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Abstract

To enable the successfuldeployment of task-achieving multi-r oot systems(MRS), the interac-
tions must be coordinated among the robots within the MRS and between the robots and the
task environment. There have beena number of impressive experimentally demonstrated coor-
dinated MRS; however, most have been designedthrough ad hoc procedures,typically providing
task-speci c, empirical insights with few contributions toward greatly neededgeneral-purpose,
principled designmethods.

This dissertation presens a principled MRS controller designmethalolagy applicable to mini-
malist MRS performing acyclic tasks. The methodology is formally groundedand provides precise
de nitions 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-lewel 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 synthesisin order to optimize the resulting cortrollers. The preseried
cortroller designmethodology is more than a pragmatic designtool. Basedon its formal founda-
tions, it provides a platform to formally characterize interesting relationships and dependencies
among MRS task requiremerts, individual robot control and capabilities, and resulting task per-

formance.



The designmethodology is validated in a multi-rob ot construction task domain and a multi-
foraging task domain through physically-realistic simulations and real-robot demonstrations. In
thesedomains,the designmethodology is usedto synthesizea number of robot cortrollers, thereby
demonstrating the utilit y of the cortroller synthesis methods as well as providing data for a

comparative analysison the useof di erent cortrol featuresin coordinating minimalist MRS.



Chapter 1

Intro duction

The study of multi-rob ot systems(MRS) has received increasedattention sincethe mid-1990's.
This is not surprising as corntinually 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 comesthe expectation that, at leastin someimportant 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 sud, few formal methodologies have been devised. This lack of de-
sign procedureshas limited the usefulnessof MRS and has prohibited the developmert of MRS

solutions to many potential domains.

This dissertation presers a principled controller designmethodology for minimalist MRS. The
methodology is basedon a formal foundation and is composedof a suite of systematic controller
synthesis methods integrated with a microscopic MRS modeling approach. The aim of this work
is to placethe designprocesson a formal foundation, thereby enabling the ability to harnessthe
amazing potential and power of multiple coordinated robots and advance their application into

an expanding set of domains.



1.1 From Single to Multi-Rob ot Systems

Potential advantages of MRS over a single robot system (SRS) are frequertly discussedin the
literature [58, 5]. For example, total system cost, it is frequertly claimed, may be reduced by
utilizing multiple simple and cheap robots as opposedto a single complex and expensive robot.
Sometasks maybe accomplishedmore e cien tly by a group by decomposing the task into sub-
tasks and performing ead in parallel. The inherent complexity of sometask ervironments may
require the use of multiple robots asthe necessarycapabilities are too substartial to be met by a
single robot. Finally, multiple robots are often assumedto increasesystemrobustnessby taking
advantage of inherent parallelism and redundancy. Therefore, negative e ects on task performance
causedby individual robot failure or the dynamic addition or removal of individual robots can be
minimized.

However, the utilization of MRS posespotential disadvantagesand additional challengesthat
must be addressedf MRS areto presern a viable and e ectiv e alternativeto SRSin an important
subset of domains. A poorly designed MRS, with individual robots working toward opposing
goals, can be lesse ectiv e than a carefully designedSRS. Many have cometo realize that the
design of multi-robot systemsis, in many critical respects, a very di erent paradigm from the
designof single robot systems[6, 53, 54, 31, 46]. In most casegjust taking a suitable SRS design
and scaling it up to multiple robots is not adequate. A paramount challenge in the design of
e ective MRS is managing the complexity of group control introduced by multiple, interacting

robots.

1.2 Minimalist Multi-Rob ot Systems

This dissertation is speci cally concernedwith the designof minimalist MRS. The term \mini-
malist” is vagueand, depending on the corntext, canbe usedto represen a variety of meanings. In

2



this section, the meaning of this term is discussedwith respect to this dissertation and rationales

regarding the utilit y of minimalist MRS are given.

