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Abstract

Is it possible for multi-robot systems to efficiently search and track one or more fast-
moving targets? While individual robots on their own are simply unable to mount a
proper pursuit of a target moving faster than they can, leveraging swarm intelligence
is key to achieving this goal. In this thesis, the question of how to optimize a swarm’s
design to achieve such a task efficiently is raised and answered through the lens of
balancing exploration— i.e., the gathering of information—and exploitation—i.e.,
the use of said information.

Through the combination of simple movement rules, namely repulsion between
agents, promoting exploration, and attraction towards a target, which generates
exploitation, we generated the decentralized operation of swarms of agents. To com-
municate, these agents rely on a k-nearest neighbors network, which can be ad-
justed to calibrate the swarm’s exploration-exploitation balance. Other parameters,
such as implementing short-term memory and the introduction of fast agents—i.e.,
heterogeneity—are also used to affect this balance with the ultimate goal of opti-
mizing swarm performance. By adjusting the size of the search-space the swarm
operates in, we vary its agent density, which is introduced as a novel method to
study swarm behaviors and improve the optimization process.

The identification of density phases characterized by a swarm’s performance re-
veals the mechanisms behind the previously discovered critical minimum and maxi-
mum densities. By exploring how to shift the ’transition’ phase, where performance
is maximized for the number of agents present, a framework is provided to optimize
swarm performance and harness swarm intelligence. Furthermore, using metrics
to describe the swarm’s exploration-exploitation balance allows an optimum level
of connectivity k£ to be found for each specific tracking scenario, revealing a path
towards the design of swarms that perform over wider ranges of conditions. The
replacement of agents by faster ones was also shown to be universally beneficial, al-
though extra care must be given as the exploration-exploitation balance is affected.
Thus, the development of truly adaptive strategies able to tune this balance accord-
ing to local conditions, as was manually done throughout this work, is discussed as
the next step toward the development of successful swarms.
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This thesis presents previous results, discussions, and conclusions from the following
co-authored publications:
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“Adaptivity: a path towards general swarm intelligence?” Frontiers in Robotics
and Al vol. 10, p. 1163185, 2023. [4]
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This work was all done within the scope of Dr. Hian Lee Kwa’s PhD research. As
such, he was the principal contributor, responsible for coordinating our progress. The
methodology employed was developed over the years by Dr. Kwa and other members
of Dr. Bouffanais’s lab, as detailed in Chapter 3, and under Dr. Bouffanais’s scientific
supervision. The work of different authors, as well as my specific contributions, are
outlined in the following paragraphs. In addition, the publications upon which each
chapter is based are listed at the beginning of each chapter.

Our research on density was published in the article titled “Effect of swarm
density on collective tracking performance” [1], as well as a conference paper, “The
impact of agent density and environmental factors on target tracking swarms” [2]. In
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these publications, I worked with Dr. Kwa, under the supervision of Dr. Bouffanais.
I used the previously mentioned methodology to simulate the impact of modifying
swarm connectivity, swarm size, and agent memory length on the swarm density -
swarm performance curve. Dr. Kwa, in addition to assisting me in the generation
and analysis of these results, also developed the concepts of local density difference
and exploration ratio. He also tested the system’s response to variations in target
parameters. I joined Dr. Kwa, who was the principal author, and Dr. Bouffanais,
serving as editor, in discussions over the interpretation of these results and the
drafting of our publications.

On the topic of heterogeneity, we published an article titled “Adapting the
exploration-exploitation balance in heterogeneous swarms: Tracking evasive tar-
gets” [3]. For this publication, I worked with Babineau and Dr. Kwa, under the
supervision of Dr. Bouffanais. Babineau and I contributed to the simulation and
interpretation of data on the relationship between the introduction of fast agents,
swarm density, agent memory, and swarm performance. Dr. Kwa studied the impact
of the level of network connectivity on heterogeneous swarms, as well as the impact
of the proportion of fast agents on swarm performance generally. He also developed
other heterogeneous strategies based on different memory lengths and levels of con-
nectivity before testing them. I joined Babineau, Dr. Kwa, who was the principal
author, and Dr. Bouffanais, serving as editor, in discussions over the interpretation
of these results and the drafting of our publication.

On adaptivity, we published a perspective paper titled “Adaptivity: a path to-
wards general swarm intelligence?”. For this publication, I worked with Kit, Dr. Hor-
sevad, Savari, and Dr. Kwa, under the supervision of Dr. Bouffanais. I contributed,
alongside Dr. Horsevad and Savari, to the definition of flexibility, adaptivity, general
intelligence, and swarm intelligence. Dr. Kwa described the current state-of-the-art
work on adaptivity, as well as the path towards general adaptivity. Kit described
the need for and developed a proposal for a swarm intelligence benchmark frame-
work. Dr. Kwa combined these different perspectives into one publication, with Dr.
Bouffanais’s editing support.
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Nomenclature

A Exploration ratio
p Agent density
S Engagement ratio

(1]

Tracking performance

EED Exploration-Exploitation Dynamics

k Number of neighbors

L Search space width

M Agent memory

N Number of agents
Sexplt] Agent exploratory state

T Number of simulation time-steps

tmem Agent memory length

v[t]  Agent velocity

Umax Maximum agent speed

x[t]  Agent position

CMOMMT Cooperative Multi-Robot Observation of Multiple Moving Targets
MAS Multi-Agent System

MIPS Motility-Induced Phase Separation

MRS Multi-Robot System

PSO Particle Swarm Optimisation
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Chapter 1

Introduction

Biomimetics, or the emulation of the natural world, has been at the inception of
many complex ideas and concepts. One such concept, swarm intelligence, was dis-
covered through the observation of the behavior of large groups of social animals,
and became a new field of study. It has been defined formally time and time again,
but one of its earliest definitions still holds true: swarm intelligence is the collective
behavior emerging from the decentralized interactions between multiple agents [5].
The concept of emergence is key, as swarm intelligence describes the general behavior
exhibited by a swarm, not the individual actions of any of its members. It’s only
by combining those actions through repeated interaction that a swarm can become
truly intelligent, becoming greater than the sum of its parts.

Just like a flock of starlings can form a complex dance by following only three
basic rules—attraction, alignment, and repulsion [6]—robots can be given very simple
instructions and somehow solve complex dynamic problems. This ability to adapt to
rapidly changing circumstances is one of the foundational characteristics of swarms,
in addition to the lack of central control and the global distribution of locally collected
information [7]. Applying these characteristics to robotic agents created the field of
swarm robotics, which seeks to solve many of the problems we currently face.

When confronted with distributed tasks in large environments, like object re-
trieval, search and rescue, or surveillance [8], many practitioners have turned towards
multi-robot systems MRS. However, endowing such MRS with swarm intelligence is
an opportunity to go even further by enabling robots to perform better, especially
when placed in unstructured and dynamic environments [4]. While some aspects,
like modularity, which allows for performance increases and cost reductions by mix-
ing robots of different abilities together [9], are only newly embraced by the field,
three main advantages of decentralized swarming MRS are commonly accepted [10]:

e Scalability: The capacity of a system to continue functioning properly when
the number of its components varies.

e Flexibility: The capacity to solve problems/perform tasks that depart from
those chosen at design time.
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e Robustness: The capacity to continue to work efficiently in environmental
conditions different from those considered at design time.

A popular application where these benefits can be exploited is for target track-
ing problems. Thanks to its wide array of uses, such as search and rescue [11] and
environmental monitoring [12], target tracking is a mainstay amongst the swarm
robotics community. In particular, the search and track of fast targets, i.e., faster
than the pursuing agents themselves, has opened up even more opportunities to ex-
ploit the potential of swarm intelligence [13]. However, a significant problem persists:
how to design a swarm to optimize performance?

To accomplish this goal, practitioners have turned towards different tools and
approaches, chief amongst which is the balancing of exploration and exploitation
behaviors. These general concepts represent the two main actions carried out by a
swarm: the gathering of information, and the utilization of the said information [14].
By identifying the existence of an optimal exploration-exploitation balance, multiple
studies have confirmed that swarm performance can be maximized for a specific set of
operating parameters. Although this is a far cry from the touted concept of general
swarm intelligence, where a swarm is so adaptive it can respond to any environmental
change without outside input [4], it offers a first foray into the benchmarking of more
general problems.

In this work, two main design considerations are explored in a simulated envi-
ronment for the target tracking problem: (i) swarm density, which is the density of
agents within a swarm’s search-space, and (ii) heterogeneity, which is the combina-
tion of agents with different abilities within a single swarm. By combining density
and heterogeneous analysis with the concept of exploration-exploitation dynamics
(EED), the effect of possible design decisions on the intricate balance between these
two behaviors can be observed. Other design parameters, like memory, various target
parameters, and swarm size, are also considered under the lenses of both analyses.
This allows for the optimization of the searching and tracking strategy developed by
Kwa et al. [13-16], as applied in the fast-target problem.

1.1 Outline

This thesis is structured into six chapters as follows:

e Chapter 2 introduces the topic of swarms and decentralized MRS by discussing
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seminal works in the literature. The problem of target tracking is also de-
scribed, and the past approaches to solving this problem are presented and
discussed.

e Chapter 3 describes and justifies the strategies employed to simulate swarm
behavior. The metrics used to evaluate said behavior are also defined, and the
methodology itself is validated through a variability analysis.

e Chapter 4 analyzes the impact of varying density on a swarm’s exploration-
exploitation balance. The existence of three distinct phases, representing three
levels of swarm performance, is demonstrated. Other parameters are evaluated
for their ability to affect the density at which these phases occur.

e Chapter 5 pushes the density analysis done previously by studying the impact
of adding faster agents at varying densities. The aforementioned parameters
are also investigated in conjunction with swarm heterogeneity, and different
heterogeneous strategies based on these parameters are also considered.

e Chapter 6 concludes this work by summarizing important findings. The ulti-
mate goal of swarm intelligence research, general adaptivity, is also discussed,
as well as how future work stemming from these results can lead the way there.



Chapter 2

Literature Review

In this review, the origins of the topics explored in the thesis are discussed, as well as
the reasoning behind the selection of the target tracking problem. Past approaches
used to improve the various searching and tracking strategies are also brought into
focus, leading to the specific strategy and focus set forth in the following chapters.
This review is mainly compiled from previous work [1, 3], with references to previous
reviews done by Kwa et al. [14, 17]. It is worth noting that additional references
will be given in the following chapters in relation to some technical details specific
to these chapters, while this chapter serves as a more general introduction to the
concepts covered.
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2.1 Multi-Robot Systems

The development of our understanding of swarm intelligence has led to its implemen-
tation on MRS, bringing about a new field in the study of robots: swarm robotics.
Those swarming MRS have been trialed to accomplish a vast array of tasks, amongst
which are environment classification [18, 19], area mapping [20-22], target track-
ing [23, 24], and area protection [25, 26]. The term swarm intelligence needs to be
defined to distinguish swarming MRS from their traditional counterparts. When
aspiring to do so, Sahin [27] put forth 5 criteria:

1. Autonomous Robots: Agents need to be autonomous and be able to both
interact with their environment on their own and make their own decisions.

2. Large Number of Robots: Swarms need to be large and scalable, and even
experimentation limited to a few robots should be made with the vision to
scale up.

3. Few Homogeneous Groups of Robots: If different types of agents are used,
it should be in a manner that leaves no more than a few homogeneous groups
with multiple agents each. Too many specific pre-defined roles go against the
concept of swarm robotics.

4. Relative Incapable or Inefficient Robots: The assigned task cannot be
achievable efficiently by a single agent. The existence of cooperation with other
swarm members needs to be the enabling factor to accomplish the task.

5. Robots with Local Sensing and Communicating Capabilities: The
swarm’s agents must be limited to their surroundings for both sensing and
communication. This decentralizes coordination, enabling swarm intelligence.

While this was a useful endeavor that still guides the design of swarms to this
day, there is still currently no universally accepted definition. By comparing and
contrasting the different proposals to do so made by the swarm robotics community
over the years, we defined Swarm Intelligence as follows: “Swarm Intelligence is the
emergent ability of a decentralized system of agents to make the appropriate adjust-
ments to its collective behavior, thereby allowing the system to achieve changing
goals in dynamic environments” [4].

We obtain the benefits outlined earlier by applying these criteria to an MRS,
thus endowing it with this elusive concept of swarm intelligence. While each of



CHAPTER 2. LITERATURE REVIEW 6

these characteristics is relevant to making a swarming MRS, decentralization, which
manifests itself through the communication strategy, is what sets swarms apart [4].
Indeed, communication allows agents to coordinate, which gives rise to emergent
collective behaviors, the source of a swarm’s ability to accomplish more than the
sum of its parts.

In the literature, communication methods can take different shapes. The most
popular are predictably direct communication methods, where agents send each
other messages containing information on their local environment, like positions
or measurements. This is often accomplished through the use of radio communica-
tions [28]. Nonetheless, indirect communication methods, such as stigmergy, which
involve agents modifying their environment by leaving behind a signal, are emerging
as a valid alternative [29]. These methods are often directly inspired by the natural
environment, as an agent leaving a tag behind is a direct parallel to using pheromones
in an ant colony [30].

