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Abstract

To enable the successful deployment of task-achieving multi-robot systems (MRS), the interac-
tions must be coordinated among the robots within the MRS and between the robots and the
task environment. There have been a number of impressive experimentally demonstrated coor-
dinated MRS; however, most have been designed through ad hoc procedures, typically providing
task-specific, empirical insights with few contributions toward greatly needed general-purpose,

principled design methods.

This dissertation presents a principled MRS controller design methodology applicable to mini-
malist MRS performing acyclic tasks. The methodology is formally grounded and provides precise
definitions for the intertwined entities involved in any task-achieving MRS — the world, task def-
inition, and the capabilities of the robots. Built from this formal foundation, the methodology
includes a suite of systematic controller synthesis procedures. Through the execution of the syn-
thesized controllers, system-level coordination is achieved through the use of a number of local
control features: broadcast inter-robot communication, the maintenance of internal state, and
both deterministic and probabilistic action selection. A probabilistic microscopic MRS modeling
technique is integrated with the synthesis methods in order to provide system performance es-
timates during controller synthesis in order to optimize the resulting controllers. The presented
controller design methodology is more than a pragmatic design tool. Based on its formal founda-
tions, it provides a platform to formally characterize interesting relationships and dependencies
among MRS task requirements, individual robot control and capabilities, and resulting task per-
formance.

ix



The design methodology is validated in a multi-robot construction task domain and a multi-
foraging task domain through physically-realistic simulations and real-robot demonstrations. In
these domains, the design methodology is used to synthesize a number of robot controllers, thereby
demonstrating the utility of the controller synthesis methods as well as providing data for a

comparative analysis on the use of different control features in coordinating minimalist MRS.



Chapter 1

Introduction

The study of multi-robot systems (MRS) has received increased attention since the mid-1990’s.
This is not surprising as continually improving technology and infrastructure have made the de-
ployment of MRS consisting of increasingly larger numbers of robots possible. With the growing
interest in MRS comes the expectation that, at least in some important respects, multiple robots
will be superior to a single robot in achieving a given task. To date, the design of MRS has
remained ad hoc and, as such, few formal methodologies have been devised. This lack of de-
sign procedures has limited the usefulness of MRS and has prohibited the development of MRS

solutions to many potential domains.

This dissertation presents a principled controller design methodology for minimalist MRS. The
methodology is based on a formal foundation and is composed of a suite of systematic controller
synthesis methods integrated with a microscopic MRS modeling approach. The aim of this work
is to place the design process on a formal foundation, thereby enabling the ability to harness the
amazing potential and power of multiple coordinated robots and advance their application into

an expanding set of domains.



1.1 From Single to Multi-Robot Systems

Potential advantages of MRS over a single robot system (SRS) are frequently discussed in the
literature [58, 5]. For example, total system cost, it is frequently claimed, may be reduced by
utilizing multiple simple and cheap robots as opposed to a single complex and expensive robot.
Some tasks maybe accomplished more efficiently by a group by decomposing the task into sub-
tasks and performing each in parallel. The inherent complexity of some task environments may
require the use of multiple robots as the necessary capabilities are too substantial to be met by a
single robot. Finally, multiple robots are often assumed to increase system robustness by taking
advantage of inherent parallelism and redundancy. Therefore, negative effects on task performance
caused by individual robot failure or the dynamic addition or removal of individual robots can be
minimized.

However, the utilization of MRS poses potential disadvantages and additional challenges that
must be addressed if MRS are to present a viable and effective alternative to SRS in an important
subset of domains. A poorly designed MRS, with individual robots working toward opposing
goals, can be less effective than a carefully designed SRS. Many have come to realize that the
design of multi-robot systems is, in many critical respects, a very different paradigm from the
design of single robot systems [6, 53, 54, 31, 46]. In most cases just taking a suitable SRS design
and scaling it up to multiple robots is not adequate. A paramount challenge in the design of
effective MRS is managing the complexity of group control introduced by multiple, interacting

robots.

1.2 Minimalist Multi-Robot Systems

This dissertation is specifically concerned with the design of minimalist MRS. The term “mini-
malist” is vague and, depending on the context, can be used to represent a variety of meanings. In
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this section, the meaning of this term is discussed with respect to this dissertation and rationales

regarding the utility of minimalist MRS are given.

1.2.1 Defining Minimalist Multi-Robot Systems

A minimalist MRS is on composed of minimalist robots. A “minimalist” robot is so named
based on its minimal computational and communication capabilities. For example, minimalist
robots typically have very limited, and often no, capability by which to perform computationally
extensive planning or optimization operations.

Minimalist robots are often limited to simple reactive controllers directly mapping current
sensory information to immediate actions [55]. Their mechanisms of communication, if they have
any, are frequently of very low bandwidth and distance and lacking the capability for direct, one-
on-one forms of inter-robot communication. Due to these limitations, minimalist MRS are not
able to perform complex forms of negotiation or task planning.

It must be emphasized that just because a MRS is minimalist does not imply that the ca-
pabilities of the MRS are minimal. Even given extremely limited individual robot capabilities,
minimalist MRS have been shown to perform impressively complex forms of coordinated behav-
ior in a variety of task domains, including foraging [8, 71, 30], construction of physical artifacts
[56, 68], object clustering and sorting [11, 52, 34], task allocation [70, 44, 2], formation control
[9, 25], and robot soccer [69]. Cleverly designed emergent coordination mechanisms can lead to
impressively complex group behaviors, even when each individual robot is simple — the nature
and power of the interactions makes the performance of the system as a whole more than just the
sum of its minimalist individual parts.

An important question in the design of minimalist MRS is “How can system-level coordina-
tion be achieved in a MRS composed of robots that have very limited capabilities?”. At this
time, there exist only empirical demonstrations that minimalist MRS are capable of achieving
impressive system-level coordination, some of which were discussed above. Impressive as these

3



demonstrations are, they are only empirical proof of the power of effectively designed minimalist
MRS. The purpose of this dissertation is not to provide another empirical demonstration — in-
stead, the purpose is to provide a principled design methodology that allows the design of effective

minimalist MRS across a number of task domains and system characteristics.

1.2.2 Rationale for Minimalist Multi-Robot Systems

One may reasonably ask, “With the availability of cheap and easily accessible computation and
communication capabilities, why would one be interested in minimalist MRS at all?”. There are
many justifications for using a minimalist approach to the design of MRS.

First, autonomous mobile robots are limited by the amount of power they have available. A
robot equipped with the most advanced computational and communication capabilities available
is useless if the robot’s batteries can only power such devices for a very short time. This concern
is especially relevant in domains requiring long periods of autonomous operations (e.g., robots for
planetary exploration and construction).

Second, robots that require limited computational and communication capabilities can be
made cheaper and smaller, in part because lower-end equipment is less costly and in part because
less power-hungry electronics require fewer batteries that reduce the weight of the robot and
thus reduce the power requirements of the actuators. This concern is especially relevant in the
emerging consumer robotics market.

Third, because there are fewer complex operations performed by each robot and fewer complex
interactions (e.g., timely negotiations) performed between robots, minimalist MRS are often more
robust and adaptable to dynamic changes in the task domain. This feature is especially relevant
for MRS that must robustly operate in the real world in presence of unpredictable dynamics.

Fourth, since all communication mediums have a finite bandwidth and range, the concern
remains that as the group size grows, the available communication bandwidth and range will
become inadequate. Since minimalist MRS place less emphasis on explicit communication, this

4



concern is ameliorated. Such concerns are especially relevant in underwater domains and in

systems involving very large numbers of robots where communication is expensive and limited.

Fifth, the study of minimalist systems is critical to understanding the uses and limitations of
different control and coordination mechanisms and their relationship to the robot-environment
dynamics and the task at hand. For example, it is still an open question as to when the use of inter-
robot communication is necessary, when it is beneficial, and when it may even be detrimental to
overall system performance. By studying minimalist systems one gains a broader understanding of
such issues and relationships and can then transfer the gained insights to non-minimalist systems
when appropriate. Future MRS designs may not be purely minimalist; however, they may employ
relevant components of the knowledge gained from the study of minimalist systems to, for example,

reduce the system’s overall communication complexity or minimize dependency on internal state.

A final pragmatic reason that spans all of the above is that the study of minimalist systems

will be key to emerging application domains such as “smart dust” [23] and swarm robotics [14].

1.3 Coordination in Multi-Robot Systems

In order to maximize the effectiveness of a task-achieving MRS, the robots’ actions must be
spatiotemporally coordinated and directed towards the achievement of a given system-level task.
From a few robots performing a manipulation task [13], to tens of robots exploring a large indoor
area [35, 43], to thousands of ecosystem monitoring nano-robots [73], as the number of robots
in the system increases, so does the necessity and importance of coordination. Coordination is
defined as “the act of regulating and combining so as to produce harmonious results” [1]. In the
context of MRS, coordination involves the appropriate spatiotemporal regulation of the robots’
actions such that the probability of a given task or goal being successfully achieved is maximized.

5



1.3.1 Coordination Approaches

Depending on the characteristics of the robots, characteristics of the task, and the level of de-
sired system performance, the mechanisms by which coordination can be achieved cover a wide
spectrum. Historically, intentional coordination mechanisms have been the most studied. Inten-
tional coordination approaches typically rely on inter-robot communication and/or computation-
ally expensive planning either independently by some or all robots or by some outside centralized
coordinator. This form of coordination has found great success in many domains; however, such
approaches quickly become ineffective as the size of the system grows or the individual robot’s
capabilities diminish.

Alternative approaches can be found in so-called emergent coordination [60], which typically
shun the use of complex computation and communication approaches. Instead, such approaches
rely on local sensing and exploit information and structure in the environment and in the dy-
namics between the robots and the task environment. As described in [16], such approaches take
advantage of the information gained by the fact that a robot is situated in an environment and
remove complexity from robots by more fully utilizing complexity in the environment. In one of
the often referenced elegant examples [34], a group of robots move initially dispersed objects in a
bounded environment into a small number of dense clusters, without the use of planning or com-
munication. Each robot is endowed with a small number of simple and creatively tailored rules
that exploit complexity (i.e., information) in the environment to effectively perform the collective

clustering task.

1.3.2 Coordination in Minimalist Multi-Robot Systems

The limited robot complexity required by emergent approaches to coordination has made them
a popular approach in the design of minimalist MRS. There have been a number of empirically
demonstrated minimalist MRS utilizing emergent approaches to coordination. In construction

6



Formal Definitions: Formal Understanding
World, Task, Robots of Coordinated MRS

Automated Controller Synthesis
_ Rohot

|

—_

Performance

Coordinated MRS

Figure 1.1: Principled minimalist multi-robot system controller design methodology presented in
this dissertation.

[56, 68], collaborative stick pulling [36, 51], foraging [44], and many other domains, minimalist
MRS have been shown to effectively achieve coordinated system-level behavior. Such coordination
was achieved through the use of carefully exploited dynamics between the robots’ mobility and
sensory modalities and the dynamics of the task domain itself, using only limited computation

and/or communication.

1.4 Design of Minimalist Multi-Robot Systems

Since the power and advantages of minimalist MRS is derived primarily through emergent forms
of coordination which heavily rely on the interactions among the robots and between the robots
and the task environment, robot controller design must pay special attention to the nature of

those interactions.



To date, controller design for minimalist MRS has remained more of an art than a science.
Current design methodologies are, in the best case, driven by informal and undocumented expert
knowledge. In the worst case, they are driven by resource-intensive trial-and-error processes.
Demonstrated systems are usually highly domain-specific and are infrequently accompanied by
formal analysis of the expected system performance or bounds of applicability. Furthermore,
formal explanations are rarely provided to justify the superiority of the given system relative to
possible alternative designs. For these reasons, effective controller design is restricted by the lack
of formal design tools and methodologies. The design of SRS controllers has greatly benefited
from the principled methodologies provided by control theory, among other areas. To fully exploit
their potential power and advantages, controller design of minimalist MRS is in need of analogous
methodologies.

To address this need, this dissertation presents a principled minimalist MRS controller design
methodology, aimed at moving the design of MRS closer to the realm of science. The methodol-
ogy focuses on the interactions and mechanisms by which system-level coordination is achieved.
Furthermore, the methodology is systematic and domain-independent, thereby at least partially
removing the current necessity of expert knowledge and intensive trial-and-error design techniques.

As outlined in Figure 1.1, the design methodology presented in this dissertation is composed of
three primary parts: a formal framework, controller analysis, and a suite of systematic controller
synthesis methods.

The methodology provides a formal framework for the entire design process by precisely defin-
ing about the intertwined entities involved in any task-achieving MRS. Precise definitions of the
dynamics of the world, the task to be performed, and the capabilities of individual robots is
required if the design process is to be carried forward in a principled manner.

Included in the methodology is the ability to analytically evaluate the expected performance of
a given controller. Furthermore, analysis capabilities are integrated with the controller synthesis
procedures. Such a methodology allows for efficient evaluation of different design options, thereby
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leading to a process in which the design can be effectively optimized with respect to desired
performance metrics.

The methodology contains a suite of systematic controller synthesis methods expressed in
terms of the formal framework mentioned above. Each of these synthesis methods builds robot
controllers utilizing a different combination of control features from the following set: deterministic
or probabilistic action selection, the maintenance of internal state or stateless, and the use of
broadcast inter-robot communication or non-communicative. The systematic nature of these

methods provides a principled procedure for the synthesis of robot controllers.

1.5 Contributions

The primary contributions of this dissertation are a MRS formalism, a suite of systematic con-

troller synthesis methods, and an integrated controller design methodology.

Multi-Robot System Formalism

This dissertation presents a formalism that provides a principled domain-independent frame-
work for precisely defining and reasoning about the intertwined entities involved in any task-
achieving MRS — the world, task definition, and the capabilities of the robots themselves,
including sensing, maintenance of persistent internal state, inter-robot communication, and
action selection. Furthermore, a MRS taxonomy based on the capabilities of the robots
is provided. This taxonomy is used to classify and relate the controller synthesis methods

described in Section 4.2.

Minimalist Multi-Robot System Controller Synthesis

A suite of systematic methods for synthesizing controllers for minimalist MRS is presented.
Each of these methods synthesizes a controller that achieves system-level, task-directed
coordination through the use of a unique combination of local control features, such as
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inter-robot communication, the maintenance of persistent internal state, and deterministic

and probabilistic action selection.

Integrated Multi-Robot System Controller Design Methodology

Founded on the MRS formalism above, the synthesis methods are integrated into a complete
end-to-end controller design methodology, as diagrammed in Figure 1.1. The methodology
allows for complete controller design, and through close integration of controller synthesis
and analysis methods, permits the designer to maximize the effectiveness of the designed
MRS along pre-specified performance criteria. The methodology is validated in two dif-
ferent task domains: multi-robot construction and task allocation in multi-foraging. The
construction task domain is relatively static with discrete actions performed by individual
robots. In contrast, task allocation in the multi-foraging domain is dynamic and requires

tight coordination among all robots to successfully perform the task.

The auxiliary contributions are controller designs for a multi-robot construction task domain

and algorithms for task allocation in a multi-foraging task domain.

Multi-Robot Construction

The MRS controller design methodology presented in this dissertation provides more than a
principled methodology for the study of MRS. Additionally, it provides a pragmatic tool for
the synthesis of working robot controllers. The formalism providing the foundation for the
design methodology is cast into a multi-robot construction task domain. Robot controllers
are synthesized for this domain and validated in both physically-realistic simulations as well
as a limited number of real-world trials. These controllers demonstrate novel coordination
mechanisms for the multi-robot construction task as well as provide original experimental
work on the application of minimalist MRS.
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Multi-Foraging Task Allocation Algorithms

Furthermore, task allocation in a multi-foraging task domain is studied in the context of
the design methodology. As a result, a number of robot controllers are synthesized and
analyzed for this domain. These controllers are experimentally validated in physically-
realistic simulations and demonstrate novel control and coordination mechanisms for task

allocation in the multi-foraging domain.

1.6 Dissertation Outline

The remainder of this dissertation is organized as follows.

Chapter 2 presents work related to minimalist MRS controller design. Related work spanning
the design spectrum, ranging from informally hand-designed systems which achieve impressive

system-level coordinated behavior to formal design methodologies is provided.

Chapter 3 presents a MRS formalism which is used to define and reason about MRS and
their task environment. This formalism provides a principled framework that is used throughout

the rest of this dissertation.

Chapter 4 presents a MRS controller design methodology composed of controller analysis and
synthesis. Section 4.1 describes a microscopic MRS modeling approach used in this dissertation
to quantitatively predict the performance of a given MRS controller design. Analysis is used in an
iterative fashion with controller synthesis methods to synthesize optimized controllers. Section 4.2
introduces a suite of four systematic controller synthesis methods, each of which utilizes a unique
combination of local robot control characteristics to achieve system-level task-directed coordina-
tion. The control characteristics considered are the maintenance of internal state, inter-robot

communication, and both probabilistic and deterministic action selection.
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Chapter 5 applies the principled minimalist MRS controller design methodology to the syn-
thesis and analysis of minimalist MRS in a multi-robot construction task domain and a multi-
foraging domain.

Chapter 6 concludes this dissertation with a summary of contributions and directions for

future work building on and utilizing the presented principled controller design methodology.
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Chapter 2

Related Work

This dissertation is concerned with the development of a principled minimalist MRS controller
design methodology, which includes integrated controller synthesis and analysis methods. As such,
this chapter reviews related work in the following areas: empirically demonstrated minimalist MRS
(Section 2.1), MRS design methodologies (Section 2.2), and the multi-agent systems community

(Section 2.3).

2.1 Empirical Demonstrations of Minimalist Multi-Robot
Systems

Empirical demonstrations of minimalist MRS are reviewed with the intention of defining, in
practical terms, the adjective “minimalist” as well as illustrating the power and potential of
appropriately designed minimalist MRS. Furthermore, empirical work is reviewed in order to
motivate the need for a systematic, formally grounded, and domain-independent methodology to
improve the design process.

As stated earlier, an MRS being minimalist does not imply that its capabilities are minimal.
Minimalist MRS have been shown to be remarkably effective in a variety of task domains [54,
5]. Broad reviews of demonstrated MRS were performed by Dudek et al. [22] and Cao et al.

