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Abstract—Autonomous robot swarms must be able to make
fast and accurate collective decisions, but speed and accuracy are
known to be conflicting goals. While collective decision-making
is widely studied in swarm robotics research, only few works on
using methods of evolutionary computation to generate collective
decision-making mechanisms exist. These works use task-specific
fitness functions rewarding the accomplishment of the respective
collective decision-making task. But task-independent rewards,
such as for prediction error minimization, may promote the emer-
gence of diverse and innovative solutions. We evolve collective
decision-making mechanisms using a task-specific fitness function
rewarding correct robot opinions, a task-independent reward for
prediction accuracy, and a hybrid fitness function combining the
two previous. In our simulations, we use the collective perception
scenario, that is, robots must collectively determine which of two
environmental features is more frequent. We show that evolution
successfully optimizes fitness in all three scenarios, but that only
the task-specific fitness function and the hybrid fitness function
lead to the emergence of collective decision-making behaviors.
In benchmark experiments, we show the competitiveness of the
evolved decision-making mechanisms to the voter model and the
majority rule and analyze the scalability of the decision-making
mechanisms with problem difficulty.

Index Terms—evolutionary swarm robotics, collective decision-
making, collective perception

I. INTRODUCTION

Robot swarms [1] are decentralized multi-robot systems that
rely on local communication and perception. The global swarm
behavior emerges from local interactions between robots and
between robots and their environment. Collective decision-
making is the capability of a robot swarm to make a choice
among multiple options as a collective and essential to creating
fully autonomous swarm robotic systems. A frequently used
problem scenario is collective perception [2] where swarms
must determine which of two environmental features is more
frequent. Over the years, a variety of collective decision-
making mechanisms have been proposed, the most well-known
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(a) arena (b) robot

Fig. 1. Illustration of the experimental setup (a) with black and white tiles
representing the environmental features in the collective perception task and
robot model (b) with five horizontal IR sensors (dashed lines), a ground sensor
(not visible), and a LED indicating its current opinion (red representing black,
blue representing white).

ones are the voter model and the majority rule [1]. To make
a collective decision, swarm members adopt the opinion of a
random neighbor in the voter model. By contrast, swarm mem-
bers adopt the majority opinion of their neighbors when using
the majority rule. These two decision-making mechanisms
illustrate the so-called speed versus accuracy trade-off, that
is, faster decision-making leads to a loss of decision accuracy
and vice versa [3]. On average, the voter model is accurate
but slow, while the majority rule is fast but less accurate. To
be efficient, fast and accurate decision-making mechanisms
are needed. Researchers frequently engineer new or improve
existing decision-making mechanisms to increase efficiency,
for example, using Bayesian hypothesis testing [4] or the Ising
model [5]. While methods of evolutionary computation have
been used to study human collective decision-making from an
evolutionary perspective [6], they have only rarely been used
to generate collective decision-making mechanisms [7] despite
their proven capability to generate controllers for various other
swarm behaviors, such as collective motion [8].

The limited literature includes the work of Morlino et
al. [9] who evolved decision-making mechanisms using a task-
specific reward to determine the density of an environmental
feature but relied on global communication, which contradicts
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Fig. 2. Finite state machine for robot motion (a) and probabilistic finite state machine for decision-making (b) based on Valentini et al. [2]. Time periods trot
n ,

tstr
n , texp

n , and tdis
n are randomly sampled. Angle βn is 180◦ plus a randomly sampled value. Buffer values ζn smaller than zero indicate that the robot mainly

rotated and is potentially stuck between obstacles.

the principles of swarm robotics. In addition, Almansoori
et al. [7], [10] evolved artificial neural networks (ANN) as
decision-making behaviors in the collective perception sce-
nario [2] by rewarding swarm members for having the correct
opinion in the second half of the evaluation. That is, they rely
on a task-specific fitness function that rewards the collective
perception task. Almansoori et al. compare their best-evolved
decision-making behavior only against the voter model, omit-
ting a comparison against the usually faster majority rule.
The authors neither studied the influence of task-independent
rewards nor the scalability with problem difficulty.