Intuitively, direct communication methods might be considered more efficient,
as they provide the means to communicate easily with the entire swarm. However,
careful examination has shown that in the natural world, an individual starling
only follows cues from its 7 nearest neighbors on average, discarding visible signals
from further neighbors [31]. Through the use of swarming MRS, it was shown that
increasing the agents’ number of neighbors too much detracts from the system’s
response, as both too many or too few neighbors can reduce the level of system
response [32, 33]. The concept of actively limiting communication is integral to
future discoveries, as it hints at an ideal level of communication between agents.

2.2 Target Tracking Problems

Although we are still removed from real-world applications of swarming MRS [29],
the potential applicability of different swarming problems has guided research into a
few particular areas. Specifically, the searching and tracking of one or many targets
is one of the more popular problems in this field [17]. Indeed, target tracking has
applications in civilian contexts, for example, with environmental monitoring [34],
but also on defense grounds, including protecting an area from intruders [26, 35].

A few frameworks have been developed over the years to help define target track-
ing problems, including Parker and Emmons’ Cooperative Multi-Robot Observation
of Multiple Moving Targets (CMOMMT) [36], and Huang and Tseng’s k-coverage
problem [37]. In such studies, agents navigate a search-space and react to a signal
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their neighbors communicate to alert them of a nearby target [38, 39]. In most cases,
although one might argue it contradicts one of Sahin’s criterion, these problems have
emphasized cases with targets that are slower or just as fast as the pursuing agents.
This is because tracking a target with slower agents is unfeasible, as it will always
outmaneuver its followers [36].

Despite that, a new type of problem emerged when it was shown that swarms can
capture a target, even if it is faster than any of its individual agents [40]. This was
later showcased both using simulations and through experimental results [13, 15],
as harder and harder problems were sought to evaluate the potential of different
methods to maximize a swarm’s overall performance. In fact, it’s only by increasing
the problem’s difficulty so far past the ability of any single agent that we can make
sure to properly measure the results of swarm intelligence, as any given agent on its
own is rendered obsolete. This has guided the development of the strategy described
throughout this thesis.

2.3 Past Approaches

While the Particle Swarm Optimisation (PSO) algorithm was first devised by Kenney
and Eberhart [41] to optimize network weights amongst social collaborators, a few
modifications enabled it to be implemented with swarming MRS as a way to solve
the target tracking problem [23, 42, 43]|. To achieve this conversion, some changes
were made, such as limiting the communication network [23, 44], adding some kind
of collision avoidance [45], and relying on non-global agent positioning [44].

One of the main challenges noted when implementing such an algorithm was
using agent-based memory [17]. Indeed, the exploitation of outdated information by
agents initially proved to be detrimental to a swarm’s operations [13, 23, 24], until
the target was upgraded with an evasion mechanism [15]. Interestingly, the quest
for an increasingly complex target-tracking problem thereby brought back memory
as a foremost consideration in swarm design.

Another ongoing challenge with PSO-based target tracking algorithms is the ten-
dency of agents to over-exploit, leading to a skewed exploration-exploitation bal-
ance [17, 46]. Such an imbalance hinders agent performance in the long run, as the
lack of exploration reduces the ability of the swarm to keep tracking the target past
their initial encounter. Diverse approaches have been considered to alleviate this
problem, but many of them, as is the case for the constant repulsion employed by
Blackwell and Bentley [47], rely on centralization in one form or another.
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To avoid such a pitfall, it is important to consider the concept of exploration
and exploitation more generally. Although these terms are specifically applied to the
target tracking problem throughout this work, they come from very general concepts
that are useful in many fields. To generalize the distinction between exploration and
exploitation, Melhorn et al. [48] defined three central methods:

1. Behavioral patterns: used when a specific behavior can be observed directly,
as in a target tracking problem.

2. Values and uncertainty: based on reinforcement learning literature, choos-
ing randomly represents exploration while selecting the known highest value
option is exploitation.

3. Outcomes obtained: a behavior providing information is defined as explo-
ration, while one done for an explicit reward is exploitation.

In the previously discussed PSO target tracking problem, feature 1 is particu-
larly useful to characterize the system’s EED, as agents observed forming a cluster
or moving towards a common point can be considered to be exploiting information
from the same source [15, 46]. Conversely, agents randomly moving about the search
space or away from each other can be identified as exploring. This was used by Kwa
et al. [13, 16] to define a state change associated with the knowledge of information.
This change happens when an agent obtains a point of interest through commu-
nication or direct observation, which causes an agent to move toward the position
and shift its state from exploring to exploiting. The process is repeated throughout
the task until completion [14], and allows for the development of specific metrics
characterizing the amount of exploration and exploitation undertaken by a swarm’s
agents [13, 16].

Coming back to the over-exploitation issue characteristic of PSO problems, the
main control method available in such algorithms is to limit the swarm’s connectiv-
ity, which can be achieved in one of three main ways, as detailed by Kwa et al. [14]:
(1) reducing the number of neighbors, (2) limiting the communication range, and
(3) changing the communication network itself. Of those, modifying the number of
neighbors k£ was repeatedly shown to be key to the control of the level of exploration
and exploitation [13, 15, 16, 49-52]. Indeed, increasing k allows information to
spread throughout more of the swarm, promoting exploitation. On the contrary,
reducing k increases exploration by reducing the spread of information, therefore
alleviating over-exploitation. When implementing such control in k-nearest neigh-
bors networks, it was found there exists an optimal value of k& for which the bal-
ance of exploration and exploitation generates the best possible swarm performance
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(13, 15, 16, 20, 32, 33]. Above this value, the abovementioned over-exploitation
manifests itself, which decreases the overall target tracking performance.

More generally, when studying any swarming problem, the number of agents to
use is one of the first considerations practitioners encounter. In most cases in the
literature, an environment of fixed dimensions is used to study the size of MRS,
which allows for the addition or removal of agents to either increase or decrease the
swarm’s agent density. Although this might seem like a simple problem of scale,
a swarm’s size does impact its EED, providing another window into studying the
exploration-exploitation balance.

For those studying optimization, the quantity of agents is a stand-in for the
system’s level of exploration [53, 54]. Logically, having more agents at its disposition
enables the system to explore better the search space, which reduces the odds of
optimizing the algorithm for a narrow, local, optima. Returning to the natural
world, the study of bee colonies has shown that a larger swarm allows for more
exploration through a higher number of scouts, which leads to higher accuracy for
its final consensus [55]. The practical use of MRS also confirmed this theory, as larger
swarms achieved higher performance through increased exploration [20, 26, 56, 57].

Consequently, marginal utility gain generated by adding agents has been the topic
of multiple studies. It’s well-established in foraging problems specifically, starting
with the work of Lerman and Galstyan [58], who demonstrated that as the overall
foraging performance increases by adding agents, the robots’ individual share of that
performance decreases. Indeed, adding more agents to the operating space increases
the number of collisions between agents, causing physical interference. This trend
was also shown in other tasks, such as for collective area mapping [20] and target
tracking [59, 60].

It must be noted that target tracking differs from other tasks like resource for-
aging and area mapping due to the inherent cap to performance. Once the swarm
is large enough to enable a constant tracking of the target, performance ceases to
improve with the addition of more targets, which hastens the decrease in individual
efficiency. However, this is not restricted to target tracking, as it’s also been shown
that adding too many agents in multi-agent system (MAS) optimization problems
results in marginal accuracy benefits while disproportionately lengthening computa-
tion times [61].

The concept of reducing efficiency with increased size is familiar to the study
of economics, where it is known as the “Law of Diminishing Marginal Returns”.
Its application to MAS was shown by Hamann [62], who modeled it factoring in
inter-agent cooperation and interference through the use of an exponential function.
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Later, this approach was combined with a costing model, allowing for an optimal
number of agents to be found that maximizes system performance while minimizing
costs [63].

In particular, the concept of diminishing marginal returns is exacerbated by prob-
lems involving common resource exploitation. For example, it was shown that mak-
ing agents deposit their foraged resources in a central location caused a further
decrease in individual robot efficiency in large swarms [64], which is caused by the
longer distances traveled to get to resources. Higher agent interference caused by
the exploitation of common resources was also shown to be a factor, to the point of
causing negative marginal utility or a net decrease in performance through the addi-
tion of agents [65]. Indeed, so much interference is generated that it can completely
negate the extra exploration undertaken by the swarm.

Taking the analysis further, Hamann [66] came up with the same conclusions
in a stick-pulling task, which led him to define three phases resulting from altering
a swarm’s size: (1) a phase where the resources are under-exploited due to a lack
of collaboration, (2) a phase where too much available information causes shared
resources to be depleted, and (3), an intermediate phase where optimal performance
is achieved. These findings, while general, paved the way for more precise definitions
of swarm density phases.

Another potential consequence of adding too many agents in a swarm is the
snowball effect of clustering around points of interest, which is integral to tasks such
as target tracking. This phenomenon, known as Motility-Induced Phase Separation
(MIPS) [67], occurs due to the positive feedback loop created when agents aggregate
into an area of high local agent density. Consequently, information is over-exploited,
which results in worse overall swarm performance.

Different strategies have been employed to counteract MIPS, typically by us-
ing the local density of the swarm around individual agents. For instance, the
BEECLUST algorithm, used to identify areas of high light density, was modified
by enabling robots to identify the surrounding agent density and leave their posi-
tion. This adaptation, by limiting clustering and increasing the level of exploration,
made the swarm, as a whole, more responsive to dynamic environment changes [68].
Other examples of such strategies include controlling the distribution of a swarm'’s
agents based on local swarm density and the strength of a signal field [69], varying
the step size taken by each robot in a foraging task based on its perceived local swarm
density [70], or the implementation of inter-agent repulsion in target searching and
tracking tasks [13, 15, 71, 72].

Finally, heterogeneity in swarm composition is an ideal tool to use the modularity
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of swarming MRS. Mixing agents of different abilities has been undertaken for many
distinct goals and has proven quite successful, at least theoretically. For example,
Christensen et al. [73] utilized agents of different communication ranges, which effec-
tively reduced the overall system cost, paving the way for larger-scale applications.
In the case of Shi et al. [74], it was the task of the agents themselves to adapt to
match their different levels of movement and sensing abilities.

Modularity also allows for the partial upgrade of a swarm’s agents, thus evok-
ing the possibility of maintaining performance with fewer agents, i.e., for a reduced
overall cost [9]. This technique has shown promise in target searching and tracking
tasks, both as a way to improve tracking performance and to reduce target capture
times [16, 75]. However, it was demonstrated generally by Althusler [76] that up-
grading certain agents in a swarm does not automatically and necessarily yield an
improvement in the system’s performance. This hints at a deeper alteration to the
swarm’s overall EED. Indeed, the modification of agent abilities to modify a swarm’s
exploration-exploitation balance has been discussed by Kwa et al. [14]. This pro-
vides an opportunity to study potential improvements to target tracking strategies
utilizing heterogeneity in the swarm composition.



Chapter 3

Methodology

In this chapter, the strategies used to simulate the dynamics of MRS are detailed.
Simple equations guide each agent’s behavior based on its proximity to the target and
other agents. Adding in the connectivity aspect, we generate a complex dynamic that
allows the different agents to cooperate in unforeseen ways while making their own
decisions. Other mechanics, like agent memory and target evasion, are implemented
to increase the complexity of the problem at hand. This strategy was developed by
Kwa et al. [13, 15, 16, 77] and used in our simulation work [1-3].

12
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3.1 Search and Track

The search and track strategy used in this work was first developed by Kwa et al. [13]
to model the tracking of targets by a homogeneous swarm. It was later expanded [14]
to allow for variation in the maximum speed of pursuing agents, thus enabling the
study of heterogeneous swarms. Agents were also endowed with short-term agent-
based memory, enabling them to track evasive targets [15].

Generally, our strategy relies on the interplay of two behaviors within each agent:
(1) agent aggregation towards a target, which is responsible for exploitation, and
(2) inter-agent repulsion, which is adaptive and drives exploration. Each of these
components generates a velocity vector every time step, which is added to create an
agent’s final velocity vector as per the following equation:

Vz[t] = Vi,att [t] + Vi,rep[t]a (31)

where v; .¢[t] is the velocity vector generated by the attractive component, v; yep|]
is generated by the repulsive component, and ¢ is the time-step at which each com-
ponent was generated. Each agent’s maximum speed, v.y, scales its final velocity
vector v;[t].

To modify the swarm’s overall behavior or EED, this strategy allows the use
of multiple levers: (1) agent connectivity level, (2) agent-based memory, (3) agent
speed, (4) target evasion method, and (5) various other target parameters. The
general strategy is described in Alg. 1, and the specific levers are detailed in the
rest of this chapter.

3.2 Inter-Agent Connectivity Method

As previously mentioned, one of the core components of an MRS is its agents’ com-
munications network [78], which transforms it from a collection of robots working
individually to a bonafide swarm, defined by its collective action [10]. In the liter-
ature, most research has concentrated on agents endowed with either an unlimited
communications range [24, 79], or a fixed physical range, including all agents found
within [72, 80, 81].