1.2.1 Dening Minimalist Multi-Rob ot Systems

A minimalist MRS is on composed of minimalist robots. A \minimalist" robot is so named
basedon 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 cortrollers directly mapping current
sensoryinformation to immediate actions [55]. Their mechanismsof communication, if they have
any, are frequertly 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 emphasizedthat just becausea 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 beenshown to perform impressively complex forms of coordinated behav-
ior in a variety of task domains, including foraging [8, 71, 3(], construction of physical artifacts
[56, 68], object clustering and sorting [11, 52, 34], task allocation [70, 44, 2], formation cortrol
[9, 25], and robot soccer [69]. Cleverly designedemergent coordination medanisms can lead to
impressively complex group behaviors, even when ead individual robot is simple { the nature
and power of the interactions makesthe performanceof the systemas 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-le\el 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-leel coordination, some of which were discussedabove. Impressive as these

3



demonstrations are, they are only empirical proof of the power of e ectiv ely designedminimalist
MRS. The purpose of this dissertation is not to provide another empirical demonstration { in-
stead, the purposeis to provide a principled designmethadolagy that allows the designof e ectiv e

minimalist MRS acrossa number of task domains and system characteristics.

1.2.2 Rationale for Minimalist Multi-Rob ot Systems

One may reasonablyask, \With the availabilit y of cheap and easily accessiblecomputation and
communication capabilities, why would one be interestedin minimalist MRS at all?". There are
many justi cations for using a minimalist approad to the designof MRS.

First, autonomous mobile robots are limited by the amourt of power they have available. A
robot equipped with the most advanced computational and communication capabilities available
is uselesdf the robot's batteries can only power such devicesfor a very short time. This concern
is especially relevant in domains requiring long periods of autonomousoperations (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 becauselower-end equipmert is lesscostly and in part because
less power-hungry electronics require fewer batteries that reduce the weight of the robot and
thus reduce the power requiremerts of the actuators. This concernis especially relevant in the
emerging consumerrobotics market.

Third, becausethere are fewer complexoperations performed by eac robot and fewer complex
interactions (e.g., timely negotiations) performed betweenrobots, minimalist MRS are often more
robust and adaptable to dynamic changesin the task domain. This feature is especially relevant
for MRS that must robustly operate in the real world in presenceof unpredictable dynamics.

Fourth, since all communication mediums have a nite bandwidth and range, the concern
remains that as the group size grows, the available communication bandwidth and range will
becomeinadequate. Since minimalist MRS place lessemphasison explicit communication, this

4



concern is ameliorated. Such concernsare especially relevant in underwater domains and in

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

Fifth, the study of minimalist systemsis critical to understanding the usesand limitations of
dierent control and coordination medanisms and their relationship to the robot-environment
dynamicsand the task at hand. For example,it is still an open questionasto whenthe useof inter-
robot communication is necessarywhen it is bene cial, and when it may even be detrimental to
overall systemperformance. By studying minimalist systemsone gainsa broader understanding of
such issuesand relationships and can then transfer the gainedinsights to non-minimalist systems
when appropriate. Future MRS designsmay not be purely minimalist; however, they may employ
relevant componerts of the knowledgegainedfrom the study of minimalist systemsto, for example,

reducethe system'soverall communication complexity or minimize dependencyon internal state.

A nal pragmatic reasonthat spansall of the above is that the study of minimalist systems

will be key to emergingapplication domains such as\smart dust" [23] and swarm robotics [14].

1.3 Coordination in Multi-Rob ot Systems

In order to maximize the e ectivenessof a task-achieving MRS, the robots' actions must be
spatiotemporally coordinated and directed towards the achievemert of a given system-lewel task.
From a few robots performing a manipulation task [13], to tens of robots exploring a large indoor
area [35, 43], to thousands of ecosystemmonitoring nano-robots [73], as the number of robots
in the system increases,so doesthe necessiy and importance of coordination. Coordination is
de ned as\the act of regulating and combining soasto produce harmoniousresults” [1]. In the
context of MRS, coordination involvesthe appropriate spatiotemporal regulation of the robots'
actions sud that the probability of a giventask or goal being successfullyachieved is maximized.

5



1.3.1 Coordination Approac hes

Depending on the characteristics of the robots, characteristics of the task, and the level of de-
sired system performance, the mecanisms by which coordination can be achieved cover a wide
spectrum. Historically, intentional coordination medanisms have beenthe most studied. Inten-
tional coordination approachestypically rely on inter-robot communication and/or computation-
ally expensiwe planning either independertly by someor all robots or by someoutside certralized
coordinator. This form of coordination has found great successn many domains; however, suc
approades quickly becomeine ectiv e as the size of the system grows or the individual robot's
capabilities diminish.