In this paper, we also evolve collective decision-making
mechanisms in the collective perception scenario. In our ap-
proach, the evolved decision-making mechanisms are plugged
into a probabilistic finite state machine (PFSM) for direct
modulation of positive feedback [2]. We study three different
fitness functions: (i) a task-specific fitness function, (ii) a task-
independent fitness function relying on an intrinsic motiva-
tion [11], and (iii) a hybrid fitness function combining the two
previous. The task-specific fitness function rewards the swarm
members for having the correct opinion in the last time step of
the evaluation and potentially ensures that collective decision-
making behaviors emerge. Our task-independent reward for
prediction accuracy could lead to faster decision-making since
a collective opinion is easy to predict. Task-independent re-
wards and, in particular, intrinsic motivations have only been
used rarely in multi-agent and swarm settings [12] and, to the
best of our knowledge, not yet for collective decision-making
tasks. These rewards give the evolutionary process the freedom
to come up with creative and innovative solutions because the
fitness function does not directly constrain how the collective
decision-making task is solved. However, the emergence of
desired behaviors is neither provoked nor guaranteed. Our
main contribution is that we are, to the best of our knowledge,
the first to study the influence of task-independent rewards
on the evolution of collective decision-making mechanisms
for the collective perception task. We show that the use of
a purely task-independent fitness function requires a careful
configuration of the scenario to result in useful swarm behav-
iors and analyze the impact of the task-independent reward in

the hybrid fitness function on the performance of the evolved
decision-making mechanisms. In addition, we highlight the
competitiveness of the evolved decision-making mechanisms
to the voter model and the majority rule in benchmark ex-
periments and show that the evolution of decision-making
mechanisms for easier problem difficulties can result in better
scalability with problem difficulty. We introduce our methods
in Sec. II and present our results from the evolutionary runs
and the benchmark experiments in Sec. III. Sec. IV concludes
our paper with a summary of the results and a discussion of
future work. All figures in this paper and supporting materials
are available online [13].

II. METHODS

A. Experimental Setup

In our simulations, we closely follow Valentini et al. in the
setup of the collective perception scenario [2].

1) Arena: We use a square arena of 2 m × 2 m bounded
by walls (see Fig. 1a) in the physics-based BeeGround [14]
simulator. The two environmental features for the collective
perception task are represented by black and white tiles of
10 cm × 10 cm each on the arena surface. We vary problem
difficulty ρ∗, that is, the ratio of the more frequent feature
to the less frequent feature [2], in our experiments. Problem
difficulty ρ∗ is given by

ρ∗ = min

(
ρwhite

ρblack
,
ρblack

ρwhite

)
, (1)

ρwhite is the percentage of white tiles and ρblack the percentage
of black tiles. Thus, an arena with 20 % of black tiles and
80 % of white tiles has a problem difficulty of ρ∗ = 0.25 and
a problem difficulty ρ∗ of 1 means that half the tiles are black
and the other half are white. BeeGround can simulate real time
up to 100 times faster without loosing sampling resolution. We
give all times in real time in this paper.

2) Robot: Our custom robot model (see Fig. 1b) is similar
to popular robot platforms used in swarm robotics, such as the
e-puck [15]. The robot has a diameter of 7 cm, a differential
drive with a maximum speed of 10 cm

s , and a LED on
top indicating its current opinion. Its five horizontal frontal
proximity sensors have a range of 10 cm and are updated



every 0.15 s. The robot measures every 0.2 s whether the
arena surface below it is black (0) or white (1) with a binary
ground sensor. Each robot can broadcast messages containing
its ID and current opinion to its neighbors in a 70 cm radius
(i.e., local communication) and stores the opinions of up to
four unique neighbors in a message queue. As input for our
decision-making mechanisms, we aggregate the information
stored in the message queue into two virtual sensors. Sensor s0
gives the percentage of neighbor opinions with value white in
the message queue and sensor s1 gives the number of received
messages normalized by the maximum message queue length.
We use a swarm of N = 20 robots resulting in a swarm
density (i.e., area covered by robots divided by arena size) of
approximately 0.02 in all experiments.

We base our implementation of the robot behavior (i.e.,
motion and decision-making) on the common low-level control
routines used by Valentini et al. [2] in their initial study on
collective perception. Each robot concurrently executes two
finite state machines (see Fig. 2): a state machine implement-
ing low-level motion routines and a probabilistic finite state
machine implementing the decision-making behavior.