13



[17]. Dudek et al. [22] presented a taxonomy of MRS along dimensions of communication and
computational capabilities of the individual robots and their application to a number of case
studies including exploration, metric localization and mapping, and simple navigation. Cao et
al. [17] presented a set of MRS research axes including dimensions of communication capabilities,
reasoning abilities, on-line learning capabilities, and origins of coordination, and reviewed existing

work in task domains such as multi-robot navigation, cooperative manipulation, and foraging.

Although the systems overviewed in [22] and [17] are not explicitly labeled as minimalist,
they represent a sampling of empirically demonstrated minimalist MRS as well as some axes
for a taxonomy of MRS, including the minimalist side of the spectrum. A MRS taxonomy was
provided in [22] based on the size of the group and communication range, bandwidth, and topology.
According to this taxonomy, the work presented in this dissertation focuses on large group sizes
of SIZE-LIM and SIZE-INF, which are MRS composed of more than 2 robots and potentially a
very large number of robots. The nature of communication studied in this dissertation, according
to the taxonomy in [22], ranges from no communication (COM-NONE), to local communication
(COM-NEAR), to broadcast communication (COM-INF, TOP-BROAD). Cases where direct,
addressable communication is available between the robots (TOP-ADD) is not considered in
this dissertation. Concerning communication bandwidth, cases of communication through the
environment (COM-MOTION), low bandwidth (BAND-LOW), and no communication (BAND-

ZERO) are all considered.

Beckers et al. [11] presented a homogeneous MRS consisting of robots with limited and local
sensing, without the ability to maintain persistent internal state, and with no explicit inter-robot
communication capabilities. Even with such limited individual robots, the MRS was carefully
and elegantly designed, both in terms of control and physical design of the robots, such that
it effectively clustered randomly scattered objects into increasingly larger clusters. Additional
work in the clustering domain, carried out by Holland and Melhuish [34], further explored the
capabilities of the approach presented in [11].
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MRS with limited individual robot capabilities have also been shown to be effective in other
task domains such as formations [25], foraging [32, 37], robot soccer [69], and distributed manipu-
lation in a box-pushing task domain [45]. Vaughan et al. [67] demonstrated a MRS in a simulated
foraging task domain that achieves robust coverage of the environment through the use of very
low-bandwidth indirect communication between robots similar to pheromone communication used
by ants. Similarly, Svennebring and Koenig [65] presented an approach to multi-robot terrain cov-
ering using trail laying analogous to ant pheromone trail laying. Their work was implemented
on physical robots and verified that the trail laying approach resulted in robust performance in

large-scale environments.

The above examples are of empirically demonstrated minimalist MRS that are primarily de-
signed through ad hoc procedures and are targeted to specific task domains. This dissertation

provides a MRS controller design methodology that is principled and not task specific.

2.2 Design of Multi-Robot System Controllers

Efficient and accurate methods of analysis are required if a design process is to intelligently
evaluate a sufficiently large proportion of the design space. Furthermore, systematic controller
synthesis methods are required if a design process is to remain principled. This section reviews
work related to the mathematical analysis (Section 2.2.1) and systematic synthesis (Section 2.2.2)

of minimalist MRS controllers.

2.2.1 Analysis of Multi-Robot Systems

MRS analysis approaches can be broadly classified into two categories: 1) those approaches utiliz-
ing macroscopic models, and 2) those utilizing microscopic models. A primary difference between
the two approaches is in the granularity of the model.
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Macroscopic models reason about system-level behavior without explicit consideration of each
individual robot in the system. Since macroscopic operate at the system-level, the computational
requirements remain largely unchanged whether an analyzed MRS is composed of a few robots or
tens of robots. As such, macroscopic modeling approaches computationally scale well as the size

of the system grows.

In contrast, microscopic modeling approaches directly consider each robot in the system and
may model individual robot interactions with other robots and with the task environment in
arbitrary detail, including simulating the exact behavior of each robot. However, most microscopic
approaches abstract the individual robot behaviors to some degree, such as modeling each robot
as a series of stochastic events where exact robot trajectories and interactions are not directly

considered.

Lerman et al. [49] provided a survey of methods for the macroscopic modeling of MRS and
their application to collaborative stick pulling, foraging, and aggregation task domains. The
methods reviewed are primarily limited to robots executing reactive controllers [15, 54], that is,
robots that do not maintain persistent internal state. The models consider each robot to behave
as a stochastic Markov process and this assumption is then used to describe the dynamics of
the resulting system-level behavior. Lerman and Galstyan [46] and Sugawara and Sano [64] both
presented work on a macroscopic mathematical model of MRS in a foraging task domain. The
model was used to study the effects of interference between robots, the results of which could be
used to modify individual robot control or determine the optimal density of robots in order to
maximize task performance. Lerman et al. [47] presented a macroscopic analytical model of the
dynamics of collective behavior in a collaborative stick-pulling domain using a series of coupled
differential equations. Lerman and Galstyan [48] described a general macroscopic model for the
study of dynamic multi-agent systems and apply it to the analysis of a multi-robot dynamic
task allocation domain. In their work, the robots constituting the MRS maintained a limited
amount of persistent internal state to represent a short history of past events but do not explicitly
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communicate with other robots. The model qualitatively, and sometimes quantitatively, predicts
how the system-level task allocation evolves over time during task execution. Macroscopic models
have proven to be a useful tool in predicting certain aspects of system-level behavior, for example
how system behavior changes over time. However, since specifics of individual robots are rarely
considered, macroscopic modeling approaches are not effective at predicting other forms of system
behavior, such as time to complete a given task or how minor changes in robot control will affect

overall system behavior.

Microscopic modeling is the other primary form of MRS modeling. Martinoli et al. [52]
presented a probabilistic microscopic modeling approach for the study of collective robot behavior
in a clustering task domain. The model is validated through a largely quantitative agreement
in the prediction of the evolution of cluster sizes with embodied simulation experiments and
with real-robot experiments. Martinoli and Easton [50] discussed the effectiveness and accuracy
of microscopic and macroscopic modeling techniques compared to real robot experiments and
embodied simulations. Martinoli et al. [51] presented a time-discrete, incremental methodology for
modeling the dynamics of coordination in a distributed manipulation task domain. The approach
presented provided analysis at both the microscopic and macroscopic levels and is suited for the
modeling of large-scale MRS. However, the robots used in this model are simplistic as they do not
have the capability to maintain persistent internal state or to explicitly communicate. Microscopic
modeling approaches, in particular probabilistic approaches, have been shown to be effective in
predicting aspects of system-level behavior in specific task domains, such as how the adjustment

of individual robot parameters can influence resulting system-level behavior.

There have also been other, more specialized forms of analysis, used to aid in the design and
understanding of MRS. Balch [7] presented hierarchic social entropy, an information theoretic
measure of robot team diversity as a method to investigate the role of heterogeneity in MRS
coordination. This measure is used in an off-line manner in order to evaluate the structure of a
given MRS. Goldberg and Matari¢ [32] analyzed the relationship between MRS characteristics,
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such as controller differences among the robots, and resulting task performance in terms of the

degree of inter-robot interference, time to complete a task, and overall energy expenditure.

Goldberg and Matarié¢ [30] presented work on the on-line learning of augmented Markov models
(AMM) which are used to model the robot and robot task environment interactions. The AMMs
are defined in terms of the history of behaviors a robot executes while performing a task and can
be built and maintained in real-time. AMMs were demonstrated in a multi-robot foraging task
domain to model the interactions and improve control strategies in an on-line manner. Such a
technique produces an adaptive MRS that is potentially able to improve task performance during
task execution, even if the task dynamics change over time. Gerkey and Matari¢ [27] presented a
principled framework and analysis methodology, based on theories from economics and operations
research. This framework cast MRS as a task allocation problem and then draws on the literature
from operations research and economics, among others, to address that well-studied problem. It
also outlines a taxonomy of MRS problems, and then focuses on one subclass of it: single-robot

tasks and single-tasks robots, the most commonly treated class of MRS.

Although powerful tools, each of the analysis approaches reviewed above is generally suited for
a specific class of MRS. The design methodology presented in this thesis considers robots that may
maintain a limited amount of persistent internal state and communicate with other robots. The
macroscopic and microscopic approaches discussed above are almost solely limited to the study of
stateless and non-communicative robots. Macroscopic modeling approaches are appealing because
they can provide mathematically precise results in a timely manner; however, the complexity of
such approaches can quickly become computationally intractable when considering communicating

robots that may maintain state.

Although microscopic models provide probabilistically accurate solutions, they are much more
easily adapted to the consideration of robots that may maintain state and communicate. As
such, the design methodology presented in this dissertation employs a probabilistic microscopic
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modeling approach, derived from [52], that incorporates the capability to consider robots that

may maintain state and communicate.

2.2.2 Synthesis of Multi-Robot Systems

In this section we review work related to minimalist MRS controller synthesis. Particular focus
is placed on synthesis through formal methodologies; however, related work on synthesis through

learning and evolutionary approaches is also briefly discussed.

A prominent contribution to the formal specification and synthesis of minimalist MRS is the
work of Donald [21], who presented the derivation of information invariants aimed at defining the
information requirements of a given task and ways in which those requirements can be satisfied
in a robot controller. Their work put the design of SRS and MRS on a formal footing and
began to identify how various robot sensors, actuators, and control strategies could be used
to satisfy task requirements. Furthermore, their work attempted to show how these features
were related and how one or more of these features could be formally described in terms of
a set of other features. The concept of information invariants was experimentally studied in
a distributed manipulation task domain [20]. Furthermore, Parker [59] extended the idea of
information invariants by defining equivalence classes among task definitions and robot capabilities

to assist in the choice of appropriate controller class in a given domain.

Klavins [39, 40] presented the Computation and Control Language interpreter that implements
robotics modeling and programming software tool called the Computation and Control Language
(CCL). Their work is related to the approach in this dissertation in that it provided a common
formal foundation for the design of MRS. A distinguishing factor of the work in this dissertation
is that it uses a suite of systematic procedures for the synthesis of a number of different types of
controllers. Furthermore, it is capable of integrating the operation of synthesis and analysis in the
design process in order to maximize system performance. Klavins also used the CCL formalism
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to study the scalability of algorithms for multi-robot control, in particular the communication

complexity of a variety of communication schemes [38].

More empirical and task-specific approaches to the design of MRS include Balch and Arkin
[8], who presented results on a largely empirical investigation of the role of communication in
MRS control and its relationship to task performance. In a variety of foraging and coverage tasks,
they found that communication is often unnecessary and even the simplest forms of implicit
communication can be almost as effective as more complex forms of explicit, protocol-oriented
communication. Zhang et al. [72] presented a task-specific theoretical framework for the design
of control algorithms in a multi-robot object clustering task domain. Issues addressed include
how to design control algorithms that result in a single final cluster, multiple clusters, and how to
control the variance in cluster sizes. Spletzer and Taylor [63] presented a control-theoretic model
of coordination in MRS and applied it to the synthesis of controllers in a multi-robot box-pushing

task domain.

Alternative approaches to the synthesis of MRS controllers can be found in evolutionary meth-
ods [24] and learning methods [53, 58]. There also exist a number of MRS design environments,
control architectures, and programming languages which assist in the design of task-achieving
coordinated MRS [54, 4, 3]. Although each of these approaches is valuable, none provide formally
grounded design approaches. For example, in evolutionary and learning methods, it is frequently
not possible to understand the rationale for the resulting controller design as opposed to other
possible designs. The value of the principled design methodology presented in this dissertation
is in contributing a systematic process of design that allows for understanding why a particular
design was chosen, and often how specific features in the world or task definitions influenced the
resulting design.
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2.3 Multi-Agent Systems

This section briefly surveys related work from the multi-agent systems (MAS) community. Al-
though work in both MAS and MRS deals with multiple interacting entities, it is still an open
question as to whether techniques developed in the MAS community are directly applicable to the
embodied MRS community. In MRS, and in particular minimalist MRS, the interactions between
the robots and the task environment heavily influence the performance of the system and, there-
fore, cannot be ignored. The MAS community traditionally studies non-embodied agents and does
not consider the interactions resulting from embodiment that are crucial to understanding MRS.
However, the formal nature of MAS work may help to provide direction to the largely informal

techniques for the design of MRS.

Cassandra et al. [18] used a partially observable Markov decision process (POMDP) to model
uncertainty in a robot navigation task domain. The formalism presented in this dissertation is
similar to the POMDP model. Specifically, the environment is Markovian, and from the perspec-
tive of the individual robots, the task state is partially observable. The POMDP model has been
extended to include individual robots which can maintain persistent internal state, communicate
with other robots, and make use of probabilistic action selection. The POMDP model as presented
in [18] is applicable for single robot systems. Extending it to consider MRS is not considered to be
tractable and there is a focus on the development of heuristics to address the complexity issues.
Therefore, the POMDP notations and definitions are used as much as possible; however, use of
methods derived from the POMDP model remain largely intractable for the effective use in the

study MRS and are not used in this dissertation.

There exists a number of generalized instances of POMDPs to situations in which there are
multiple, distributed agents with each making independent control decisions based on local sensory
information, including Decentralized POMDP (DEC-POMDP) [12] and Markov Team Decision
Problem (MTDP) [61]. Pynadath and Tambe [61, 62] provided a unified framework called the
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Communicative Multiagent Team Decision Problem (COM-MTDP) in order to evaluate the trade-
offs between a theories complexity and resulting policy performance. This model is general and
subsumes many existing models thereby allowing the formal comparison and analysis of different
methodologies under different domain conditions. As an extension of [18], Koenig and Simmons
[42] used a POMDP to model uncertainties in an office navigation task domain. The POMDP
was compiled off-line and provided with robot sensor models and a topological map of the office
environment to make the approach tractable. During task execution, a modified learning algorithm

was used to appropriately adjust the model and improve task performance on-line.

Another coordination formalism popular in the multi-agents community is the belief-desire-
intention (BDI) model [26]. The BDI formalism models agents that can reason and has been
the core of several coordination frameworks, including SharedPlans [33] and Joint Intentions
[19]. The Joint Intentions framework has been used in the STEAM [66] architecture and was
demonstrated in a simulated helicopter coordination task domain. The BDI model, in particular,
fails to capture and include complex forms of interaction present in embodied MRS, such as local

spatial interference among robots, that are necessary to understand the system-level behavior.

2.4 Summary

This chapter has reviewed work relevant to the development of a principled controller design
methodology for minimalist MRS. Although there has been ample demonstration of the promise of
minimalist MRS, the design of such systems needs to be formalized to fully realize their potential.
Ideally, the design process should include both the ability to analyze a given MRS in an efficient
and accurate manner and a principled method to synthesize robot controllers.

Researchers are working toward providing tools and methodologies to formally analyze and
synthesize MRS, but there is still much progress to be made. Perhaps most importantly, there
often exists a disconnect between the descriptive nature of the analysis methodology and the

22



prescriptive nature of the controller synthesis. This can make it difficult to efficiently translate
the results of analysis into appropriate improvements in overall controller design. The design
methodology presented in this dissertation is novel in that it provides integrated analysis and
controller synthesis methods that share a common formal foundation. For this reason, it is possible
to directly and systematically translate the results of analysis into meaningful modifications to
the overall controller design. In the following chapter we introduce this formal framework that

lays the common foundation between the integrated analysis and synthesis methods.
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Chapter 3

Multi-Robot System Formalism Definitions and Notation

Formal Understanding
of Coordinated MRS

Automated Controller Synthesis

[ Coordinated MRS ]

Figure 3.1: Diagram of principled minimalist multi-robot systems controller design methodology
with the role of formal definitions highlighted.

This chapter introduces necessary definitions and notations that provide a formal framework
for precisely defining and reasoning about the intertwined entities involved in any task-achieving
MRS — the world, task definition, and the capabilities of the robots themselves. Figure 3.1 shows
how this framework fits into the greater controller design methodology.
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3.1 Role of Formalism in the Controller Design Process

Any MRS design methodology inherently requires knowledge about the dynamics of the world,
the task to be performed, and the capabilities of individual robots. Without knowledge of each
of these factors the design process is under-constrained and unprincipled. The world in which the
task is to be performed must be understood in sufficient detail to be able to reasonably predict the
mechanisms for and results of changing the state of the world. The task to be performed may be
defined as specific goals the system much achieve, how these goals may be achieved, and perhaps
some envelopes of required performance (e.g., time to complete task). The design methodology
must also be informed as to the capabilities of individual robots, such action selection, sensing

capabilities, maintenance of internal state, and inter-robot communication.

Depending on the design methodology being used, the above knowledge may be explicitly
represented and reasoned about by a designer, or, as is more often the case, the knowledge may
be represented internally by a designer who understands these issues and how they are related and
employs this knowledge in the design process. In order to make the design process more principled
and systematic, this knowledge needs to be represented in an explicit manner such that formal
reasoning and analysis processes may build from it in a principled manner. The MRS controller
analysis and synthesis methods presented in Chapters 4.1 and 4.2, respectively, comprise a formal
and systematic controller design methodology that uses the formal framework presented in this

chapter as a foundation.

The remainder of this chapter is organized as follows. Section 3.2 formally defines the world
in which the MRS will be acting. Section 3.3 provides a formal definition of the class of tasks con-
sidered in the design methodology. Section 3.4 formally defines the relevant characteristics of the
robots. Section 3.5 introduces a taxonomy of homogeneous MRS based on control characteristics
of each robot. This taxonomy is used through this dissertation to discuss and compare different
types of robot controllers.
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3.2 World

The world, W, is the environment in which the MRS is expected to perform a defined task. It is
assumed that the world is Markovian, populated by a finite set of robots R, and the state is an

element of the finite set .S of all possible states. The state of the world at time ¢ is denoted as

st =

[1]

11X X By (3.1)

where each Z; € S represents the domain of an individual feature of the world. This set of
features can contain many domain-dependent elements; including the physical positions of the
robots, internal state values of each robot, or the location and proximate relationships of physical
artifacts present in the world. The state of the world S represents the domain of all possible

combinations of values over these individual features.

