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Abstract

In large scale systems of embodied agents, such as robot swarms, the ability to flock is essential
in many task. However, the conditions necessary to evolve self-organised flocking behaviours remain
unknown.

In this dissertation, we study and demonstrate how evolutionary techniques can be used to synthesise
flocking behaviours, in particular, how fitness functions should be designed to evolve high-performing
controllers. In our study, we consider Reynolds’ seminal work on flocking, the boids model. We identify
two approaches that can be used to automatically synthesise robot controllers for flocking behaviour,
both using a simple, explicit fitness function inspired by Reynolds flocking rules.

In the first approach, the components of the fitness function are directly based on Reynolds’ three
local rules that enforce respectively separation, cohesion and alignment between neighbouring robots.
We found that embedding Reynolds rules in the fitness function can lead to the successful evolution
of flocking behaviours, but with the condition that the fitness scores the three components in respect
to the whole swarm, rather than only considering local interactions. In the second approach, we show
that not all Reynolds’ principles are needed to evolve flocking. In particular, the alignment need not be
explicitly rewarded to successfully evolve flocking.

Our study thus represents a significant step towards the use of evolutionary techniques to synthesise
collective behaviours for tasks in which embodied agents need to move as a single, cohesive group.
Keywords: Flocking, Evolutionary Robotics, Genetic Algorithms, Neural Networks, Robotic Con-
trollers.

1. Introduction

There has been a growing interest in using robots in
tasks, such as navigation, search and rescue, and en-
vironmental monitoring that require high degrees of
autonomy, mobility, flexibility and robustness [24].
Such tasks can be addressed by the promising ap-
proach of swarm robotics [5], that aims to pro-
duce robust, scalable and flexible systems that ex-
hibit self-organised collective behaviour. The gen-
eral idea in swarm robotics is to use large groups
of autonomous collaborating robots with relatively
simple hardware and decentralised control, rather
than a single or a few complex robots.

Flocking is one of the collective behaviours that
are exhibited in nature. Flocking became widely
studied after the seminal work of Reynolds [22],
in which he defined three simple, behavioural rules
(cohesion, separation and alignment) that were able
to generate realistic flocking behaviour in computer
animation. Flocking has since become an area of
study in several fields beyond biology and computer
animation, such as robotics, statistical physics, and

control theory [27, 29, 25, 17].

In swarm robotics, collective behaviours such as
flocking can be achieved with automatic design
methods. Evolutionary Robotics (ER) is the field
that aims to synthesise controllers for autonomous
robots, in which the evaluation and optimisation of
controllers are holistic in a self-organisation process
[16], therefore, not requiring manual and detailed
specifications of the desired behaviour by the exper-
imenter [4]. The underlying idea is inspired in Dar-
win’s theory of evolution, which through an artifi-
cial selection process, the fittest individuals are the
ones chosen to populate the next generation [11].

Throughout ER research, numerous behaviours
have successfully been evolved, such as aggregation,
dispersion, foraging, and so forth [26, 23, 6, 1, 12].
However, it is still unclear how high-performance
flocking behaviours can automatically synthesised
by means of artificial evolution. To date, flocking
has primarily be achieved with hand-programmed
control [27, 10, 15]. However, manual specification
of the behaviours can prevent non-obvious solutions
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from being discovered [16]. In addition, such an ap-
proach is often limited when it comes to tasks and
environments that are not entirely characterised
prior to robots deployment. It might not be easy
for the designer to find the individual behaviours
and the necessary interactions that lead to flocking
in an unspecified environment or situation, which
can help to explain why flocking studies have been
mostly conducted in simulation or in controlled lab-
oratory conditions. Automatic design methods are
an alternative approach to design agents through a
self-organised process without the need to specify
or understand all the necessary interactions among
the robots and the environment. Thus, an auto-
matic design method, such as ER, has the potential
to synthesise flocking behaviours for different envi-
ronments and task scenarios.

In this thesis, we study how to automatically syn-
thesise robot controllers for self-organised flocking
behaviour based on artificial evolution. In particu-
lar, we consider Reynolds seminal work on flocking,
adapting Reynolds’ flocking model with evolution-
ary techniques.