However, tuning the network’s connectivity by restricting the number of agents
being communicated with instead was shown to have a substantial impact on the col-
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Algorithm 1 : Dynamic k-Nearest Network Search and Tracking Strategy
1: Sett =0, k=15
2: while System active do
3:  for All agents do

4: Set point of attraction

5: Calculate v; a1t[t]

6: Calculate v; yeplt]

7: Vilt] <= Viaw[t] + Virep[t] // Apply Eq. (3.1)

8: Vi[t] < (Umax/vi[t]) - v4[t] // Ensure magnitude of velocity vector does not
exceed maximum speed

9: x;[t + 1] = x;[t] + v4[t] // Update agent position

10: end for

11: t+—t+1

12: end while

lective dynamics of a swarm [32]. Indeed, too much communication was found to be
detrimental to swarm performance when responding to a simulated predator attack.
Subsequent research showed that systems with a higher level of connectivity respond
better to slow-changing perturbations, while lower levels of connectivity are more
fitted to fast-changing ones [33, 82]. Swarms tasked with accurately characterizing
static and noisy environments behaved similarly [21, 22, 77].

Based on these conclusions, it was decided to opt for a k-nearest neighbor com-
munication network. Here, the neighborhood is used in the sense of a topological
network, where the k agents closest to any given agent are its neighbors. & thus
represents the swarm'’s level, or degree, of connectivity. As the system studied here
exists in a time-varying network, each agent’s neighborhood is dynamic and rede-
fined at every time step. It is also worth specifying that, in this work, information is
transmitted perfectly with no quality degradation, regardless of the distance between
agents. Furthermore, agents can only communicate a position they identified them-
selves, as allowing information to spread freely throughout the swarm counteracts
the limitations placed on communication.

Using such a network, Kwa et al. [13, 15, 16] established the existence of an
optimal level of connectivity k*, for which a swarm tracking a fast-moving target
sees its performance maximized. At this optimal level of connectivity, an MRS
can achieve the perfect balance between the exploration above and the exploitation
behaviors of its agents. Of course, the value of k* depends on the swarm’s specific
conditions and the general system it evolves in.
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3.3 Memory

A particular aspect of some swarms in the literature is agent-based memory. Its
introduction increased performance in a swarm in a non-destructive foraging sce-
nario, especially when the environment contains densely clustered resources [83, 84].
When the target is immobile, memory allows agents to return to the same resource
repetitively, saving it from having to rediscover said resource over time. Predictably,
the advantages of using memory disappeared when tracking a non-evasive moving
target as the swarm’s performance decreased [13, 23, 24]. Indeed, memory was found
to cause agents to cluster around a target’s past location, thereby reducing effective
target tracking.

Even so, agent-based memory M, of a duration of ¢,,e,, was added to the general
swarm strategy by Kwa et al. [15]. It was then shown that memory is essential to
improve swarm performance when tracking an evasive target. This is due to the
added complexity created by the target’s evasion mechanism, which renders any
information, even outdated, valuable to the swarm. While agents clustering around
a past location of the target seems wholly futile, it does allow them to close in on
its general location, making them better able to respond when new, more accurate
information is communicated. Therefore, the extra exploitative actions memory
generates prove to be effective and enable agents to improve the tracking of their
target.

3.4 Agent Velocity

3.4.1 Attraction Velocity

To generate the agents’ velocity vector, the aforementioned attractive component
is calculated based on each agent’s position relative to the point of interest plt],
which is chosen using Algorithm 2. By driving agents to pursue the target, the
attraction velocity is the main force behind exploitation. It works in conjunction
with the communication protocol and memory, as they both affect how the point of
attraction is chosen.

For every time step in the simulation, each agent begins in the exploratory state,
scanning its local environment and looking for a target. If a target is detected, its
state goes from exploratory to tracking, and p[t] is set to the target’s location, which
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is then transmitted to its k-nearest neighbors (detailed further in Sec. 3.2). If no
target is detected, the agent relies instead on target positions and encounter times
received from its network. Agents are also endowed with a memory (detailed further
in Sec. 3.3), allowing them to remember the position and time a target was found
for an amount of time t,cp,.

By comparing the values an agent receives from its neighbors and its own en-
counter information, the most recent location of the target can be determined and
used as a point of attraction p[t]. Therefore, the target can track its own past or
present encounter or a neighbor’s past or present encounter, depending on the most
recent information available to it. However, in the absence of any target positions,
the point of attraction is set to x;[t], which is the agent’s location, thereby rendering
the attractive component null.

As previously mentioned, the agents’ neighborhood communication network evolves
over time. Therefore, the agents’ neighbors are redefined at each time step. Overall,
each agent independently sets its p[t] using Algorithm 2.

Once the point of attraction is established, an agent’s attractive velocity can be
calculated. The equation uses the agent’s velocity at the previous time-step and its
location relative to p[t] as follows:

Vianlt] = wvi[t — 1] + cr (p[t] — xit]). (3.2)

This equation is based on the previously discussed Social-Only PSO model originally
proposed by Engelbrecht et Al.[85]. Therein, w represents the velocity inertial weight,
¢ is the social weight, and r is a number randomly drawn from the unit interval. In a
computational optimization problem, this attractive velocity is the main force behind
a system’s exploitative behavior. For the strategy we propose, it is used to drive
agents toward the target, which is our problem’s stand-in for exploitation. A key
difference is the memory length used, as the Social-Only PSO model implemented
an infinite memory length. To avoid the undesirable side effect of exploitation of
outdated information, the memory implemented for this strategy is capped.

3.4.2 Adaptive Repulsion

The second component of our agents’ velocity vector is the adaptive repulsion. Push-
ing agents away from each other counteracts the natural tendency to aggregate
around points of interest generated by the attraction velocity. This makes it the
main driver of exploration, as agents are pushed to explore the search space. Repul-



CHAPTER 3. METHODOLOGY 17

Algorithm 2 : Point of Attraction Update Algorithm

Initialise M = tem
if Agent detects target then
Pseit < Target’s position
Thest < 1
end if
Determine N; = {j € [1, N] s.t. agent j is a topological k-nearest neighbor of
agent i}
Get list of all neighbors’ p and e
Prneigh <— Most recent entry in all neighbors’ p
tneigh <— Most recent entry in all neighbors’ tpest
if thest + M < t then
Pself < @
end if
if tpeigh + M <t then
Pucigh < 0
end if
if peatr = 0 and Ppeign = 0 then
p[t] + x;[t]
else if thest > tneign then
P[t] < Pseit
else
P[t] < Pueign
end if
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sion also makes the simulation more accurate to real-life experiments by providing
an anti-collision measure.

The inter-agent repulsion developed by Kwa et al. [13] is based on the one
implemented in past studies on a BoB swarm [9, 34], which was itself directly inspired
by the repulsion exerted between atomic particles. Repulsion is thus calculated, for
an Agent 7 with topological neighbors 7, using the following equation:

ar t d r; t
Vireplf] = = Z <nj[[tD n-jH’ (3:3)

JEN;

where r;; is the vector from Agent i to Agent j and r;; = |[|r;||. As such, two
parameters serve to control the repulsion’s magnitude: repulsion strength ag, which
dictates the distance between agents at equilibrium, and exponent d in the pre-
factor term (apr/r;;). In our work, d is fixed at 6, which was found to have a limited
impact on the strategy’s performance [13]. When (ar/r;;) and d are sufficiently
large, the agents’ repulsion strength roughly equals the nearest-neighbor distance in
equilibrium.

The most important particularity of defining inter-agent repulsion is its dynamic
aspect. Indeed, each agent can adjust its own repulsion strength agl[t] in response
to its local environment and neighborhood. To do so, we exploit the aforementioned
state, which is defined by agents according to whether or not they are currently aware
of any target’s location. When an agent is in an exploratory state (S; exp[t] = 1), or
unaware of the target, it gradually increases its ar until a predefined maximum is
reached. Reciprocally, an agent in tracking state (.S; exp[t] = 0) will reduce its ag until
it falls to its predefined minimum. The overall adaptive repulsion is summarized in
Algorithm 3.

Algorithm 3 Adaptive Repulsion

Initialise @R min, @R,max; d = 6, Oexplore = 0.1, and dgrack = 0.75
while System active do
if S; exp[t] = 0 then
if AR > AR min then
aR < AR — Otrack
end if
else if ap < apmax then
aRr < ar + (Sexplore
end if
Calculate v; ¢, using Eq. 3.3
end while
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3.5 Target Parameters

To model the targets being tracked, we use a disc-shaped binary objective function
with fixed radii of p = 1, and a location denoted by x[t] and y[t] at the center of the
disc. Targets also have a maximum velocity v, max, Which is higher than the velocity
of both types of agents used in this work, hence Vg max < Vg, max < Vomax- When
an agent is within a target’s radius, it is considered to be tracked, thus giving the
formal equation:

1 JieAst. ||xi —xun| <p,

| (3.4)
0 otherwise.

cov (o, t) = {

By modeling the target as a binary objective function, we mimic a purely visual
search task in which an agent needs to see the target to be considered tracked [39].
This serves to make the task more challenging, as opposed to systems that allow a
target to be considered tracked from the intensity of an emitted signal (e.g. radio
signal strength, chemical plume, etc.). Such systems can use various gradient-descent
tracking strategies, which, although widely used, are rendered completely ineffective
in a binary case. Therefore, using a binary objective function allows us to use swarm
intelligence to its full potential by implementing it in the most challenging scenarios
without relying on simplistic tracking techniques.

With the target now defined, the final component of executing our strategy is its
movement policy. By default, the target uses a non-evasive policy. In practice, this
means that the target generates a random waypoint within the search space to head
towards at its maximum speed.

Should the target’s movement policy be set to evasive, the same initial strategy
is employed. However, if an agent is found within its radius (i.e., if the target
is tracked), the target uses a repulsion mechanism similar to the one described in
Sec. 3.4.2 to attempt to evade its pursuers. When this repulsion is active, the target’s
velocity is calculated as described in Eq. (3.5):

sonnll == 32 (7287 2

i€N;
where r,,;[t] is the vector from target m to agent ¢ at time-step ¢, and agent 7 is in
the group of agents N;, located within the target’s radius. The repulsion vector’s
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magnitude is dictated by ag, the repulsion strength of the target, and d, the pre-
factor exponential term. These are respectively set at 7.5 and 6.

The target’s final evasion mechanism is to travel in a straight line for teyaqe time
steps. This is only triggered after the target is tracked consecutively for #,;; time-
steps, representing its last resort to evading its pursuers. In our work, tevaqe = 30
and tlimit = 10.

3.6 Problem Statement

The general strategy defined earlier was specifically built within the CMOMMT
framework put forth by Parker and Emmons [36], which first defined our target
tracking problem.

As such, in this work, a set of N tracking agents A = {aq,as,...,ayx}, and a set
of M targets O = {01, 0, ...,0p} move within the boundaries of a two-dimensional
L x L sized square search-space without any obstacles. To vary the swarm density
p = N/L? the length L of the search-space is modified, and L € [10%¢,10%].
Varying number of agents and targets are used, with N € [20;50] and N € [1,2, 3].

Two types of agents are simulated: slower agents, representing the BoB-0 units,
and faster-upgraded agents, standing in for BoB-1 units, with respective maximum
velocities Vg max = 0.1, and v, max = 0.26 [3]. The target is always faster than
agents, as it is set t0 Vpmax € [0.15,0.30] depending on whether faster agents are
considered or not.

The goal of the system is to maximize its tracking performance (Z) within the
environment, which is measured by the reward function:

T

== %ZCOV(O, t), (3.6)

t=1

where T' is the total time period of interest. To generate initial conditions, this
method relies on using a random seed. Therefore, for any observations to be gen-
erally valid, i.e., outside a specific set of initial conditions, the time period T—i.e.,
the total number of dimensionless time-steps ¢ representing each iteration of the
simulation— over which the system is analyzed must be sufficiently long for the
system to be ergodic. In this work, the length of time needed is tested by setting
T € [1000, 10000, 100000].
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3.7 Metrics

3.7.1 Exploration and Engagement Ratio

In addition to the aforementioned tracking performance, we defined a pair of comple-
mentary metrics that measure the system’s exploration-exploitation balance. These
are the engagement ratio, first introduced by Kwa et al. [15], and the exploration
ratio, which was first used as part of this work [1, 2].

As its name indicates, the exploration ratio measures the proportion of agents not
engaged with a target, i.e., exploring, averaged over time. It is, therefore, used as a
proxy for the amount of exploratory actions carried out by the swarm. As previously
defined, an agent that is currently in an ’exploratory’ state sets S; exp[t] = 1. As such,
we can calculate the swarm’s overall exploration ratio in the following way:

T

A:NT§:§}$WM, (3.7)
t=1 i=1

where NN is the total number of agents within the system. When using the exploration

ratio, a higher A signifies that a higher proportion of agents are spending more time

looking for the target. The swarm is thus understood to be biased towards carrying

out exploration. Meanwhile, the opposite, a lower A, indicates agents are spending

more time exploiting target information.

The engagement ratio is simply the exploration ratio’s opposite, meaning they can
be used interchangeably to come to the same conclusions. Therefore, the engagement
ratio can be calculated with the following equation:

©=1-A. (3.8)

As the tracking performance is also a measure of exploitation, the exploration
ratio is typically preferred in this work. However, the engagement ratio renders the
difference between ’effective’ exploitation, represented by the tracking performance,
and the total amount of exploitation carried out much clearer. It is thus preferred
in some analyses.