Alternativ e approachescan be found in so-calledemement coordination [60], which typically
shun the use of complex computation and communication approaces. Instead, such approaches
rely on local sensingand exploit information and structure in the ervironment and in the dy-
namics betweenthe robots and the task environment. As described in [16], such approachestake
advantage of the information gained by the fact that a robot is situated in an ernvironment and
remove complexity from robots by more fully utilizing complexity in the environment. In one of
the often referencedelegan examples[34], a group of robots move initially dispersedobjectsin a
bounded environment into a small number of denseclusters, without the use of planning or com-
munication. Each robot is endoved with a small number of simple and creatively tailored rules
that exploit complexity (i.e., information) in the environment to e ectiv ely perform the collective

clustering task.

1.3.2 Coordination in Minimalist Multi-Rob ot Systems

The limited robot complexity required by emergen approachesto coordination has made them
a popular approad in the designof minimalist MRS. There have beena number of empirically
demonstrated minimalist MRS utilizing emergen approachesto coordination. In construction

6



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

Automated Controller Synthesis

il
Y A&

Performance

Coordinated MRS

Figure 1.1: Principled minimalist multi-rob ot system controller design methodology presened in
this dissertation.

[56, 68], collaborative stick pulling [36, 51], foraging [44], and many other domains, minimalist
MRS have beenshown to e ectiv ely achieve coordinated system-leel behavior. Sud coordination
was achieved through the use of carefully exploited dynamics betweenthe 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-Rob ot Systems

Sincethe power and advantagesof minimalist MRS is derived primarily through emergen forms
of coordination which heavily rely on the interactions among the robots and betweenthe robots
and the task environment, robot controller design must pay special attention to the nature of

those interactions.



To date, cortroller designfor minimalist MRS has remained more of an art than a science.
Current designmethodologiesare, in the best case,driven by informal and undocumerted expert
knowledge. In the worst case,they are driven by resource-irtensive trial-and-error processes.
Demonstrated systemsare usually highly domain-speci ¢ and are infrequertly accompaniedby
formal analysis of the expected system performance or bounds of applicability. Furthermore,
formal explanations are rarely provided to justify the superiority of the given systemrelative to
possiblealternativ e designs. For thesereasons,e ectiv e controller designis restricted by the lack
of formal designtools and methodologies. The design of SRS cortrollers has greatly bene ted
from the principled methodologiesprovided by control theory, amongother areas. To fully exploit
their potential power and advantages, controller designof minimalist MRS is in needof analogous
methodologies.

To addressthis need,this dissertation preseris a principled minimalist MRS controller design
methodology, aimed at moving the designof MRS closerto the realm of science.The methodol-
ogy focuseson the interactions and mecanisms by which system-lewel coordination is achieved.
Furthermore, the methodology is systematic and domain-independert, thereby at least partially
removing the current necessiy of expert knowledgeand intensive trial-and-error designtechniques.

As outlined in Figure 1.1, the designmethodology presered in this dissertation is composedof
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 designprocessby preciselyde n-
ing about the intertwined entities involved in any task-achieving MRS. Precisede nitions of the
dynamics of the world, the task to be performed, and the capabilities of individual robots is
required if the designprocessis to be carried forward in a principled manner.

Included in the methodology is the ability to analytically evaluate the expected performanceof
a given controller. Furthermore, analysis capabilities are integrated with the controller synthesis
procedures. Such a methodology allows for e cien t evaluation of di erent designoptions, thereby
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leading to a processin which the design can be e ectiv ely optimized with respect to desired
performance metrics.

The methodology contains a suite of systematic controller synthesis methads expressedin
terms of the formal framework mentioned above. Each of these synthesis methods builds robot
cortrollers utilizing adi erent combination of control featuresfrom 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-comnunicative. The systematic nature of these

methods provides a principled procedurefor the synthesis of robot cortrollers.

1.5 Contributions

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

troller synthesis methods, and an integrated cortroller design methodology.

Multi-Rob ot System Formalism

This dissertation preserts a formalism that providesa principled domain-independert frame-
work for preciselyde ning and reasoningabout the intertwined ertities involvedin any task-
achieving MRS { the world, task de nition, and the capabilities of the robots themseles,
including sensing,maintenanceof persistert internal state, inter-robot communication, and
action selection. Furthermore, a MRS taxonomy basedon the capabilities of the robots
is provided. This taxonomy is usedto classify and relate the cortroller synthesis methods

described in Section4.2.

Minimalist Multi-Rob ot System Controller Synthesis

A suite of systematic methods for synthesizing cortrollers for minimalist MRS is presened.
Each of these methods synthesizesa controller that achieves system-lewel, task-directed
coordination through the use of a unique combination of local control features, such as

9



inter-robot communication, the maintenance of persistert internal state, and deterministic

and probabilistic action selection.