The finite state machine for robot motion implements a
random walk behavior, see Fig. 2a. Each robot alternates
between moving straight for a random time period tstr

n sampled
from an exponential distribution with a mean of 40 s and
turning on the spot in a random direction for a random time
period trot

n sampled from a uniform distribution with bounds
[0 s, 4.5 s]. When a robot detects an obstacle (i.e., wall or
another robot) while moving straight, the robot will turn by
βn = 180◦ + xrand with xrand being sampled from a uniform
distribution with bounds [−25◦, 25◦]. Since thrashing is not
prevented by this approach, we introduce the additional state
unstuck in which the robot rotates in a random direction until
no more obstacles are detected. The unstuck state is activated
when a robot has mainly rotated recently and is thus potentially
stuck between obstacles. To determine if a robot has mainly
rotated recently, we introduce buffer value ζn. The buffer value
decreases when the robot is rotating (i.e., the active state is
rotation or obstacle avoidance) and increases up to a maximum
of 7.5 s when the robot is moving straight (i.e., the active state
is straight motion). Buffer values ζn lower than zero indicate
that the robot has mainly rotated and lead to the activation of
the unstuck state.

The robots’ decision-making behavior is implemented as in
the direct modulation of decision strategies [2], see Fig. 2b.
Different decision-making mechanisms (e.g., voter model [16],
majority rule [3], evolved decision-making mechanisms) can
be applied in this decision-making behavior. The PFSM im-
plementing the collective decision-making behavior has four
states: an exploration and a dissemination state for each of the
two environmental features (i.e., black and white). Each robot
explores its environment by sampling the local ground color
for a time period texp

n drawn from an exponential distribution
with a mean of 10 s. During this exploration phase, the robot
determines a quality estimate ρ̂n of its current opinion, that is,
the ratio of time it perceived the color associated to its current
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Fig. 3. ANNs for evolving collective decision-making mechanisms. The
decision-making ANN (a) is used for all of our three different fitness functions,
while the prediction ANN (b) is only used for the two fitness functions
with a task-independent component. s0(i), . . . , s2(i) are the sensor values
at propagation i and p0(i + 1), . . . , p2(i + 1) are the predictions for the
respective sensor values at the next ANN propagation i + 1. d(i − 1) gives
the robot’s opinion (i.e., black or white).

TABLE I
PARAMETERS

parameter value
max. generations 300 (FMS ), 600 (FTS , FHB)
evaluation length 200 s
evaluations per genome 6
population size 50
parent selection fitness proportionate
survivor selection age-based
elitism 1
crossover none
mutation rate 0.2
swarm size N 20
number of sensors R 3
problem difficulties (evolution) {0.25, 0.52}
problem difficulties (benchmarks) {0.25, 0.52, 0.67, 0.82}

opinion to the overall duration of the current exploration phase.
Afterward, the robot broadcasts with 1 Hz its current opinion
to its local neighborhood for a time period tsend

n sampled from
an exponential distribution with a mean of Tsendρ̂n. We set
design parameter Tsend to 10 s in our experiments. Thus,
robots modulate positive feedback as higher-quality opinions
result in longer dissemination phases. Subsequent to sending
its opinion, the robot records its neighbors’ opinions for
treceive
n = 3 s. After tdis

n = tsend
n + treceive

n , the robot applies
a decision-making mechanism to update its current opinion
and switches to the respective exploration state.

B. Evolution

In our experiments, we evolve three-layered ANNs as
collective decision-making mechanisms (see Fig. 3a) that are
plugged into the PFSM (see Fig. 2b). This feed-forward ANN
receives four inputs: the percentage of neighbor opinions
with value white s0(i), the number of received messages
normalized by the maximum message queue length s1(i), the
current ground sensor reading s2(i) at ANN propagation i,
and the robot’s last opinion d(i − 1). The ANN outputs
the robot’s updated opinion d(i) ∈ {white, black}. Inputs
are propagated through the ANN pair of each robot at the
end of the dissemination phase. Thus, the number of ANN
propagations may vary between robots as the time periods
determining the length of the exploration and dissemination
phases are randomly sampled.
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Fig. 4. Best fitness over generations g of 10 independent evolutionary runs per fitness function in problem difficulty ρ∗ = 0.52 with task-specific fitness
function FTS (Eq. 2) rewarding correct opinions in the last time step of an evaluation, task-independent fitness function FMS (Eq. 3) rewarding prediction
accuracy, and hybrid fitness function FHB (Eq. 4) combining the two previous. For clearer illustration, we only plot the data of every second generation for
FMS and for every fourth generation for FTS and FHB .
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Fig. 5. Decision-making process over seconds s of the 10 best evolved individuals per fitness function in problem difficulty ρ∗ = 0.52 with task-specific
fitness function FTS (Eq. 2), task-independent fitness function FMS (Eq. 3), and hybrid fitness function FHB (Eq. 4). Boxes give the percentage of swarm
members with the more frequent feature as opinion. Blue boxes represent evaluations leading to a consensus for the more frequent feature, black boxes
represent evaluations leading to no consensus, and gray boxes represent evaluations leading to a consensus for the less frequent feature. The gray areas give
the median exit probability EN over time. The median mean consensus times TN are given by the dashed red lines. Medians are given by the red bars in
the boxes. For clearer illustration, we only plot the data of every second time step.

