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IRIDIA, Université libre de Bruxelles, Belgium

Abstract
Optimisation-based design is an effective and promising approach to
realising collective behaviours for robot swarms. Unfortunately, the
domain literature remains often vague on the exact role played by the
human designer, if any. It is our contention that two cases should be
disentangled: semi-automatic design, in which a human designer operates and steers an optimisation process (e.g., by fine-tuning the parameters of the optimisation algorithm); and (fully) automatic design,
in which the optimisation process does not involve, need, or allow any
human intervention. In the paper, we briefly review the relevant literature, we illustrate the hypotheses, the characteristics, and the core
challenges of semi-automatic and automatic design, and we sketch the
context in which they could be ideally applied.

Swarm robotics [1] is a promising approach to controlling large groups of
autonomous robots [2]. Although it has attained a notable position in the
scientific literature [3, 4, 5, 6, 7, 8, 9], the lack of a general methodology for
designing collective behaviors for robot swarms hinders its real-world application [10]. In a swarm, robots do not have predefined roles, nor do they
rely on external infrastructures; they act based on local information collected
through their sensors or relayed by their neighbouring peers. The result is a
loosely coupled system whose behaviour emerges from the interactions between the individuals, and between the individuals and the environment.
It is indeed the decentralised nature of a robot swarm that makes the design problem particularly challenging. The collective behaviour of a swarm
cannot be directly programmed: it can only be obtained by specifying the
appropriate individual behaviour, which is generally a difficult endeavour
due to the uncertainty that characterises the operation of a swarm. Which
robot interacts with which other or with which feature of the environment,
and when this happens, is the result of how the system evolves and is unknown at design time.
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To obtain a desired collective behaviour, designers usually proceed by
trial and error. Unfortunately, traditional multi-robot systems and software engineering techniques cannot be applied to swarm robotics. They
rely on the formal derivation of the individual behaviour from specifications
expressed at the collective level [11, 12, 13, 14]. Such a derivation cannot be
performed in the general case because of the decentralised nature of a robot
swarm and of the related issues highlighted above. A few principled manual
design methods have been proposed [15, 16, 17, 18, 19, 20, 21, 22, 23], but
their working hypotheses and constraints limit their general applicability.
In the rest of the paper, we discuss the use of optimisation-based methods for designing robot swarms: we distinguish between semi-automatic and
automatic design, we highlight their potential applications, and discuss issues that we deem crucial for their future development.

Optimisation-based design of robot swarms
An important share of the research in swarm robotics has been dedicated
to what we could call optimisation-based design. In optimisation-based design, the mission to be accomplished by the swarm is formally specified by
defining a performance measure, a function that evaluates the extent to
which the swarm attains the goals and/or violates the constraints of the
mission. The whole design problem is formulated as an optimisation problem: the possible individual behaviours are the search space explored by an
optimisation algorithm that maximises an appropriate objective function.
The objective function could be the aforementioned performance measure
or any other function that, besides measuring the degree of success in performing the mission, includes the (prior) knowledge of a human expert on
how the mission could be tackled by the swarm. A familiar approach to
optimisation-based design is neuro-evolutionary swarm robotics, in which
each robot is controlled by a neural network that maps sensor readings to
actuator commands [24]. The parameters and possibly the structure of the
neural network are selected via an evolutionary algorithm that maximises
an objective function, which in the evolutionary parlance is known as fitness
function.
The distinction we make here between manual and optimisation-based
design is not to be intended as a rigid taxonomy but rather as a convenient
way of understanding and reasoning on the nature of different approaches.
The two categories should not be intended as mutually exclusive. Indeed,
hybrids are possible and even promising. For example, the control software
produced manually could be refined by an optimisation algorithm to finetune free parameters better than a human could do. Although the optimisation algorithm might significantly contribute to improving the performance,
its role would remain secondary and the overall structure of the control
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software eventually produced would remain the one defined by the human
designer. This would have the benefit of preserving intrinsic structural properties of the solution, which could be used to guarantee properties such as
stability and convergence, whenever relevant [17]. Another possible context
in which it is desirable to preserve the structure of the solution is when
one wishes to identify the parameters of models that reproduce behaviours
observed in biological systems [25].
In this paper, we restrict our attention to the design of robot swarms
for two main reasons: swarm robotics is our domain of expertise and, as
mentioned above, the design problem in swarm robotics raises specific issues
that make design by optimisation particularly interesting. Nonetheless, we
believe that the reasoning that follows can be relevant to other areas of
robotics and can be reformulated, at least in its main traits, also for the
optimisation-based design of single-robot systems.