{A,},cr is a set of actions that each robot r can execute. A’ represents the action a robot r
makes at time t. {X,},cr is a set of observations that each robot r can make. X! represents the
observation a robot r makes at time ¢. An observation consists of external information accessible
to the robot and formally represents a subset of the world state. The probabilistic observation
function

O(s,r) = Pr(X! = z|S" = s) (3.2)

gives the probability that at some time t the observation x will be made in state s.

The world is defined by a probabilistic state transition function

P(s,a,s') = Pr(S™ = §'|S" = 5, A" = a) (3.3)

that states the probability the world state at time ¢ + 1 is s’ given that the world state at time ¢
was s and a robot r executed action a at time ¢.
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3.3 Task

A task Tis defined to be a set of world states and world state transitions represented as a directed
acyclic graph (DAG). In the DAG for a task T, each vertex in the finite set of vertices Vr is a
unique world state. For each vertex w € Vp, all vertices v, such that {u,v} € Ep, are called
children of u. Each edge in the finite set of edges E7 between the vertices Er = {(u,v)|u,v € Vr}

represents an action a such that P(u,a,v) > 0.

There is a exactly one vertex in the graph denoted as u_starty € Vp that corresponds to the
initial world state. A subset of the graph vertices are marked as terminal vertices and are denoted
by the set u_termp C Vp. Furthermore, there must exist a path through the DAG from every

vertex in Vp to at least one vertex in u_termr.

If at any time ¢, s; € u_termy then the task terminates. Correct task execution is defined
as the case where the combined actions of the robots cause the trajectory of the world state to
follow the DAG represented by T' from the starting node to a terminal node. That is, for each
encountered world state s; during task execution, where s; corresponds to vertex v € Vp, the
combined action actions of the robots must transition the world state to some state s;, where s;
corresponds to u € Vi, such that {u,v} € Ep. If at any time the actions of the robots cause the
world state to transition from a state s; to some state s; in which there does not exist an edge
in E7 connecting the corresponding graph vertices, the task is not correctly executed and task

execution immediately terminates.

It is important to note that the world states represented by the graph vertices are a subset of
the set of all world states. Figure 3.2 graphically depicts a general task, T', and represents the
relationship between world states in the task and those that are not part of the task. In this figure,
to achieve correct task execution, the trajectory of the world state must proceed from the start
state, u_termp = sg, along edges between states in the task definition until reaching a terminal
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Figure 3.2: This figure provides a graphical depiction of the description of a task 7. Each circle
represents a unique world state. Unshaded circles represent states contained in the task and
shaded circles represent world states that are not in the task definition. The start state, wgstqrt, 1S
so and is represented by three concentric circles. The terminal states, w¢erm, are s3 and s5 and are
represented by two concentric circles. Possible state transitions, as defined by the state transition
function P, are represented as directed arrows connecting two states.
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state, u_termr = {s3, s5}. The task will immediately terminate unsuccessfully if any state not in

the task definition is reached.

3.4 Robot

This section provides definitions concerning the robot controller. Since this dissertation is limited
to the study of homogeneous MRS, each robot in the system is considered functionally identical

and all robots execute identical controllers.

3.4.1 Persistent Internal State

A robot is permitted to maintain a finite amount of persistent internal state. Internal state is
considered to be temporally persistent memory that can be modified by the robot over time and
is used in control decisions. Data that are stored for only one or a very few control cycles are not
considered to be internal state since it is not persistent. Therefore, neither sensory data, motor
control commands, nor the incoming inter-robot communication buffer, all of which are resident
in memory for a short time, are considered to be internal state.

A robot r’s internal state value m, at any time is a member of the finite set M, = {ig,...,%p},
with ¢ being the initial internal state value for all robots. The actual content of each internal
state value is not important, it is only required that each value be uniquely distinguishable.
For example, in our implementation each value is just a unique integer. The method by which
the internal state values are transitioned is provided in the controller definition given below in

Section 3.4.3.

3.4.2 Inter-Robot Communication

A robot is permitted to communicate with all other robots in the MRS through the use of
anonymous broadcast communication. A broadcast communication message is assumed to be
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instantaneously received by all robots and the identity of the sender is unknown to all receivers.
Furthermore, it is assumed that each robot is capable of receiving multiple messages simultane-
ously.

The set of all possible communication messages a robot r may send and receive is denoted
by the set C, = {co,...,cq}. The actual content of each message is not important, it is only
required that each message be uniquely distinguishable. For example, in our implementation each
message is just a unique integer broadcast over the wireless network connecting all robots. A
robot may only send one message at a time. The communication message a robot r is currently
sending is denoted as C's,.. The set of messages a robot r is currently receiving is denoted as C'r,..
The function that determines when a communication message is sent is provided in the controller

definition given below in Section 3.4.3.

3.4.3 Controller

Three functions define a robot r’s behavior in the world, known collectively as the robot’s con-
troller. The controller is comprised of an action function, an internal state transition function,
and a communication function.

The action function

Act(z,m,c,a) = Pr(A' = a| X! = 2, M} = m,Cr! = ¢) (3.4)

gives the probability that a robot r will execute action a provided it is receiving observation =,
has an internal state value of m, and is receiving communication messages Cr.

When executed, the actions in the action function will change the state of the world. Each
robot also has another set of independent actions, called competency actions that are potentially
executed in the event no actions in the action function are executed. Competency actions do
not change the state of the world when executed and are primarily used for actions such as local
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navigation, obstacle avoidance, or servoing to a designated target. It is important to note that
since competency actions cannot change the state of the world, they alone are not important in
the consideration of correct or incorrect task execution. Any action that can change the state of
the world is, by definition, not a competency action and should therefore be present in the action
function. Abstractly, a robot will execute competency actions by default with actions from the

action function superseding when appropriate.

The internal state transition function

IState(z,m,c,m’) = Pr(M!™ = m/| X! = 2, M} = m) (3.5)

provides a robot 7’s internal state value at time ¢ + 1 given that at time ¢ it received observation

x and its internal state value was m.

The communication function

Comm(z,c) = Pr(Cst™ = | X! = x) (3.6)

provides the communication message transmitted by a robot r at time ¢ + 1 given that at time ¢

it received the observation x.

All the controller designs discussed in this dissertation share the same high-level design. Fig-
ure 3.3 provides the high-level controller design and shows the order in which the controller
considers internal state transitions, sending and receiving of communication messages, and action

selection.

The entries in the internal state, communication, and action functions are represented as an
ordered set and are evaluated sequentially. The first activated entry is executed and no others are
evaluated. In the event no entries in the action function are activated, the desired competency
actions may be executed by default.
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procedure Execute_Controller()
m <— mo
repeat forever
x «— current observation
¢r < communications being received
if 3m/(IState(z,m,cr,m’)) > 0) then
m <« m’ with prob. IState(xz,m,c,,m")
endif
if 3e(Comm(z,c) > 0) then
) send communication ¢ with prob. Comm(z, c)
) endif
) if Ja(Act(x,m,cr,a) > 0) then
) execute action a with prob. Act(z,m,c,,a)
) else
) execute desired competency actions
) endif
) endrepeat
) end procedure Execute_Controller

Figure 3.3: High-level robot controller shared by all controllers presented in this dissertation,
including the internal state transition function, communication function, and action function.

Not all controllers make use of all control features. For example, some do not use internal
state, others do not use communication, and some do not use either. In such cases, the internal
state transition function or communication function always return a value of 0 and are therefore

irrelevant to the robot’s control decisions.

3.5 Multi-Robot System Controller Taxonomy

Given the definition of a robot controller from Section 3.4.3, it is useful and convenient to tax-
onomize MRS based on characteristics of the controller each robot executes. Controllers are

taxonomized based on the following three characteristics:

1) Deterministic or probabilistic action selection (DAct or PAct)
2) Capable of maintaining persistent internal state or stateless (IS or NolS)

3) Capable of inter-robot communication or non-communicative (Comm or NoComm).
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Figure 3.4: Diagram of the multi-robot systems controller taxonomy with the arrows representing
the ways in which the synthesis methods presented in this dissertation transform one controller
type into another.

Therefore, the label for a MRS composed of stateless, non-communicative robots utilizing
deterministic action section would be DAct-NoIS-NoComm. The label for a MRS composed of
non-communicative robots utilizing probabilistic action section which maintain persistent internal

state would be PAct-IS-NoComm.

The taxonomy axes are in no way meant to be complete in the sense that they can precisely
describe and characterize all unique MRS. Rather, the axes are defined in such a way as to
provide a useful characterization of the controller classes of MRS discussed in the remainder of
this dissertation. Chapter 4.2 presents systematic synthesis procedures to automatically construct
MRS controllers sampled from this taxonomy.
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3.5.1 Deterministic vs. Probabilistic Action Selection

The first axis of the taxonomy describes the nature of the individual robot’s action function.
Robots with deterministic action functions and robots with probabilistic action functions are

considered. The action function Act, as defined in Section 3.4.3, is deterministic if

VaVmVeVa(Act(xz,m, c,a) = 0V Act(z, m,c,a) = 1)). (3.7)

A probabilistic action function is one for which

Vav¥mVcVa(Act(x, m,c,a) — [0, 1]). (3.8)

3.5.2 Maintenance of Persistent Internal State vs. Stateless

The second axis of the taxonomy is whether the individual robots independently maintain persis-
tent internal state. As described in Section 3.4.1, internal state is a temporally persistent memory

that can be modified by the robot over time and is used in control decisions.

3.5.3 Communicative vs. Non-Communicative

The third axis of the taxonomy is whether the robots are able to explicitly communicate with each
other. As described in Section 3.4.2, it is not required that communication be direct or one-to-one

nor is it required for the receiver to be able to uniquely identify the sender.

3.6 Summary

This chapter has defined the framework which serves as the formal foundation for our MRS
design methodology. Necessary definitions and notations that describe the world in which the
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MRS is situated, the task the MRS is to perform, and the characteristics of the individual robots
constituting the MRS have been provided.

Procedures can now be designed to systematically reason within the context of this formalism
to analyze and synthesize MRS controllers in a principled fashion. A set of such principled
controller analysis and synthesis methods represent the core of this dissertation and are presented

in the next Chapter, in Sections 4.1 and 4.2, respectively.
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Chapter 4

Principled Multi-Robot System Controller Design

This chapter presents the core of the principled MRS controller design methodology — the con-
troller analysis and synthesis methods, which share a common formal foundation, as presented
in Chapter 3. This shared foundation allows close integration of these methods and represents a

novel controller design approach.

Formal Definitions: Formal Understanding
of Coordinated MRS

World, Task, Robots

Automated Controller Synthesis

Synthesis |

[ Coordinated MRS ]

Figure 4.1: Diagram of principled multi-robot systems controller design methodology with the
role of analysis highlighted.
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This chapter is organized as follows. A probabilistic microscopic method of analysis is described

in Section 4.1 and a suite of systematic controller synthesis methods are described in Section 4.2.

4.1 Controller Analysis

This section outlines the role of analysis in the controller design process and details an analysis
method using a probabilistic microscopic modeling approach. Figure 4.1 shows how analysis fits
into the principled controller design methodology. Analysis takes as input a controller, as defined
in Section 3.4.3, provided by controller synthesis methods and outputs the predicted system
performance of that controller design. As the figure demonstrates, due to the formal framework
shared by analysis and synthesis, as well as their integrated nature, an iterated synthesis and

analysis process is undertaken to optimize the final controller design.

4.1.1 Role of Analysis in the Controller Design Process

The design of an effective task-directed MRS is often difficult because typically there is a lack of
an accurate understanding of the relationship between different design options and resulting task
performance. In the common trial-and-error design process, the designer constructs a MRS and
tries it out in either simulation or on physical robots. Either way, this process is resource-intensive
as it requires much effort and time to evaluate many possible designs. Ideally, the designer
should be equipped with an analytical tool for the principled evaluation of potential designs.
Such an analytical tool would allow fast and efficient evaluation of different design options and
thus facilitate more effective MRS through the principled design process that includes effective
optimization with respect to desired performance metrics.

Used independently, analysis can be used as predictive tools to understand the expected system
performance of a given design. It provides a means to determine where and why a given design
fails or does not reach acceptable performance on a given task. This understanding can be used
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to provide formal reasons for the use and limitations of different possible designs. Used in an
integrated manner with the controller synthesis methods presented in Section 4.2, analysis plays
an important role in the synthesis of optimized MRS. Analysis shares a common formal framework
with the synthesis methods, and, as such, they can be used to improve the design process by aiding
in decisions related to the appropriate use of internal state or inter-robot communication and
their trade-offs with resulting system task performance. A design methodology utilizing unified
controller synthesis and analysis methods allows for a more systematic, efficient, and complete

exploration of the design space, thereby leading to more effective design solutions.

4.1.2 Probabilistic Microscopic Model

This section describes a probabilistic microscopic modeling approach of analysis that is used in
the controller design methodology. The approach is probabilistic in that the robots are modeled
as parallel processes operating in a common environment that is modeled as a series of stochas-
tic events. The approach is microscopic, as opposed to macroscopic, in that individual robots
are modeled as separate processes and the outcome of the model is a result of the interactions
among robots and between the robots and the world. In related work on probabilistic microscopic
modeling, the work of Ijspeert et al. [36] and Martinoli et al. [52] provided definitions and exam-
ples on the use of probabilistic microscopic modeling approaches as applied to stick-pulling and

aggregation domains, respectively, as discussed in Chapter 2.

Alternative modeling approaches include macroscopic models [49], which treat the group of
robots as an indivisible whole without decomposing it into individual robots. In such approaches
the system-level behavior is directly derived without consideration of specific robot interactions.
When available, macroscopic modeling approaches are very useful; however, they are frequently
computationally complex and fail to capture important local and dynamic interactions among the
robots. As was discussed in Section 1.4, understanding the interactions among robots is key to
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understanding MRS design is related to resulting task performance. For this reason, a microscopic

modeling approach is deemed most suitable and is utilized in this dissertation.

4.1.3 Model Definition

An overview of the probabilistic microscopic model used in this dissertation is detailed in Fig-
ure 4.2. This method, as implemented in the deterministic procedure Probabilistic_Microscopic_Model,
takes as input a world W, a task T', and a set of robots R. All robots in R execute identical con-
trollers consisting of an action function Act, an internal state transition function IState, and a

communication function Comm, the operation of which was described in Section 3.

At a high-level, the procedure operates by performing independent Monte Carlo trials of the
task T'. A single task trial continues until the task is successfully completed or until an an incorrect
action occurs and the task terminates unsuccessfully. Through repeated task trials, the probability

of correct task execution is determined.

The procedure begins by initializing two counters, count_correct and count_incorrect, that
represent the number of correctly and incorrectly executed task trials, respectively. The remainder

of the procedure (lines 4-33) is then repeated with each iteration representing a single task trial.

Each individual task trial begins by initializing the internal state values of all robots and then
initializes the world state s to be the starting state u_startr of the task T to be executed. Next,
a loop (lines 7-32) is entered that is repeated until either the world state becomes a terminal
state of task T, u_termp, or until an incorrect action is executed. In the former case, the task
trial is terminated and a value of correct task execution is recorded. In the later case, the trial is

terminated and a value of incorrect task execution is recorded.

This loop begins by providing the robots with a random observation set drawn from the
weighted set of observations possible in the current world state. The weight of observation z is
defined by the observation function O(s, x). Next, in lines 9-13, using this observation the internal
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state transition function of each robot is independently evaluated and internal state transitions

are made if necessary.

In lines 14-20, the communication function of each robot is then independently evaluated
and each robot sends any appropriate communication message, as defined by the communication
function Comm. Each message sent is received by all robots and placed in the set Cr, for each
robot r. This set of received communication messages is cleared during each cycle of this loop so

the robots have no memory of past communication messages received.

Next, each robot’s action function is evaluated and an action is selected and executed. As-
suming the current world state is s, for each robot r’s action a, the world state is transitioned

according to the world state transition function P(s,a,,s’).

If the set of edges for task T, Er, contains an edge from the current world state, s, to the new
state, s’, then the entire process repeats and all robots are provided with a new observation. If,
however, the edge is not in Ep, then that means the actions executed by the robots resulted in
incorrect task execution as this transition caused a deviation from the world state space trajectory
as defined by the DAG for task T'. In this case of incorrect task execution, this trial is terminated
with a value of incorrect task execution. Alternatively, if the next world state is a member of the
set of terminal states for T, u_termqp, then that means the task has been successfully executed.
The current task trial is then terminated with a return value of correct task execution. Individual
task trials are executed until the change in the estimated probability of correct task execution

falls below some threshold value e.

4.1.4 Summary

This section presented a probabilistic microscopic modeling approach for controller analysis. A
procedure was presented that returns the probability of correct task execution of a set of robots
R executing a task T in a world W. The synthesis methods presented in the following sections
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(1) procedure Probabilistic_Microscopic_Model(world W, task T, robots R)
(2)  count_correct — 0
(3)  count_incorrect — 0
(4)  repeat until (A(count_correct (count_correct + count_incorrect) < €)
Initialize robots
(5) Vr € R(m, < io)
Initialize world

(6) s« u.startr € T

(7) repeat (until the task is successfully completed or until incorrect task execution occurs)
Each robot receives an observation from the world

(8) X « z, where z is a set of observations drawn from the weighted set defined by O(s, z)

Fach robot makes appropriate internal state transitions

9) for all robots » € R do

(10) if 3m € M(IState(m.,,z,,m) =1) then
(11) my —m

(12) endif

(13) endfor

FEach robot sends any appropriate communication messages that
are then received by all robots

(14) Vr € R(Cry — {})

(15) for all robots r € R do

(16) if 3c € C(Comm(z,,c) = 1) then

(17) Csr —c

(18) Vr € R(Crr — Crr.Jc)

(19) endif

(20) endfor
FEach robot executes any appropriate actions

(21) A — Uy,cg @ where a is drawn from the weighted set Act(X,., M, Cr,a)
The world state is transitioned appropriately

(22) new_s «— (s’ where s’ is drawn from the weighted set P(s, A, s’)

Check to see if the world state transition resulted in incorrect task execution

(23) if {s,news} 3 Er then

(24) count_incorrect «— count_incorrect + 1
(25) exit inner repeat loop

(26) endif

Transition the world state
(27) § — news

Check to see if a terminal state has been reached signifying correct task execution

(28) if s € u_termy then

(29) count_correct < count_correct + 1

(30) exit inner repeat loop

(31) endif

(32) end repeat

(33) end repeat

(34) return(count_correct/(count_correct + count_incorrect))
(35) end procedure Probabilistic_.Microscopic_Model

Figure 4.2: Probabilistic microscopic model algorithm for a set of robots R executing a task 7" in
a world W.
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utilize the knowledge gained through the use of the probabilistic microscopic modeling approach
to iteratively improve the controller design.

