fitness measure that four robots
can reach in two hours can be reached by eight robots in
one hour when they learn socially. Evidence by [6] showed
that for a range of parameter settings, learning speed usually
increases when applying robot-to-robot learning. The learning
speed increase is lower for the better parameter setting, which
are parameter settings that result in a higher performance for
the individual learning robot.

Implementations of a physical robotic collective learning
a task are rare. The authors of [7] implemented an obstacle
avoidance task and [8], [9] looked at the phototaxis task. These
tasks are simple tasks that do not require the robot to have a
camera. The authors of [10] did use a camera for the relative
complex foraging task. This task demands from the robot to
collect pucks to bring to a designated target area. However,
the controller evaluation time in this implementation was too
short (under 4 seconds) to score a goal, which resulted in the
necessity to keep a variety of behaviours in the population.
Additionally, the robotic group size did not vary in these
studies. Therefore, no systematic study has been performed
on the benefits of robot-to-robot learning in a physical robotic
group for multiple tasks and different group sizes.

The main objective of this paper is to examine the increase



in learning speed and performance due to robot-to-robot
learning, on top of individual learning, for varying robotic
group sizes. Additionally, we hypothesized that robot-to-robot
learning will lead to more robust solutions, as each robot has
small random differences. That is to say, some cameras might
be mounted under a marginally different angle for example.
Learning correct behaviour in experiments with more than one
robot means that optimal performance is generalised behaviour
over an entire group. Intuitively, more robust solutions are
those that are less complex.

Learning is implemented by evolving neural networks with a
state-of-the-art evolutionary algorithm called NeuroEvolution
of Augmenting Topologies (NEAT). NEAT was designed as
a general method that can be applied to any (robotic) task,
and for this study, we chose two tasks: obstacle avoidance
and foraging. To observe the increase in learning speed and
performance due to robot-to-robot learning, we compare 1
learning robot with a group of 4 and 8 robots.

The robots operate in their own arena. Consequently, the
performance of the robot is only due to its own actions and
not influenced by other robots in the same arena. However, the
robots do communicate across arenas. Removing this inter-
robot collision allows for a better comparison between the
individuals and the robot-to-robot learning experiments.

The NEAT algorithm is not directly applicable for robots
that exchange knowledge. We, therefore, propose an extension
of NEAT, called cNEAT. This extension allows the conversion
of innovation numbers from other robots.

This paper shows promising results when applying robot-
to-robot learning. We show that on top of a parallelisation
of the search, robots that learn socially are more capable of
retaining the best controllers. Additionally, the controllers are
less complex resulting in a smaller search space, which is
extremely beneficial when using physical robots. It is shown
that a relatively complex task, such as the foraging, can be
learned within the hour. Therefore, online learning methods
can be tested on real robots for more complex tasks than
currently possible.

II. LEARNING MECHANISMS

A. Individual Learning Mechanism

Individual learning takes place through an encapsulating,
self-sufficient learning mechanism. The learning mechanism
used in this paper is NEAT [11]. NEAT is a state-of-the-
art evolutionary algorithm that evolves both the topology and
the connectivity of artificial neural networks. In NEAT, an
initial population of neural networks without hidden layer is
randomly generated. These networks will be referred to as
individuals in the population.

Over generations, nodes and connections can be added to
individuals. In order to compare different individuals, the
changes are stored as innovation numbers. In the original
implementation of NEAT, innovation numbers are only used
within one generation. As a result, identical innovations could
have different innovation numbers when they occur in different
generations. Therefore, networks that are similar could have

a larger distance measure and could be placed in different
species. Therefore, we propose to keep the innovation numbers
over generations.

B. Robot-to-Robot Learning Mechanism

Next to the individual learning mechanism, a robot-to-robot
learning mechanism takes place as well. First, for every robot,
all the individuals in the population are evaluated. Thereafter,
the robots exchange information. Each robot sends their best
controller to the others and from all received controllers, every
robot chooses one controller based on fitness proportionate
selection. The robot adds this controller to the population
whereafter new offspring is created.

As noted before, NEAT can modify the topology of the
neural networks during evolution. Every structural modifica-
tion in the network is identified by a unique innovation number
to enable alignment of genomes for recombination purposes.
When implementing NEAT with the possibility to exchange in-
dividuals as described for robot-to-robot learning, care must be
taken to avoid conflicting innovation numbers. Previous work
[12] solved this by using timestamps as innovation numbers.
However, using timestamps results in a unique innovation for
every mutation. This results in the same problem as described
before, where two similar networks result in a larger distance
than they actually might have. Thus, we propose an adjusted
approach called conversion NEAT (cNEAT).