Two categorisations of optimisation-based methods
Optimisation-based design methods can be analysed and understood on the
basis of different categorisations. A commonly adopted categorisation builds
on the notions of on-line and off-line design [26, 27]. In on-line design,
the design process is distributed and operates on the robots while they
perform their mission. On-line design is promising for specific applications—
for example, the real-time adaptation of a few parameters of the control
software to track non-stationary features of the environment. Nonetheless,
it does not appear to be the ultimate solution to designing robot swarms. Its
drawbacks include that (i) it can handle a relatively small search space; (ii)
it can be applied only to cases in which the robots are able to evaluate their
collective performance; and (iii) sub-optimal instances of control software—
typically explored early in the optimisation process—can cause damage to
the robots and/or to the environment. In off-line design, the design process
is performed before the swarm is deployed. Typically, off-line design relies
on computer simulations that reproduce the relevant features of the robots
and of the target environment. In addition to simulations, tests can be
performed with the target robotics platform (or with a simplified version) in
a mock-up environment that reproduces the relevant features of the one in
which the robots will eventually operate. As tests with physical robots are
typically much more costly and time-consuming than simulations, off-line
design relies mostly on the latter. Moreover, simulations are not affected by
the aforementioned drawbacks of on-line design. Indeed, (i) being faster and
cheaper than robot experiments, simulation allows exploring a larger space
of solutions; (ii) simulation provides a God-eye view on the swarm, which
allows optimising also objective functions that could not be computed by
individual robots; (iii) simulation prevents that robots and the environment
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are damaged in the design process. However, by (fully or partially) relying
on simulation, off-line design faces a problem that does not affect on-line
design: the so-called reality gap [28, 29], which is the possibly subtle, yet
unavoidable, difference between simulation and reality. Due to the reality
gap, control software generated in simulation suffers a performance drop
when deployed on physical robots [30, 31]. Also in the case of the online/off-line categorisation, hybrids are possible: one could use off-line design
to generate a system in which some parameters are selected for being finetuned on-line, after deployment.
A further possible categorisation of optimisation-based design stands on
the notions of semi-automatic design and automatic (or, more explicitly,
fully automatic) design. This second categorisation, which is orthogonal to
the on-line/off-line one, is less commonly encountered in the domain literature and it is very rare that authors explicitly position their contribution
with respect to it. Yet, we find this categorisation particularly enlightening
and of fundamental importance for properly framing the research questions
to be investigated and for defining appropriate experimental protocols to
address them. The on-line/off-line and the automatic/semi-automatic categorisations are orthogonal in the sense that they are based on different,
unrelated criteria. By crossing them, four categories can be highlighted:
semi-automatic off-line design, semi-automatic on-line design, automatic offline design, and automatic on-line design. Although the four categories are
possible, they have not received the same amount of attention so far. In
the literature, the most represented category is the one of semi-automatic
off-line design, followed by semi-automatic on-line and automatic off-line
design. To the best of our knowledge, no automatic on-line design method
has been proposed and convincingly assessed, yet. References to the relevant literature are given below, when semi-automatic and automatic design
are illustrated. As stated above, the on-line/off-line categorisation has been
already discussed in the literature and appears to be well understood by the
community. In particular, the implications that the notions of on-line and
off-line design have on the definition of the respective research questions and
experimental protocols are clear and, in our opinion, do not require further
discussion at the moment. On the contrary, it is our contention that the
automatic/semi-automatic categorisation has not received sufficient attention. For this reason, in the following of our discussion, we will exclusively
focus on it.