We use three different fitness functions to evolve collective
decision-making mechanisms: (i) a task-specific fitness func-
tion FTS , (ii) a task-independent fitness function FMS , and
(iii) a hybrid fitness function FHB combining the two pre-
vious. Our task-specific fitness function FTS rewards higher
percentages of swarm members with the correct opinion in the
last time step of the evaluation. Fitness FTS is given by

FTS =
nbest(T − 1)

N
, (2)

nbest(T − 1) is the number of robots in the swarm with the
best feature as opinion at the last time step of an evaluation.

We use our minimize surprise approach as our task-
independent fitness function FMS [17]. Here, each robot has
a prediction ANN (see Fig. 3b) next to the decision-making
ANN. The prediction ANN is a three-layer recurrent ANN that
outputs predictions for the robot’s sensor values at the next
ANN propagation i+1. We reward the prediction accuracy of
the predictor ANN, that is, we minimize the prediction error
(i.e., surprise). Fitness FMS is defined as

FMS =
1

RI

N−1∑
n=0

in−1∑
i=0

R−1∑
r=0

(1− |prn(i)− srn(i)|) (3)

with swarm size N , number of sensors per swarm member R,
quantity of ANN propagations in of robot n, total quantity of
ANN propagations I =

∑N−1
n=0 in of the swarm, robot n’s

prediction prn(i) for the actual value of sensor r at ANN
propagation i and the actual value srn(i) of sensor r at
ANN propagation i. Decision-making ANN and prediction

ANN are evolved in pairs, that means, only the prediction
ANN is directly rewarded but both networks are subject to
selection and variation. Since we do not explicitly reward
collective decision-making in this case, the emergence of
desired behaviors is neither provoked nor guaranteed.

For our hybrid fitness function, we combine the two previ-
ous rewards. As in the task-independent approach, we evolve
pairs of decision-making and prediction ANNs. Fitness FHB

is
FHB =

(
1− FTS

κ
+ FTS

)
FMS (4)

with penalty factor κ > 1, our task-specific fitness func-
tion FTS (Eq. 2), and our task-independent fitness func-
tion FMS (Eq. 3). Thus, we reduce the reward for prediction
accuracy if the swarm did not reach a consensus for the more
frequent feature in the last time step of an evaluation. The
maximum penalty of 1− 1

κ is applied if the swarm reaches a
consensus for the less frequent environmental feature. In our
experiments, we use a penalty factor κ of 2.

We evolve the ANNs using a simple evolutionary algorithm.
Candidate solutions encode the synaptic weights of the ANNs
and we randomly generate the initial population. The parame-
ters for the evolutionary runs are given in Tab. I. Each genome
is evaluated in six independent evaluations. We evaluate the
ANNs in three different black-and-white patterns and the
inverse of these patterns to avoid bias towards one feature. The
fitness of a candidate solution is the minimum fitness observed
in its six evaluations. We do ten independent evolutionary runs
per fitness function and problem difficulty ρ∗ ∈ {0.25, 0.52}.



C. Evaluation Metrics

We evaluate the collective decision-making mechanisms us-
ing two common metrics: mean consensus time TN measuring
decision speed and exit probability EN indicating decision
accuracy. The consensus time TN is the time a swarm needs
to reach a first consensus and the mean consensus time TN

gives the average consensus time over all runs leading to a
consensus. Exit probability EN is the percentage of runs in
which the swarm successfully reached a consensus for the
more frequent feature. Since we do 10 independent evolution-
ary runs per evolutionary setting, we quantify the performance
of the evolved decision-making mechanisms using the median
value of the ten evaluated best-evolved individuals each for
the mean consensus time TN and the exit probability EN .