Integrated Multi-Rob ot System Controller Design Metho dology

Foundedon the MRS formalism above, the synthesis methods are integrated into a complete
end-to-end cortroller design methodology, as diagrammed in Figure 1.1. The methodology
allows for complete cortroller design, and through closeintegration of controller synthesis
and analysis methods, permits the designerto maximize the e ectiv enessof the designed
MRS along pre-speci ed performance criteria. The methodology is validated in two dif-

ferent task domains: multi-rob ot 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 successfullyperform the task.

The auxiliary cortributions are cortroller designsfor a multi-rob ot construction task domain

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

Multi-Rob ot Construction

The MRS cortroller designmethodology presenied 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 cortrollers. The formalism providing the foundation for the
designmethodology is cast into a multi-rob ot construction task domain. Robot cortrollers
are synthesizedfor this domain and validated in both physically-realistic simulations aswell
as a limited number of real-world trials. These cortrollers demonstrate novel coordination
mechanisms for the multi-rob ot construction task as well as provide original experimental
work on the application of minimalist MRS.
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Multi-F oraging Task Allo cation 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 cortrollers are synthesized and
analyzed for this domain. These cortrollers are experimertally validated in physically-
realistic simulations and demonstrate novel cortrol and coordination mechanisms for task

allocation in the multi-foraging domain.

1.6 Dissertation Outline

The remainder of this dissertation is organizedas follows.

Chapter 2 preserns work related to minimalist MRS controller design. Related work spanning
the design spectrum, ranging from informally hand-designedsystemswhich achieve impressive

system-le\el coordinated behavior to formal design methodologiesis provided.

Chapter 3 preseris a MRS formalism which is usedto de ne and reasonabout MRS and
their task ervironment. This formalism provides a principled framework that is usedthroughout

the rest of this dissertation.

Chapter 4 presens a MRS cortroller designmethodology composedof cortroller analysisand
synthesis. Section 4.1 describes a microscopic MRS modeling approach usedin this dissertation
to quantitativ ely predict the performanceof a given MRS controller design. Analysis is usedin an
iterativ e fashionwith cortroller synthesismethods to synthesizeoptimized controllers. Section4.2
intro ducesa suite of four systematic cortroller synthesis methods, ead of which utilizes a unique
combination of local robot control characteristics to achieve system-lewel task-directed coordina-
tion. The cortrol characteristics consideredare the maintenance of internal state, inter-robot
communication, and both probabilistic and deterministic action selection.
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Chapter 5 appliesthe principled minimalist MRS cortroller designmethodology to the syn-
thesis and analysis of minimalist MRS in a multi-rob ot construction task domain and a multi-
foraging domain.

Chapter 6 concludesthis dissertation with a summary of contributions and directions for

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

Related W ork

This dissertation is concernedwith the dewvelopmert of a principled minimalist MRS controller
designmethodology, which includesintegrated controller synthesisand analysismethods. As sud,
this chapter reviewsrelated work in the following areas: empirically demonstratedminimalist MRS
(Section 2.1), MRS design methodologies(Section 2.2), and the multi-agent systemscommunity

(Section 2.3).

2.1 Empirical Demonstrations of Minimalist Multi-Rob ot
Systems

Empirical demonstrations of minimalist MRS are reviewed with the intention of de ning, 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 needfor a systematic, formally grounded, and domain-independent methodology to
improve the designprocess.

As stated earlier, an MRS being minimalist doesnot imply that its capabilities are minimal.
Minimalist MRS have been shown to be remarkably e ective in a variety of task domains [54,
5]. Broad reviews of demonstrated MRS were performed by Dudek et al. [22] and Cao et al.
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[17]. Dudek et al. [22] preseried 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] presenied a set of MRS resear® axesincluding dimensionsof communication capabilities,
reasoningabilities, on-line learning capabilities, and origins of coordination, and reviewed existing

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

Although the systemsoverviewed in [22] and [17] are not explicitly labeled as minimalist,
they represen 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] basedon the sizeof the group and communication range, bandwidth, and topology.
According to this taxonomy, the work presened in this dissertation focuseson large group sizes
of SIZE-LIM and SIZE-INF, which are MRS composedof 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], rangesfrom no communication (COM-NONE), to local communication
(COM-NEAR), to broadcast communication (COM-INF, TOP-BROAD). Caseswhere direct,
addressablecommunication is available between the robots (TOP-ADD ) is not consideredin
this dissertation. Concerning communication bandwidth, casesof communication through the
ervironment (COM-MOTION ), low bandwidth (BAND-LO W), and no communication (BAND-

ZERO) are all considered.