Semi-automatic and automatic design
In semi-automatic design, a human designer operates an optimisation algorithm as its main design tool. In the off-line case, semi-automatic design
is typically an iterative process in which the designer, guided by their in-
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Figure 1: Flowcharts of typical approaches to optimisation-based
design. a. Off-line semi-automatic design. b. On-line semi-automatic
design. c. Off-line automatic design. d. On-line automatic design. In
the flowcharts, the design process as such is the part contained in the red
box. The blocks outside the red box represent other phases of the life cycle: mission selection/sampling, specifications, and deployment. They are
represented here to provide the context in which optimisation-based design
takes place. A semi-automatic design process—be it off-line or on-line—is
always an iterative process characterised by a feedback loop: it relies on an
optimisation algorithm, but features a human designer in the loop.
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tuition and previous experience, instantiates a first optimisation process on
the basis of their understanding of the mission the swarm must accomplish.
Then, they evaluate the behaviour produced by the optimisation process
either in simulation or with physical robots. On the basis of this evaluation,
the designer modifies the optimisation process in a way that, according to
their judgement, is expected to yield control software that would allow the
swarm to perform the mission more effectively. The elements of the optimisation process that might be modified include characteristics of the control
software architecture (e.g., if a neural network is adopted, number of hidden neurons/layers, presence of recurrent connections), the prefiltering of
sensor readings, the encoding of input and output, the simulation models,
the parameters of the optimisation algorithm (e.g., if an evolutionary algorithm is adopted, population size, mutation/crossover probability), and the
objective function that is optimised (e.g., adding or removing terms to penalise/reward the emergence of certain behavioural features). The designer
executes the updated version of the optimisation process for then evaluating
the new behaviour produced. These steps are repeated until the designer
is satisfied with the control software obtained and/or feels that it cannot
be improved any further. All in all, the process relies on an optimisation
algorithm, but features a human designer in the loop (Fig. 1a). In the online case, semi-automatic design is typically performed by conceiving the
optimisation process and manually tailoring it to the mission to be accomplished. Also in the on-line case, the process has often an iterative nature:
the designer observes an issue, makes a diagnosis and an hypothesis on what
could be modified to prevent the issue, and modifies the process accordingly
(Fig. 1b). Both in the off-line and on-line case, the precise moments in which
the human designer intervenes, the exact nature of their intervention, and
the level of expertise that the human designer must have might vary and
are specific to each semi-automatic design method. Semi-automatic design
methods could be therefore characterised and in principle (partially) ranked
according to the quantity/quality of human intervention they require. Most
of the studies presented in the neuro-evolutionary swarm robotics literature [24, 26] belong in the semi-automatic approach. In fact, little details
is typically provided on role of the experimenter and no explicit mention
is typically made of how many iterations of the optimisation process were
needed to converge to the final setting that is eventually discussed in the
article. This is a long-known issue and, already back in 2006, Christensen &
Dorigo noted that: “It is not customary for authors in the field of evolutionary robotics to disclose how the chosen evolutionary setup was found. We
believe that many evolutionary setups are found in an ad-hoc fashion” [32].
Indeed, in the neuro-evolutionary swarm robotics literature, the design process is typically manually tailored to the specific mission at hand and, as
such, qualifies as semi-automatic design. It relies on the fact that human
designers incorporate prior mission-specific knowledge in the design pro6