Using the engagement ratio in past work also allowed for discovering an optimum
engagement ratio, for which tracking performance is maximized [15]. It is important
to note that such an optimum is specific to a particular problem. Consequently, the
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relationship between the optimum engagement ratio and its mirror, the optimum
exploration ratio, is explored in the following work.

3.7.2 Swarm Density

Finally, we introduce the concept of a system’s swarm density or agent density.
Both of these terms are used interchangeably throughout this work, and they are
calculated using the following equation:

p=N/L* (3.9)

To add onto this notion of density, the local swarm density is also calculated using
the average distance between each agent and their 6 nearest neighbors, as explained
below. By calculating the local density of each of the swarm’s agents in this manner,
its overall local density can be averaged for all agents for the entire simulation period:

1 & 7

t=1 i=1
where L; is the aforementioned average distance from an agent to its six closest
neighbors. This metric allows us to quantify the swarm’s level of clustering, as
tracking agents tend to coalesce in a cluster around the target. To normalize this
result, the density difference, representing the difference between the swarm density
and the local density, is calculated: Ap = p;, — p.

The movement behavior of agents is analyzed to select the number of neighbors
to use for the local swarm density. As shown in Fig. 3.1(a), the agent’s inter-agent
repulsion results in a trend towards forming a hexagonal pattern. The number of
neighbors an agent will have in equilibrium is, therefore, typically 6, excluding edge
cases.

Of course, any number of neighbors could be selected to calculate the local swarm
density. This is shown in Fig. 3.1(b), as similar trends in local density respective
of global density can be observed when varying the number of neighbors. However,
using a smaller number increases the local density at a small swarm density, as
random encounters between agents artificially increase the local density. When using
a very large number, the opposite is seen, as the impact of clustering is almost
completely erased from the local density curve, reducing the density difference to
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almost nothing. Consequently, 6 was chosen as an intermediate value to avoid these
issues.
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Figure 3.1: 3.1(a): Positioning of agents (black dots) in relation to each other and the
repulsion fields generated by the individual agents while in their equilibrium positions.
Areas in yellow represent areas of high repulsion potential while those in blue represent
areas of low repulsion potential. Given these repulsion potential fields, agents tend to fall
into a hexagonal packing pattern around each other. 3.1(b): Local agent density calculated
with different numbers of neighboring agents for a swarm comprised of 50 agents, connected
using a k = 20 communications network. The system tracks a non-evasive target traveling
at a maximum speed of v, max = 0.15. The local agent density is compared against the
global average swarm density (dashed line) [1].

3.8 Validation

To investigate the variability of results produced by this method over different peri-
ods of interest, we first run simulations with 10 randomly selected seeds over time
periods of T" = 1,000, 10, 000, and 100, 000. In Fig. 3.2, it is shown that the standard
deviation of results decreases dramatically when augmenting the time period, lead-
ing to a negligible variation between results when using 7' = 100,000. The swarms
simulated were operating in a middling performance range, as it’s where the highest
variation in results was noticed in this work [1, 2].

In our initial work [3], the higher value 7" = 400,000 was used to ensure re-
sults were ergodic and thus truly statistically representative. However, as increasing
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the time period leads to an exponential increase in computing time for diminish-
ing improvements in precision, this investigation reveals using values this high is
unnecessary. Subsequent work [1, 2] was thus carried out with 7" = 100, 000.

=)
]
o))
T

=
N
T

=
[}
T

Tracking Performance (

=
o

1000 10000 100000

Time Period

Figure 3.2: Average tracking performance of a swarm over a time period of T' = 1, 000,
10,000, and 100, 000 with the standard deviation of each data set.



Chapter 4
Density Analysis

Does swarm size matter? Although it is trivial to determine that the number of units
in a swarm is a key parameter in its design, there is currently no guiding principle to
help in its selection. This chapter shows that swarm size is fundamentally related to
swarm density. Examining the relationship between swarm density and performance
reveals how the number of agents influences group dynamics, which manifests in
trade-offs between exploration and exploitation. Different levers to modify those
dynamics, namely connectivity, memory, and different target parameters, are then
explored. This chapter compiles and re-frames results presented previously [1, 2].

25
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4.1 Introduction

In the design of a swarming MRS, few questions are as critical as the number of
robots to use to achieve the expected results [86]. In fact, by using too few agents, a
practitioner can completely miss the benefits of swarms, as ”the advantages of swarm
intelligence algorithms can only be exploited if a critical mass of swarm members is
reached” [87]. In addition to the swarm’s ability to coalesce into collective, other
important parameters must be considered when selecting the number of agents to
compose it. As stated by Schroeder et al. [63], these include:

e System scalability

e Technical capabilities of the individual agents making up the swarm, such as
communication range, sensor range, maximum speed, etc.

e Financial or logistical constraints, such as the number of robots that can be
bought, built, and operated with available resources.

While practitioners may consider some or all of these parameters, the selection
of the number of units used in past experiments is often nebulous. Three orders
of magnitude exist within the literature, starting at less than 10 units for a hunter
drone swarm [88], to the 150 unit subCULTron [28], all the way to the 1024 unit
Kilobot swarm[89]. As previously mentioned in Sec. 2.1, many consider the need for
a certain minimum size to even be considered a swarm, but there is no consensus on
the required number [86]. Because of the lack of analysis on how such swarms were
sized, there’s often no evidence showing a smaller swarm could not have been used
in their stead. Even the smallest systems studied have been argued to be capable
enough [15, 20, 34|, but whether this is done for technical or more practical reasons
is typically left unsaid.

When considering size, a more apt metric for the dynamic environments MRS are
often designed for is the density of agents throughout the search space, as defined in
Sec. 3.7.2. Rephrasing the aforementioned critical mass of agents reveals a minimum
critical density, which is hinted at throughout the literature. This is often linked to
communication networks, as is the case for Kilobots, which can only communicate
up to 10 cm [89], and in the case of the CIMAX algorithm, where it was found that
at least 3 agents are needed within an agent’s communication range to achieve the
desired performance [90].

Consequently, the analysis of agent density can help guide the question of how
to select the MRS size necessary for a specific problem, which has not been sys-
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tematically and satisfactorily answered [1]. Currently, knowledge is limited to the
aforementioned minimum density, which was demonstrated for the case of a system
of self-propelled particles [91]. In particular, reaching the critical minimum density
generated a phase change from disorder to order with the particles aligning. Testing
more complicated problems with different behaviors and protocols for a constant
surface area, a superlinear performance increase was found with increasing density
until a critical maximum density was attained [62]. Increasing density farther ac-
tually caused a reduction in performance, attributed to the increase in interference,
manifesting through more collision avoidance behavior.

In this chapter, the effects of density on the performance of the MRS defined
in Chapter 3 for the tracking of a fast non-evasive target is studied. This is com-
plemented by an analysis of its influence on the exploration-exploitation balance.
Other parameters, such as memory, various target parameters, and swarm size, are
also investigated at varied densities using both our performance and EED metrics.
Three density 'phases’, common to all swarms examined, are thus revealed: (1) the
low-density phase, in which agents are unable to track the target, (2) the high-
density phase, in which the target is consistently tracked, and (3) a transition phase,
throughout which the swarm’s performance increases rapidly with density. While
these phases occur no matter the swarm size or other parameters, how such mod-
ifications affect the density at which they occur is explained through the analysis
of their impact on the exploration-exploitation balance. Although most of the work
hinges on the previously described concept of agent density, swarm size still has a
determining impact due to its influence on the number of available units for the
carrying out of exploration.

4.2 Density Phases

First, swarms between N = 20 and N = 50 are simulated, tracking a non-evasive
target in various environment sizes to study the effects of swarm density on tracking
performance. These results, which were presented by Kwa et al. [1] are shown in
Fig. 4.1. There, three distinct regimes, hereafter called 'phases,” are distinguished:
(1) low density, (2) transition, and (3) high-density phase.

When density is low, in this case, p < 1073, the simulated agents are completely
incapable of tracking the target. The main culprit is the large inter-agent distance,
as it reduces the odds of any single agent coming into contact with the target,
thus preventing the target’s position from spreading from an agent to its neighbors.
Additionally, even if the target is encountered, the agents are too spread out to
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Figure 4.1: A swarm of N = 20, 30, 40, and 50 agents with varying levels of connectivity,
k, and swarm density, p, tracking a fast-moving non-evasive target traveling at v, max =
0.15. In the low-density phase, the system is unable to track the target. In the high-density
phase, the system can track the target continuously without interruptions. Between these
two phases, there is a transition phase in which the tracking performance of systems rapidly
increases with swarm density, p [1].

band together and cluster around it effectively. Thus, encounters are short-lived; the
individual agents get outpaced immediately without getting the chance to follow the
target based on information sharing from other nearby agents. However, as explained
in 3.2, the model used for this simulation does not reduce the flow of information
with distance. Therefore, the inter-agent distance negatively affects only the use of
this information, not its quality.

When density is high (p = 107'), the swarm tracks the target with near absolute
accuracy. As the inter-agent distance is very small, agents are almost always on the
target. This means the target has practically no open space to occupy, leaving it
always in agent range.

In the middle transition phase, tracking performance (=) increases quickly with
p. Its start coincides with the local density reaching a level sufficient for the agents
to cluster around a point of attraction, as shown by Fig. 4.2. Clustering enables
agents to lengthen encounters, as they are sufficiently close to each other to relay the
tracking task to new agents as the original one that found the target gets outpaced.

Fig. 4.1 also shows that the density at which the transition phase starts is inde-
pendent of N, while the density at which it stops is not. This is explained by the
fixed level of connectivity k£, which draws a constant number of agents to the target.
At low density, agents cannot translate target information into effective tracking
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through clustering. Thus, the system is limited by a lack of exploitation, because
its agents only explore, no matter the overall swarm size. However, nearing the
high-density phase, the performance-density curves of the differently sized swarms
separate as larger N swarms outperform smaller ones. This is due to smaller swarms
having fewer spare, or non-exploiting, agents—i.e., agents outside of the connectiv-
ity range of those in contact with the target— to allocate to the exploration of the
search area. Therefore, smaller swarms are limited by their lack of exploration.

To summarize, swarms in the low-density range are exploitation-limited, as op-
posed to high-density ones, which are exploration-limited. In the next sections,
the implications of different parameters, like swarm size, level of connectivity, and
memory, are explored.

4.3 Exploration-Exploitation Dynamics

As described in Sec. 3.7, the system’s EED is characterized by a system-level metric,
the exploration ratio, A, first introduced by Kwa et al [1]. By definition, high A
demonstrates a swarm prone to carry exploration, while a low A indicates the bias
is shifting to exploitation. However, it is important to note that not all exploitation
is 'useful’, in the sense of contributing to carrying out the task at hand, which will
be discussed further in this section. Since the swarm’s tracking performance = is
essentially a measure of exploitation resulting in actual target tracking, = can be
used to indicate said 'useful’ exploitation. As A is only a tool to understand results,
= is still the parameter sought to be optimized in this section.

Although a trade-off between exploration and exploitation in collective tasks has
been shown in different multi-agent swarms [77, 92], no clear understanding of
this process has been set forth. Using the aforementioned tracking performance and
exploration ratio throughout the density spectrum allows us to provide a quantitative
analysis of the EED.

Beginning with the previously identified low-density phase 4.2, Fig. 4.3 presents
an EED balance that is fully biased towards exploration. This is irrespective of
the connectivity level k, which favors exploitative behaviors. Thus, skewing the
swarm towards exploitation at such low density is insufficient to generate any target
tracking. Consequently, it can be said that the swarming strategy cannot be effective
in this density range.

Moving to the transition phase, Fig. 4.3 renders the trade-off between explo-



CHAPTER 4. DENSITY ANALYSIS

k=5
1oF
E 100
_08F ]
o
< 410!
Z 06
04l H107
= 02 ~ - 1073
0.0
M 1 1 M 1 1 107/1
1073 102 107 100
k=20
1oF
<10°
08} ]
)
Z 06 3107
& 04f ]
e 3107°
=02k
41073
0.0
gl — sl gl gl P
103 102 10T 100

Swarm Density p

1.0

1.0

0.8

0.6

04

0.2

0.0

H10°

710!
410°
{10

{1072

k=15
B nnl | PR | nnl
1073 1072 107! 10
k=35
B | — sl MR | sl s
1073 1072 107! 10

Swarm Density (p)

H
9
L

,_.
S
o

—
9
w

. 10—3

Local Density Difference (Ap)

30

Local Density Difference (Ap)

Figure 4.2: Density difference, Ap, of a swarm comprised of N = 50 agents with various
of connectivity k, tracking a fast-moving non-evasive target traveling at v, max =

degrees
0.15 [1].



CHAPTER 4. DENSITY ANALYSIS
k=5
Low Transition High
1.0 e
0.8
0.6 1
0.4
0.2 1
=== Exploration Ratio (A)
0.0 === Tracking Performance ()
103 102 107! 10°
k=20
Low Transition High
1.0 7— _
0.8
0.6
0.4
0.21
0.0 “
103 102 107! 100

Figure 4.3: Tracking performance, =, and exploration ratio, A, of a swarm of N = 50
agents using with levels of connectivity k& € [5,15,25,35], while tracking a non-evasive
target traveling at v, max = 0.15. The low, transition, and high-density phases have been

Swarm Density (o)

marked out on the plots [1].