D. Benchmarks

We compare the mean consensus time TN and the exit
probability EN of the best-evolved decision-making mecha-
nisms of all ten runs per evolutionary setting to the voter
model and the majority rule in benchmark experiments to
evaluate their competitiveness. We run each decision-making
mechanism 1 000 times for 400 s per problem difficulty
ρ∗ ∈ {0.25, 0.52, 0.67, 0.82}. Consequently, we also test the
evolved decision-making mechanisms in problem difficulties
for which they have not been optimized to determine their
scalability with problem difficulty. To ensure comparability,
we use the same evaluation settings (i.e., initial robot poses
and opinions, and ground patterns of black and white tiles) for
the different collective decision-making mechanisms. Since we
obtained comparable results in control experiments with white
or black as the more frequent feature, we set black as the more
frequent feature in all settings without loss of generality.

III. RESULTS

First, we analyze the success of evolving decision-making
mechanisms using our three different fitness functions. After-
ward, we show the competitiveness of our evolved decision-
making mechanisms in benchmark experiments.

A. Evolution of Decision-Making Mechanisms

1) Task-Specific Fitness Function FTS: In both problem
difficulties (i.e., ρ∗ ∈ {0.25, 0.52}), we find a median best
task fitness of 1.0 in the last generation of the evolutionary
run using our task-specific fitness function FTS (Eq. 2) that
rewards high numbers of swarm members with the correct
opinion in the last time step of an evaluation. Fig. 4a illustrates
best fitness over generations for the 10 independent evolution-
ary runs in problem difficulty ρ∗ = 0.52. Compared to the
evolutionary runs in problem difficulty ρ∗ = 0.25 (see [13]
for data), we find high variability in fitness in the higher
generations in the runs in problem difficulty ρ∗ = 0.52. This
is reflected by the fact that the best evolved decision-making
ANNs in all ten runs in problem difficulty ρ∗ = 0.25 reach the
correct consensus (i.e., median exit probability EN = 100 %
and fitness of 1.0) in a median mean consensus time TN of
54.1 s. But only seven out of ten best-evolved individuals
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Fig. 6. Mean decision-making ANN output d and mean inputs to and outputs
of the prediction ANN for one representative best-evolved individual using
fitness function FMS with white (a) and black (b) as the most frequent
environmental feature. Sensor s0 gives the percentage of neighbor opinions
with value white, s1 gives the number of received messages normalized by
the maximum message queue length, and s2 is the ground sensor reading,
see Sec. II-A2.

in problem difficulty ρ∗ = 0.52 reach the correct consensus
(i.e., a fitness of 1.0) in all of their six evaluations in the
last generation. Still, we find a median exit probability EN

of 100 % and a median mean consensus time TN of 90.7 s
here, see Fig. 5a. Thus, evolution successfully optimizes the
decision-making ANNs to make correct collective decisions
but harder problem difficulties complicate the optimization of
the decision-making mechanisms.

2) Task-Independent Fitness Function FMS: Using our
task-independent fitness function FMS (Eq. 3) rewarding pre-
diction accuracy in problem difficulty ρ∗ = 0.52, we find a
median best prediction fitness of 0.81 in the last generation
of the evolutionary run, a median mean consensus time TN

of 41.1 s, and a median exit probability EN of 50 %.
Thus, evolution successfully optimizes the decision-making
and prediction ANN pairs to reach high fitness, see Fig. 4b.
All evaluations lead to a consensus (see Fig. 5b) and decision
speed is high (i.e., low mean consensus time), but only half
of the evaluations result in a consensus for the more frequent
environmental feature (i.e., EN = 50 %). As explained in
Sec. II-B, each candidate solution is evaluated in six indepen-
dent evaluations, three of which have black and three of which
have white as the most frequent feature. The best-evolved
individuals lead to a consensus for one of the two options
regardless of the actual most frequent feature, that is, a part
of the best-evolved individuals always leads to a consensus for
black and the other part always leads to a consensus for white,
see Fig. 6. Consequently, each best-evolved individual reaches
the correct consensus only by chance in half of its evaluations.
This simplifies the prediction task because predicting sensor