C. cNEAT

When robot 1, R1, receives a network from robot 2, R2, R1
needs to match the node IDs of the received network from R2
with that of its own. This is because R2 might have assigned
the same innovation ID number to a different innovation as
opposed to R1.

To solve this problem, R1 iterates over the nodes and
converts the node IDs accordingly. This ensures that:

1) the nodes of the received network from R2 that match a
node innovation of R1 have the same ID;

2) the nodes that do not match with any innovation of R1
get a new ID that is not assigned to any node of R1. This
new innovation ID is thereafter added to the list of node
innovations of R1.

To better understand the conversion, we provide an example
shown in Figure 1, on the left. The node IDs of the receiving
robot R1 are on top and the nodes of the received network
from R2 are on the bottom. The received network has two
conflicting IDs. Node ID 8 and 9 are placed between nodes 1
and 4. However, the node innovations list of R1 claims that
the node in that position should have ID 6 and 7.

Node 9 is in a more difficult situation than node 8: the
ancestors node (ancestorFr and ancestorTo) of node 9 do not
match with the ones specified in the node innovation list, due
to the wrong assignment of node 8, that should be node 6.
Thus, we first need to convert node 8 into node 6 (shown in
Figure 1, on the right), and only then we will be able to match
and convert node 9 into node 7.



Figure 1: A first iteration of the conversion algorithm with two
conflicting node IDs.

Figure 2: The second and last iteration of the conversion
algorithm. The received network has one conflicting ID left
(9 should be 7).

It is important to note that the ancestors’ information of
a node (ancestorFr and ancestorTo) could help to understand
the order of creation of the nodes. In fact, node 8 and 9 are
both placed between node 1 and 4. However, node 8 was
first created (its ancestors are 1 and 4), and only during a
next mutation node 9 was created (its ancestors are 1 and
8). For that reason, the conversion of node 9 depends on the
conversion of node 8.

Hence, a conversion could trigger other conversions, be-
cause some wrong IDs could avoid the matching between the
ancestors of the node and the node innovations list. As a result,
after the first conversion shown in Figure 1, we can apply a
second conversion, shown in Figure 2.

The conversion algorithm needs to iterate over the node ID
numbers several times until all the conversion is performed.
Within every iteration, the algorithm matches the information
about the position of a node (ancestors) and its ID with the
node innovation of the receiving robot (in our example R1):
if the ID is wrong, the information of the node and every
reference to it (e.g., ancestor information in other nodes with
references to that node) are converted to the ID used in R1.

Algorithm 1 summarises the individual and robot-to-robot
learning mechanism in pseudocode. The NEAT algorithm is a
framework where the specific implementation for the variation
and selection operators are not set. In the experimental setup,
the list of used parameters is provided to clarify the chosen
mechanisms that we used for our specific implementation.

III. TASKS

The learning mechanism is deployed on Thymio II robots to
learn two tasks: obstacle avoidance and foraging. The foraging

Algorithm 1 Pseudocode of the algorithm that runs on every
robot

initialise population of first generation (P1) with individuals i1, ..., in
while current generation ≤ final generation

for every i in P
evaluate i
store fitness of i

sort the individuals based on fitness (i1 is best)
if robot-to-robot learning

send i1 to all other agents
receive best individual from all other agents
pick one individual r1 using fitness proportionate selection
apply the conversion method to r1
add r1 to the population

create offspring by:
adjusting specie fitness based on age
pick parent pool per specie
calculate number of specie offspring with roulette wheel selection
clone specie best
pick parents based on tournament selection
apply mutation or crossover and mutation
add offspring to specie

tasks require the robot to collect pucks to bring to a target
area. We extend the standard Thymio set-up with a more
powerful logic board, a camera (only used for the foraging
task), wireless communication, and a high capacity battery. We
use a Raspberry Pi 3 that connects to the Thymio’s sensors
and actuators and processes the data from the Raspberry Pi
Camera. The WiFi is integrated with the Raspberry Pi and
enables inter-robot communication.

A. Obstacle Avoidance

The obstacle avoidance task requires the robot to drive as
fast as possible through an environment without hitting the
walls. The network inputs are the 7 proximity sensors around
the robot and the outputs are the motor speeds for the left
and right wheel. Including the bias node, this results in an
initial network of 16 weights. The Thymio II robot in an empty
environment for the obstacle avoidance task is shown in Figure
3.

There is a common fitness function to evaluate the robots’

Figure 3: The environment with one robot for the obstacle
avoidance task. This setup is duplicated for the number of
robots used in the experiment.