2. Related Work

Zaera et al. [32] were among the first to report on
attempts to evolve controllers that could exhibit be-
haviours similar to flocking, schooling or herding,
but without success. Zaera et al. intended to de-
velop neural network-based sensorimotor controllers
for schooling behaviour in three dimensions, using
realistic Newtonian kinematics, such as inertia and
drag. The authors tried to evolve behaviour based
on the definitions of flocking suggested in the lit-
erature (such as Reynolds’ rules [22]), namely by
rewarding individuals for moving at the same speed
or for maintaining a certain distance to their neigh-
bours, but they only succeeded in evolving simple
group behaviours: aggregation and dispersion.

The authors expressed the difficulty in formulat-
ing an explicit fitness function that is able to mea-
sure the degree of schooling exhibited by a group
of agents, claiming that schooling behaviours arises
from complex interactions of a number of factors,
which are hard to capture in a simple fitness func-
tion. The authors furthermore claimed that it can
be more difficult to evolve schooling than using
manual design methods. It should be noted, how-
ever, that Zaera et al. [32] neither specified the fit-
ness functions that were tried, nor did they provide
a detailed and quantitative analysis of the obtained
behaviours.

Felt and Koonce [8] modelled their approach
closely to Zaera et al.’s work, but with a number
of significant differences. First, their work was not
subject to realistic laws of physics and agents moved
in two dimensions rather than three. In addition,

the agents were provided with complete information
about their closest neighbours, instead of simulating
vision. The authors experimented with a different
neural network architecture, and tried several differ-
ent fitness functions and training scenarios, namely
by explicitly rewarding solutions that displayed co-
hesion, solutions that promote alignment, and so-
lutions that reached a food patch. Despite these
differences, the authors were unsuccessful. Similar
to Zaera et al.’s findings [32], Felt and Koonce [8]
concluded that ”finding a good fitness function for
the genetic algorithm is equally difficult, if not more
difficult, than the task of handcoding a controller
that imitates flocking (...)”.

Instead of trying to explicitly encode flocking in
the fitness function, Ward et al. [30] had more suc-
cess than Zaera et al. [32], claiming that the ob-
tained results ”would have been difficult, if possible
at all, to foresee or even implement” with manual
design methods. In their work, predators and prey
coevolved to produce flocking behaviour. The fit-
ness function is based on the virtual energy levels
of each agent, and agents consume or gain energy
by performing a given behaviour, such as moving,
eating, and mating. At the end of a generation, the
individuals selected for reproduction are the ones
that have higher energy levels. This simple and im-
plicit fitness function led to some interesting results,
where preys learned to get close to one another, as
well to the food, and predators learned to pursue
preys. However, despite the interesting results, it
is not clear to which degree flocking was displayed,
since no metrics were applied to quantify the degree
of cohesion and alignment among the preys. The
authors tried to provide a detailed and quantitative
analysis about their work, but they only used the
Euclidean distance to measure the distance between
the agents and the food, which gives little informa-
tion about the degree of cohesion and none about
alignment. In fact, the images in the paper show
multiple fragmenting groups of preys, instead of a
single cohesive flock moving in a common direction.

Baldassarre et al. [1] evolved behavioural control
that enabled a swarm of four simulated Khepera
robots to aggregate and move as a group toward
a light source. Although the study is not strictly
focused on flocking, it is actually one of the the
most frequently cited papers in ER about flocking
behaviour, since flocking emerged in one of the ex-
periments. The authors formulated the fitness func-
tion with two components, a compactness compo-
nent that promotes cohesion, and a speed compo-
nent that promotes movement in the direction of
the light source. From a set of 10 evolutionary runs,
a variety of strategies emerged, including flocking in
one out of the 10 runs. By analysing the flocking
strategy, the authors observed that evolved individ-
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uals had different behavioural roles, such as leader
and followers. The authors concluded by highlight-
ing the potential of artificial evolution for automat-
ing the design of the desired behaviours which con-
tradict the findings of Zaera [32].