value s0 (i.e., percentage of neighbors with opinion white)
becomes trivial since each swarm member’s decision-making
ANN outputs the same fixed opinion. There is no punishment
in the evolutionary process for reaching the wrong consensus,
since robot opinions are independent of the actual state of
the environment (i.e., the frequency of features here) and
only prediction accuracy is rewarded. In addition, we find
that sensor value s1 (i.e., the number of received neighbor
opinions normalized by the maximum message queue length)
is almost always at the maximum of 1.0 and thus easy to
predict. Only the ground sensor value s2 depends on the
actual more frequent feature and the predictions are optimized
accordingly in the evolutionary process. In this way, evolution
exploits the easiest possible way to optimize fitness but does
not result in collective decision-making mechanisms. Based on
these results, we refrain from evolving decision-making ANNs
in problem difficulty ρ∗ = 0.25 and exclude the best-evolved
individuals from this setting from the benchmark experiments.

3) Hybrid Fitness Function FHB: We find median best
fitnesses of 0.88 and 0.77 in the last generation of the
evolutionary runs for problem difficulties 0.25 and 0.52,
respectively, using our hybrid fitness function FHB (Eq. 4) that
combines the two previous rewards. As for the evolutionary
runs with our task-specific fitness function FTS , we find more
variability in fitness in the later generations of the run in the
setting with the harder problem difficulty (i.e., ρ∗ = 0.52), see
Fig. 4c. This has probably two related reasons: (i) the problem
difficulty makes reaching a consensus hard and (ii) the hybrid
fitness function rigorously punishes ANN pairs that do not
lead to the correct consensus or a consensus at all. The best-
evolved individuals in problem difficulty ρ∗ = 0.25 reach a
consensus for the more frequent feature in all evaluations (i.e.,
EN = 100%). We find a median mean consensus time TN of
56.7 s here. Although we find a median exit probability EN of
100 % and a median mean consensus time TN of 83.7 s for the
ten best-evolved individuals in the harder problem difficulty
(i.e., ρ∗ = 0.52), not all evaluations lead to a consensus, see
Fig. 5c. We find that two of the ten best-evolved individuals
do not lead to consensus in any of their six evaluations, and
one best-evolved individual leads to consensus in only two
of its six evaluations. There is however a tendency towards
correct consensus in all runs in which the swarm has not
reached consensus. Increasing the number of generations and
the evaluation length for the harder problem difficulty would
probably lead to less variability and better convergence of
the fitness curve as well as to the generation of decision-
making mechanisms in every evolutionary run. Overall, we
successfully evolved collective decision-making mechanisms
using our hybrid fitness function.

B. Benchmarks

In our benchmark experiments, we evaluate the competi-
tiveness of the evolved decision-making mechanisms to the
standard decision-making mechanisms voter model and ma-
jority rule (see Sec. II-D). We only compare against the best-
evolved individuals of the evolutionary runs using task-specific

fitness function FTS and hybrid fitness function FHB , since
no decision-making mechanisms emerged in the runs using
task-independent fitness function FMS .

For all decision-making mechanisms, we find increasing
mean times to consensus TN and decreasing exit probabil-
ities EN with increasing problem difficulty ρ∗, see Tab. II.
As already known for the two decision-making mechanisms,
the voter model is more accurate (i.e., higher EN ) while the
majority rule is faster (i.e., shorter TN ) in our experiments.
This result is in line with the speed versus accuracy trade-
off [3]. In the experiments with problem difficulty ρ∗ = 0.82,
that is, the hardest problem difficulty used in our benchmarks,
we find a slightly higher exit probability EN for the majority
rule than for the voter model. While the majority rule always
leads to a consensus – either a correct or an incorrect one – the
voter model did not lead to a consensus in 27 % of the runs
here. We expect that the exit probability EN is also higher
for the voter model than for the majority rule in this problem
difficulty when we would increase runtime at the expense of
an even higher mean consensus time TN .