Figure 4: The environment with one robot searching for the
green puck to bring to the red target location. This setup is
duplicated for the number of robots used in the experiment.

performance for the obstacle avoidance task. Given an evalu-
ation period of T time steps, this is measured as follows:

f =

T∑
t=0

strans × (1− srot)× (1− vsens) (1)

where:
• strans is the translational speed, calculated as the sum

of the speeds assigned to the left and right motor and
normalised between 0 and 1;

• srot is the rotational speed, calculated as the absolute
difference between the speed values assigned to the two
motors and normalised between 0 and 1;

• vsens is the value of the proximity sensor closest to an
obstacle normalised between 0 and 1.

B. Foraging

A foraging task requires the robot to collect pucks and bring
them to the nest located in a corner of the arena. The extended
Thymio II and the environment is shown in Figure 4.

We use the camera image to define three task-specific
sensors: puck in sight, puck in gripper and goal in sight. The
goal is visible even if the robot does not have a puck yet. This
makes the task more complex. Additionally, we use the sum
of proximity sensors in the front and two proximity sensors in
the back to determine if the robot is colliding with the wall. As
a result, the neural network controller has 6 inputs, including
bias. The number of output nodes is again 2, where each node
corresponds to a wheel of the robot, indicating the speed. This
results in an initial network size of 14 weights.

The fitness of a robot is defined as:

f = c1 × nwalls + c2 · npuck + c3 · ngoal (2)

where:
• nwalls is the number of time steps the front and back

proximity sensors are not activated, meaning no wall is
being hit;

• npuck is the number of pucks collected during an evalu-
ation;

• ngoal is the number of goals scored during an evaluation;

The hyperparameters c1, c2 and c3 are empirically put at 1,
1.000 and 10.000 respectively.

With online learning, the next individual inherits the state
of the current individual automatically. When the controller
evaluation ends with a puck in the gripper, the next individual
starts with this puck without any effort. For this reason, a puck
only count as collected if the robot did not have a puck within
its gripper before. This is done by subtracting the fitness of the
sum of the three time steps before to the fitness at the current
time step. This means that when a goal is actually scored, the
robot has a fitness of around 7000. If the fitness of the time
step results in a negative value, the fitness value is set to 0.

IV. EXPERIMENTAL SETUP

We distinguish two different sets of experiments: the obsta-
cle avoidance task and the foraging task. For each setup, we
compare individual learning only and individual and robot-to-
robot learning together. The learning of the robot is conducted
online, i.e. the robot is not relocated between the evaluations
and each controller is tested starting from the location reached
by the previous one.

For the foraging task, there is a necessity to calibrate the
cameras of the robots automatically before the start of every
run, because the orientation of the cameras across robots can
be different. This orientation means that the size of the puck
in each of the frames that the robot shoots can vary. After
the calibration, a hand-coded controller is used to test the
calibration process; the hand-coded controller should exhibit
the optimal behaviour: turning until the puck is in sight, drive
straight until the puck is in the gripper, turn until the goal is in
sight, and drive straight to the goal. Because the quality of the
camera is not what we want it to be, we added velcro on the
gripper and the puck. As a result, once the robot has the puck,
the corresponding sensor input of having the puck will be set
to true until a goal is scored (even if the robot does lose the
puck). We choose this implementation because the camera is
not always accurate enough to see the colours appropriately.

Human intervention is necessary when the robot is in the
corner facing the wall and tries to turn right against the wall
and the motor of the robot is not powerful enough to push
itself back. When the robot collects a puck for the foraging
task, we relocate the puck to a random position in the arena
and place the robot just behind the black square.

Robot-to-robot learning experiments are performed with a
group of 4 and 8 robots. A populations size of 24 is used for
the individual learning experiments resulting in a population
size of 6 and 3 for the 4 and 8 robot setup respectively. The
number of generations is 19, restricted by battery capacity for
the 1 robot experiment, and one evaluation is 20 seconds for
the obstacle avoidance task and 60 seconds for the foraging
task. This results in a time required per experiment of the
obstacle avoidance task of around 160 minutes, 40 minutes
and 20 minutes for 1, 4 and 8 robots. And for the foraging
task of 8 hours, 2 hours and 1 hour for 1, 4 and 8 robots. For



Table I: System parameters, descriptions and used values.
Mutation and crossover parameters

pXover 0.75
chance to apply crossover
pMutation 0.25
chance to apply only mutation
pweightMutation 0.4
chance to apply mutation on weight
pWeightReplaced 0.05
chance to replace weight
pConnection 0.01
chance to enable / re enable a connection
maxPerturb 0.75
maximum allowed change on weight
pAddLink 0.1
chance to add a link
pAddNode 0.05
chance to add a node