In a more recent contribution, Witkowski and
Ikegami [31] evolved neural networks able to dis-
play flocking behaviour in a foraging task via sig-
nalling. As in Ward et al. [30], the authors used an
implicit fitness function that is based on the virtual
energy level of each agent. The agents spent energy
when moving or emitting signals, and gained energy
when eating. The communication between agents
via signalling promoted the flocking behaviour and
helped establish temporary leaders-followers rela-
tions. Similar works can be found in [13, 18, 19, 3],
in which flocking was not encoding explicit in the
fitness function, but rather evolved in the presence
of biological hypothesis, mostly scenarios involving
prey-predators.

Overall, there are only few studies that report
on attempts at evolving flocking behaviour in evo-
lutionary robotics, and the conditions necessary
to evolve flocking behaviour for a swarm of au-
tonomous robots are still unclear. In particular,
it remains unexplored how to design fitness func-
tions to explicitly and effectively reward flocking
behaviours. In this paper, we show evolutionary
techniques can be used to automatically synthesise
robot controllers for flocking behaviour, using a sim-
ple, explicit fitness function inspired by Reynolds
flocking rules.

Materials and Methods

In this study, we use a circular differential drive
robot model with a diameter of 10 cm. The two
wheels enable the robots to move at speeds up to 10
cm/s. Each robot is further equipped with limited
onboard sensors: one alignment sensor to perceive
the neighbours average orientations, and four robot
sensors to detect the neighbours distance, both with
a range of 25 cm.

The alignment sensor computes the average rela-
tive orientation of the robot to its neighbours within
the range of the sensor. The sensor’s value is [0, 1].
If the robot has the same orientation as its neigh-
bours, the reading sensor has a value of 0.5. Oth-
erwise, if the average orientation is in ]0, π] or in
] − π, 0[, the reading sensor is between [0, 0.5[ and
]0.5, 1], respectively.

The four robot sensors provide information about
the distance to the closest neighbour in four sections
around the robot. Each sensor has an opening angle
of 90◦ and a range of 25 cm. The reading of a sensor
depends linearly on the distance of the closest robot
within the sensor’s field of view, according to the

following equation:

R = 1− dn
range

(1)

where dn is the distance to the closest neighbour.
We use an unbounded environment. The robots

are initially placed at random initial positions and
with random orientations within a square. The
side length of the square depends on the num-
ber of robots according to the following formula:

1
5

√
#robots

5 , which means that the robots start rel-
atively close to one another. In our experiments, we
used different configurations of swarm sizes, namely
5, 8, 11 and 16 robots, to promote the evolution of
general and scalable behaviours.

The experiments were conducted in simulation
by using JBotEvolver, a Java-based open-source,
multirobot simulation platform and neuroevolution
framework [7]. The use of open-source software al-
lows the experiments in this paper to be replicated
and extended by other researchers. The code, the
configuration files, and the results can be found
at [20].

Controller Architecture and Evolutionary Algo-
rithm
In evolutionary robotics, artificial neural networks
(ANNs) are often used as robotic controllers[14]. As
input, the ANN takes normalised readings from the
robot’s sensors and the ANN’s output control the
robot’s actuators. We use a continuous time recur-
rent neural network (CTRNNs)[2], with three layers
of neurons: a reactive input layer fully connected to
a hidden layer, which, in turn, is fully connected to
an output layer. The input layer has one neuron
for each input sensor and the output layer has one
neuron per actuator. Thus, our CTRNN has a to-
tal of five input neurons (four robot sensors and one
alignment sensor), two output neurons (one for each
of the two wheel actuators), and a hidden layer of
10 neurons.

The parameters of the neural network, such as the
connection weights, are then optimised by an evolu-
tionary algorithm, to synthesise controllers. We use
a simple generational evolutionary algorithm with
a population size of 100 genomes. Each genome
was evaluated over 24 samples: six samples for
each of the four variations of swarm sizes (5, 8, 11
and 16 robots). Each sample last 3000 simulation
time steps, which is equivalent to 300 seconds. Af-
ter all the genomes are evaluated, the individuals’
mean fitness scores are used for selection. The five
genomes with highest mean fitness score are selected
to become part of next generation and to populate
it with offsprings. The genotype of an offspring is
the result of applying a Gaussian noise (mean: 0,
st. dev: 1) to each gene with a probability of 10%.
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The fitness function has to reward the individu-
als with quantitative measures that favour flock-
ing, for the evolved solutions to exhibit flocking
behaviours. We therefore adopt Reynolds seminal
work [21], since he successfully defined three sim-
ple rules that can achieve flocking. We transform
Reynolds’ three rules respectively for cohesion, sep-
aration and alignment to components of the fitness
function as follows:

F =

time−steps∑
t=0

(Ct + St +At)

T
+M, (2)

where the first three components correspond to the
Reynolds rules: C — cohesion, S — separation,
A — alignment. Although these three components
are sufficient to evolve flocking, we considered an
additional and optional component for movement,
M . The components, C, S, A, and M , are detailed
below.
Cohesion component (C): rewards each robot

for moving to the centre of mass of their neighbours,
as in Reynolds rule:

C =
1

N

N∑
i=1

(1− di
R

) (3)

where N is the number of robots, di the Euclidean
distance a given robot is to its neighbours and R
the corresponding robot sensor range (25 cm).
Separation component (S): penalises robots

for colliding with each other, similar to the
Reynolds rule of avoiding collisions with nearby
flockmates.

S = −numberOfCollisions (4)

Alignment component (A): rewards each
robot for matching its orientation with the aver-
age of their neighbours, as Reynolds suggests steer
towards the average heading of local flockmates[21]:

A =
1

N

N∑
k=1

ψk (5)

ψk =
1

F

F∑
a=1

eiθa (6)

where N is the number of robots, F the number
of flockmates of a individual k (including itself),
and θa is the orientation of the corresponding flock-
mate a. This term first computes the average ori-
entation of each robot with its nearby neighbours,
similar to the formula of the order metric (see Sec-
tion Metrics). Each individual can gain a reward
between [0, 1], having a value of 1 when the neigh-
bourhood has a common direction, and a value of
0 when there is no alignment (or no neighbours).

Then, A is computed as the mean score of all these
individual rewards.

The above components only reward the swarm
for cohesion and alignment. Thus, when conducting
our initial set of experiments, flocking did emerge,
but around the robots initial positions, since the fit-
ness has no reward for moving farther away. There-
fore, we consider an additional and optional com-
ponent for movement, M , that promotes the swarm
to move away from the initial positions:

M =

{
d/D d ≤ D

1 otherwise
(7)

where D is a parameterised distance that the swarm
should move (5 m) and d the actual distance the
robots moved, in average. When d > D, M is set
to a value of 1, thereby M is defined in [0, 1]. Rather
than just promoting the robots to go farther, this
term could as well be adapted to enable flocking for
a specific task, such as area coverage or foraging.

Metrics

Flocking behaviour is usually defined as an aggre-
gate and polarised motion [22], where individuals
move together in a common direction. Thus, in
order to evaluate our work, we used metrics that
measure the alignment and cohesion of the swarm,
similar to other works in robotics [9, 27].

Order: To evaluate the degree of alignment
among the individuals, we used the order metric,
well known both in robotics and control theory
[9, 27, 28]:

ψ =
1

N
·
N∑
k=1

eiθk (8)

where θk is the orientation of individual k. This
metric averages the orientation of the N robots,
having a value of 1 when the swarm is aligned, and
value of 0 when there is no common direction.

Number of Groups: As to evaluate flock cohe-
sion, we adapted the metric number of group sug-
gested by Ferrente in [9]. Ferrante defined this met-
ric as the number of groups at the end of the experi-
ment. To define what constitutes a group, Ferrante
used equivalences classes {x ∈ N | x ∼ a}, being N
the set of all robots, a an element of the set, and∼ is
the neighbourhood equivalence relation. More con-
cretely, the distances between all pairs of robots are
computed, and then, with a given distance thresh-
old, the subsets of robots that share the same neigh-
bourhood are found, making each different subset a
new equivalence class. For instance, robot A and B
are neighbours if their distance is smaller than the
defined threshold, and if B is also neighbour of C,
this results in an equivalence class constituted by
robots A, B and C. In the end, the total number
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of of groups is equal to the number of equivalence
classes.
Swarm Cohesion: Evaluating flock cohesion

just in terms of group splits can be limiting, given
that it is also important to consider the number of
robots in each subgroup. When the swarm splits,
it is preferable that only a few robots leave the
main group, than the main group splits into two
or more large subgroups. Considering this, we used
an additional metric that computes the proportion
of robots that remain in the main group:

1− Nrl
N

(9)

where Nrl is the number of robots that leave the
main group, i.e. the group with the majority of the
robots.