In this method of analysis, the required number of task trials is dependent on many factors,
including the nature of the observation function O, the uncertainties in sensing and action, any
probabilistic components of the robot controllers, and the desired accuracy of the results. Due to
these domain specific features, it is not reasonable to determine the number of task trials to run
a priori. Experimentally, task trials are performed until the change in the estimated probability

of correct task execution stabilizes.

4.2 Controller Synthesis

Formal Definitions: Formal Understanding
World, Task, Robots of Coordinated MRS

Automated Controller Synthesis

|
T

]
A
]

Coordinated MRS

Figure 4.3: Diagram of principled multi-robot systems controller design methodology with the
role of synthesis highlighted.

This section introduces the role of synthesis in the controller design process and details a suite
of systematic controller synthesis methods that use the formalism presented in Chapter 3 in a
prescriptive fashion. Synthesis is the process of constructing a specific instance of a controller
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that meets design requirements such as achieving the desired level of task performance while
simultaneously satisfying any constraints imposed by limited robot capabilities.
Each of the presented synthesis methods builds a unique robot controller that utilizes a different

combination of control features from the following set:
- deterministic or probabilistic action selection
- the maintenance of internal state or stateless
- the use of inter-robot communication or non-communicative

Figure 4.3 shows the role of synthesis within the principled controller design methodology.

4.2.1 Role of Synthesis in the Controller Design Process

Typically, robot controllers are synthesized by hand, relying on the expert knowledge of the de-
signer and an intimate understanding of how the robots will interact with each other and with
the world during task execution. The approach presented in this dissertation is novel in that it
represents systematic and automated controller synthesis methods. The designer’s responsibility
is reduced to defining the task domain using the formal framework presented in Section 3, infor-
mation a hand-designed system inherently requires as well. Using this formal definition of the
task domain, the synthesis methods automatically produce a complete robot controller that may
be executed by all robots in the MRS to achieve task-directed system-level coordination.

The synthesis methods presented in this section are specific to MRS, as defined in Section 3.4,
performing acyclic tasks of the type defined in Section 3.3. Even given the constraints on the
types of systems imposed by these definitions, there are many more unique synthesis methods
than those presented in this dissertation. However, the presented methods represent a limited
but important sampling of the space of possibilities and provide a means to study the formal
synthesis of a range of MRS using a variety of common robot coordination and control features,
such as probabilistic action selection, the maintenance of persistent internal state, and the use of
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inter-robot communication. It should be noted that this work does not consider controllers which
use both internal state and communication. Controllers that could use both would indeed be more
expressive and powerful; however, the study of controllers which use only one or neither of the
two still provide much space for the formal investigation of the uses and limitations of internal

state and communication in MRS.

Synthesis methods for four different controllers, as defined by the taxonomy described in
Section 3.5, are presented in the following sections. A synthesis method for DAct-NoIS-NoComm
controllers is presented in Section 4.2.2, a method for DAct-IS-NoComm controllers is presented
in Section 4.2.3, a method for DAct-NoIS-Comm controllers is presented in Section 4.2.4, and a

method for PAct-NoIS-NoComm controllers is presented in Section 4.2.5.

4.2.2 Synthesis Method for Deterministic Action Selection, No Internal

State, No Communication Controllers (DAct-NoIS-NoComm)

The first, and simplest, synthesis method is for DAct-NoIS-NoComm controllers, which have de-
terministic action functions (DAct) and are stateless (NoIS) and non-communicative (NoComm).
This section defines and discusses a systematic method for the synthesis of DAct-NoIS-NoComm

controllers.

Although DAct-NoIS-NoComm controllers are quite simple, they represent a useful class of
controllers to study. Through a formal understanding of the limitations of such controllers in
achieving system-level coordinated behavior, one can more fully understand and appreciate the
benefits of additional control features, such as internal state or communication, as will be discussed
in later sections. Furthermore, the DAct-NoIS-NoComm controller serves as a foundation upon

which the controller synthesis methods presented in the following sections are built.

Unencumbered by the need to define an action probability values, an internal state transition

function, or a communication function, the DAct-NoIS-NoComm synthesis method only requires
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(1) procedure Synthesize_DAct-NoIS-NoComm_Controller(world W, task T, robot )
Initialization

)  forall x € X,.,m,m' € M, do
) IState(m,xz,m’') = 0;
) endfor
) forallz € X,.,ce C, do
) Comm(z,c) = 0;
) endfor
) forallz € X,,me M,,ce C,,a € A, do
) Act(z,m,c,a) = 0;
0) endfor

Construct the action function
(11) for all {u,v} € Ep,z € X;,a € A (O(u,z) > 0A P(u,a,v) > 0) do
(12) Act(x,*,{x},a) = 1;
(13)  endfor
(14) end procedure Synthesize_DAct-NoIS-NoComm_Controller

Figure 4.4: Procedure for synthesizing a DAct-NoIS-NoComm controller for a robot 7 to execute
a task T in a world W.

the straight-forward process of defining the deterministic action function Act. The action func-
tion definition is simply a direct mapping of observations to actions, information that can be
extracted from the formal definitions of the world and task. The procedure Synthesize_DAct-
NoIS-NoComm_Controller shown in Figure 4.4 provides a systematic procedure for the synthesis

of DAct-NoIS-NoComm controllers.

There are two high-level steps to this procedure: 1) initialize the controller as a blank slate,

and 2) construct the controller action function by appropriately mapping observations to actions.

4.2.2.1 Initializing a Blank Slate Controller

In lines 2-10 of Figure 4.4, the internal state transition function, communication function, and
action function are initialized by setting the probability of each internal state transition, commu-
nication, and action to zero for all circumstances. After this stage, the controller is a blank slate
with no chance of any internal state transitions, communications, or actions being executed.
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4.2.2.2 Constructing the Action Function

In lines 11-13 in Figure 4.4, for each {u,v} € Er, the synthesis procedure adds a rule to the action
function of the form Act(x,*,{*},a) = 1 such that z is observable in v and P(u,a,v) > 0. As a
DAct-NoIS-NoComm controller is stateless and non-communicative, the internal state values and

received communication messages in the action function are set to “don’t care”, represented as

ML

*

4.2.2.3 Discussion

Section 4.2.2 introduced a method for the synthesis of DAct-NoIS-NoComm controllers. The
synthesis method has a complexity of O(ErAX), where Er is the set of edges in the task T’s
DAG, A, is the set of all actions executable by a robot r, and X, is the set of observations that
can be made by a robot r. It is important to note that this method scales with the number of
states in the task, not the number of states in the world.

A primary point of failure for DAct-NoIS-NoComm controllers is in situations involving per-
ceptual aliasing. Perceptual aliasing is the condition in which some observation = can be made
in two different task states s; and s;. As long as there does not exist some action a in which x
and a are correct for s; but not for s;, then there are no problems. If such a situation does exist,
then the action a will be appropriately executed in s; but may be incorrectly executed in s;. The
probability of correct task execution in such situations is dependent on the relative probabilities
of observing z in s; and observing an observation z in s;, where z and some action b are correct
for s;. It is in such situations that persistent internal state or inter-robot communication can, in
many cases, be used to increase the probability of correct task execution — a feature exploited in
the synthesis methods presented in the following sections.

The DAct-NoIS-NoComm synthesis method does not guarantee an optimal probability of
correct task execution. The method maps all observations and actions that have any chance of
being correct for a given task state. Other options exists, for example, one may decide to only add
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to the action function the observation and action pairs that have a probability of being correct
greater than some value «, or only the observation and action pair with the absolute highest
probability of being correct. Such modifications that remove potentially correct observation and
action pairs will likely result in increased times to task completion but could result in a higher
overall probability of correct task execution as observations and actions prone to uncertainties
could be ignored. This is primarily a trade-off between robustness and time efficiency that the

designer will need to make with respect to the desired system performance.

4.2.3 Synthesis Method for Deterministic Action Selection, Internal

State, No Communication Controllers (DAct-IS-NoComm)

This section presents a systematic method for the synthesis of DAct-IS-NoComm controllers,
which have deterministic action functions (DAct), maintain persistent internal state (IS), and
are non-communicative (NoComm). Using the DAct-NoIS-NoComm controller as a foundation,
which Section 4.2.2 describes how to synthesize, the synthesis method in this section augments
it with the use of internal state in order to improve task performance. A discussion on the

DAct-IS-NoComm synthesis method in Section 4.2.3.5.

There are four high-level steps in the synthesis procedure: 1) synthesize a baseline DAct-
NoIS-NoComm controller in line 2, 2) initialize relevant variables in line 3, 3) introduce internal
state to address instances of perceptual aliasing in lines 5-9, and 4), in lines 9-14, introduce
internal state at task branches to allow robots to distinguish between different task trajectories.
The full synthesis method is given by the procedure Build_DAct-1S-NoComm_Controller shown in
Figure 4.5.
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(1)  procedure Build_DAct-IS-NoComm_Controller()

Step 1: Synthesize a baseline DAct-NolS-NoComm controller
Build_DAct-NolIS-NoComm_Controller();

Step 2: For each task state, identify the paired observations and actions used
in the DAct-NoIS-NoComm action function
Xa(si) = {{zo,a0}, ..., {®n, an}} where for each {z;,a;} Im(Act(z,m,{},a) > 0);

Consider all paths of correct task execution
for all paths p from u_startr to a state in u_termr do

Step 3: Identify uses of internal state to deal with observations involved
in perceptual aliasing
for all s;,s; € p where ((i < j) A3z3a({z,a} € Xa(s;) AO(si,z) > 0A{z,a} > Xa(si))
Z ={z0,71,..., 2n} where for all z; € Z,
dsu(t <k < (j+ 1) AO(sk,2i) >0A3sa € pla < iAO(sa,zi) > 0));
use Probabilistic_Microscopic_Model to pick a z; € Z to use to transition
the internal state to a novel value that maximizes the probability of
correct task execution up to state sj;;
project changes forward for I State and Act functions to reflect this internal
state transition;
endfor

Step 4: Identify branches in the task definition and insert an internal
state transition to distinguish the internal state values across branches
for all s; € p where the out degree of s; > 1 do
Z = {20, 21..., 2o} where for all z; € Z(O(si+1,2:) > 0A fisa(a < si41 A O(8a, 2:) > 0));
use Probabilistic_Microscopic_Model to pick a z; € Z to use to transition
the internal state to a novel value that maximizes the probability of
correct task execution up to state sj;
project changes forward for IState and Act functions to reflect this internal
state transition;
endfor

endfor

(16) end procedure Build_DAct-IS-NoComm_Controller

Figure 4.5: Procedure for synthesizing a DAct-IS-NoComm controller for a robot r to execute a

task T
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4.2.3.1 Synthesizing a Baseline DAct-NoIS-NoComm Controller

The DAct-IS-NoComm controller synthesis method uses a DAct-NoIS-NoComm controller as a
starting point. The synthesis method for DAct-NolS-NoComm controllers was presented in Chap-
ter 4.2.2 by the function Synthesize_DAct-NolIS-NoComm_Controller shown in Figure 4.4. In the
remaining three steps, we integrate an internal state transition function into the baseline DAct-

NoIS-NoComm controller to improve system-level coordination.

4.2.3.2 Initializing Variables

In line 3, the variable X,(s;) is initialized. This variable is a set of observations and actions
pairs, {z,a}, for which there is a rule in the DAct-NoIS-NoComm controller action of the form
Act(xz,m,{},a) = 1, for some internal state value m. The observation and action pairs constituting

Xa(s;) are defined to be correct for task state s;.

4.2.3.3 Internal State and Perceptual Aliasing

The remaining two steps of the synthesis procedure are repeated for all paths, p, through the
task definition constituting correct task execution — all trajectories through the task DAG from
u_startr to all u_termsyp.

Lines 5-9 of Figure 4.5 identify troublesome instances of perceptual aliasing that may occur in
the states of path p. An instance of perceptual aliasing is troublesome if the observation z, given
some task state s; and some action a, {z,a} € X,(s;), but there also exists another task state,
s; € p, where {x,a} > X,(s;). This means that the observation x is mapped to the execution of
an action that is meant to be performed in task state s;, but this observation can also occur in
task state s; that should not be mapped to the same action.

There may also be other instances of perceptual aliasing that are not troublesome. In such
cases, an observation can be made in multiple task states, but this observation is not mapped to
an action in the action function and is therefore of no impact on the performance of the task.

49



In order to distinguish between different occurrences of an observation x that is the cause of
a troublesome case of perceptual aliasing, an internal state transition is introduced between the
instances of its observation. Therefore, each observation of x will occur when the robot has a
different internal state value and the action function can be arranged to perform different actions

upon the observations of z.

An internal state transition is introduced through the identification of an observation that,
during task execution, will occur between the multiple observations of . A new rule is then added
to the internal state transition function that uses this selected observation to cause a change in
the robot’s internal state value. In many cases, there is more than one such observation that
can be used to transition the internal state value. To select the most appropriate observation for
each candidate observation, the action and internal state transition functions can temporarily be
modified. These modified functions constituting the robot controller can then be evaluated using
the probabilistic microscopic modeling approach presented in Section 4.1.2. The internal state
transition that results in the controller giving the highest probability of correct task execution is

then permanently introduced to the robot controller.

4.2.3.4 Internal State and Task Branches

Lines 10-14 in Figure 4.5 identify task states for which the task trajectory could possibly branch
to a task state not in p. In order to maintain consistency in the controller across these branches in
the task, it is necessary to introduce an internal state transition immediately after the branch. To
do this, an observation is identified in the task state immediately after the branch. The internal
state transition function is updated in order to use this observation to transition the internal state
value to a new value.

The resulting controller will have an internal state transition immediately after each branch in

the task that is inherently used to identify which branch was taken during task execution. This
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prevents incorrect task execution from occurring through perceptual aliasing across different task

branches since each branch is uniquely identified through this internal state value.

4.2.3.5 Discussion

It should be clarified that although reasoning with specific task states is used in the synthesis
procedure, the resulting action and internal state transition functions do not perform any explicit
reasoning of underlying specific states. The robots are not directly provided with information
on the current task state, which is the cause of perceptual aliasing and a reason why the use of
internal state is useful to increase the probability of correct task execution.

The DAct-IS-NoComm synthesis method represents only one way in which internal state can
be used in a robot controller. There are certainly other ways, including ones which maintain more
of a direct representation of the world state or task progress. However, the method by which
internal state is used in this DAct-IS-NoComm synthesis method can improve task performance
in many situations and provides a concrete technique for the use of internal state that allows for
principled MRS synthesis and analysis.

This section described how the use of internal state can be used to improve task performance.

The next section introduces the use of inter-robot communication to improve task performance.

4.2.4 Synthesis Method for Deterministic Action Selection, No Internal

State, Communication Controllers (DAct-NoIS-Comm)

This section presents a systematic method for the synthesis of DAct-NoIS-Comm controllers, which
have deterministic action selection (DAct), are stateless (NolS), and have the capability of inter-
robot communication (Comm). Using the DAct- NoIS-NoComm controller as a foundation, which
Section 4.2.2 describes how to synthesize, the DAct-NoIS-Comm synthesis method in this section
will augment it with the use of inter-robot communication in order to improve task performance.
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The synthesis method also includes a graph coloring approach used to minimize the number of

unique communication messages required.

There are four high-level steps in the synthesis process: 1) synthesize a baseline DAct-NolS-
NoComm controller, 2) identify situations in which communication can be used to better facilitate
coordination, 3) assign specific communication messages to each of these situations using a graph
coloring approach, and 4) appropriately augment the action and communication functions pro-
vided by the baseline DAct-NoIS-NoComm controller. The full synthesis process is given by the

procedure Build_DAct-NolS-Comm_Controller shown in Figure 4.6.

4.2.4.1 Synthesizing a Baseline DA ct-NoIS-NoComm Controller

A DA-NoIS-NoComm controller, which is simply a stateless, non-communicative controller, serves
as a baseline controller that is augmented with communication to synthesize a DAct-NolS-Comm
controller. The process of synthesizing a DAct-NoIS-NoComm controller is given by the procedure

Build_DAct-NolS-NoComm_Controller, shown at the top of Figure 4.6.

Such a baseline DAct-NoIS-NoComm controller leaves room for error if x and a are correct
for some task state s; but there exists another task state s; where x and a are not correct
and O(sj,z) > 0. In such situations, an MRS composed of robots with DAct-NoIS-NoComm
controllers cannot enforce the action sequence necessary for correct task execution. This is a
common problem with purely reactive controllers [15] in task domains with temporal constraints.
In the DAct-NolIS-Comm synthesis steps that follow, the use of communication is incorporated
to improve coordination in these situations. Due to sensing and action uncertainty, the addition
of communication cannot guarantee correct task execution, but it can be used to increase the
probability of correct task execution.
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(1) procedure Build_DAct-NoIS-Comm_Controller(world W, task T, robot )
Step 1: Synthesize a baseline DAct-NolS-NoComm controller
(2)  Build_DAct-NoIS-NoComm_Controller();

Step 2: Identify situations in which communication can be used to improve
task performance

(3) for all s; € Vpr do

(4) Xe(si) = {};

(5) for all z s.t. O(ss,x) > 0 A fsk(sk # s: AO(sk,x) > 0) do
(6) Xe(s:) = Xe(s:) U;

(7) endfor

(8) Xa(si) = {};

(9) for all z s.t. O(s;,x) > 0 A Ja(Act(x,*,{},a) > 0A P(si,a,si+1) > 0) do
(10) Xa(si) = Xa(s:) Uz;

(11) endfor

(12) if Xa(si) C Xe(s;) then

(13) Xm(si) = {};

(14) else

(15) X (si) = Xe(si);

(16) endif

(17)  endfor

Step 3: Assign specific communication messages to each of these situations
using a graph coloring approach
(19)  Assigned_Comm « Graph_Color(Uy,, ¢y, {pickz € Xm(si));

Step 4: Appropriately augment the action and communication functions provided
by the baseline DAct-NolS-NoComm controller

(20) for all s; € Vpr do

(1)  e=1{}

(22) for all z € X (s:) do

(23) Comm(z, Assigned_Comm(z)) = 1;

(24) endfor

(25) for all z € Xq(si),a € As.t. (Act(z,*,{},a)=1) do
(26) Act(z,*,{},a) = 0;

(27) Act(z,*,{c},a) =1;

(28) endfor

(29) endfor

(30) end procedure Build_DAct-NoIS-Comm_Controller

Figure 4.6: Procedure for synthesizing a DAct-NoIS-Comm controller for a robot r to execute a

task T in a world W.
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4.2.4.2 Identifying Uses of Communication

Next, a set of observations is defined that will serve as the basis of the DAct-NoIS-Comm con-
troller’s communication function. For each task state s; € Vp, a set of observations X.(s;) is
defined (Figure 4.6, lines 3-6), each of which can only occur in state s;. Also defined is X,(s;),
a set of observations such that, for each x € X,(s;), there exists an action a where the action
function maps x to a and the result of that action is a task state that is a child of s;.