Species parameters
speciesTarget 2
number of target species.
coeffExcess 1
used for species compatibility score
coeffDisjoint 1
used for species compatibility score
coeffWeight 0.7
used for species compatibility score
threshold 2
used for species compatibility score
thresholdChange 0.1
used to change threshold value
speciesAgeThreshold 8
age to count as old
speciesYouthThreshold 3
age to count as young
agePenalty 0.5
fitness multiplier for old individual
ageBoost 1.2
fitness multiplier for young individual

Other parameters
size 24
population size of all robots combined
survivalThreshold 0.6
top % individuals that can be parents
tournamentsize 2
size of tournament to select parent
copyBest TRUE
clone best specie individual previous generation
copyBestEver FALSE
clone best individual so far

all experiments, 10 replicate runs are performed with different
random seeds.

The code for the implementation is available on the first
author’s website. The most important parameter settings for
the NEAT algorithm are presented in Table I.

V. EXPERIMENTAL RESULTS

In this section, the experimental results of the tasks reported
in Section III using the setup described in Section IV are
discussed. Due to the small amount of runs, some explanations
are more qualitative than quantitative.

A. Performance

In Figure 5 we compare the median and maximum fitness,
including interquartile range, over generations for the obsta-
cle avoidance task (left) and the foraging task (right). The

individual learning robot is presented by the green colour.
Robot-to-robot learning with 4 robots is presented in yellow
and with 8 robots in red. From these graphs, we can draw
several conclusions.

First, for both tasks the performance improves over time,
meaning that the robots learn over time. For the obstacle
avoidance task, the median performance is much closer to
the maximum performance than for the foraging task. This
indicates that the foraging task is more difficult to learn for
the robot. Second, adding robot-to-robot learning, results in
a more robust median performance, showed by a smoother
curve. Although the median performance for the foraging task
seems to increase when using more robots, the maximum
fitness seems to be lower when using 8 robots when looking
at the interquartile range.

Figure 6 shows a more detailed view of the performance
over time for the obstacle avoidance task (top) and foraging
task (bottom). It specifically shows the fitness of the indi-
viduals over the generations for all 10 independent runs and
all robot-to-robot learning experiments. To explain this graph,
pick one bar where the colour goes from green to red. This
bar consists of dots, where each dot represents one individual
in the generation presented at the top of the column and the
colour represents the fitness of the individual. There are groups
of 10 bars where each bar represents one run. This block of
10 runs is shown for every generation, shown at the top of the
column, and the number of robots, shown at the right of the
row. When using multiple robots, the individuals of the final
generation for all robots are combined and sorted by fitness.

We can see that for the obstacle avoidance task, there are
many well-performing controllers, while for the foraging task
the good controllers are sparse. However, the effect of robot-
to-robot learning seems to be similar: when a high perform-
ing controller is found, there is more chance that the next
generation has a high performing controller too. This results
in the smoother median curve of Figure 5. The difference in
maximum performance for the foraging task shown in 5 can
also be better understood with this graph. It seems that a group
of 4 robots is more capable of keeping the good knowledge in
the population than using a group size of 8. This might be due
to the decrease in population size from 6 to an even smaller
size of 3 when using 4 and respectively 8 robots.

B. Network complexity

In Figure 7 we can see the median and interquartile range
of the average number of edges in the final generation over
the 10 replicate runs for the obstacle avoidance task (left) and
foraging task (right). The network complexity is expressed as
the number of edges, as the increase in the number of nodes
already implies the increase in the number of edges. We can
confirm our hypothesis that the complexity of the network
significantly drops when the robotic group size increases,
indicated by the non-overlapping quartile range [13]. However,
we must note that when using more robots, the chances of
creating extra nodes and edges go down because a higher



Figure 5: Median (top) and maximum (bottom) performance with interquartile range over generations for the obstacle avoidance
(left) and foraging task (right). The individual learning robot is presented by the green colour. Robot-to-robot learning with 4
robots is presented in yellow and with 8 robots in red. The results are compiled over 10 replicate runs.

percentage of the population is used by the clone component
of the algorithm.

C. Selection pressure

Although the algorithm that is running on every robot is the
same and the same parameters are used, the overall dynamics
of the system are different. An analysis of the selection
pressure will show this. The selection pressure expresses the
correlation between the fitness of an individual and the number
of offspring. We specifically use the Kendall’s τ -b measure
explained in [14]. In short, it measures the correlation between
fitness and number of offspring. A high value for τ -b indicates
a strong correlation between fitness and offspring and therefore
high selection pressure.