cess [33] and often “struggle with the choice of suitable (fitness) functions
using a trial-and-error strategy” [34]—see also the notions of incremental
evolution and fitness shaping [35] and the one of human-in-the-loop [36].
Moreover, in the neuro-evolutionary swarm robotics literature, empirical
evaluations are typically focused on designing control software for a single
mission and are not therefore conceived to tell whether and to what extent
the method discussed can be applied out-of-the-box (and therefore in a fully
automatic way, without any further manual adaptation) to any other mission
besides the one considered. It remains that, mainly thanks to the results
achieved using the neuro-evolutionary approach, the literature shows that
semi-automatic design is an effective way to realise robot swarms—both offline [37, 38, 39, 32, 40, 24, 41, 42, 43] and on-line [44, 45, 46]. The downside
is that semi-automatic design is a labour-intensive process and demands the
attention of an expert designer: the decisions that need to be taken require
a good understanding of the design process and of the mission at hand. As
a direct result of the essential involvement of a human expert in the design
process and of the judgemental nature of the decisions they make, results
are often hardly reproducible.
In automatic design, the optimisation process is performed in a fully
automatic way and does not provide for any per-mission intervention of a
human designer: once the mission is specified—notably, by defining an appropriate performance measure—any human intervention is proscribed [47].
An automatic design method is expected to be able to produce control software for a whole class of missions—characterised by different goals, constraints and therefore different performance measures—without the need to
undergo any per-mission manual modification (Fig. 1c-d). To the best of
our knowledge, only few works have been devoted to the automatic design
of robot swarms and have tested design methods on multiple missions without applying any per-mission manual modification [48, 49, 50, 51, 52, 53].
All these methods belong in off-line design.
A few other works exist that describe optimisation-based methods that
could possibly qualify as automatic, either off-line [54, 55, 56, 57] or on-line
[58]. The authors of these works do not describe any human intervention
within the design process, which would support the conclusion that these
methods are indeed automatic. Yet, the authors do not explicitly state either
that the optimisation process has not been defined/fine-tuned iteratively on
the basis of results observed on the specific mission at hand: if it has, the
methods would rather qualify as semi-automatic. In any case, these works
focus on a single mission and therefore do not provide evidence that the
methods presented can be applied to other missions without the need to
undergo any per-mission, manual modification.
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Semi-automatic design: consider an international project involving hundreds of engineers aiming at realising a swarm-based construction system
that will build an outpost on Mars. The mission that the robots will eventually have to perform is complex. Sufficient time and resources are available
for repeating the design process multiple times, adjusting parameters, testing the resulting design in simulation and also in an Earth-based mock-up
environment reproducing the conditions that the robots will face once deployed on Mars.
Automatic design: consider a small one-person business providing gardening services using a robot swarm. The control software of the swarm
is automatically designed and fine-tuned specifically for each intervention.
Each single intervention is relatively simple, but customers might require a
rather large and varied spectrum of services to be performed. Tight time and
monetary constraints rule out the possibility of designing and fine-tuning the
control software by hand or via semi-automatic design, testing the control
software produced, and performing multiple iterations of the design process.

Figure 2: Potential applications of semi-automatic and automatic
design.