If all observations in X,(s;) are also in X.(s;), then a controller directly mapping observations
to actions required for this task state is sufficient and improvements to the DAct-NoIS-NoComm
controller regarding this task state are not necessary. If, however, there exists an observation in
Xa(s;) that is not inX,(s;), then perceptual aliasing with regards to this observation is possible
and could result in incorrect task execution. In this case, the observations in the set X.(s;) can be
used to uniquely identify state s; and overcome the perceptual aliasing issue. Lines 12-16 perform
this evaluation and place the set of observations that can be used to uniquely identify task state
s; in the set X, (s;), if any are required.

If 3s;,8; € Vp such that {Vz(O(s;,z) > 0)} C {Vx(O(sj,x) > 0)}, then the state s; is
fundamentally unobservable. In such a situation, one cannot guarantee that a MRS composed
of robots executing a DAct-NoIS-Comm controller will correctly execute the task, even in the

absence of sensing and action uncertainty.

4.2.4.3 Graph-Coloring Approach to the Assignment of Specific Communication

Messages

The previous step identified observations, contained in the set X,,(s;) for each task state s;, that
may be used to disambiguate the underlying task state when necessary. In this step, for each task
state s; the best observation is chosen from X,,(s;) and mapped to a communication message.
The best observation from each set is chosen through constructing a temporary communication
function mapping each observation individually to a communication message and updating the
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action function appropriately. This controller is then evaluated using the probabilistic microscopic
model presented in Section 4.1.2. Each observation is evaluated in this manner and the one that
results in the maximum probability of correct task execution is chosen. This process is repeated
for each task state and resulting in a set of observations that are to be mapped to communication
messages in the communication function.

The simplest mapping for all of these observations is to assign a specific, unique communica-
tion message to each observation. However, in many MRS communication bandwidth can be quite
limited, such as in a MRS composed of underwater vehicles or in MRS in which communication
is through through means such as the release of chemical or light signals. In such cases it is ad-
vantageous to minimize the number of bits transfered in each communication message. The more
unique communication messages required, the more bits of information in each communication
message must contain in order to uniquely identify each message.

Therefore, to minimize the actual number of unigque communication messages needed, a graph
coloring approach is used. Graph coloring is not used to minimize the number of instances in
which communication is used, which is decided by the process in Step 2. Although graph coloring
is NP-complete, there are a number of well-studied heuristics that provide understood bounds
on resulting solution quality [57]. Furthermore, the graph coloring approach is desirable in many
domains to reduce the number of unique messages required, but it is not absolutely required as
the direct assignment of unique messages to each necessary observation is acceptable.

The problem of assigning unique communication messages to a given set of observations O, =
Uvs,evy {Xm(si)} can be reduced to a graph coloring problem as follows. First, a graph G,
consisting of a set of vertexes Vg and a set of edges E¢, both initially empty, is created. Next,
a vertex is added to Vg for each observation in O.. Then, edges are added to Eg between each
pair of vertexes in Vi for which the associated observations interfere with each other. The test
for interference between two observations x; and z; is given by the function I(x;,z;) shown in
Equation 4.1. Now a standard graph coloring algorithm [57] may be applied to G in which the
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color assigned to a vertex in Vi corresponds to a specific communication message assigned to the
observation represented by that vertex. The function Assigned_-Comm(z) as used in Figure 4.6
returns the communication message assigned to the observation x as a result of the graph coloring

process.

1, if3s € Vr(O(s,z;) > 0 A O(s,x;) > 0),

1, if dsu, sv € Vrdz € Xo(50)(O(su,z) > 0Nz € Xin(sv) A O(8u, ;) > 0),
I(zi,z5) = 4.1
J

1, if 3su, sv € Vrdz € Xa(50)(O(Su,x) > 0A x5 € Xin(Sv) A O(su, ;) > 0),

0, otherwise.

4.2.4.4 Constructing the Action and Communication Functions

The DAct-NoIS-Comm controller is synthesized by augmenting the DAct-NolS-NoComm con-
troller synthesized in Step 1. This is accomplished by adding the communication function and
appropriately modifying the action function such that an action is not executed unless all neces-
sary communications are being simultaneously received.

Through the graph coloring approach presented in Step 3, a specific communication message
was assigned to each observation in the set X, (s;) for each s; € V. The controller communication
function is constructed (Figure 4.6, lines 22-24) by adding a communication rule for all z € X, (s;)
for all s; € Vr of the form Comm(z, Assigned_-Comm(z)) = 1, where Assigned_Comm(z) is the
specific communication message assigned to the observation z in Step 3. Such a communication
rule will cause the robot to send the communication Assigned_-Comm/(z) every time the obser-
vation z is made. The action function is modified (Figure 4.6, lines 25-29) so that for each rule
of the action function, Act(x,*,{},a) = 1, where & and a are correct for a state s; is modified to
become Act(x,*,{c,},a) = 1, where ¢, is the set of specific communication messages mapped in
Step 3 to the observations in X,,(s;). All probabilities not explicitly declared for the controller
are 0.
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4.2.4.5 Discussion

The previous section introduced a method for the synthesis of DAct-NoIS-Comm controllers.
A controller synthesized by this method is only one, and certainly not the only, way in which
communication can be used to facilitate coordination. In fact, from a pragmatic standpoint, a
MRS composed of robots executing such DAct-NoIS-Comm controllers has many disadvantages
that other forms of communicative MRS may not exhibit. For example, the efficiency of the MRS
in terms of time to task completion is likely to be quite poor, as several events must take place

simultaneously before actions can be performed.

A part of this issue stems from the fact that DAct-NoIS-Comm controllers are stateless. Using
communication alone to execute a task that has branches in its definition is not effective as the
robots have no memory of which branch of the task was taken. If the actions that need to be
performed are conditioned on some past action, then stateless robots will have no knowledge
of this past action. Allowing the robots to retain some form of non-transient internal state or

representation would likely improve the system performance in a number of respects.

However, from the perspective of identifying and understanding the fundamental requirements
of coordination, MRS composed of stateless, communicative robots are very informative. By iso-
lating the use of communication, analysis of such MRS provides a means to better understand
when and why communication is able to facilitate coordination and when it is insufficient. Knowl-
edge of the limitations of communication helps identify when and why the integration of other
controller features, such as internal state, becomes necessary.
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4.2.5 Synthesis Method for Probabilistic Action Selection, No Internal

State, No Communication Controllers (PAct-NoIS-NoComm)

This section presents a genetic algorithm-based method for the synthesis of PAct-NoIS-NoComm
controllers, which have probabilistic action selection(PAct), are stateless (NolS), and lack the ca-
pability for inter-robot communication (NoComm). Using the DAct-NoIS-NoComm controller as
a foundation, which Section 4.2.2 describes how to synthesize, the PAct-NoIS-NoComm synthesis
method presented in this section modifies the DAct-NoIS-NoComm action function by transform-

ing it from a deterministic to a probabilistic function.

Introducing a probabilistic action function can help to achieve a higher probability of correct
task execution over the deterministic DAct-NoIS-NoComm controller. Let us assume that ob-
servation x; and action a; are correct for some task state s; and that observation x; and action
a; are correct for some other task state s;. In this case, the action function of the DAct-NolS-
NoComm controller would contain Act(x;,*,{},a;) = 1 and Act(x;,*,{},a;) = 1. However, if
O(sj,x;) > 0 then there is a perceptual aliasing issue and the controller may execute an in-
correct action because the action a; could potentially be incorrectly executed in task state s;.
However, by introducing a probabilistic action function one could reduce the impact of the per-
ceptual aliasing problem and achieve a higher probability of correct task execution. Returning to
the above example, let us assume that O(s;, ;) is equal to O(s;,x;). If this is the case, then if
Act(zj, *,{},a;) >> Act(z;, *,{}, a;) then the probability that action a; will be correctly executed

in state s; will be much greater than the probability action a; will be incorrectly executed.

The PAct-NoIS-NoComm controller synthesis method presented in this Section utilizes a ge-
netic algorithm (GA) approach. A GA approach was chosen because analytically determining
the optimal probabilities for each element of the action function is a highly non-linear problem
as many of the elements are not independent. An analytical solution is intractable and does not
scale well with the size of the action function. The GA approach does not guarantee an optimal
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solution, but is capable of synthesizing a PAct-NoIS-NoComm controller with a higher probability

of correct task execution over the baseline DAct-NoIS-NoComm controller.

4.2.5.1 Genetic Algorithm-Based Synthesis Method

There are three high-level steps in the synthesis procedure: 1) synthesize a baseline DAct-NolS-
NoComm controller, 2) initialize the population of chromosomes representing potential solutions,
and 3) iteratively evolve the population through various means of selection to search for an im-
proved solution. The PAct-NoIS-NoComm synthesis method is given by the procedure Build_PAct-
NoIS-NoComm_Controller shown in Figure 4.7.

The following Sections define the chromosomes making up the population, how a chromosome’s

fitness is evaluated, and how the population is selected from one generation to the next.

4.2.5.2 Chromosome Encoding and the Population

A chromosome holds values for each of the variable parameters of the problem domain. As such,
each chromosome represents a potential problem solution. A chromosome’s encoding is what
each of these values represents. In the PAct-NolS-NoComm synthesis problem domain, each
chromosome has a set of real-valued numbers in the range (0, 1]. Each of these values represents
the probability value for one element of the action function. The set of probabilities encoded by
each chromosome is denoted by E = {ep, e1, ..., e, }, where n is the number of non-zero elements
in the DAct-NoIS-NoComm action function.

The GA approach iteratively operates on a set of chromosomes, called the population, which

is denoted as P. The number of elements in the population is called population_size.

4.2.5.3 Evaluating Chromosome Fitness

Since each chromosome encodes the probability values for each element of the controller action
function, the appropriate metric of evaluating a chromosome’s fitness is the expected probability
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(1) procedure Build_PAct-NoIS-NoComm_Controller(task T, robot r)
Step 1: Synthesize a baseline DAct-NolS-NoComm controller
(2)  Build_DAct-NoIS-NoComm_Controller()

Step 2: Initialize Population
P={}
for i = 1topopulationsize do
¢ «— new chromosome with random probabilities for each action function element;
Calculate the fitness of ¢;
P =PU{c}k

endfor

Step 3: Iteratively Evolve Population
(9)  repeat number_iterations times
(10) Calculate the fitness of all elements of P;

Step 3a: Selection through Elitism
(11) Elite «— set of top elite_percentage% of the most fit chromosomes in P;
(12) P — {Elite};

Step 3b: Selection through Mutation
) repeat (mutation_percentage * population_size) times
) ¢« random chromosome drawn from Elite;
) P — PJ{Mutate(c)};
) end repeat mutation_percentage times

Step 3c: Selection through Crossover
(17) repeat (crossover_percentage x population_size) times
(18) cq < random chromosome drawn from Elite;
(19) ¢y < random chromosome drawn from Elite;
(20) P — P|J{Crossover(ca, cb)};
(21) end repeat (crossover_percentage * population_size) times
(22) end repeat number_iterations times
(23) end procedure Build_PAct-NoIS-NoComm_Controller

Figure 4.7: Procedure for synthesizing a PAct-NoIS-NoComm controller for a robot r to execute

a task T'.
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of correct task execution to be achieved by a MRS executing the controller with the probability
values encoded by the chromosome. The higher the probability, the higher the fitness.

This synthesis method is used in an integrated manner with the probabilistic microscopic mod-
eling approach presented in Section 4.1.2. When a chromosome’s fitness needs to be evaluated,
the action function of the baseline DAct-NoIS-NoComm controller is augmented with the proba-
bility values encoded by the chromosome. This PAct-NoIS-NoComm controller is then evaluated
using the probabilistic microscopic model and the fitness of the chromosome is assigned as the

probability of correct task execution as returned by the model.

4.2.5.4 Selection Through Elitism, Mutation, and Crossover

The population of chromosomes is continually evolved through the iterative execution of the repeat
loop in lines 9-22 of Figure 4.7. In each iteration, the population from the previous generation is
used to generate a new population of chromosomes. This new population is generated by three

standard means: elitism, mutation, and crossover.

Elitism The first method of generating the new population is through an elitist process of
selecting the chromosomes with the highest fitness from the previous generation and adding them
to the next generation population. The chromosomes in the top elite_percentage percentile of the
previous generation population are selected. This elitist method is useful in that it is a standard

GA technique to prevent the loss of the best solution(s) from the previous generations.

Mutation The second method of generating the new population is through mutation, another
standard GA selection technique. A percentage of mutation_percentage of the previously chosen
elite chromosomes are randomly chosen to undergo mutation. A chromosome selected for mutation
is first copied so that the original chromosome remains in the population. Then the copied
chromosome will have one of its elements set to a random value. That is, a randomly chosen
action probability value will be changed to a new random value.
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Crossover The third method of selection is through crossover, by which crossover_percentage
percent of the new population is generated. In crossover two chromosomes, ¢, and ¢, are randomly
selected from the elite chromosomes. Next, a random position in the set of elements making up
the chromosomes is selected. A new chromosome is added to the population that as the elements
from ¢, from the beginning to the randomly selected point and has the elements from ¢, from

immediately after the randomly selected point to the end.

4.2.5.5 Discussion

This section has demonstrated a method for the synthesis of controllers with probabilistic action
functions. The optimal assignment of probabilities to each action in the action function is a highly
non-linear problem. Through the use of a genetic algorithm approach, this section has presented

a tractable method for the assignment of action probabilities.

The use of probabilistic action selection to improve the probability of correct task execution
can do so at the expense of the amount of time required to complete the task. By making some
actions occur with decreased probability in order to decrease the likelihood of incorrect task
execution in a given task state can cause the execution of that action in the correct task state to
take longer. In some task domains with many instances of perceptual aliasing, the increase in time
to task completion can be substantial as some necessary actions may have very small activation

probabilities.

As the case studies in the following chapter demonstrate, with the simple introduction of prob-
abilistic action functions, a MRS can achieve improved performance over robots with deterministic

action functions.
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4.2.6 Summary

This chapter has presented the core of this dissertation’s principled controller design methodology:
an integrated suite of systematic controller synthesis methods and a probabilistic microscopic MRS
modeling approach.

The synthesis methods provide a means to study the formal synthesis of a range of MRS
using a variety of common robot coordination and control features, such as probabilistic action
selection, the maintenance of persistent internal state, the use of inter-robot communication. The
probabilistic microscopic modeling approach provides an effective method to analytically predict
the performance of a given controller to direct the synthesis methods toward a more effective
design.

The next chapter applies the controller design methodology to two different task domains,
construction and multi-foraging. Up to this point, the controller analysis and synthesis methods
have intentionally not been specific to a particular task or task domain. The case studies presented
next cast the formalism of the controller design methodology into specific task domains and
demonstrate how the formalism can be applied to pragmatically construct a set of working robot

controllers for these tasks.
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Chapter 5

Case Studies: Applying the Design Methodology

Formal Definitions:
World, Task, Robots

Automated Controller Synthesis

Hubnat -
B -

! e 5] :
| I
_

Figure 5.1: Diagram of principled multi-robot systems controller design methodology with the
role of a successfully designed system highlighted.

This chapter applies the developed controller design methodology to two different task do-
mains: 1) a multi-robot construction , and 2) task allocation in multi-foraging. Thus far, the
formalism, controller analysis, and controller synthesis methods have been task-independent. This
chapter demonstrates how to cast specific task domains into the formal definitions and apply the
analysis and synthesis methods to the design of task-specific controllers.
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Figure 5.2: The sequence of brick configurations composing the task states for Construction Task
1. The task start state, u_startr is on the far left and the terminal task state, u_termr, is labeled
with brick colors, denoted by the letter R, G, B, Y, C, or B1 that stand for Red, Green, Blue, Yellow,
Cyan, and Black, respectively.

Experimental validation is provided through physically-realistic simulations and a limited num-
ber of physical robot demonstrations. For each task and controller design, results are provided
from simulation experiments, analytical results from the probabilistic microscopic modeling ap-
proach presented in Section 4.1, and where available, empirical validation from physical robot

demonstrations.

It should be noted that due to sensing and action uncertainty there can rarely be a guarantee of
correct task execution; however, through the use of the presented controller design methodology
one can aim to synthesize controllers that maximize the probability of correct task execution.
This capability is demonstrated through the design of a number of controllers in this chapter.
The controllers achieve different levels of performance, and it is through these differences that
the advantages and disadvantages of controllers with different features, such as the use of internal
state, communication, or probabilistic action selection, becomes apparent.

The multi-robot construction task domain and task allocation in the multi-foraging task do-
main were chosen because they represent two distinctly different types of tasks. The construction

task domain is static in that it consists of discrete actions executed independently by individual
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Figure 5.3: The brick configurations composing the directed acyclic graph defining Construction
Task 2. The start state, u_starty, is to the far left and the two terminal task states in u_termr,
labeled with brick colors, are to the far right. Brick colors are denoted by the letter R, G, B, Y, C,
or Bl that stand for Red, Green, Blue, Yellow, Cyan, and Black, respectively.

robots. The tasks in this domain can, in principle, be executed by a single robot but with multiple
robots the task efficiency can be greatly increased. The use of multiple robots, however, requires
the consideration of spatiotemporal coordination among the robots, as discussed in Chapter 1.
As opposed to the construction domain, task allocation in the multi-foraging domain is much
more dynamic and requires tight coordination among all robots in order to successfully execute
the task. The task-independent nature of the design methodology is demonstrated through its

application to these two different domains.