1.0

0.8 1

0.6 1

0.4 1

0.2 1

0.0

1.0 1

0.8 1

0.6 1

0.4

0.2 1

0.0

k=15
Low Transition High
103 102 107 10°
k=35
Low Transition High
- x
103 1072 107! 10°

Swarm Density (o)



CHAPTER 4. DENSITY ANALYSIS 32

ration and exploitation obvious. As inter-agent distances get smaller, it is easier for
individuals to flock, or cluster, together. This promotes the exploitation of target in-
formation shared by exploring agents. Increasing density, =, leads to more resources

being allocated to exploitation, which simultaneously reduces the exploration ratio,
A.

During the transition phase, the impact of connectivity, k, is highly noticeable.
As discussed in Sec. 4.2, the transition phase itself begins at lower densities for high k
systems relative to low k ones, as the sharp rise in performance is shifted. For exam-
ple, looking at the case of k = 35 system in Fig. 4.3, A quickly decreases throughout
the transition phase until almost no exploration is carried out. In contrast, k = 5
shows much higher exploration A at higher densities, while high = values are still
achieved. Interestingly, the trade-off in this latter case is not associated with mutu-
ally exclusive actions, as high levels of exploration can be maintained while carrying
out high levels of exploitation in the medium-to-high (8 x 1072 < p < 1x10°) density
range. This result matches current literature, which has shown that exploration and
exploitation can be carried out simultaneously [14].

Finally, the exploration-limited high-density phase of the swarms of Fig. 4.3
clearly shows why low k systems perform better than high k£ ones. Indeed, at low
connectivity, systems achieve a maximum tracking performance of 1 while resources
are still used for exploration. This EED balance is thus much more effective, as the
system keeps the ability to look out for the target, which is essential to achieving
the desired high tracking scores. Comparatively, when k = 35, the aforementioned
increase in performance across the transition phase begins earlier, but is not as rapid.
In the right half of the transition phase, where p > 107!, the increase in Z slows
down, which causes higher swarm densities to be needed to get to a perfect tracking.
As this regime change coincides with a rapid drop in A, the slowed performance can
be directly attributed to the system’s poor vigilance.

The complex relationship between exploration and exploitation reveals a very
important fact: a MAS’s behavior is required to be adaptive when varying swarm
density. Given a specific density, an adaptive swarm could achieve the optimal EED
balance required to yield maximal tracking. In this searching and tracking problem,
we use k as our ‘adaptivity’ lever, but other parameters affecting the EED balance
could be used. Thus, one question remains: how can the optimum exploration-
exploitation balance (here, in value of k) be identified at any given density p? Con-
sidering each combination of swarm densities and levels of connectivity has a different
exploration-exploitation balance, we know there is an optimum connectivity level for
each density, as illustrated in Fig. 4.4(a). The gray-shaded area, where the best-
performing curve crossovers from one value of k to the next, presents where this
optimum level of connectivity shifts. In practice, the higher tracking performance is
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Figure 4.4: A swarm of N = 50 agents tracking a fast-moving non-evasive target traveling
at Vomax = 0.15. 4.4(a): Relationship between a swarm’s tracking performance (Z) and
the average swarm density (p) while operating at different levels of connectivity (k). The
crossover region, where the optimum &k maximizes =, is highlighted in gray. 4.4(b): Re-
lationship between a swarm’s exploration ratio (A) and the average swarm density while
operating at different levels of connectivity. 4.4(c): Relationship between the system’s
tracking performance and exploration ratio. Lighter-shaded points represent systems with
lower k, while darker-shaded points represent systems with higher k. The optimum level
of exploration, A*, is represented by the dotted line, with exploration-limited systems ly-
ing on the left of that line while exploitation-limited systems lie on the right. All three
densities considered fall within the transition region (Fig. 4.1) [1].

achieved with a higher level of connectivity at the lower end of the transition phase.
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Then, the opposite becomes true as the density increases.

To further analyze these phenomena, we again turn towards the relationship of
the exploration ratio, A, with the density p, as seen in Fig. 4.4(b). At low levels of
connectivity k, swarms achieve higher levels of exploration throughout the density
spectrum. This is expected since reduced connectivity limits the spread of the tar-
get’s location to a smaller group of agents. Unaware of the target’s position, other
agents maintain their exploration, increasing the swarm’s overall exploration ratio.

For these low k exploitation-limited swarms, the worse range of operations is
low p, which is naturally exploration-heavy or exploitation-limited. Instead, high
k values can be used, as they promote the reach of social transmission of infor-
mation between agents, making the swarm’s agents better equipped to collaborate
and exploit information by clustering around the target. Before the crossover, these
exploitation-heavy swarms are thus better equipped to the conditions and outper-
form low £ systems.

Predictably, increasing the density in the transition phase promotes exploitation
by decreasing inter-agent distances, which allows for the clustering of the agents
around the target. As briefly noted previously, past the crossover, we see low k
systems performing better than high k& ones. This is explained by over-exploitation,
which happens when the higher £ swarms generate excessive clustering around the
target, which does not improve its tracking performance. Such exploitation is con-
sidered 'redundant’ and takes away from the swarm’s ability to explore, rendering it
exploration-limited.

The previously established connection between the optimal level of connectivity
k* and p is made clearer with Fig. 4.4(c), which also shows there exists an op-
timal level of exploration A*. Achieving this A* allows for our swarm’s tracking
performance to be maximized for a given density. Therefore, we have an optimal
connectivity k* such that =Z(k*, p) = maxy(E(p)) (Fig. 4.4(a)), which also gives us
an optimal exploration ratio A* = A(max(Z)).

Interestingly, while the optimum exploration level A* is almost completely hidden
in Fig. 4.4(b), it is easily represented by a simple vertical dotted line in Fig. 4.4(c).
Surprisingly, Fig. 4.4(c) suggests that A* stays constant even for different densities.
This requires further study, as only a narrow range of densities is considered, which
gives us a small glimpse of the location of A*. Additionally, this visualization of A*
makes the previously discussed notion of exploration-limited and exploitation-limited
systems very clear, as it delineates between the two regions of the graph. Indeed,
systems falling on the left side of the optimum exploration ratio are limited by their
lack of exploration, while systems on the right-hand side are limited by their lack of
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exploitation.

This conclusively shows that the system’s level of connectivity has to be adapted
to manage EED and, therefore, achieve an optimum balance between its two principal
behaviors: exploration and exploitation [1]. Such a use for an ’adaptivity’ lever was
suggested by several previous studies [13, 15, 82, 93].

4.4 Memory

Although the level of connectivity k is the main ’adaptivity’ lever presented in this
work, the potential of other parameters to affect the EED of the swarm, manifesting
itself in the different phases presented in Sec. 4.2, were also studied. In particular,
the agents’ memory has been identified as having some limited potential to act as
an ’adaptivity’ lever.

4.4.1 FEvasive Target Tracking

Beginning with the tracking of an evasive target, Fig. 4.5 shows that implementing
agent-based memory is a helpful way to push the beginning of the transition phase
to the left, i.e., promoting an increase in performance at lower densities. Indeed, it
indicates that a swarm with memory will begin its transition phase at a much lower
density when compared to one that does not utilize memory (p ~ 1.2 x 1072 with
memory compared to p ~ 5 x 1072 without memory) [2].

To explain this effect, we must return to Sec. 3.4.2, where the point of attraction
was defined. By providing an agent with memory through the mechanism detailed
in Sec. 3.3, each sighting of the target becomes a persistent point of attraction,
to which agents will congregate, even if the target’s location has been outside of
the agents’ range for multiple time-steps. Consequently, the cooperation between
agents is promoted, boosting their exploitative behavior, i.e., tracking the target.
Previous literature had shown memory to increase performance when tracking an
evasive target, which this result confirms [15].

Additionally, Fig. 4.5 shows that the length of memory does not affect the density
at which the swarm enters its high-density phase, while the memory-less swarm’s
transition phase occurs over a narrow range of densities. As a swarm cannot be
effective at all in the low-density phase, and its individual agents can barely move
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Figure 4.5: The effect of memory on a system’s transition phase when tracking an evasive
target. The start of the transition phase in a memory-less system occurs at a higher swarm
density than systems with memory. Memory usage does not affect the start of the high-
density phase [2].

in the high-density one, these results suggest that the range of operation to conduct
a target-tracking task for a memory-less swarm is narrower.

Although implementing memory can reduce the minimum density necessary to
start the transition phase, Fig. 4.5 also shows that performance cannot simply be in-
creased further by increasing memory length. Indeed, higher memory quickly loses its
benefits to the swarm’s tracking performance. As mentioned, going from a memory
length tem = 0 t0 tem = 2 vastly reduces the starting density, but the increase in
performance when going from 6, = 2 t0 tem = 10 is much smaller. Furthermore,
the transition phase of the swarms with a memory length t,e,m = 10 and tem = 20
are similar, with t,.,, = 10 even having a better performance at higher densities,
showing a clear limit to returns obtained by increasing the swarm’s memory.

While giving a certain persistence to the information uncovered when the target
is located was shown to be beneficial, the longer the agents’ memory is, the more
outdated the information exploited becomes. Since the target is always on the move,
this older information causes the agents to cluster at a position that the target has
left, as shown in Fig. 4.6. While clustering near a slightly older location can increase
target tracking by increasing inter-agent collaboration, this quickly becomes counter-
productive as the information becomes too old. Thus, increasing the agents’ memory
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Figure 4.6: A swarm with a memory length of e = 20 tracking an evasive target.
Agents clustering in the wrong location due to the exploitation of outdated information
circled in red when using excessive memory lengths [2].

further does not benefit their performance, even if it boosts exploitative behavior.

4.4.2 Non-Evasive Target Tracking

In the literature, agent memory has often been removed entirely from a swarming
strategy when tracking non-evasive targets [13, 23, 94]. That choice is typically
made to prevent the exploitation of outdated information, which, as shown in the
evasive case, can cause clustering around a target’s past location. This problem can
be aggravated in cases where the target or the environment evolves faster [46].

However, Fig. 4.7 shows that implementing agent memory can cause a slight in-
crease in performance during the transition phase. Similarly to the evasive case, there
is no notable effect on the high-density phase. On the low-density side, adding mem-
ory slightly lowers the density required to enable tracking. Thus, adding memory
to a swarm’s agents increases the range of densities for which the MRS is effective,
thereby increasing its potential use cases.

To analyze the mechanisms behind this increase in performance, we turn to
Fig. 4.8, which shows the direction of each agent’s velocity vector [2]. The effect
of memory can clearly be seen as agents converge towards the target’s old location,
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evasive target [2].

even if its new location is unknown. Thus, the target’s speed advantage, which al-
lowed it to outrun the agents that found it in the first place, is partly negated, as
the agents are driven to an area that increases their likelihood of finding it. Memory
also generates reductions in inter-agent distances, which, as previously discussed, is
another important parameter with the potential to increase swarm performance. In-
deed, such a cluster of agents can more readily aggregate and exploit new information
on the target’s location once another agent happens upon it.

As seen in the evasive case, Fig. 4.7 also presents clear evidence that there is
an optimal memory length past which tracking performance is no longer improved.
As performance is capped at a memory length ., = 10, this optimal memory
appears to be the same in both the evasive and non-evasive cases. Similarly, again,
to Fig. 4.5, Fig. 4.7 shows a slight increase in performance for some densities with
tmem = 10 over tyem = 20. Although implementing agent-based memory has clear
advantages when tracking either an evasive or non-evasive target, caution must be
taken to identify the optimal memory length and avoid the false clustering memory
that can be caused when used in excess. Having too many agents that are neither
exploring nor tracking the target’s current location renders further improvements to
the swarm’s tracking performance through the use of memory impossible.
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Figure 4.8: A swarm with a memory length of ¢y, = 20 tracking a non-evasive target at
a swarm density of p = 1072. Dotted lines indicate the direction of travel of the individual
agents [2].
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In addition to the aforementioned connectivity and memory, the target’s tracking
properties can also influence the transition phase’s density range. One of these
parameters, which was explored in relation to agent memory in Sec. 4.4, is the
target’s movement policy. Fig. 4.9, by comparing the tracking performance when
simulating an evasive and a non-evasive target, demonstrates that the evasive target
is harder to track. Indeed, even using memory, which was set at t,o,, = 10 for both
swarms, the resulting performance curve for the evasive case is shifted to higher
densities.

To understand why the target’s evasive movement policy impacts the transition
phase, it’s important to consider how it affects the agents’ tracking actions. With
everything else being equal, the swarm’s agents can track the target as usual upon
the initial encounter. Only after this, where agents can establish exploitation of the
target, its evasion mechanism kicks in, allowing it to try to distance itself from the
pursuing agents. By doing so, the agents’ exploitation potential is partly negated,
as they must rely on inaccurate information on the target’s position.
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Furthermore, even if the target’s evasion does not fully succeed in getting its
pursuers off its trail, it does make it harder to follow in the long run. Having
fewer agents transmitting its location to the rest of the swarm than its non-evasive
counterpart means the evasive target has fewer agents drawn to it, which reduces the
swarm’s exploitation even further. This reduction in effective exploitation lowers the
swarm’s score, thus shifting the performance-density curve to higher-density ranges.