We find equal or higher median exit probabilities EN for all
evolved decision-making mechanisms compared to the voter
model and the majority rule, see Fig. 7. Thus, evolution leads
to higher decision accuracy. In addition, the evolved decision-
making mechanisms have lower mean times to consensus TN

than the voter model, that is, they outperform the voter model
in decision speed, see Fig. 8. Compared to the majority rule,
the evolved decision-making mechanisms have comparable or
slightly higher mean times to consensus TN . Overall, the
evolved decision-making mechanisms are at least competitive
if not more performant than the voter model and the majority
rule. In contrast to the voter model and the majority rule, the
evolved decision-making ANNs receive also the ground sensor
values as input for making a decision. We expect that this
extra input has a beneficial influence on the efficiency of the
decision-making mechanisms since the decision does not only
depend on the opinions of the robot’s neighbor in this case.

Of all evolved decision-making mechanisms, the best-
evolved individuals of the evolutionary runs in problem dif-
ficulty ρ∗ = 0.25 using task-specific fitness function FTS

have the best exit probabilities EN and mean times to con-
sensus TN . These decision-making mechanisms scale up well
in problem difficulty and have even shorter mean times to
consensus TN than the best-evolved individuals in problem
difficulty ρ∗ = 0.52. While all ten best-evolved individuals
using task-specific fitness function FTS in the easier problem
difficulty work well in all tested problem difficulties, three
of the ten best-evolved individuals using task-specific fitness
function FTS in the harder problem difficulty perform poorly
(i.e., no consensus or wrong consensus is reached). This
indicates that evolving decision-making mechanisms in easier
problem difficulties is advantageous and allows evolution to
come up with more efficient decision-making mechanisms.

Our hybrid fitness function FHB led to competitive, but
not more efficient, decision-making mechanisms. In contrast
to our hypothesis, the reward for prediction accuracy did not



TABLE II
MEAN CONSENSUS TIMES TN AND EXIT PROBABILITIES EN FOR THE BENCHMARK RUNS WITH VOTER MODEL (VM), MAJORITY RULE (MR), EVOLVED

DECISION-MAKING MECHANISMS USING OUR TASK-SPECIFIC FITNESS FUNCTION IN PROBLEM DIFFICULTIES 0.25 (TS-E) AND 0.52 (TS-H), AND OUR
HYBRID FITNESS FUNCTION IN PROBLEM DIFFICULTIES 0.25 (HB-E) AND 0.52 (HB-H). VALUES ARE CALCULATED BASED ON 1 000 RUNS OF 400 S PER

DECISION-MAKING MECHANISM AND PROBLEM DIFFICULTY ρ∗ . FOR THE EVOLVED DECISION-MAKING MECHANISMS, THE MEDIAN VALUES OF THE
RESPECTIVE 10 BEST-EVOLVED INDIVIDUALS ARE GIVEN. THE BEST VALUE PER PROBLEM DIFFICULTY IS MARKED IN BOLD.

decision-making ρ∗ = 0.25 ρ∗ = 0.52 ρ∗ = 0.67 ρ∗ = 0.82
mechanism

TN EN TN EN TN EN TN EN

VM 94.9 s 100.0 % 154.7 s 97.1 % 192.5 s 83.4 % 206.3 s 60.2 %
MR 69.5 s 96.7 % 84.5 s 83.5 % 86.8 s 72.8 % 94.1 s 61.1 %

TS-E 55.7 s 100.0 % 85.1 s 99.6 % 111.5 s 98 % 140.1 s 85.8 %
TS-H 57.5 s 100.0 % 90.7 s 99.7 % 123.2 s 96.2 % 151.1 s 80.7 %
HB-E 61.1 s 100.0 % 107.6 s 99.4 % 140.7 s 93.2 % 152.0 s 62.3 %
HB-H 56.9 s 100.0 % 93.1 s 99.7 % 128.2 s 96.3 % 166.3 s 70.6 %
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Fig. 7. Exit probabilities EN (higher is better) for the benchmark runs with voter model (VM), majority rule (MR), evolved decision-making mechanisms
using our task-specific fitness function in problem difficulties of either 0.25 (TS-E) or 0.52 (TS-H), and our hybrid fitness function in problem difficulties of
either 0.25 (HB-E) or 0.52 (HB-H). For the voter model and the majority rule, the plots give one value. For the evolved decision-making mechanisms, the
values of the 10 best-evolved individuals are included.
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Fig. 8. Mean consensus times TN (lower is better) for the benchmark runs with voter model (VM), majority rule (MR), evolved decision-making mechanisms
using our task-specific fitness function in problem difficulties of either 0.25 (TS-E) or 0.52 (TS-H), and our hybrid fitness function in problem difficulties of
either 0.25 (HB-E) or 0.52 (HB-H). For the voter model and the majority rule, the plots give one value. For the evolved decision-making mechanisms, the
values of the 10 best-evolved individuals are included.