The remainder of this chapter is organized as follows. Section 5.1 presents the application of the
design methodology to the construction task domain. The application of the design methodology
to task allocation in the multi-foraging task domain is presented in Section 5.2. Finally, Section 5.3
provides a summary with an overview of the application of the controller design methodology to
both of these task domains.
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Figure 5.4: This figure highlights an perceptual aliasing example in the first part of Construction
Task 1, as originally shown in Figure 5.2. The observation <FLUSH B R> is circled in the first three
task states. It is only in the third task state that this observation should activate the action <R
FLUSH LEFT B R>. To correctly execute the task, the occurrences of this observation in the first
two task states should not activate a brick placement action. This issue can be resolved through
the use of internal state or communication in the robot controller. The use of probabilistic action
section alone can reduce the probability this issue will cause the task to be incorrectly executed.
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L

Figure 5.5: Snapshots of the multi-robot construction task domain simulation environment.

5.1 Multi-Robot Construction Task Domain

The construction task domain requires the spatiotemporally coordinated placement of a series of
cubic colored bricks into a planar structure. A formal definition of the construction task domain
is provided in Section 5.1.2. For all examples used in this section, a brick’s color is denoted by
the letters R, G, B, Y, C, and Bl which stand for Red, Green, Blue, Yellow, Cyan, and Black,
respectively.

All construction tasks start with a seed structure, which consists of a small number of initially
placed bricks forming the starting state of the construction process. The final structure is built
through the addition of single bricks at a time placed individually by a robot. Bricks may not be
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Figure 5.6: Snapshots of the physical robots used in the multi-robot construction task domain.

removed once added to the structure and sub-assemblies may be not independently constructed

and then combined.

The controller design methodology was applied to the synthesis of controllers for the two
construction tasks shown in Figures 5.2 and 5.3. These two construction tasks were specifically
designed in order to demonstrate the strengths and weaknesses of the different controllers. Con-
struction Task 1 is defined as a linear construction sequence and contains many occurrences of
perceptual aliasing. This task was chosen to demonstrate the approach each controller synthesis
method takes in dealing with instances of perceptual aliasing. Construction Task 2 also contains
instances of perceptual aliasing, but it was specifically chosen to demonstrate the application of
the controller synthesis methods to a task with branches. The synthesized controllers for these
two tasks demonstrate the strengths and weaknesses of each controller synthesis method and the

resulting controllers.

The remainder of this section is organized as follows. Section 5.1.1 describes the simulation and
physical robot experimental setup. Section 5.1.2 formally casts the multi-robot construction task
domain into the formalism presented in Chapter 3. The controller design methodology is applied to
two tasks in the construction domain in Section 5.1.3 and synthesized DAct-NoIS-NoComm, DAct-
IS-NoComm, DAct-NoIS-Comm, and PAct-NoIS-NoComm controllers are presented for each task.
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Figure 5.7: Example observations and actions in the construction domain. (top left) Robot in
position to make observation <FLUSH R B>. (top right) Immediately after the robot performs
action <G RIGHT FLUSH R B>. (bottom left) Robot in position to make observation <CORNER R
B>. (bottom right) Immediately after the robot performs action <G CORNER R B>.

A discussion of the application of the design methodology to the multi-robot construction task

domain is provided in Section 5.1.3.3.

5.1.1 Experimental Setup

This section describes the simulation and physical robot testbeds used in validation experiments

for the construction task domain.

5.1.1.1 Robots

In all simulation experiments, 8 realistic models of ActivMedia Pioneer 2DX mobile robots were
used. In all physical robot trials, 3 ActivMedia Pioneer 2DX mobile robots were used. Each
robot, approximately 30 cm in diameter, is equipped with a differential drive, a forward-facing
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Task 1 DAct-NolS-NoComm

Action Function

Act (KFLUSH R B>, x, {}, <G RIGHT FLUSH R B>) =1
Act(<CORNER G B>, #, {J}, <Y CORNER G B>) = 1

Act (KFLUSH B R>, x, {}, <R LEFT FLUSH B R>) =1
Act (KCORNER B R>, x, {}, <G CORNER B R>) =1

Act(<FLUSH R G>, x, {}, <C LEFT FLUSH R G>) = 1
Act(<FLUSH B G>, x, {}, <Y LEFT FLUSH B G>) = 1
Act(<CORNER R C>, *, {}, <G CORNER R C>) = 1

1

Act(<FLUSH Y B>, x, {}, <B LEFT FLUSH Y B>)
Act (<CORNER R G>, =, {}, <Bl CORNER R G>) =
Act(<CORNER Y B>, #, {}, <C CORNER Y B>) = 1

1

Table 5.1: Deterministic action selection, stateless, and non-communicative controller (DAct-
NoIS-NoComm) action function for Construction Task 1, as shown in Figure 5.2. All probabilities
not, shown are 0.

180-degree scanning laser rangefinder, and a pan-tilt-zoom color camera with a 100-degree field-
of-view and a color blob detection system. The robots used in the simulation trials do not have
the color camera and to replicate its function of identifying the colors of bricks, they use the laser
rangefinder as a fiducial detector. In simulation, each brick color has a unique fiducial ID that is

readable by the laser rangefinder.

It is noted that the bricks in the construction task domain are taller than the robot’s sensors.
This means the robots can only sense the local bricks on the periphery of the structure (i.e., robots

do not have a birds-eye view of the entire structure).

The physical Pioneer robots used did not have the capability to independently manipulate
bricks as require for the task. Consequently, their simulations did not either. To address this
issue in simulation, when a robot wants to execute a brick placement action, it commands the
simulator to place a brick of a given color at a given location relative to the robot’s current pose.
In the physical robot experiments, the appropriate brick is manually placed by the experimenter
in response to the robot’s dictated command (e.g., “Place yellow brick in the corner formed by
the red and blue bricks directly in front of my position”).
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Figure 5.8: Construction Task 1 controller performance over 300 simulation trials and predicted
performance provided by the probabilistic microscopic model. The probability of correct task
execution given for each task state is the probability the task was correctly executed up to and
including the action performed in that task state. The overall task performance is equivalent to
the probability of correct task execution at the last task state.
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Task 1 DAct-IS-NoComm
Action and Internal State Transition Functions

Act(<FLUSH R B>, mo, {}, <G RIGHT FLUSH R B>) = 1
Act (<CORNER G B>, mo, {}, <Y CORNER G B>) = 1

Act (<FLUSH B R>, my, {}, <R LEFT FLUSH B R>) = 1

Act (<CORNER B R>, mi, {}, <G CORNER B R>) = 1

Act (<FLUSH R G>, my, {}, <C LEFT FLUSH R G>) = 1

Act (<FLUSH B G>, ms, {}, <Y LEFT FLUSH B G>) = 1

Act (<CORNER R C>, ms, {}, <G CORNER R C>) = 1
Act (<FLUSH Y B>, ms, {}, <B LEFT FLUSH Y B>)

Act (<CORNER R G>, mg, {}, <Bl CORNER R G>) =

Act (<CORNER Y B>, m7, {}, <C CORNER Y B>) = 1

IState(mg, <FLUSH G Y>, m;) =1
IState(m;, <FLUSH G R>, mg) =1
IState(my, <CORNER R C>, m3) = 1
IState(ms, <CORNER B Y>, my4) 1
IState(my, <FLUSH G C>, m5) =1
IState(ms, <CORNER Y B>, mg) = 1
IState(mg, <FLUSH Bl G>, my) = 1

1

1

Table 5.2: Deterministic action selection, persistent internal state, non-communicative controller
(DAct-IS-NoComm) action and internal state transition functions for Construction Task 1, as
shown in Figure 5.2. mg,my,...,mg € M. The robots’ initial internal state value was mg. All
probabilities not shown are 0.

5.1.1.2 Simulation Trials

Extensive use of simulation trials was made to validate the synthesized controllers. The simulation
trials were performed using Player and Gazebo. Player [29] is a server that connects robots,
sensors, and control programs over a network. Gazebo [41] simulates a set of Player devices in
a 3-D physically-realistic world with full dynamics. Together, the two represent a high-fidelity
simulation tool for individual robots and teams that has been validated on a collection of physical
robot experiments using Player control programs transferred directly to physical Pioneer 2DX
mobile robots. Figure 5.5 shows some snapshots of the simulation experimental setup.

For all simulation experimental results in the construction task domain, 300 task trials were
performed. All trails began with the task T seed structure, task state u_startr, in place and
the 8 robots randomly positioned around the environment. A simulation run terminated when
either of the following conditions occurred: 1) a task terminal state (u_termg) was achieved,
which signifies the task was successfully completed, or 2) an incorrect action was performed. If
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Task 1 DAct-NolS-Comm
Action and Communication Functions

Act(<FLUSH R B>, *, {}, <G RIGHT FLUSH R B>) = 1
Act (<CORNER G B>, *, {}, <Y CORNER G B>) = 1
Act (<FLUSH B R>, *, {co}, <R LEFT FLUSH B R>)
Act (<CORNER B R>, %, {}, <G CORNER B R>) = 1
Act (<FLUSH R G>, %, {c1}, <C LEFT FLUSH R G>) = 1

]
-

Act(<FLUSH B G>, *, {c2}, <Y LEFT FLUSH B G>) = 1
Act (<CORNER R C>, *, {c3}, <G CORNER R C>) =1
1

Act(<FLUSH Y B>, x, {ca}, <B LEFT FLUSH Y B>) =
=1

Act (<CORNER R G>, x*, {cl}, <B1 CORNER R G>)
Act (<CORNER Y B>, =, {cs}, <C CORNER Y B>) =1
Comm(<FLUSH Y B>, cp) = 1

Comm(<FLUSH B G>, c1) = 1

Comm(<FLUSH B Y>, ¢c1) =1

Comm(<FLUSH C G>, c2) =1

Comm (<FLUSH Y G>, c3) =1

Comm(<FLUSH G C>, c4) =1

Comm(<KFLUSH Bl G>, c5) = 1

Table 5.3: Deterministic action selection, stateless, and communicative controller (DAct-NoIS-
Comm) communication function for Construction Task 1, as shown in Figure 5.2. ¢g, c1, ..., c5 € C.
All probabilities not shown are 0.

termination condition 1 occurs, the experiment was deemed successful as the task was correctly
executed. If termination condition 2 occurs, the experiment was deemed a failure as the task was
not successfully executed. The probability of overall correct task execution was calculated as the

percentage of task trials resulting in correct task execution.

5.1.1.3 Real-Robot Trials

A limited number of physical robot trials were performed to verify the feasibility of the synthe-
sized controllers on physical Pioneer 2DX mobile robots. No statistical data were collected of
the probability of correct task execution. As in the simulation experiments, the initial state of
the world in the physical robot trials consists of the seed structure and all robots were located
in random starting positions. The termination conditions are the same as those described for
simulation experiments in Section 5.1.1.2. Figure 5.6 shows some snapshots of the physical robot
experimental setup.
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Task 1 PAct-NoIS-NoComm
Action Function

Act(<FLUSH R B>, *, {}, <G RIGHT FLUSH R B>) = 0.8529
Act (<CORNER G B>, *, {}, <Y CORNER G B>) = 0.8161

Act (<FLUSH B R>, *, {}, <R LEFT FLUSH B R>) = 0.4937
Act (<CORNER B R>, *, {}, <G CORNER B R>) = 0.9802
Act(<FLUSH R G>, *, {}, <C LEFT FLUSH R G>) = 0.1882
Act (<FLUSH B G>, =, {}, <Y LEFT FLUSH B G>) = 0.3733
Act (<CORNER R C>, *, {J, <G CORNER R C>) = 0.1076
Act(<FLUSH Y B>, «, {}, <B LEFT FLUSH Y B>) = 0.1152
Act (<CORNER R G>, *, {}, <Bl CORNER R G>) = 0.1312
Act (<CORNER Y B>, *, {}, <C CORNER Y B>) = 0.1075

Table 5.4: Probabilistic action selection, stateless, and non-communicative controller (PAct-NoIS-
NoComm) action function for Construction Task 1, as shown in Figure 5.2. All probabilities not
shown are 0.

Predicted Probability Experimental Probability

Controller Type of Correct Task Execution | of Correct Task Execution
DAct-NoIS-NoComm 0.000 0.000
DAct-IS-NoComm 0.413 0.351
DAct-NoIS-Comm 0.140 0.090
PAct-NoIS-NoComm 0.045 0.051

Table 5.5: Probability of correct task execution, probabilistic microscopic model prediction and
results from simulation trials, for each of the controllers synthesized for Construction Task 2.

It is emphasized that the physical robot trials were performed in order to show that the
controller design methodology is not merely an abstract concept but rather it successfully captures
the difficult issues involved in real-world embodied MRS, thus providing a grounded and pragmatic

tool for the description, synthesis, and analysis of task-directed MRS.

5.1.2 Formal Definitions

In order to ground the construction task in the formal framework presented in Section 3, the
world, task definitions, and robot observations and actions for this domain are defined in the
following sections.
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Task 2 DAct-NolS-NoComm
Action Function

Act(<CORNER R G>, *, {}, <B CORNER R G>) = 1
Act(<FLUSH R B>, x, {}, <G RIGHT FLUSH R B>) =1
Act(<FLUSH B G>, x, {}, <Y LEFT FLUSH B G>) = 1
Act(<CORNER B Y>, *, {}, <R CORNER B Y>) = 1
Act(<FLUSH R Y>, %, {}, <B LEFT FLUSH R Y>) =1
Act(<FLUSH B R>, x, {}, <Y RIGHT FLUSH B R>)
Act(<FLUSH G Y>, *, {}, <R RIGHT FLUSH G Y>)
Act(<FLUSH G R>, x, {}, <C LEFT FLUSH G R>) =
Act (<CORNER G C>, *, {}, <Bl CORNER G C>) = 1

* | ¥ [ *|*

1

Table 5.6: Deterministic action selection, stateless, and non-communicative controller (DAct-
NoIS-NoComm) action function for Construction Task 2, as shown in Figure 5.3. All probabilities
not shown are 0.

5.1.2.1 World

The world state is composed as the specific relative spatial configurations and colors of all bricks
in the world. The internal state values or absolute spatial positions of the robots are not part of
the world state.

As with any task, the definition and information contained in the world state can take many
forms. In the definition used for this domain, the absolute robot positions are not part of the
world state because the structure to be built is not constrained to absolute spatial positions in
the world but is defined as the relative spatial configuration of bricks. This notion of relative
brick positions is captured in the definition of robot brick placement actions described below. If
desired, one could define this task differently so as to include robot positions in the world state

with modifications to the manner in which robot brick placement actions are defined.

5.1.2.2 Task

As described in Section 3.3, a task is defined as a set of world states and world state transitions
represented by a directed acyclic graph (DAG) with the nodes representing world states and the
edges representing actions to transition the world state in the appropriate way. Therefore, in
the construction task domain, a task DAG consists of a set of brick configurations for the nodes
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Task 2 DAct-IS-NoComm
Action and Internal State Transition Functions

Act(<CORNER R G>, mo, {}, <B CORNER R G>) = 1

Act (<FLUSH R B>, mo, {}, <G RIGHT FLUSH R B>) = 1
Act(<FLUSH B G>, mi, {}, <Y LEFT FLUSH B G>) = 1
Act(<CORNER B Y>, mi, {}, <R CORNER B Y>) = 1
Act(<FLUSH R Y>, mi, {}, <B LEFT FLUSH R Y>) = 1
Act(<FLUSH B R>, ms, {}, <Y RIGHT FLUSH B R>)
Act(<FLUSH G Y>, ma, {}, <R RIGHT FLUSH G Y>)
Act (<FLUSH G R>, m3s, {}, <C LEFT FLUSH G R>)
Act (<FLUSH G B>, ms, {}, <Y CORNER G B>) = 1
Act (<CORNER G C>, ms, {}, <BL CORNER G C>) = 1
Act (<FLUSH B G>, mo, {}, <Y LEFT FLUSH B G>)
Act (<CORNER B Y>, ms, {}, <R CORNER B Y>) = 1
Act (KFLUSH R B>, m7, {}, <G RIGHT FLUSH R B>) = 1
Act(<FLUSH R Y>, ms, {}, <B LEFT FLUSH R Y>) = 1
Act (<FLUSH B R>, mo, {}, <Y RIGHT FLUSH B R>) = 1
Act (KFLUSH G Y>, mo, {}, <R RIGHT FLUSH G Y>) = 1
Act (<FLUSH G R>, ms, {}, <C LEFT FLUSH G R>) = 1
Act (<FLUSH B R>, mi0, {}, <Y RIGHT FLUSH B R>) = 1
Act (<CORNER G C>, m1, {}, <Bl CORNER G C>) = 1

IState(mg, <CORNER G B>, my) =1
IState(m;, <CORNER R B>, mp) = 1
IState(m;, <FLUSH R Y>, m3) =
IState(ms, <FLUSH C R>, my)
IState(my, <FLUSH G Y>, ms5)
IState(mp, <FLUSH Y G>, mg) =
IState(mg, <FLUSH B R>, my)
IState(m;, <CORNER G B>, mg) = 1
IState(ms, <CORNER R B>, mg) = 1
IState(mg, <FLUSH C R>, m0) =1
IState(m;0, <FLUSH G Y>, m1) =1

1
1
1

]
-

1]
N

Table 5.7: Deterministic action selection, persistent internal state, and non-communicative con-
troller (DAct-IS-NoComm) action and internal state transition functions for Construction Task
2, as shown in Figure 5.3. mg, m1,...,m11 € M. The robots’ initial internal state value was my.
All probabilities not shown are 0.
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Task 2 DAct-NolS-Comm
Action and Communication Functions

Act(<CORNER R G>, =, {}, <B CORNER R G>) = 1
Act(<FLUSH R B>, *, {}, <G RIGHT FLUSH R B>) = 1
Act(<FLUSH R B>, *, {ca}, <G RIGHT FLUSH R B>) = 1

Act(<FLUSH B G>, x, {co}, <Y LEFT FLUSH B G>) = 1
Act(<FLUSH B G>, =, {}, <Y LEFT FLUSH B G>) = 1
Act (<CORNER B Y>, %, {}, <R CORNER B Y>) =1
Act(<FLUSH R Y>, =, {}, <B LEFT FLUSH R Y>) = 1
Act(<FLUSH B R>, =, {}, <Y RIGHT FLUSH B R>) =1
Act(<FLUSH G Y>, =, {}, <R RIGHT FLUSH G Y>) =1

*’

*!