4.5.2 Target Velocity
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Figure 4.10: The effect of a non-evasive target’s velocity on a tracking swarm’s perfor-
mance at different densities [2].

Another target parameter that can be modified to increase the tracking task’s
difficulty is the target’s velocity. By making it easier for the target to outrun its
pursuers, the swarm’s agents spend more time trailing it, which reduces the amount
of effective tracking they can accomplish. As shown in Fig. 4.10, this is the case
even if the target is non-evasive. The same mechanism described when comparing
the evasive and non-evasive movement policy is also in action here, as increasing
the target’s velocity means that its positional information is disseminated to fewer
overall agents, again reducing the exploitation the swarm can carry out. Similarly,
less effective exploitation has the direct consequence of shifting the range of densities
over which the swarm’s transition phase occurs.
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4.5.3 Number of Targets
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Figure 4.11: The effect of the number of non-evasive targets to be tracked simultaneously
on a tracking swarm’s performance at different densities [2].

The final method trialed to increase the tracking problem’s difficulty and thus
change the swarm’s resulting transition phase is simply multiplying the number of
targets to be tracked. Interestingly, Fig. 4.11 shows that having one or two extra
targets to track does not simply shift the density range over which the system’s
transition phase occurs, in contrast to modifying the target’s movement policy or
velocity [2]. Indeed, more targets to be tracked results in a transition phase that
begins at a lower density, as systems with more targets to track outperform the
others. Then, as density increases, the performance curves hinge about a middle
point, after which a higher number of targets results in a lower performance.

What might initially seem counter-intuitive can be simply understood by con-
sidering that our swarm density metric does not consider target density. As targets
wander about the search-space at random, increasing their number increases the like-
lihood of encountering one for the same density. Therefore, when the swarm is limited
by its lack of exploitation, i.e., at low density, adding targets adds opportunities for
exploitation to occur, which lowers the density necessary for the transition phase to
begin. We then observe a direct link between the amount of effective exploitation,
represented by the score, and the number of agents.
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However, this reasoning no longer holds true as we transition from an exploitation
to an exploration-limited swarm. Then, the increased target density still boosts
exploitation, which further reduces the amount of exploration carried out by the
system’s agents. As the system’s focus is now divided between multiple targets,
having more agents dedicated to over-exploiting the targets has an outsized impact
on performance at higher densities. This reduction in performance delays the start
of the high-density phase, making the transition phase of a multi-target swarm much
wider than a single-target one.

A distinction can be made here between parameters that affect the system’s
EED and those that uniformly affect its exploration or exploitation. While chang-
ing the target’s movement policy to evasive or increasing its speed makes exploita-
tion harder along the entire density spectrum, thus changing the ratio of effective
to non-effective exploitation, modifying the number of targets actively impacts the
exploration-exploitation balance by biasing agents towards generating more exploita-
tion. The difference is obvious on the performance-density curve, as we can shift the
transition phase left or right by making exploitation easier or harder, in contrast to
widening or narrowing it by generating an exploitation bias or an exploration one.

4.6 Swarm Size

The work presented in previous sections of this chapter has unequivocally shown
the necessity of considering swarm density to analyze a MAS. In particular, the
importance of the minimum density needed for collective behavior to emerge cannot
be understated, as it is the starting point of what we deem swarm ’intelligence’.
Density is also essential to analyze the balance between a swarm’s exploitation and
exploration behaviors throughout its transition phase. Any change in density has
consequences that reverberate through every aspect of a swarm’s actions.

Despite this evidence, substituting the number of agents by agent density for an
analysis cannot make said analysis completely abstract. Indeed, finite-size effects
should be considered, as they are unavoidable. For example, the logistical and finan-
cial challenges that prompted this density analysis in the first place restrain many
practitioners from working with small numbers of agents [63, 95]. Therefore, we
must consider the effect of swarm size, which was briefly discussed in Sec. 4.2, and
use it to complete our density analysis.

As stated in Sec. 2.3, optimization problems have typically utilized an increase
in the number of agents in a system as a means to carry out more exploration. This
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Figure 4.12: Exploration ratio of a swarm of N = 50, 40, 30, and 20 agents for three
different levels of connectivity k and varying swarm densities p tracking a fast-moving non-
evasive target traveling at v, max = 0.15 [1].

is shown to be an effective method for our target tracking problem in Fig. 4.12, as,
especially at higher densities, an increase in the overall number of agents leads to an
increase in the swarm'’s overall exploration ratio. The effect is even more striking for
systems operating at a low level of connectivity, as larger swarms maintain a high
level of exploration throughout the density spectrum.

To shed some light on that phenomenon, Fig. 4.13 can be used to show the level
of exploration a swarm achieves varies in function of k/N, and not the previously
used swarm density. When an agent switches from actively exploring to exploiting,
a small swarm loses more of its exploration capacity than a larger one. For example,
it would be a 10% decrease in a 10-agent swarm and only 2% in a 50-agent one.
This means that, when using a fixed level of connectivity, the larger swarm has a
smaller proportion of its agents engaged with the target, leaving more of its agents
free to realize its exploration potential. From these results, it can be concluded that
exploration is a system-level action, making it dependent on the proportion of agents
exploring [1].

To further investigate exploration’s system-level classification, we can analyze
tracking performance instead. Inspecting Fig. 4.14 confirms the existence of the
aforementioned optimal level of connectivity (£*), which maximizes a swarm’s per-
formance [1]. For k < k*, the swarm is found to be exploitation-limited, while it is
exploration-limited for k£ > k*. In that phase, reduction in performance is observed
to be proportional to k/N irrespective of swarm size, thus supporting the conclusion
that a system’s exploration capacity is a global property [1].



CHAPTER 4. DENSITY ANALYSIS

45

o
o

Exploration Ratio (A)
o o
o <

o
(&)

50 Agents
40 Agents
30 Agents
20 Agents

0.0

0.2

0.4

0.6

kIN

0.8 1.0

Figure 4.13: Exploration ratio of a swarm of N = 50, 40, 30, and 20 agents with varying
levels of connectivity at a swarm density of p = 0.0444, tracking a fast-moving non-evasive

target traveling at v, max = 0.15 [1].

0.9

Exploitation-Limited

-— —

0.8

<
3
T

0.6

Tracking Performance (Z)

0'1 1 1 1 1 1

Exploration-Limited

20 30 40
k

Figure 4.14: Tracking performance of a swarm of IV

50

0.9

0.8

0.7

0.6

0.5

0.4

Exploration-Limited

Exploitation-Limited

-t —

50 Agents
40 Agents
30 Agents
20 Agents

0.2 04 0.6 0.8 1.0
k/N

= 50, 40, 30, and 20 agents with

varying levels of connectivity at a swarm density of p = 0.0444, tracking a fast-moving
non-evasive target traveling at v, max = 0.15. Tracking performances are plot against k

(left) and k/N (right) [1].



CHAPTER 4. DENSITY ANALYSIS 46

We can oppose the system’s exploitation-limited phase, where the swarms’ per-
formances are directly proportional to the value of k. As this is the case for all
swarm sizes, we can conclude that exploitation is a local-level task [1]. Indeed, when
the swarms are exploitation-limited, having a fixed level of connectivity means that
a fixed number of agents are informed of the target’s location, thus keeping the re-
sulting level of exploitation constant. Furthermore, the effectiveness of exploitation
is wholly unrelated to the overall number of agents, making the number of agents
that can form a cluster around the target the only relevant metric, which is dictated
by k.

In addition to the general EED trends outlined above, Fig. 4.14 shows a gen-
eral rule about swarm sizes: the maximum tracking performance achievable is lower
for smaller swarms. Predictably, their k* is also lower. To explain this rule, we
must recall that exploitation and exploration are not mutually exclusive actions on a
system-wide level, as observed in Sec. 4.3. Since small swarms have a lower exploita-
tion potential or exploration capacity, they have a lower capacity to conduct both
exploration and exploitation. Indeed, by increasing the smaller swarm’s level of con-
nectivity, it is forced to allocate a higher proportion of its resources to exploitation.
This limits the resources available to explore, leaving the swarm to transition into an
exploration-limited system faster than its larger counterpart. Meanwhile, the large
swarm can keep dedicating more and more agents to exploitation without running
out of agents to explore the space, making its overall tracking potential much higher.
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Figure 4.15: Tracking performance of a swarm of N = 50, 40, 30, and 20 agents with
varying levels of connectivity at a swarm density of p = 0.02, tracking a fast-moving non-
evasive target traveling at v, max = 0.15. Tracking performances are plot against k (left)
and k/N (right) [1].
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Figure 4.15 shows another consequence of the lack of capacity of smaller swarms,
which is seen at this density close to the low-density phase: it can completely run
out of exploitation potential. Indeed, we've talked up to this point of exploitation
potential and exploration capacity, as k£ dictates how much the swarm is dedicated to
exploiting, the rest being available for exploration capacity or 'unrealized’ exploita-
tion potential. However, if K = N, then there are simply no agents left to explore or
no 'unrealized’ exploitation potential. In this low-density case, for swarms of N = 20
and N = 30, tracking performance rises with k£ and does not reach an optimal k*
value. Therefore, the agents are so few and far between that, even when maxing
out their exploitation potential, there are not enough agents to properly exploit the
target, i.e., to reach the performance expected of a swarm of such a density. In other
words, the optimal level of connectivity k* does not exist for such a swarm; it does
not even have the capacity to be exploration-limited.

4.7 Discussion

In this chapter, the testing of our target tracking strategy revealed the existence of
three phases, each defined by the performance of the swarm for the corresponding
density range. These are the low-density phase, in which the swarm cannot track
the target, the transition phase, throughout which performance rises rapidly with
density increases, and the high-density phase, in which the target is continuously
tracked.

In particular, the transition phase reveals that the optimum level of connectivity
k* changes inversely with the density, as it serves as a lever to compensate for the
swarm’s over or under-exploitation. When exploration is abundant, at low densities,
k biases the swarm towards exploitation. The opposite holds as the swarm becomes
exploration-limited at higher densities, necessitating a lower value of k to reach the
optimal exploration-exploitation balance. In that case, using a k higher than the
optimal value generates excess exploitation, which does not increase performance.

Next, memory implementation was shown to shift the transition phase to a lower
density range when tracking both evasive and non-evasive targets. In practice, this
allows for a design to include fewer agents to obtain the desired results, which,
by lowering the cost and resources necessary for implementation, is a shared goal
of practitioners. This is due to the increased level of clustering generated by the
longer-lasting point of attraction, which can also become detrimental past a certain
memory length.
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Different target parameters, including their number, velocity, and movement pol-
icy, were also trialed to measure their impact on the swarm performance over a large
range of densities. An evasive target was found to shift the transition phase to higher
density, as was using a higher target velocity. Interestingly, multiplying the number
of targets was found to increase performance at low densities due to the higher odds
of encountering a target boosting exploitation and reducing it at higher densities as
the swarm becomes exploration-limited.

Finally, focusing on swarm size instead of swarm density allowed for the char-
acterization of exploration and exploitation as, respectively, global and local tasks.
Indeed, exploitation relies on the number of agents in a local cluster around the
target, while exploration depends on the proportion of agents exploring the search
space. Therefore, swarm size greatly impacts exploration, as a large swarm will be
able to allocate a larger portion of its agents to exploration, even at the same overall
density as a smaller swarm.

Overall, these results provide guidance to practitioners by characterizing the
mechanisms behind the critical minimum and maximum densities evoked in the lit-
erature. Of course, not every single one will be useful, depending on the task and the
specific strategy employed to solve it. However, identifying the transition phase and
shifting it to lower densities is vital to harnessing the benefits of swarm intelligence,
thus reducing implementation costs. The identified ’adaptivity’ levers also reveal a
path towards designing swarms that perform over wider ranges of conditions, hinting
at the possibility of having agents alter their memory or connectivity level based on
the swarm operating in either an exploration or exploitation-limited regime.



Chapter 5

Heterogeneous Analysis

Modularity, although often overlooked, is a great potential feature of MRS, as uti-
lizing a decentralized swarm renders the addition, removal, or replacement of robots
inconsequential to the overall swarming strategy. To study the repercussions of
introducing such heterogeneity in a swarm, we consider the replacement of slow
agents with faster ones. Density, connectivity, and memory are all used to uncover
the changes brought forth by introducing fast agents onto the swarm’s exploration-
exploitation balance. Different heterogeneous strategies are also considered as means
to improve tracking performance further. The work presented in this chapter has
been partially published in Kwa et al. [3] and further integrates later developments.

49
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5.1 Introduction

In addition to more practical considerations, like slowly rolling out an upgrade while
leaving functional robots in the field, or replacing destroyed agents with whatever
is available, modularity also has much potential to optimize a swarm’s performance.
This can be done with a focus on cost [73], energy [25], or directly on perfor-
mance [74]. Although it seems straightforward to replace a few agents with faster
ones to improve the swarm’s overall performance [16], caution must be employed, as
it was also shown that mixing different types of agents could result in worse overall
performance [96].