lead to higher decision speed (i.e., shorter mean consensus
time TN ). The inclusion of the prediction task seems to
complicate the setting in such a way that the performance
is partly even worse than in the scenario with task-specific
fitness function FTS . Differing from the results for the task-
specific fitness function, the harder problem setting leads to
improvements in mean consensus time TN and exit proba-
bility EN over the easier problem setting when using the
hybrid fitness function. But the ranges of mean consensus
time TN and exit probability EN are larger for the best-
evolved individuals in problem difficulty ρ∗ = 0.52 than for
the best-evolved individuals in problem difficulty ρ∗ = 0.25

indicating a larger performance variability. Two best-evolved
individuals do not lead to a consensus in problem difficulties
ρ∗ ∈ {0.52, 0.67, 0.82} and one best-evolved individual does
not scale well with problem difficulty (i.e., it does not reach
a consensus in harder problem difficulties). Still, the overall
increase in decision efficiency indicates that including our
task-independent reward for prediction accuracy can improve
efficiency when the difficulty of the overall setting is high.

IV. CONCLUSION

Our experiments show that collective decision-making
mechanisms can be evolved in the collective perception sce-
nario using methods of evolutionary computation and task-



specific fitness functions or hybrid fitness functions com-
bining a task-specific and a task-independent reward. Our
task-specific reward is simple and rewards the robot swarm’s
opinion in the last time step of an evaluation. Still, this
reward is sufficient to evolve competitive collective decision-
making mechanisms that are efficient being accurate and fast.
Similarly, the best-evolved individuals of the evolutionary
runs using our hybrid fitness function are efficient collective
decision-making mechanisms. All evolved collective decision-
making mechanisms outperform the voter model and are
slightly slower but more accurate than the majority rule.
But using a task-independent reward for prediction accuracy
did not lead to the emergence of collective decision-making
mechanisms. Instead, robot behaviors with fixed robot opin-
ions independent from the actual best option emerge allowing
trivial predictions of the robot sensors.

To the best of our knowledge, we are the first to study
the evolution of collective decision-making mechanisms us-
ing task-independent rewards. Although using only a task-
independent reward did not lead to the emergence of collective
decision-making mechanisms and combining it with a task-
specific reward did not lead to more efficient decision-making
mechanisms, we still see great potential in evolving collective
decision-making mechanisms using task-independent rewards.
Our experiments with the hybrid fitness function have shown
that our task-independent reward for prediction accuracy can
be beneficial in complex task settings (see Tab. II), as created
in our experiments when combining the prediction task with
the collective perception task. In future work, we will test
different patterns of the two environmental features [18] and
switch from the best-of-two setting used here to a best-
of-n setting with n > 2 to increase the difficulty of the
collective perception task. In these settings, we will investigate
if our hybrid fitness function will lead to the emergence
of better-performing collective decision-making mechanisms
than the task-specific fitness function. Another option to
increase the overall task difficulty is to evolve the complete
decision-making behavior (i.e., we would replace the PFSM
for decision-making, see Fig. 2b, with a neural network) or
even both decision-making behavior and robot motion (i.e.,
replacing both finite state machines, see Fig. 2).

We will also intensify our studies on using a purely task-
independent reward for evolving collective decision-making
behaviors. The choice of the predicted sensor values poten-
tially has a significant impact on the resulting behaviors.
Currently, the sensor values giving a robot’s neighbor opinions
and the decision-making are independent from the sensor
values giving input about the quality of the options in the en-
vironment. A careful configuration of the predictor ANN (see
Fig. 3b) and the robot’s sensors may enable the emergence of
decision-making mechanisms in our purely task-independent
setup. Another promising approach is to use Markov blan-
kets for calibrating the robots’ sampling and communication
frequencies to adjust the difficulty of the scenario so that
decision-making mechanisms may emerge.

In addition to studying the influence of the task-independent

rewards on the evolved decision-making mechanisms in more
detail in future work, we will also study the evolved decision-
making strategies in depth to compare their approach to
decision-making to the voter model and the majority rule.
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