Results and Discussion
A total of 30 evolutionary runs were conducted,
each lasting 6000 generations. For the highest-
scoring controller evolved in each run, we conducted
a post-evaluation with 400 samples, 100 for each of
the four combinations of number of robots (5, 8,
11 and 16 robots). In this section, we present the
results obtained, and we analyse the performance
and behaviours of the evolved solutions according
to the metrics presented in Section Metrics.

Experimental setup inspired by Reynolds local rules
- Local setup
Figure 1(left) shows the fitness trajectories of the 30
evolutionary runs. The highest-scoring controller
obtained an average fitness of 2.63±0.11 during post
evaluation, as shown by the box-plot in Fig 1(right).

Figure 1: Left: Fitness trajectories of the highest-
scoring controllers evolved in each evolutionary run.
Right: Distribution of the post-evaluation fitness
scores achieved by the highest-scoring controller of
the 30 evolutionary runs conducted. The box-plot
summarises results from 400 post-evaluation sam-
ples.

We scored the evolved behaviours according to
the metrics presented in Section Metrics to evaluate
the flocking performance, see Fig 2. Figure 2(left)
summarises the performance of the highest-scoring

controller in terms of alignment (the order metric).
The results show that the evolved solution scored a
mean value of 0.82± 0.06 during the experiment.

Figure 2(centre) shows the performance of the
highest-scoring controller in respect to the number
of groups metric. The evolved solution had a mean
number of groups of 1.92±0.38 at the end of the ex-
periment. Thus, the swarm tends to fragment into
two or three groups.

We then evaluated the proportion of robots that
tend to leave the swarm with the swarm cohesion
metric, shown in Fig2(right). The highest-scoring
controller achieved a mean value of 0.80± 0.05. In-
specting the results, we observe that, as the evo-
lution progresses, an increasing number of robots
tend to leave the group, leading to a swarm cohe-
sion of 0.75 ± 0.23 in the end of the experiment.
This means that, when the swarm fragmented, by
the end of the experiment, around 25% of the robots
have left the swarm.

Examples of evolved behaviours for the four dif-
ferent configurations of number of robots (5, 8, 11
and 16) can be seen in Fig 3. Similar to the quanti-
tative results, we can observe that overall the swarm
is able to align and remain cohesive, but it tends
to fragment into local groups. These results can
be explained by the fitness function itself promot-
ing only local cohesion and local alignment, since
it was adapted from the local rules of Reynolds:
robots learn to flock, but only with their immedi-
ate neighbours.

Experimental setup scoring global behaviour -
Global setup
In the previous experiment, we observed that scor-
ing local behaviour resulted in local flocks rather
than global coordinated motion. In this section, we
reformulate the fitness function so that it is based
on global alignment and global cohesion, changing
the alignment and cohesion components as follows:

F g =

time−steps∑
t=0

(Cgt + St +Agt )

T
+M, (10)

Alignment component (Ag): scores the orien-
tation of the swarm, promoting a common direction
between all individuals. This term is computed us-
ing the same formula of the order metric:

Ag =
1

N
·
N∑
k=1

eiθk (11)

Cohesion component (Cg): rewards the
swarm for keeping together as a group by using the
formula:

Cg =
1

NumberofGroups
(12)
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Figure 2: The figure summarises results of the average from the 400 post-evaluation samples of the
highest-scoring controller in terms of the metrics presented in Section Metrics. Left: The order metric
trajectory across the 3000 simulation steps. Centre: box-plot of the distribution of the number of groups
metric. Right: The swarm cohesion trajectory across the 3000 simulation steps.

Figure 3: Example of the behaviour displayed by the highest-performing controller, with 5, 8, 11 and 16
robots, from left to right. The lines represent the trajectory of the robots.

where the term NumberofGroups is the same as in
Section Metrics. As before, the cohesion component
is defined in [0, 1].