* ¥ [ *|*

Act (<FLUSH G R>, {co, c2}, <C LEFT FLUSH G R>) = 1
Act(<FLUSH B R>, {co}, <Y RIGHT FLUSH B R>) = 1
Act (<CORNER G C>, #, {c1}, <Bl CORNER G C>) = 1

Comm (<CORNER G B>, co) = 1
Comm(<CORNER R B>, c1) =1
Comm(<FLUSH B R>, c3) =1
Comm (KFLUSH C R>, cq) 1
Comm(<KFLUSH G Y>, c1) 1

Table 5.8: Deterministic action selection, stateless, and communicative controller (DAct-NoIS-
Comm) action and internal state transition functions for Construction Task 2, as shown in Fig-
ure 5.3. ¢g, c1,...,c11 € C. All probabilities not shown are 0.

and a set of brick placement actions that will appropriately transition the world state (i.e., the

configuration of bricks) to the next structure in the construction task.

Abstractly, a construction task is a set of acceptable construction sequences that encode re-
quired spatiotemporal building constraints. For example, a construction task with the goal of
building a four-walled enclosure may be defined as “build the North wall, then the South wall,
then the West wall, and finally the East wall” or “build the East wall, then the South wall, then

the West wall, then the North wall”.

5.1.2.3 Observations

Observations in the construction domain are made up of the spatial configuration and color
of bricks in the field-of-view of the robot’s laser rangefinder and color camera and within an
appropriate range and bearing.
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Task 2 PAct-NoIS-NoComm
Action Function

Act (<CORNER R G>, *, {}, <B CORNER R G>) = 0.893
Act(<FLUSH R B>, *, {}, <G RIGHT FLUSH R B>) = 0.119
Act(<FLUSH B G>, *, {}, <Y LEFT FLUSH B G>) = 0.9221
Act (<CORNER B Y>, *, {}, <R CORNER B Y>) = 0.780
Act(<FLUSH R Y>, %, {}, <B LEFT FLUSH R Y>) = 0.033
Act(<FLUSH G Y>, *, {}, <R RIGHT FLUSH G Y>) = 0.889
Act (<FLUSH G R>, %, {}, <C LEFT FLUSH G R>) = 0.002
Act(<FLUSH B R>, *, {}, <Y RIGHT FLUSH B R>) = 0.003
Act (<CORNER G C>, =, {}, <BL CORNER G C>) = 0.917

*,
*,
*,
*,

Table 5.9: Probabilistic action selection, stateless, and non-communicative controller (PAct-NolS-
NoComm) action function for Construction Task 2, as shown in Figure 5.3. All probabilities not
shown are 0.

Two categories of observations can be made.

1) The first is two adjacent, aligned bricks. A situation in which such an observation is

made is shown in Figure 5.7 and is denoted as <FLUSH R B>.

2) The second is two adjacent bricks forming a corner. A situation in which such an obser-

vation is made is shown in Figure 5.7 and is denoted as <CORNER R B>.

It is emphasized that the observations <FLUSH R B> and <FLUSH B R> constitute two different
observations in which the spatial relationship between the Red and Blue bricks are switched. A
similar point holds for the observations <CORNER R B> and <CORNER B R>.

In the simulation environment there is uncertainty in the robots’ observations. The uncer-
tainty is in interpreting the spatial relationship between the locally observed bricks. There is no
uncertainty in determining the color of all local bricks. For all FLUSH observations there is some
probability of seeing them as CORNER observations, and vice versa. The probabilities are: given
a FLUSH observation, for example, <FLUSH R B>, the probability a robot will misinterpret it as a
CORNER observation, in this case <CORNER R B>, is 11.5%. Likewise, given a CORNER observation,
for example, <CORNER R B>, the probability a robot will misinterpret it as a FLUSH observation,
in this case FLUSH R B>, is 1%. These probabilities of observation uncertainty were determined
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empirically through separate simulation trials. The probabilistic microscopic modeling approach

presented in Chapter 4.1.2 uses these probabilities for observation uncertainties.

5.1.2.4 Actions

There are three categories of actions each robot can perform, each involving the placement of a

brick.

1) The first is the placement of a brick on the right side (from the perspective of the acting
robot) of a pair of adjacent, aligned bricks. The immediate result of such an action is

demonstrated in Figure 5.7 and is denoted as <G RIGHT FLUSH R B>.

2) The second is identical to the first except that the brick is placed on the left side of a

pair of adjacent, aligned bricks. This action is denoted as <G LEFT FLUSH R B>.

3) The third is the placement of a brick in the corner formed by two other bricks. The imme-
diate result of such an action is demonstrated in Figure 5.7 and is denoted as

<G CORNER B R>.

In the simulation environment there is uncertainty in brick placement actions. The uncertainty
is characterized by the following probabilities. For all LEFT FLUSH and RIGHT FLUSH actions, the
probability of the action succeeding is 98.5%. The probability of success for all CORNER actions
is 78%. These probabilities of action uncertainty were empirically determined through separate
simulation trials. As with the observation undertainties, these probability values for actions are
used by the probabilistic microscopic modeling approach presented in Chapter 4.1.2.

The competency actions for the construction task domain include low-level actions such as
performing local navigation and obstacle avoidance. Since the world state in this domain consists
of the spatial locations and colors of bricks in the world, robot motion tasks such as these do
not affect the world state. These competency actions allow the robots to safely move around the
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world and, when appropriate, an action in the action function will intervene and execute a brick

placement action.

5.1.3 Results

This section details experimental results from the application of the controller design methodology

to the tasks shown in Figures 5.2 and 5.3.

5.1.3.1 Construction Task 1

The first construction task considered is pictured in Figure 5.2. Each brick configuration in the
figure represents a state in Vi and the arrows represent the edges in Ep. As the figure shows,
the task is composed of a linear sequence of 11 states (i.e., brick configurations). The start state,
u_starty, is on the upper left and, following a linear sequence of states, the single terminal state,
u_termqp, is shown on the lower right. This first task is a simple linear task; therefore, the robots
must follow this linear trajectory from u_startr to u_termy through the world state space in order

to correctly execute the task.

From the perspective of the robots, which can only sense the local periphery of the structure
at any point in time, this construction task poses a number of difficulties involving perceptual
aliasing. For example, as illustrated in Figure 5.4, the observation <FLUSH B R> occurs in the
first three states of the task, but only in the third state should this observation activate a brick
placement action by the robot, in this case <R FLUSH LEFT B R>. There are multiple other per-
ceptual aliasing instances in this task definition, including the observation of <FLUSH B G> in
the fifth and six task states where only the later instance of this observation should activate a
<Y FLUSH LEFT B G> action. This form of perceptual aliasing can directly impact task perfor-
mance because the same observation can be made in more than one task state, but only in a
subset of those states should a brick placement action be performed.
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Another instance of perceptual aliasing can be seen in the observation of <FLUSH G Y> in
all but the first two task states. This particular instance does not impact the controller design
because in no instance should this observation activate a brick placement action. More generally,
an observation that should activate the same action in all of its occurrences is of little concern
during controller design.

It is the situation where the same observation should activate different actions in its various
occurrences that is a cause of concern. To appropriately deal with this later form of perceptual
aliasing, controllers can intelligently use internal state, inter-robot communication, or probabilistic
action selection, as demonstrated in the DAct-IS-NoComm, DAct-NoIS-Comm, and PAct-NolS-
NoComm controllers, respectively, presented below.

DAct-NoIS-NoComm Controller Design

The DAct-NoIS-NoComm controller synthesis method described in Section 4.2.2 is now applied
to Construction Task 1. A DAct-NoIS-NoComm controller is one that has deterministic action
selection and is stateless and non-communicative. The resulting controller is shown in Table 5.1.
This table shows the mapping from observations to actions constituting the controller action
function. The internal state transition function and communication function are not used and
will always return a value of 0.

Given an observation, the controller checks the action function to see which action is activated.
Each entry from the action function shown in Table 5.1 is evaluated in sequence until an action
is activated. Once an active action is found, that action is executed.

This controller dictates, for example, whenever a robot makes the observation <FLUSH B R>,
which is the observation of an adjacent blue and red brick, the robot will execute the action
<R LEFT FLUSH B R>, which is the placement of a red brick adjacent to the red brick in the
observation. As was previously stated, the observation of <FLUSH B R> occurs in each of the
first three task states, however, only in the third state should the action <R LEFT FLUSH B R>
be executed. With this DAct-NoIlS-NoComm controller there is no guarantee that this action
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will not be executed in one of the first two task states resulting in incorrect task execution. It
is purely a matter of chance, in the first task state for example, as to whether a robot will ob-
serve <FLUSH R B> before observing <FLUSH B R> and then therefore execute the correct action
<G RIGHT FLUSH B R> before the incorrect action <R LEFT FLUSH B R> is executed. A similar
situation occurs for all other instances of perceptual aliasing in this task when using the deter-

ministic, stateless, and non-communicative DAct-NoIS-NoComm controller.

Figure 5.8 shows the probability of correct task execution for a MRS with robots using this
controller performing Construction Task 1. The figure also provides the prediction made by
the probabilistic microscopic model. Since this controller does not have the ability to maintain
persistent internal state, to communicate with other robots, or the capability of probabilistic action
selection, errors introduced by perceptual aliasing are very prominent. As the figure shows, robots
executing this DAct-NoIS-NoComm controller rarely successfully perform even half of the task
before an incorrect action is executed, and the complete task is never correctly executed. The

probabilistic microscopic model accurately predicted the performance of this controller.

DAct-IS-NoComm Controller Design

Applying the DAct-IS-NoComm synthesis method from Section 4.2.3 to Construction Task
1 results in the controller shown in Table 5.2. A DAct-IS-NoComm controller is one that has
deterministic action selection, maintains a finite amount of persistent internal state, and is non-

communicative.

Table 5.2 provides the controller action function, which is a mapping from observations and
internal state values to actions, and the controller internal state transition function, which is a

mapping from observations and internal state values to new internal state values.

The controller works as follows. Regarding the internal state transition function, when a robot
with an internal state value of my, for example, makes the observation <FLUSH G Y>, the robot’s
internal state value is transitioned to m;. Regarding the action function, when a robot with an

82



internal state value of mg makes the observation <FLUSH R B> the action <G RIGHT FLUSH R B>
is executed.

Recall that the DAct-NoIS-NoComm controller for Construction Task 1 above was not able
to deal with instances of perceptual aliasing, such as the observation of <FLUSH B R> in the first
three task states. The DAct-IS-NoComm controller, however, makes use of internal state to deal
with this perceptual aliasing issue. As the action function shows, the action <R LEFT FLUSH B R>
will not be executed unless the observation <FLUSH B R> is made and the robot’s internal state
value is m;.

All robots begin task execution with an internal state value of mq, so no robot will execute the
action <R LEFT FLUSH B R> until after the transition from internal state value mg to mi. The
internal state transition function in Table 5.2 shows that this transition will not occur until the
observation <FLUSH G Y> is made.

Consulting the task definition in Figure 5.3, this observation cannot be made until the third
task state, exactly the state in which the action <R LEFT FLUSH B R> should be executed. Through
this mechanism of preconditioning actions on observations and appropriately transitioned internal
state values, the perceptual aliasing issues encountered in the DAct-NoIS-NoComm controller are
overcome.

The performance of the DAct-IS-NoComm controller is shown in Figure 5.8 along with the
prediction provided by the probabilistic microscopic model. As the figure shows, the addition of
internal state substantially improves the probability of correct task execution over the stateless
DAct-NoIS-NoComm controller. Although, due to inherent uncertainty in sensing and action,
this controller does not always achieve correct task execution.

DAct-NoIS-Comm Controller Design

Applying the DAct-NoIS-Comm synthesis method from Section 4.2.4 to Construction Task
1 results in the controller shown in Table 5.3. A DAct-NoIS-Comm controller has deterministic
action selection, is stateless, and has the capability of inter-robot communication.
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Table 5.3 provides the controller action function, which is the mapping from observations and
received communication messages to actions, and the controller communication function, which is
the mapping from observations to transmitted communication messages. This controller will, for
example, transmit the communication message ¢y upon receiving the observation <FLUSH Y B>
and the action <R LEFT FLUSH B R> upon simultaneously receiving the observation <FLUSH B R>
and receiving the communication message cg.

Recall that the DAct-IS-NoComm controller presented above dealt with the perceptual aliasing
issue caused by the observation of <FLUSH B R> through the use of internal state. The DAct-NoIS-
Comm controller deals with this issue through the use of inter-robot communication. From the
inspection of the task definition, the only task state in which the observation of both <FLUSH B R>
and <FLUSH Y B> can be made is the third task state. By conditioning the execution of the correct
action in this state, <R LEFT FLUSH B R> to the observation of <FLUSH B R> and the receipt of
communication message c¢g, which is transmitted only upon the observation of <FLUSH Y B>, this
perceptual aliasing issue is resolved. Other such issues in this task are dealt with in a similar
manner.

The performance of the DAct-NoIS-Comm controller is shown in Figure 5.8 next to the other
synthesized controllers and the predictions made by the probabilistic microscopic model. As the
figure shows, the use of inter-robot communication greatly improves the probability of correct task
execution over the baseline DAct-NoIS-NoComm controller and achieves similar performance to
the DAct-IS-NoComm controller.

PAct-NoIS-NoComm Controller Design

Applying the PAct-NoIS-NoComm synthesis method from Section 4.2.5 to Construction Task
1 produces the controller shown in Table 5.4. A PAct-NoIS-NoComm controller is one that utilizes
probabilistic action selection and is both stateless and non-communicative.

Table 5.4 shows the controller action function, which is a mapping from observations to actions.
Since the PAct-NoIS-NoComm controller uses a probabilistic action function, each entry in the
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action function is provided with a probability value. This means that, for example, a robot that
receives the observation <FLUSH R B> will execute the action <G RIGHT FLUSH R B> 85.29% of
the time. Furthermore, since this controller is stateless and non-communicative, the internal state
transition function and the communication function are both empty and will always return values

of 0.

The DAct-IS-NoComm and DAct-NoIS-Comm controllers dealt with the perceptual aliasing
issues, for example the case of the observation of <FLUSH B R>, by the use of internal state
and communication, respectively. The PAct-NoIS-NoComm controller uses probabilistic action
selection to deal with perceptual aliasing issues. By using relative differences in probability values

for different actions, the impact of perceptual aliasing is reduced.

For example, upon receipt of observation <FLUSH B R> the brick placement action
<R LEFT FLUSH B R> will only be executed 49.37% of the time. However, the correct actions
for the first two task states <FLUSH R B> and <CORNER G B> are executed over 80% of the time
upon receipt of the appropriate observations. Even though <FLUSH B R> can be observed in the
first three task states, the relative differences in action probability values will likely result in the
correct action being performed in each of the first two task states instead of the incorrect action

of <G CORNER B R>.

The performance of this DAct-NoIS-Comm controller is shown in Figure 5.8 along side data
for the other synthesized controllers. The use of probabilistic action selection improves the prob-
ability of correct task execution over the baseline DAct-NoIS-NoComm controller but, in this
task domain, does not reach the level of performance achieved by the DAct-IS-NoComm or the
DAct-NoIS-Comm controllers.
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5.1.3.2 Construction Task 2

The second construction task considered is shown in Figure 5.3. Each brick configuration in the
figure represents a state in Vpr and the arrows represent the edges in Er. This second construction

task has a number of branches in the task definition.

The start state, u_startr, is on the far left and the two states to the far right are the terminal
states comprising u_termy. The arrows between task states represent the edges in E7. Any path
through this graph from u_startr to either of the two states in u_termyp represents correct task

execution.

The controllers resulting from the DAct-NoIS-NoComm and DAct-IS-NoComm synthesis meth-
ods are provided below. Table 5.5 summarizes the performance of the controllers. Because of the
complicated nature of reporting state-by-state results for a task with many branches, the results
for Construction Task 2 are given in the form of overall probability of correct task execution as
determined through simulation trials and predicted performance provided by the probabilistic

microscopic model.

DAct-NoIS-NoComm Controller Design

Applying the DAct-NoComm-NolIS synthesis method to Construction Task 2 results in the
controller shown in Table 5.6. Since a DAct-NolS-NoComm controller is stateless and non-
communicative, the internal state transition function and communication function are empty

and will always return a value of 0.

As the results from Table 5.5 show, the DAct-NoIS-NoComm controller has a predicted and
actual probability of correct task execution of 0%. This is not surprising because, similar to
the first construction task, there are many instances of perceptual aliasing that the DAct-NolIS-

NoComm controller is not capable of handling.
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Furthermore, this task contains branches in the task definition and correct actions are therefore
dependent on past actions. The DAct-NoIS-NoComm controller is stateless and has no mechanism
by which to remember past actions.

DAct-IS-NoComm Controller Design

Applying the DAct-IS-NoComm synthesis method from Section 4.2.3 to Construction Task 2
results in the controller shown in Table 5.7. This controller uses internal state to aid in determining
the task state before executing an action involving an observation that occurs in multiple task
states.

The task branches after the second task state and the branch taken depends on whether the
action <G RIGHT FLUSH R B> was executed or the action <Y LEFT FLUSH B G> was executed. In
the second task state, either of these actions is correct, but future actions will need to depend on
which one was executed at this point.

In order to record which branch was taken, internal state is used to mark the entrance into
a new task branch by using the presence of an observation that is unique to each of the task
states immediately after the branching occurs. For example, the observations <CORNER G B> and
<FLUSH Y G> are used to transition the internal state value in order to record the branch taken
after the second task state. The value the internal state is transitioned to depends upon which of
these observations is made. This internal state transition marks the branch in the task definition
taken and therefore determines the future actions the robot will need to execute.