As done in the previous chapter, modifying the connectivity level of a swarm’s
agents is a well-known tool to adjust its exploration-exploitation balance [23, 93].
Furthermore, memory was determined to have a similar impact [84, 97|. As shown
previously, increasing either memory lengths or connectivity levels increases the
amount of exploitation a swarm conducts. However, modifying the communication
network of a single agent is the least well-known technique, which has been identified
as a possible avenue to implement heterogeneity and improve performance [14]. This
hints at the possibility of implementing more complex heterogeneous strategies by
varying the number of neighbors of certain agents and other parameters, like agent
memory length.

Therefore, in this chapter, we combine the work previously accomplished in Chap-
ter 4 [1, 2] with the concept of replacing faster agents with slower ones. As such,
agent density, the level of connectivity, memory, and the number of fast agents
are all studied for their impact on a heterogeneous swarm’s exploration-exploitation
balance, as well as overall performance. In addition, the other aforementioned het-
erogeneous strategies, involving the introduction of varying levels of connectivity
and memory lengths, are also studied. Of course, these strategies aim to maximize a
swarm’s performance, thereby unlocking its potential when dealing with fast-evolving
circumstances [3].

To do so, the strategy described in Chapter 3 is used to simulate swarms with
agents that can have one of two maximum speeds. Of course, the target’s speed
is faster than both, as neither agent can be allowed to track the target by itself
constantly. Therefore, we confirm the existence of the previously studied density
phases and some interesting opportunities to reduce swarm sizes while increasing
performance through the use of faster agents. Introducing faster agents is also shown
to generally increase performance without altering the tracking strategy, but lowering
the optimal level of connectivity k£* makes the strategy less effective than if it was
modified to consider the newer, faster agents. This result again raises the need for a
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truly adaptive strategy that can better exploit a swarm’s modularity by optimizing
its own parameters to respond to changes in composition.

5.2 Density Phases

One of the possible advantages of modularity is reducing the overall number of
agents necessary to accomplish the task at hand by upgrading a select few of them.
Of course, reducing the size of the swarm will reduce its density, which, as we've
seen, will affect the swarm’s exploration-exploitation balance. A density analysis
comparing homogeneous swarms with their heterogeneous counterparts was thus
undertaken to validate the potential of said heterogeneity.

Beginning with the performance density curves shown in Fig. 5.1, the previously
established three phases are clearly visible [3]. Indeed, there is a low-density phase
(< 3 x 1072 agents/unit area) where the swarm is ineffectual at tracking the target.
It is then followed by the transition phase, where the swarms’ performance improves
quickly as density rises. Once performance maxes out (> 1 agent/unit area), swarms
enter the high-density phase, where the target is perfectly tracked. These observa-
tions confirm the phases framework developed by Kwa et al. [1-3] that was discussed
throughout Chapter 4.

In addition to this validation, Fig. 5.1 shows that heterogeneity counteracts the
finite-size effects studied in Sec. 4.6. In fact, going from a homogeneous swarm
of 50 agents to a heterogeneous one comprised of 30 slow agents and 10 fast ones
leads to a large increase in tracking performance. This is due to the fast agents’
much-improved exploitation abilities, as they have an easier time keeping up with
the target. Therefore, this boost to exploitation counteracts the aforementioned
reduction in performance caused by smaller swarms. The increase in performance
brought on by heterogeneity goes hand in hand with a similar increase in the swarm’s
engagement ratio, showing that this extra exploitation potential for the swarm is very
effective.

Furthermore, the decrease in performance resulting from removing slow agents
from the swarm confirms the importance of considering swarm size in density anal-
ysis. Although the proportion of fast agents is increased by removing slow ones,
it forces a higher proportion of the swarm’s agents to be allocated to exploitation,
leaving less room for exploration, a global task, to be undertaken, thus reducing the
swarm’s overall performance. This suggests that the actual number of fast agents is
more important than their proportion respective to the total swarm size, confirming
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Figure 5.1: Evasive tracking performance (top) and engagement ratio (bottom) of a
homogeneous swarm comprised of 50 agents and two heterogeneous swarms comprised of
a total of 40 and 30 agents each. Simulations were carried out over various area sizes to
vary swarm density with agents using a k = 14 network [3].

exploitation status as a local metric.
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5.3 Exploration-Exploitation Dynamics

As the existence of an optimum level of connectivity k* was previously established,
it is important to investigate how, if any, heterogeneity affects it. In Fig. 5.2, we
notice this £*, as the tracking performance is maximized for a specific value of £ in
both the homogeneous and heterogeneous swarms. Again, for £ < k*, the swarms
end up exploitation-limited, as most of their agents are dedicated to exploration,
and few manage to engage with a target. However, for k > k*, the engagement ratio
keeps rising as performance falls. This is indicative of the agents over-exploiting the
targets, i.e., clustering around them too much, leaving the entire swarm exploration-
limited, and hindering its performance. In fact, this extra-clustering makes agents
easier to outrun, as they have a harder time finding a target again once they lose
track of it.

Next, Fig. 5.2 demonstrates that tracking performance always increases when
swapping a homogeneous swarm for a heterogeneous one, no matter the value of
k. Thus, it is possible to simply replace slower agents with faster ones without
necessitating any adjustments to maintain the swarm’s productivity. Such a result
had been suggested in the literature, as it was established by Vallegra et al. [9] that
no modifications were needed to take advantage of a heterogeneous swarm for a
dynamic area coverage task. However, other studies showed that the overall strategy
needed to be modified, for example, by changing the communications network, or
that specific conditions needed to be initialized to actually realize benefits from a
heterogeneous swarm [76, 96]. A more complete explanation of why that is the case
is found in Sec. 5.5, as the faster agents’ impact on the exploration-exploitation
balance is explored in detail.

Figure 5.2 also clearly shows that introducing faster agents to the swarm causes
the optimum level of connectivity to go down. While the general tracking strategy
is shown to be effective even with these heterogeneous swarms, this reduction in £*
nonetheless signifies that altering the level of connectivity specifically is necessary to
maximize the heterogeneous swarm’s performance. Therefore, a swarm that takes
advantage of the modularity of MRS should possess some kind of mechanism to adapt
its level of connectivity when agents of different abilities are added or removed from
it. This would enable such a swarm to fully exploit the extra potential endowed to
it by the addition of faster agents. The mechanisms behind this phenomenon are
further analyzed in Sec. 5.5.

The number of targets is another parameter that was shown to impact a swarm'’s
exploration-exploitation balance. In Fig. 5.2, it is demonstrated that adding targets
decreases the swarm’s overall performance. This suggests, based on our previous un-
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derstanding of multi-target tracking developed in Sec. 4.5, that the swarms simulated
are found after the middle point of the transition phase, i.e., in their exploration-
limited phase. Indeed, having multiple targets to track is easier for the swarm than
a one-target case when this swarm is limited by its exploitation. This is due to the
many targets being easier to find and thus exploit, hampering the swarm’s explo-
ration abilities.

Additionally, Fig. 5.2 shows that both adding targets and increasing the swarm'’s
level of connectivity results in a higher engagement ratio ©. This is coherent with
our analysis, as tracking multiple targets increases the likelihood of an agent en-
countering one, therefore increasing the ratio of agents engaged to a target. As the
engagement ratio is a global variable that does not differentiate between targets,
adding more always results in an increase. In the case of extra connectivity, the
target information uncovered by agents gets spread to more of the swarm, resulting
in more agents transitioning from exploration to exploitation. Although achieving
optimal performance requires a balancing act, © allows us to identify excessive ex-
ploitation by comparing the gap between overall engagement and performance.

Interestingly, Fig. 5.3 shows that the optimum exploration-exploitation balance
remains constant even when targets are added. Yet, as adding more targets increases
exploitation while reducing exploration, exploration needs to be increased to achieve
this optimal balance and thus maximize performance. This is shown in Fig. 5.2, as
the swarm’s £* goes down when adding extra targets.

5.4 Memory

To further study the use of heterogeneity as a means to improve swarm performance,
it is important to consider the different memory lengths that can be implemented
for the swarm’s agents. As making the agents’ point of attraction more persis-
tent tends to boost exploitation, which is also the main advantage of introducing
faster agents, the interplay between those two upgrades and their impact on the
exploration-exploitation balance has to be studied. Furthermore, excessive memory
was previously found to have the potential to be detrimental thus great care has to
be taken when designing with memory.

Notably, Fig. 5.4 demonstrates that, when keeping the same memory length
throughout the swarm, heterogeneity in agent speed does not change how the swarm
responds to memory, as the optimal memory length is the same for both the ho-
mogeneous and heterogeneous swarms. However, the importance of implementing
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Figure 5.4: Tracking performance (red line) and engagement ratio (blue line) of a het-
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homogeneous swarm comprised of slow agents (dashed line) tracking a single fast-moving
evasive target. Simulations were performed using network connectivity of £k = 14 and var-
ious memory lengths [3].

short-term memory when tracking an evasive target is also made obvious, as swarms
with fpmem = 0) can simply not track the target for the density chosen. Adding
even minimal amounts of memory greatly increases performance and engagement,
enabling the swarm to track the target better and better. Indeed, as previously de-
scribed in Sec. 4.4, memory enables the agents to utilize even very short encounters
to their advantage, as the point of attraction generated lasts longer. Without this
persistence, the swarm’s agents disperse into their static equilibrium, and any en-
counters with the target are too short-lived to trigger a coordinated response. The
target quickly evades its pursuing agent, and the lack of memory means the swarm
immediately starts to get back in position.

Nonetheless, Fig. 5.4 also demonstrates the impact of the aforementioned exces-
sive memory. The swarm’s tracking performance plateaus around ¢, = 10, before
degrading as memory length increases. As in Sec. 5.3, the cause behind this decrease
is obvious by comparing the tracking performance curves with the engagement ratio.
Indeed, as memory length increases past the optimum values, the engagement ratio
keeps rising, creating a gap of ineffective exploitation. This excessive exploitation
is generated by the age of exploited information, as information becomes too dated
past a certain point, thus rendering it harmful to exploit. This shows the importance
of maintaining the optimal exploration-exploitation balance mentioned throughout
this work.
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5.5 Impact from the Introduction of Fast Agents

As previously alluded, the proportion of fast agents in a swarm can be considered to
properly generalize our work. This is done in Fig. 5.5, where a linear increase in both
the tracking performance and engagement ratio can be observed due to increasing
the proportion of fast agents. As the tracking strategy used for both homogeneous
and heterogeneous swarms is the same, we can establish that modifying the strategy
itself is unnecessary to obtain performance increases.

Analyzing the behavior of the simulated agents gives us a few hints as to why that
is the case. In fact, Fig. 5.6 demonstrates that faster agents tend to cluster around
the target as a group to exploit, but the adaptive inter-agent repulsion is sufficient to
compel the faster agents to disperse around the search space and explore once sight
of the target is lost. This increases the odds that a fast agent will encounter the
target, as distributed fast agents can deploy quicker after a target is encountered.
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Figure 5.5: Tracking performance (right) and engagement ratio (left) of swarms com-
prised of 50 agents with various proportions of BoB-1 agents tracking a fast-moving evasive
target. Simulations were performed using a network connectivity of £ = 12 and a memory
length of tmem = 20 [3].

From these quantitative results and associated observations, we can conclude
that the increased mobility of the faster agents throughout the search space is the
main factor behind the increase in exploitation, itself resulting in both an increase in
engagement and performance. Since the faster agents are better equipped to track
down discovered targets, adding them to a swarm directly increases its tracking
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Figure 5.6: Heterogeneous swarm comprised of 35 BoB-0 units (black crosses) and 15
BoB-1 units (blue crosses) tracking an evasive target (dark blue disc). (Left) BoB-1 units
clustering while pursuing target; (Right) BoB-1 units redistributed around the environment

due to inter-agent repulsion [3].

abilities. As was discussed in Chapter 4, making agents better at tracking down the
target compounds throughout the swarm since agents that spend more time on the
target can disseminate the information to more of the swarm. This also applies to
slower agents, as they get access to better location data, enabling them to remain
engaged with the target for longer.

Furthermore, it can be concluded from the increase in the engagement ratio that
adding faster agents biases the swarm’s exploration-exploitation balance towards ex-
ploitation. While this might seem problematic initially, Fig. 5.7 demonstrates this
is not the case, as replacing slow agents with faster ones increases the optimum en-
gagement ratio, for which performance is maximized. It can thus be said that the
swarm’s optimum exploration-exploitation balance is also shifted towards higher ex-
ploitation. This phenomenon is explained by the behavior of exploring agents, as the
swarm’s higher mobility makes the non-engaged agents more efficient at exploring,
thus accomplishing more with less.

Regardless of what could be expected from this apparent shift in favor of exploita-
tion in the optimum exploration-exploration balance, Fig. 5.7 also demonstrates a
reduction in the optimum level of connectivity k*. Indeed, this optimum level goes
from k* ~ 15 when using all slow agents to k* ~ 10 when replacing 45 slow agents
with fast ones. Such a decrease in £* indicates that the swarm needs to boost its
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exploration by lowering its level of connectivity. This is congruent with previous
work in the literature on non-evasive targets [16], although the change is shown to
be less extensive here with evasive ones. It indicates that replacing slow agents with
fast ones increases the swarm’s capability, but also propensity, to exploit target in-
formation [3]. Thus, to balance the extra exploitative actions being carried out, the
swarm needs to increase its level of exploration. As a result, the optimum level of
connectivity k* is decreased.
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Figure 5.7: Swarms comprised of 50 agents with different agent compositions of BoB-1
and BoB-0 units tracking a single fast-moving evasive target. A system with 0 fast agents
is a homogeneous swarm comprised solely of BoB-0 units. (Left) Tracking system perfor-
mance while operating with different levels of connectivity k. (Right) Engagement-Tracking

plots where darker shaded points indicate swarms communicating through networks with
higher values of k [3].