For this new experimental setup, we used the
same configuration of runs, generations and post-
evaluation as in the previous setup. When referring
to the two setups, they will hereinafter be referred
as Local setup: the setup in which the fitness func-
tion, F , is based on local application of Reynolds’
rules (the previous section); and Global setup: the
setup in which the fitness function, F g is based on
global application of Reynolds’ rules (this section).

The 30 fitness trajectories of the controllers
within the 6000 generation can be seen in Fig
4(left). The highest scoring controller achieved an
average fitness of 2.83± 0.21 in post-evaluation, as
shown by the box-plot in Fig 4(right).

Evaluating the performance of the evolved solu-
tion, we can observe that the highest-scoring con-
troller outperformed the best one evolved in the
Local setup, in respect to all metrics, see Fig 5.
Regarding alignment, the results show that the
evolved solution achieved aligned motion, scoring

Figure 4: Left: Fitness trajectories of the con-
trollers in each of the 6000 generations. Right:
Distribution of the post-evaluation fitness scores
achieved by the highest-scoring controller.

a mean value of 0.96 ± 0.08, outperforming the
0.82± 0.06 of the Local setup.

In terms of group splitting, the swarm remains
cohesive during the experiments, obtaining a mean
score of 1.19± 0.16 number of groups. In the Local
setup, the swarm tends to split into two or three
groups, whereas in the Global setup, by scoring
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Figure 5: The metrics scores achieved by the highest-scoring controllers of Global Setup and the Local
setup. Left: the order metric. Centre: the number of groups metric. Right: the swarm cohesion metric.

global cohesion, the swarm is generally able to re-
main a single cohesive group.

As for the swarm cohesion metric, the highest-
scoring controller achieved a mean value of 0.96 ±
0.03 during the experiment, and scoring a mean
value of 0.89 ± 0.17 in the end of the experiment.
Thus, when the swarm splits, only a small propor-
tion of the robots tends to leave the main group,
with only 11% of the robots leaving the group in
the end of the experiment (opposed to the 25%
fragmentation displayed by the highest-scoring con-
troller evolved in the Local setup). Given that our
experiments were configured to use 5, 8, 11 and 16
robots, this translates into an average of just 1 to
2 robots leaving the group. Observing the plot in
Fig 5(right) with respect to the Global setup, we
can also see an interesting steep increase in the first
500 steps (50 seconds), suggesting that the swarm
size somehow increased. This can be explained by
the fact that, in the beginning of the experiment,
robots are placed close to each other, but at random
positions, which does not ensure that every robot is
seen by its nearest neighbours. To cope with this,
the robots evolved the strategy of moving closely
around their initial positions as to find their neigh-
bours, and only then moving farther away as a sin-
gle flock (observe Fig 6). This can also be seen in
the plot of the order metric, for which the swarm
also takes 500 steps to achieve alignment, the time
needed to ensure the group is formed by every robot
and that they are all aligned before moving away
from their initial positions.

The results show that the evolved solutions suc-
cessfully achieved flocking. By adapting the rules
of Reynolds from local interactions to be global be-
haviour, robots no longer aligned and move accord-
ing to their local neighbours, but instead to the all
swarm, leading to a synchronised coordinated mo-
tion.

After finding that adapting the local rules of
Reynolds as global components of a fitness function
can successfully lead to flocking, we then studied
if the global versions of all of Reynolds principles
are necessary to embed in the fitness function to
evolve flocking. We therefore conducted additional
experiments, from which we find that the compo-
nent of alignment is not required to evolve flocking,
as shown in the next section.

Experimental setup without the Alignment compo-
nent - No Alignment setup
In this setup, No Alignment setup, the fitness func-
tion was formulated to no longer contain the Align-
ment component, hence the fitness function only
rewards the robots for moving as a cohesive group.

Fna =

time−steps∑
t=0

(Cgt + St)

T
+M, (13)

The fitness trajectories of the No Alignment setup
can be seen in Fig 7(left), with the same number
of runs and generations as used in the previous
two setups. Figure 7(right) summarises the post-
evaluation fitness scores of the highest-scoring con-
troller, achieving a mean fitness of 1.87±0.15 (note
that the fitness no longer rewards alignment, and
therefore has a theoretical maximum value of 2 in-
stead of 3 as in the previous setups).