DAct-NoIS-Comm Controller Design

Applying the DAct-NolS-Comm synthesis method from Section 4.2.4 to Construction Task 2
results in the controller shown in Table 5.8. As the results show, the DAct-NoIS-Comm controller
performs better than the non-communicative DAct-NoIS-NoComm controller but not as well as
the DAct-IS-NoComm controller. The reasoning behind this follows from the fact that the DAct-
NoIS-Comm controller does not have the ability to remember past events, a capability necessary
if the branch of the task is to be recorded.
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The communication capability does improve performance over the baseline DAct-NoIS-NoComm
controller because there are a number of instances of perceptual aliasing throughout the task that
communication can help to disambiguate.

PAct-NoIS-NoComm Controller Design

Applying the PAct-NolS-NoComm synthesis method from Section 4.2.5 to Construction Task 2
produces the controller shown in Table 5.9. As with Construction Task 1, the PAct-NoIS-NoComm
controller for Construction Task 2 performs better than the baseline deterministic DAct-NolIS-
NoComm controller but not as well as the controllers using internal state or communication.

This task is particularly difficult for a probabilistic controller because there are several in-
stances in which the same action must be performed, but at different points in the task execution,
depending on the branch of the task taken. Upon examination of the controller, it becomes clear
that the genetic algorithm approach addressed this issue by converging on a controller that has
action probability values that predispose it to take a particular trajectory through the task defi-
nition. For example, in the second task state, the task branches depending on whether the action
<Y LEFT FLUSH B G> or <G RIGHT FLUSH R B> is executed. The probabilistic controller synthe-
sized make it most likely that the former is executed by providing probability values to these two
actions as 87.2% and 3.5%, respectively.

Although having a PAct-NoIS-NoComm controller that is predisposed to take a particular
trajectory through the task definition helps in dealing with the issue of perceptual aliasing across
different branches of the task, it also somewhat defeats the purpose of having tasks with branches

as it essentially reduces the task to a single linear trajectory.

5.1.3.3 Discussion

This section has applied the controller design methodology to a multi-robot construction task
domain. This domain requires the robots to spatiotemporally coordinate a series of brick place-
ments in order to build a given structure. Through the synthesis of four different controllers,
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it was shown how the use of internal state, inter-robot communication, and probabilistic action
selection can be used to facilitate improved MRS coordination.

The use of internal state in robot controllers provides improved task performance over stateless
controllers as it provides the ability to record past task states that are required in order to correctly
perform future actions. This ability is particularly relevant in tasks with branches, as they require
some actions to be conditioned on past events.

The use of communication also improves task performance over the baseline DAct-NolS-
NoComm controller. However, the use of communication alone is less beneficial in tasks with
branches, as the results for Construction Task 2 show. Communication can aid in dealing with
perceptual aliasing issues, but it is not capable of incorporating past events into action decisions.

The use of probabilistic action selection also improves task performance over the baseline DAct-
NoIS-NoComm controller, but is not as effective as the use of internal state or communication.
Furthermore, the usefulness of probabilistic action selection declines as the number of perceptual

aliasing instances that must be dealt with increase.

5.2 Task Allocation in Multi-foraging

This section applies the controller design methodology to the issue of task allocation in a multi-
foraging task domain. Task allocation is the process of assigning individual robots to sub-tasks
of a given system-level task [28]. A traditional foraging task is defined by having an individual
robot or group of robots collect objects from an environment and either consume them on the spot
or return them to a common location [32]. Multi-foraging, a variation on traditional foraging,
consists of an arena populated by multiple types of objects to be concurrently foraged [10], each
of which may be of varying importance or require different robot capabilities to forage.
Assuming the object types to be foraged are label as A, B, and C, and for each object of
type A foraged a large reward is returned, for each object of type B foraged a moderate reward
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is returned, and for each object of type C foraged a small reward is returned. If there are finite
objects of each type and a finite number of robots engaged in foraging, an important question
arises: “How many robots should be foraging for each object type in order to maximize the
reward?”. This question is fundamental in the study of multi-robot task allocation [28] and has

received considerable attention.

There is a second question that follows, “Assuming the optimal allocation of robots is known,
how can this allocation be achieved in a distributed robot system?”. This question has received
much less attention and its understanding is fundamental to producing useful multi-robot systems
capable of effectively allocation their resources to available tasks. It is this second important
question that motivates the application of the controller design methodology presented in this

dissertation to task allocation in a multi-foraging task domain.

The remainder of this section is organized as follows. Section 5.2.2 formally casts the multi-
foraging task domain into the formalism presented in Section 3. Section 5.2.1 describes the
simulation setup. The controller design methodology is then applied to this task domain and syn-
thesized DAct-NoIS-NoComm controllers are presented in Section 5.2.3.1 and DAct-IS-NoComm

controllers are presented in Section 5.2.3.2.

5.2.1 Experimental Setup

The multi-foraging task domain consists of a 40 robots foraging in an arena for cylindrical pucks
classified into a finite number of discrete types. The arena is closed and is 729 square meters in
size. Puck types are defined by the color of the puck and task domain considered in this section

consists of the following puck types: Pred, Pareens PBiues Poyan, Pyeliow, and Ppyrpie.

This section describes the simulation testbed and the features of the simulated robots used in
validation experiments for the study of task allocation in the multi-foraging task domain.
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5.2.1.1 Robots

The robots used in the simulation trials are similar to those described in Section 5.1.1.1. Each
puck to be foraged is marked with a fiducial that identifies the object type, and each robot is
equipped with a fiducial that marks the active foraging state of the robot (e.g., what type of puck
that robot is currently foraging). Note that the fiducials do not contain unique identities of the
pucks or robots but only mark the type of a puck or the puck type a given robot is engaged in
foraging. Each robot is also equipped with a 2-DOF gripper on the front, capable of picking up
a single 8 cm diameter puck at a time. The range from which a robot can sense other robots is a

field-of-view of 180-degrees out to a range of 12 meters.

The robots move in an enclosed arena and pick up encountered pucks. When a robot picks
up a puck, the puck is consumed (i.e., it is immediately removed from the environment) and the
robot carries on foraging for other pucks. Immediately after a puck is consumed, another puck
of the same type is placed in the arena at a random location. This replacement is performed in
order to maintain constant puck density in the arena and reduce the number of variables that
affect the performance of the system. An interesting extension of this work includes the study of

tasks in which the puck densities change with time.

Each robot is equally capable of foraging all puck types, but can only be allocated to foraging
for one type at any given time. Additionally, all robots are engaged in foraging at all times; a
robot cannot be idle. A robot may switch the puck type for which it is foraging according to its
control policy, when it determines it is appropriate to do so. Robots engaged in foraging Preq
pucks are label as Rg.q robots, those foraging for Pgycen pucks are labeled Rgreen, and similarly

for the remainder of puck types.

It is noted that the limited sensing capabilities and lack of direct communication of the individ-
ual robots in the task domain implementation prohibits them from acquiring global information
such as the size and shape of the foraging arena, the initial or current number of pucks to be
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Figure 5.9: Snapshots of the simulation experimental setup used to validate the controller design
methodology for task allocation in a multi-foraging task domain. The picture on the left shows
the foraging arena as seen from overhead. The picture to the right shows a close-up of robots
engaged in foraging.

foraged (total or by type), or the initial or current number of foraging robots (total or by foraging

type).

5.2.1.2 Simulation Trials

Extensive use of simulation experiments was made to validate the synthesized controllers. The
simulation environment was the same as that described in Section 5.1.1.2. Figure 5.9 shows some

snapshots of the simulation experimental setup.

5.2.2 Formal Definitions

In order to ground this multi-foraging task allocation domain in the formal framework presented
in Section 3, the world, task definition, and robot observations and actions for this domain are

defined in the following sections.

5.2.2.1 World
The world state in the multi-foraging task domain is composed of the distribution of robot foraging

states. A world state s,

s =< RRed = 20%7 RGreen = 0%7 RBlue = 80%7 RCyan = 0%7 RYellow = 0%7 RPu'r‘ple = O% > (51)
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40%

Figure 5.10: A task definition for the multi-foraging domain. Each pie chart represents a world
state that is defined as the percentage of robots engaged in foraging for each puck type. Red
denotes the percentage of robots foraging for pucks of type Pgeq, green for pucks of type Pgreen,
and similarly for the other puck types. The task start state, u_startr, is on the far left and the
terminal state, u_termrp, is on the far right. Successful completion of the task entails having the
MRS transition the distribution of robots foraging for each puck type through each world state
from u_starty to u_termyp. This representation shows six world states; however, the transition
between each of these states is not discrete and includes a series of intermediate world states not
shown that transition smoothly from one task state to the next.

indicates that 20% of the robots are foraging for Pgreq pucks, 80% are foraging for Pgy. pucks,

and 0% of the robots are foraging for the remainder of puck types.

5.2.2.2 Task

As described in the formalism in Section 3.3, a task is defined as a set of world states and world
state transitions represented by a directed acyclic graph. Therefore, in a multi-foraging task

domain, a task consists of a series of task allocation distributions.

A graphical representation of the specific task definition considered in this section is shown in
Figure 5.10. In this task, all robots are initialized as foraging for Pg.q pucks. Next, 30% of the
robots must transition to foraging for Py ¢jj0 pucks. Once this distribution is achieved, the robots
must again change their distribution to have 70% foraging for Pgeq pucks and 30% foraging for
Ppgiye pucks. This process is continued for the other world states in the task description until the
terminal state is reached.
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Figure 5.11: A highlighting snapshot the observation range and contents from three selected
robots.

5.2.2.3 Observations

Observations in the multi-foraging domain consist of the proportion of robots foraging for each
puck type in the robot’s current local sensing field of view. Figure 5.11 shows a picture from the
simulation with a robot’s observation contents highlighted. The foraging state of all the robots in

each highlighted region will be included in the composition of the respective robot’s observation.

A robots observation, o, denoted as

0 =< Rped = 10%, Rareen = 10%, Rpiue = 0%, Rcyan = 20%, Ry ciiow = 70%, Rpurple = 0% > (5.2)

corresponds to the situation where of all the robots observed in the robots current sensory field
of view, 10% of them were foraging for Preq pucks, 10% for Pgreen pucks, 20% for Poyan pucks,

and 70% for Py ¢ji0w pucks.

5.2.2.4 Actions

Actions in the multi-foraging domain take the form of a robot changing the type of puck for which

it is foraging. An action a, denoted as

a =< RRpeq > (5.3)
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Figure 5.12: Task allocation results for the task shown in Figure 5.10 using the DAct-NolS-
NoComm controller. The plot shows the percentage of robots engaged in foraging the different

puck types over time. The data are averaged over 20 simulation trials and the bars represent 1
standard deviation.

corresponds to the case where a robot engages in foraging for Preq pucks. Similar actions exist

for RGreern RBlue; RYelloun RCyan; and RPurple-

Similar to the construction task domain, the competency actions for the multi-foraging task
domain include low-level actions such as performing local navigation and obstacle avoidance. Since
the world state in this domain consists of the type of puck each robot is foraging, robot motion
tasks such as these do not affect the world state. These competency actions allow the robots
to safely move around the world and, when appropriate, an action in the action function will
intervene and change the type of puck for which the robot forages.
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Figure 5.13: Task allocation results for the task shown in Figure 5.10 using the DAct-IS-NoComm
controller. The plot shows the percentage of robots engaged in foraging the different puck types

over time. The data are averaged over 20 simulation trials and the bars represent 1 standard
deviation.

5.2.3 Results

This section presents results from the application of the controller design methodology to the task

shown in Table 5.10.

5.2.3.1 DAct-NoIS-NoComm

Figure 5.12 shows the results from the synthesized DAct-NolS-NoComm controller for the task
shown in Figure 5.10. This controller has deterministic action selection and is both stateless and
non-communicative. As the results indicate, this controller is not able to carry out this task
effectively.
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Figure 5.14: Task allocation results for the task shown in Figure 5.10 using the DAct-NoIS-Comm
controller. The plot shows the percentage of robots engaged in foraging the different puck types

over time. The data are averaged over 20 simulation trials and the bars represent 1 standard
deviation.

The robots are able to carry out the first portion of the task, up to the task state < Rgeq =
70%, RGreen = 0%, Rpiue = 0%, Reyan = 0%, Ry ciiow = 30%, Rpurpie = 0% >. Once this state
is achieved, since the robots are stateless, there is no way for them to know whether the next
allocation they should be heading toward is < Rgreq = 70%, Rgreen = 0%, Rpiue = 30%, Rcoyan =
0%, Ry ciiow = 0%, Rpurple = 0% > or < Rped = 0%, Rareen = 0%, Rpiue = 0%, Royan =

20%, Ry ciiow = 40%, Rpurpie = 40% > (the third and fifth states from the left in Figure 5.10).

As was experienced in the construction task domain, stateless robots are not able to effectively
deal with perceptual aliasing issues such as this.
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5.2.3.2 DAct-IS-NoComm

The results from the synthesized DAct-IS-NoComm controller for the task shown in Figure 5.10
are shown in Figure 5.13. This controller, which maintains persistent internal state, is able to
correctly execute this task. As opposed to the stateless controller mentioned above, this controller
is able to use internal state to distinguish between the perceptual aliasing issues inherent in this

task definition.

5.2.3.3 DAct-NoIS-Comm

Figure 5.14 shows the results from the synthesized DAct-NoIS-Comm controller for the task
shown in Figure 5.10. This controller is stateless, but has inter-robot communication capabilities.
Although this controller is able to leverage the use of communication to progress through the first
third of the task, it is not able to correctly execute the remainder of the task.

The first third of the task is relatively simple, with the robots only needing to deal with a
single class of perceptual aliasing issues related to the proportions of Ry¢jjow and Rpjye robots.
However, after this first phase of the task, there become many more complicated issues to deal
with. The use of communication is able to effectively steer the inertia of the robots’ action during
the first third of the task, but thereafter, the perceptual aliasing issues compound and the robots
are no longer able to determine the current state of the task. At this point, the robots’ actions
are no longer coordinated and they are no longer able to correctly execute the remainder of the

task.

5.2.4 Discussion

This section has presented the application of the controller design methodology to task allocation
in a multi-foraging task domain. Controllers using deterministic action functions and with and
without both internal state and communication were presented.
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Due to the dynamic nature of this task domain, only the controller that is able to maintain
persistent internal state was effective. The controller using communication had some measure of
success, but is ultimately not effective. The controller without internal state and communication

was not effective on the task in this domain.

5.3 Summary

This chapter has demonstrated the application of the controller design methodology presented
in this dissertation to a multi-robot construction task domain and to task allocation in a multi-
foraging task domain. Synthesized controllers and experimental results from their implementation
were provided for the synthesis of controllers using internal state, communication, and probabilistic
action selection.

Ideally, a controller design methodology should be general and applicable to a wide variety of
task domains; however, it should not be so general as to not be able to capture the specifics of
a particular task domain. Through the application of the design methodology to these two task
domains representing different requirements and characteristics, the generality of the methodology
was illustrated. Furthermore, it was shown that the design methodology is more than just a
formalism, but rather that is has been applied to these domains and produced working robot

controllers.
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Chapter 6

Conclusions

The design of single robot systems (SRS) has greatly benefited from the formalisms provided
by control theory — the design of MRS is in need of analogous formalisms. In response to this
need, this dissertation presented a principled MRS controller design methodology. The successful
deployment of a task-achieving MRS depends on the effective coordination of the interactions be-
tween the robots and between the robots and the task environment. The presented methodology
is grounded by the use of a formalism that describes the entities involved in these interactions:
the world, the task, and the robots themselves. Based on this formalism, a suite of systematic
controller synthesis methods were presented. Each method produced a working robot controller
using a different combination of control features, including the use of probabilistic action se-
lection, the maintenance of persistent internal state, and the use of inter-robot communication.
Furthermore, these synthesis methods were integrated with a probabilistic microscopic modeling
approach of MRS analysis. These integrated synthesis and analysis methods produce a controller

design methodology that is capable of synthesizing optimized robot controllers.

The controller design methodology was applied to the synthesis of controllers in two task
domains, a multi-robot construction domain and task allocation in a multi-foraging task do-
main. These two task domains represent two different types of multi-robot tasks. The former
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is a relatively static domain in which robots perform discrete actions. The later is a highly dy-
namic domain requiring tight coordination among the robots to successfully perform the task.
By applying the design methodology to these two domains, both the generality of the method to
different task domains as well as its pragmatic benefits of of producing working robot controllers

was demonstrated.

6.1 Directions for Further Research

The conception of formal MRS controller design methodologies is still in its infancy, and the
approach presented in this dissertation only represents a first step toward a principled and general
design methodology. However, the beginnings of a principled foundation have been formed and,
with the usefulness of its currently simple incarnation demonstrated, further extensions within

this methodology are now possible.

A direction that can be pursued is in the development of additional synthesis methods. MRS
are capable of performing a wide variety of tasks, and the controllers that the presented design
methodology is capable of synthesizing represent only a small subset of the space of possible
controllers. There exists far more complex controllers that are potentially very useful; however,
they remain out of reach of the design methodology presented in this dissertation. For example,
there exist more potential ways in which internal state and communication can be used in robot
control. This dissertation only considered simple uses of these important control features, leaving

a large space of further design possibilities unexplored.

Another direction the presented methodology may be extended is in the inclusions of more
facets of the overall MRS design space. This dissertation considered the principled design of
controllers, assuming a world, task, and robot platforms are provided. A useful function of a
general MRS design methodology would be to also include the design of the sensor system along
with the robot controllers. Sensing capabilities of the robots have a great impact on the nature
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and requirements of the robot controllers. Simultaneously designing sensing and control systems
would be a very interesting pursuit that would lead to a further understanding on the relationship
between robot control, sensing capabilities, and resulting task performance. Similarly, such a
process could be carried out on the design of the actuation capabilities of the physical robot
hardware.

The principled design of effective coordinated MRS for a diverse array of tasks is a great
challenge. This dissertation has provided a validated starting point that future work may now

extent.
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