In Figure 8 the selection pressure over generations are
shown for 1 (green),4 (orange) and 8 (red) robots. On the
left, the selection pressure is aggregated over all robots,
while on the right the selection pressure for the first robot
is isolated, meaning only one robot is chosen in the robot-to-
robot learning experiments to express the selection pressure.

Looking at the left graph, we can observe that the selection
pressure for 1 robot is a bit higher than for more robots. This is
logical because the whole population is divided over multiple
robots and only the population of one robot is considered
to create offspring. While the overall best controller can be
selected every time for the 1 robot experiment, it does not
participate in the creation of offspring on the other robots.
As a result, the correlation between fitness and number of
offspring is not as high as the correlation of 1 robot.

The right graph shows the selection pressure on one robot
(robot number 1). Therefore, the selection pressure for the
1 robot experiments is identical to the left graph. For the
robot-to-robot experiments, we see an increase in the selection
pressure but also an increase in volatility. This is because, on
one robot, the population size decreases and the best controller

has more impact on the creation of offspring when using
tournament selection.

VI. DISCUSSION AND CONCLUSION

In this paper, the effect of robot-to-robot learning on the
learning speed, performance and network complexity using
physical robots is investigated for two tasks.

We have shown that the median performance is more robust
when using more robots. Although the increase in robustness is
not overwhelming, robot-to-robot learning at least distributes
the search and reduces the wall clock time needing to learn
a specific task without loss of performance compared to an
individual learning robot.

The increase in robustness of the median performance is
probably because more robots are more likely to retain the
controllers of the good performing controllers. A possible
explanation for this is that good controllers are tested by
multiple other robots that all start at a different position. Even
though the fitness function of a foraging task is very stochastic,
a good controller will probably perform well on one of the
other robots.

Additionally, we have shown that using more robots results
in less complex controllers. While this might be a logical
result of our specific implementation details, the fact remains
that we can reach a similar performance level with less
complex controllers when using multiple robots. A decrease in
controller complexity means that the search space is reduced:
this is especially useful in a physical setup where the time is
an important restriction.

Observing the selection pressure showed that the overall
dynamics change when using multiple robots, even though the
algorithm on the specific robot remains identical. We showed
that the selection pressure over all robots decreases while
the selection pressure on the individual robot increases. This
might result in an overall better exploration versus exploitation
balance.



Figure 6: Fitness of the obstacle avoidance task (top) and foraging task (bottom). The x-axis presents the individuals per
generation. The y-axis presents the run. The rows represents the results for 1, 4 and 8 robots. Within one run, the individuals
are sorted on fitness of which the colour reflects the value. When using multiple robots, the individuals of the final generation
for all robots are combined and sorted on fitness.

Figure 7: Median network complexity with interquartile range at the final generation for the obstacle avoidance task (left)
and foraging task (right). Network complexity is expressed as the average number of edges in the network. The results are
compiled over 10 replicate runs.

One can argue that our specific implementation of robot-to-
robot learning has a link with parallel EAs and island models
[15], [16]. Most of the work in parallel EAs and island models
are focussed mainly on runtime analyses [15]. Measuring this
in ER is of lower importance because the evaluation time
of the robot is much larger than the computational effort.
Additionally, the fitness function in evolutionary robotics is
extremely stochastic. This is due to the specific location of
the robot and the behaviour required in that location. This
relevance of the location of the robot is not present with
parallel EAs and island models. Despite the differences, we do
believe that there are some common elements too. Especially,

studying the effect of the number of islands/robots on the
diversity of the whole population is of interest to both fields.

It is clear that using multiple robots changes the dynamics of
the learning algorithm. However, based on the limited number
of physical experiments executed in this paper, we are unable
to identify the explicit ”magic” of robot-to-robot learning.
In future work we will return to a simulation platform for
an in-depth analysis of the impact of robot-to-robot learning.
Because the robots learn in an online fashion, the learning
mechanisms in the physical robots and the simulation platform
will be identical. Therefore, we can use results in simulation
to validate the physical experiments.



Figure 8: Selection pressure over generations for 1 robot (green), 4 robots (orange) and 8 robots (red), including interquartile
range over generations for the foraging task combined over all robots (left) and robot number 1 (right), meaning that the results
of only one robot are presented for the robot-to-robot learning experiments. The results are compiled over 10 replicate runs.

To conclude, this paper showed some promising results
when applying robot-to-robot learning. It is shown that a
complex task, such as the foraging, can be learned within the
hour due to robot-to-robot learning. Therefore, online learning
methods can be tested for more complex tasks than currently
possible when using robot-to-robot learning. This will hope-
fully help the field of ER to be a worthwhile alternative to
hand-coded robots for an environment not fully known to the
designers.
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