Potential applications of semi-automatic and automatic design
In our vision, both semi-automatic and automatic design are relevant to
the development of swarm robotics; they will occupy two different niches
and will address different contexts of application. Examples of potential
applications of semi-automatic and automatic design are given in Fig. 2.
Semi-automatic design is appealing to handle an individual, complex
design problem for a specific mission that would be too difficult or timeconsuming to be solved manually by a human designer via trial and error.
Given the exceptional, one-of-a-kind nature of such a design problem, it
is reasonable to assume that (i) a human designer can supervise a semiautomatic design process to produce custom-made control software for the
mission at hand and (ii) it is not worth developing a fully automatic design
method that would be then used only once to generate control software for
the single mission of interest.
Automatic design is particularly appealing when a design process is to
be executed repeatedly on different missions belonging to a given class and
it is impossible, impractical, or economically unfeasible that a human designer performs, supervises, or checks the design process itself. Under these
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conditions, developing a method that is able to produce control software in
a fully automatic way is the ideal solution. Such a method should be able
to produce control software for any mission within the class of interest and
must do so without any human intervention nor any per-mission modification or adjustment. Indeed, any manual adaptation of an automatic design
method would defeat the very purpose of automatic design.
In both semi-automatic and automatic design, the control software produced must be robust to variations of the operating conditions as these are
not perfectly known at design time. Per-mission robustness can be achieved
by running the design process on randomised variants of the original mission. Although different, these variants are formally specified by the same
performance measure and do not qualify as a class of missions.
The core challenge faced by semi-automatic and automatic design is
different. In semi-automatic design, the challenge lies in the complexity of
the single mission for which control software must be generated. Conversely,
in automatic design, the challenge rather lies in the complexity of the class
itself—that is, in the variety and diversity of the missions comprised therein.
As semi-automatic and automatic design adopt similar or even the same
tools and optimisation algorithms, there is a clear overlap between the two
research domains. They share a number of research questions, and advances
in one of them has likely implications for the other. Examples of shared
research questions are those concerning optimisation algorithms, software
architectures used to encode the behaviour of the individual robots, or the
simulation models adopted in the design process. Yet, each of the two domains raises specific research questions that characterise it. For example,
questions concerning the role of the human designer are specific to semiautomatic design, while those regarding the class of missions that can be
solved by a method are specific to automatic design. To address the specific
research questions, empirical studies in the two domains must adopt different
protocols. For example, a protocol is inappropriate in automatic design if it
focuses on the generation of control software for a single mission and/or allows a human designer to run repeatedly a design process, assess the control
software produced, and manually modify and fine-tune the optimisation algorithm, the control architecture, and/or the sensor prefiltering. Conversely,
such a protocol would be perfectly appropriate in semi-automatic design. To
be appropriate to study automatic design methods, a protocol needs to assess their ability to generate control software without any per-mission human
intervention. The methods must therefore be tested on multiple missions
without undergoing any manually applied per-mission adjustment.
Although the literature on the optimisation-based design of robot swarms
clearly indicates that both automatic and semi-automatic design are promising, the results obtained so far have the nature of feasibility studies and many
important issues are still to be addressed. We are convinced that the next
essential step that the research community must take is to establish a state
9

of the art. So far, little attention has been devoted to the systematic empirical analysis and comparison of the various ideas and methods that have been
proposed. Both in automatic and semi-automatic design, the research community needs to focus on defining appropriate experimental protocols. This
is particularly challenging in semi-automatic design, where the presence of
a human in the loop makes objective comparisons problematic. In this case,
a specific protocol needs to be adopted that involves possibly large samples
of human subjects so as to avoid any bias that would be introduced by relying on a single experimenter, who could have preferences for one method
or for another. A crucial element in an experimental protocol is the definition of benchmarks that mimic the specific context in which semi-automatic
and automatic design are expected to be applied. A further element is the
definition of evaluation criteria. An obvious criterion to evaluate a design
method is the performance of the robot swarm produced, but others might
be relevant: for example, the amount of resources needed by a method, and
its usability. These criteria might need to be specified differently for semiautomatic and automatic design. In semi-automatic design, the relevant
resources to be measured include the typical number of iterations needed,
the computation time, and the amount of time that the human designer
must devote to the design process. The usability could be measured by the
level of experience that the human designer needs to have to operate it or
by the time needed to train a human expert to its use. In automatic design,
the most relevant resource is the computation time, and the usability of a
method could be measured by the effort needed to implement it or port it
to a different robotics platform. Besides considering the aforementioned criteria in isolation, research in the optimisation-based design of robot swarms
should also explore the various trade-offs existing between them. Indeed,
for example, a method could yield high performance, but require significant
resources; or could be easy to use, but inappropriate if top-tier performance
is required.
Disentangling semi-automatic and automatic design is crucial to properly frame the future research in the design by optimisation of robot swarms.
We are convinced that the clear understanding of the specificities of semiautomatic and automatic design will allow the community to properly state
the relevant research questions and to define appropriate experimental protocols to address them. It will also contribute to set correct and realistic
expectations on what each of the two approaches could and should produce.
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