Even without the alignment being explicitly re-
warded in the fitness function, the evolved solution
successfully achieve flocking behaviour, as can be
observed in Fig 8, which shows a similar perfor-
mance to the previous setup, both in terms of co-
hesion and alignment.

With respect to alignment, the highest-score con-
troller had a mean value of 0.97±0.07, slightly out-
performing the best evolved in the Global setup with
0.96±0.08. As for the number of groups metric, the
highest-scoring controller obtained a mean value of
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Figure 6: Example of the behaviour displayed by the highest-performing controller evolved in the Global
setup, with 5, 8, 11 and 16 robots, from left to right. Observing the beginning of trajectory, we can see
the robots evolved the strategy of moving closely around their initial positions, in order to first form an
aligned group before moving away.

Figure 7: Left: Fitness trajectories of the 30 con-
trollers within 6000 generations. Right: Box-plot
of the results of the 400 post-evaluation samples
achieved by the highest-scoring controller of the No
Alignment setup.

1.21±0.18, slightly worse than the 1.19±0.16 of the
Global setup. With respect to the swarm cohesion
metric, the evolved solution scored a mean value of
0.95 ± 0.04 during the experiment and 0.87 ± 0.18
in the final simulation step, similar to the Global
setup that reached 0.96 ± 0.03 and 0.89 ± 0.17, re-
spectively. An example of the behaviour displayed
by the highest-performing controller, see Fig 9.

Results show that the principle of alignment
need not be explicitly rewarded to evolve flock-
ing. Even without scoring alignment, the swarm
achieves aligned motion, with each robot chang-
ing its orientation in synchrony with its neigh-
bours. This can be explained by the fact that, by
just rewarding the swarm for moving as a cohesive
group alignment behaviour is promoted, since col-
lective motion is most easily achieved when motion
is aligned. Indeed, when a robot changes its orien-
tation at the same time as its neighbours, it remains
in range of the rest of the group, resulting in swarm
cohesion.

3. Conclusions

Inspired by Reynolds’ flocking rules, we explored
simple, explicit fitness functions to evolve con-
trollers that effectively demonstrate self-organised
flocking. We started by adapting Reynolds’ three
local behavioural rules to components of the fitness
function, which scored separation, cohesion and
alignment in respect to robots’ neighbours. Having
the fitness scores based on the individuals’ confor-
mity to Reynolds’ rules only resulted in local, frag-
mented flocking behaviours. We therefore modify
the components of the fitness function so that they
consider the entire group of agents simultaneously,
and find that scoring global behaviour lead to global
coordinated motion: the evolved solutions success-
fully displayed self-organised flocking. Our results
showed that flocking can be evolved by embedding
the rules of Reynolds in a fitness function, with the
condition that Reynolds’ local rules become global
instead.

We then studied if components based on all of
Reynolds rules are necessary to achieve flocking.
We found that flocking can be achieved without
explicitly rewarding alignment. Without scoring
alignment, the swarm still achieves aligned motion
with each robot moving in synchrony with its neigh-
bours.

In this dissertation, we have shown that con-
trollers can be evolved to display flocking, a com-
plex behaviour, with a simple explicit fitness func-
tion, contrary to what was claimed in previous
work [32]. In our ongoing work, we are study-
ing how to integrate flocking in the evolution of
other collective behaviours that benefit from the
same principles of flocking, indeed, aggregation and
coordinated motion can play an important role in
patrolling tasks, environment monitoring, foraging
and similar real-world tasks that can be undertaken
by swarms of autonomous robots.
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Figure 8: The metrics scores achieved by the highest-score controller of the No Alignment setup and the
Global setup. Left: The order metric. Centre: the number of groups metric. Right: the swarm cohesion
metric.

Figure 9: Example of the behaviour displayed by the highest-performing controller of the No Alignment
setup, with 5, 8, 11 and 16 robots, from left to right. The behaviour displayed is similar to one in Fig 6.
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