5.6 Heterogeneous Strategies

Another strategy under consideration to increase swarm performance is to upgrade
or downgrade the memory of faster agents, thus developing a heterogeneous memory
strategy. To investigate this possibility, the optimum memory lengths of swarms
with agents of different maximum speeds were tested, as demonstrated in Fig. 5.8.
Interestingly, the optimum memory length is constant throughout, thus suggesting
that such a heterogeneous memory length strategy would not improve a swarm’s
performance.

Finally, using a heterogeneous strategy, mixing different levels of connectivity was
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Figure 5.8: Evasive tracking performance of homogeneous swarms with different v,, max
and memory lengths. Simulations were run at k& = 14 and vy max = 0.3 [3].

considered. Indeed, it was shown in Sec. 5.5 that adding faster agents to a swarm
decreases its optimal level of connectivity £*, and the literature presents evidence that
the optimal level of connectivity also varies with the agents’ driving speed [13, 33].
Therefore, using the same general strategy, we proceeded to simulate swarms with a
distinct slow (k) and fast (kf) agent level of connectivity.

Using Fig. 5.9, an optimal combination of levels of connectivity ks = ky = 10
can be identified. Of all the simulated cases, none provided any credence to the
theory that using different values for ks and k; could positively impact the swarm’s
performance. Consequently, this strategy was abandoned as well.

Considering the failure of both heterogeneous strategies trialed, it is clear that
improving the heterogeneous tracking strategy further needs to involve more complex
changes. A way forward would be to modify the more intrinsic rules behind agent
behaviors. Possible examples include differentiated task allocation based on agent’s
placement, prediction of target movement patterns, etc [3].

5.7 Discussion

In this chapter, the trialing of our heterogeneous tracking strategy confirmed the
previously defined three density phases. By adding faster agents, the finite-size
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connectivity [3].

effects described in Sec. 4.6 were quelled by the increased efficiency of exploitation,
thus opening the door to smaller, more performant swarms. As faster agents boost
exploitation, which was shown to be a local-level task in Chapter 4, their overall
number was demonstrated to be more important than their proportion to boost

performance.

When considering adding faster agents, the first consideration should be whether
or not it will improve the target tracking strategy, and what needs to be changed
to take advantage of them. It was clear that replacing slower agents with faster
ones increases performance. However, the exploration-exploitation balance needed
to be considered to optimize the swarm strategy. Varying the level of connectiv-
ity k revealed that its optimum value, k%, actually decreases as faster agents are
added. Therefore, an adaptive strategy, which modulates its level of connectivity in
function of the speed of its agents, should be considered. However, modifying the
number of targets did not change the exploration-exploitation balance, although the
boost of exploitation of extra targets needs to be counteracted with a lower level of

connectivity.

Conversely, the optimal memory length was shown not to change when intro-
ducing heterogeneity. However, the importance of memory when tracking evasive
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targets was shown once again, as small amounts of memory proved vital to overall
swarm performance. By pushing memory even further than in Chapter 4, its poten-
tial to decrease performance was demonstrated without a doubt, as it keeps raising
the engagement ratio past its optimum point.

By analyzing the proportion of fast agents, it was shown that the extra speed
makes faster agents better and more likely to exploit target information. This in-
creases the engagement ratio, but the extra speed also makes agents better at ex-
ploring. However, the overall impact of these agents is to bias the swarm towards
exploitation, which is congruent with the reduction in the optimal level of connec-
tivity.

Finally, different heterogeneous strategies were considered, either modifying the
faster agent’s memory or level of connectivity. As was previously mentioned, the
optimum memory length does not seem to change with the mixing of agents of
different maximum speeds, leading to the abandonment of that strategy. Varying
the level of connectivity did not yield better results, as the best-performing strategy
ended up being the one where the level of connectivity of slow and fast agents
matched. These results, while disappointing, point towards the consideration of
more adaptive strategies that can modify agents’ parameters throughout operations
based on environmental conditions.



Chapter 6

Conclusions and Future Work Rec-
ommendations

6.1 Summary of Findings

This work shows how to optimize the performance of swarming MRS in the con-
text of searching and tracking a fast target. While the problem of more adaptive
optimization will be addressed in the subsequent sections, our results have demon-
strated how to combine different strategies to maximize results in varied operating
environments through the use of the exploration-exploitation balance.

By analyzing performance in relation to swarm density, three density 'phases’,
which correspond to the MRS’s tracking ability at any given density, were uncovered:
(1) the low-density phase, where agents are unable to cooperate and meaningfully
track the target, (2) the high-density phase, where the omnipresence of agents causes
the target to be consistently tracked, and (3) the transition phase, where emergent
behavior starts to appear in the form of clustering with increased swarm density;,
leading to rapidly increasing performance. Identifying the phase a swarm is operating
in is vital to optimizing performance, as the operating strategy can only truly be
optimized in the transition phase. It also raises the key design consideration of using
available means to shift the transition phase to lower densities, therefore increasing
performance for the same number of robots or maintaining performance while using
fewer.

Using both the exploration and engagement ratios, optimal levels of connectivity
k and the parameters affecting them were identified. This allowed for the characteri-
zation of an ’exploitation-limited” and an ’exploration-limited’ regime, corresponding
respectively to the transition phase’s lower and higher density halves. As an in-
creased level of connectivity biases the swarm towards exploitation, performance is
increased in the exploitation-limited regime and decreased in the exploration-limited
one. Similarly, memory, which was shown to be vital to the tracking of a fast agent,
also increases exploitation, thereby reducing the optimal level of connectivity needed
to achieve balance, i.e., maximizing performance. By allowing the characterization of
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parameters within this framework, this understanding of the exploration-exploitation
balance provides an important design tool to practitioners, as it is the key to maxi-
mizing tracking performance [17].

While most work done throughout this thesis considered the normalized swarm
density or proportion of fast agents, it is well known that finite-size effects are an
important consideration, especially in the smaller swarms considered here. This was
substantiated by our results, as exploitation was shown to be a local task, depen-
dent on the number of agents currently exploiting. At the same time, exploration
is a global task that depends on the proportion of the swarm allocated to explo-
ration. Counter-intuitively, this results in a larger swarm’s increased capacity for
exploration, as a larger portion of its agents can explore. Therefore, it follows that
smaller systems, which require a higher proportion of their agents committed to ex-
ploitation, have a lower potential maximum performance than larger ones at equal
swarm density.

The previously mentioned findings were conclusively verified by introducing faster
agents to the simulated swarm. Interestingly, the potential for a reduction in per-
formance when introducing heterogeneity to a swarm that was identified for other
tasks was not found in the searching and tracking context. As faster agents are much
more fitted to tracking a target than their slower counterparts, both in exploiting
its information and continuously staying in its vicinity, a one-to-one replacement of
a slower agent with a faster one was found to be universally positive. However, such
a replacement impacts the swarm’s exploration-exploitation balance, as these agents
bias the swarm’s abilities towards exploitation. Therefore, optimizing swarm perfor-
mance requires the searching and tracking strategy to be altered to boost exploration
and bring back balance, which can be achieved through a reduction in the level of
connectivity, as demonstrated through the heterogeneous swarm’s lower £k*.

6.2 Discussion

Although we believe the general notions behind our conclusions will hold true for
other tasks, our work has been limited to simulations of our specific searching and
tracking problem. In fact, we are confident that such concepts as density phases [66],
local and global behaviors [53, 54], or exploration-exploitation balance [13, 15, 16,
20, 32, 33|, which were all hinted at in the literature, are general to many swarming
problems. However, this remains to be proven, and conclusions reached on more
specific topics, such as using memory to boost exploitation and the degradation
in performance provided by excess memory, are already known to be fairly task-
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dependent.

Even in the specific realm of searching and tracking problems, our specific strategy
was only tested in simulations. More practical issues, such as imperfect transfer of
information and limitations to communication ranges, were thus not considered in
this thesis. This could prove problematic when tracking a physical target, especially
at the very low agent densities that a large environment might require. This adds
a layer of complexity to selecting an optimum level of connectivity, as taking a
strategy developed for a simulated swarm to a physical one will require handling
such issues. The simplest way to achieve this would be to use another parameter to
boost exploitation, though doing so brings back the issue of centralization, as local
agent knowledge is, and has to be, limited. Other practical considerations have even
deeper ramifications on the strategy employed, such as equipment failing, the sensing
of noise, and even the presence of obstacles in the search space.

Another important limitation to our work is that all MRS were simulated in
a two-dimensional search-space. While the methodology was originally developed
to simulate the dynamics of a group of land robots [13], the recent surge in the
popularity of drones and the far-reaching implications of our conclusions point to
the necessity of the development of a more complete three-dimensional analysis. We
expect most of our conclusions to extend to three-dimensional problems, as some
intrinsic properties of the swarming system are unaffected by this extra degree of
freedom. Nonetheless, it is well known that any extension of the dimensionality
of the problem is never truly straightforward, and hence further studies would be
required.

6.3 Adaptivity

Analyzing these results, their limitations, and the literature, it is clear that the future
outlook of current swarming strategies to solve problems is limited by their lack of
adaptivity, or the ability to learn or change behavior to respond to new operating
conditions [4]. Swarms mostly exhibit flexibility or the capacity to perform tasks that
depart from those chosen at design time. At the same time, adaptivity is limited to
the so-called 'narrow’ adaptivity, where a swarm’s ability to adapt is still limited to
a narrow subset of the general problem that it is tasked to solve [4].

This is due to the current paradigm of optimizing operations over specific con-
ditions, which limits the swarm’s overall ability to be adaptive. Therefore, there is
still a wide gap between current strategies and the so-called 'general’ swarm intelli-
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gence that has been the target of many practitioners. When comparing the typical
methods used to generate adaptive artificial intelligence models to the ones used
to optimize MRS in swarming problems, the reason for this bias towards 'narrow’
adaptivity is clear: centralization. Indeed, the very definition of swarms relies on the
decentralization of the system, which, by making the collective actions of a swarm
so remote from its programming, makes SI more complicated to develop than Al to
achieve equivalent results [98-100].

6.4 Leveraging Adaptivity

To solve the problem of narrow optimization and implement truly adaptive swarm
strategies, practitioners need to move away from the classically used robust con-
trollers [101], or the ’offline’ methods [98], which enable swarms to adapt their be-
havior when operating conditions change within the expected range [4]. Instead,
adaptive controllers [101], or the ’online’ methods [98], which adjust the aforemen-
tioned robust controller itself by implementing new rules or goals, would allow for
the development of more general adaptivity or swarm intelligence. The difference
between these two approaches is shown in Fig. 6.1 [4].

A B
Robust Adaptive Controller
Controller
De U§er d Adaptive Goal|_| Controller
esignet Policy Goals
Goals Environmental Environmental
l Disturbances l Disturbances
|, Agent Action l Agent Actions Agent Action l /Agent Actions|
Policy L Policy J
Agent Agent
Observations Observations

Figure 6.1: Flowchart of controllers used in swarming MRS to promote adaptivity. A,
Robust controllers. B, Adaptive controllers [4].

As a next step towards such advanced controllers, multi-agent reinforcement
learning (MARL) is expected to enable swarms to respond to the effects of dy-
namic environments, allowing for their use in more open-world situations. This is
already being undertaken by some groups [12, 102-104], while others are developing
ways to use transfer learning from a task to another [105, 106]. Combining these
approaches is key to reaching the next level of adaptivity, as general SI requires a
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swarm to be able to transition between tasks without external input. Automated re-

inforcement learning (AutoRL) also offers such potential, hoping to enable a swarm
to train itself [107, 108].

In conjunction with these advancements, quantifying adaptivity and compar-
ing swarms executing various tasks is severely needed. This problem was solved
in the Al and computational optimization communities by implementing a series
of evolving benchmark problems [4], such as OpenAl’s Procgen Benchmark [109].
Similarly, it is imperative to get past the current restrictive testing comparing the
performance of different strategies over a narrow range of conditions and develop
a complete standardized suite of benchmark problems. To do so, we propose the
benchmark framework seen in Fig. 6.2, in which benchmark problems are associated
with their respective parameters and performance [4]. Such a framework would al-
low practitioners to evaluate the adaptivity of different strategies in varied contexts.
By combining a new approach favoring adaptivity and the development of effective
means to test it, the community will unlock a new pathway towards the design of

successful swarms.
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Figure 6.2: A flowchart describing our proposed benchmark framework. The systems to
be compared are tested in multiple environments (Environments 1, 2, ..., n), each with
different environmental parameters (a,b,...,x). Their performances are determined by
various metrics specific to each environment, thereby allowing the ranking of the systems’
adaptivity in different contexts [4].
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