Bederset al. [11] preseried a homogeneoudMRS consisting of robots with limited and local
sensing,without the ability to maintain persistert internal state, and with no explicit inter-rob ot
communication capabilities. Even with such limited individual robots, the MRS was carefully
and elegarily designed, both in terms of control and physical design of the robots, sud that
it e ectively 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 approac preseried in [11].
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MRS with limited individual robot capabilities have also beenshown to be e ectiv e in other
task domains such asformations [25], foraging [32, 37], robot soccer[69], and distributed manipu-
lation in a box-pushing task domain [45]. Vaughanet al. [67] demonstrateda MRS in a simulated
foraging task domain that achievesrobust coverageof the environment through the use of very
low-bandwidth indirect communication betweenrobots similar to pheromonecommunication used
by ants. Similarly, Svennebringand Koenig [65] preserted an approach to multi-rob ot terrain cov-
ering using trail laying analogousto ant pheromonetrail laying. Their work was implemented
on physical robots and veri ed that the trail laying approac resulted in robust performancein

large-scaleervironments.

The above examplesare of empirically demonstrated minimalist MRS that are primarily de-
signed through ad hoc proceduresand are targeted to speci c task domains. This dissertation

provides a MRS cortroller design methodology that is principled and not task speci c.

2.2 Design of Multi-Rob ot System Controllers

E cien t and accurate methods of analysis are required if a design processis to intelligently
evaluate a su cien tly large proportion of the design space. Furthermore, systematic controller
synthesis methods are required if a design processis 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 cortrollers.

2.2.1 Analysis of Multi-Rob ot Systems

MRS analysisapproachescan be broadly classi ed into two categories: 1) those approachesutiliz-
ing macroscopicmodels, and 2) those utilizing microscopicmodels. A primary di erence between
the two approadiesis in the granularity of the model.
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Macroscopicmodelsreasonabout system-lewel behavior without explicit consideration of each
individual robot in the system. Sincemacroscopicoperate at the system-le\el, the computational
requiremerts remain largely unchangedwhether an analyzed MRS is composedof a few robots or
tens of robots. As such, macroscopicmodeling approachescomputationally scalewell as the size

of the system grows.

In cortrast, microscopic modeling approachesdirectly consideread robot in the systemand
may model individual robot interactions with other robots and with the task environment in
arbitrary detail, including simulating the exactbehavior of eadh robot. Howewver, most microscopic
approachesabstract the individual robot behaviors to somedegree,such as modeling eac robot
as a seriesof stochastic events where exact robot trajectories and interactions are not directly

considered.

Lerman et al. [49] provided a survey of methods for the macroscopicmodeling of MRS and
their application to collaborative stick pulling, foraging, and aggregation task domains. The
methods reviewed are primarily limited to robots executing reactive cortrollers [15, 54], that is,
robots that do not maintain persistert internal state. The models consideread robot to behave
as a stochastic Markov processand this assumption is then usedto describe the dynamics of
the resulting system-leel behavior. Lerman and Galstyan [46] and Sugavara and Sano[64] both
preseried work on a macroscopicmathematical model of MRS in a foraging task domain. The
model was usedto study the e ects of interferencebetweenrobots, the results of which could be
usedto modify individual robot cortrol or determine the optimal density of robots in order to
maximize task performance. Lerman et al. [47] preseried a macroscopicanalytical model of the
dynamics of collective behavior in a collaborativ e stick-pulling domain using a seriesof coupled
di erential equations. Lerman and Galstyan [48] described a general macroscopicmodel for the
study of dynamic multi-agent systemsand apply it to the analysis of a multi-rob ot dynamic
task allocation domain. In their work, the robots constituting the MRS maintained a limited
amount of persistert internal state to represen a short history of past events but do not explicitly
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communicate with other robots. The model qualitativ ely, and sometimesquartitativ ely, predicts
how the system-le\el task allocation ewolvesover time during task execution. Macroscopicmodels
have provento be a usefultool in predicting certain aspects of system-lewel behavior, for example
how system behavior changesover time. However, since speci cs of individual robots are rarely
considered,macroscopicmodeling approachesare not e ectiv e at predicting other forms of system
behavior, such astime to complete a given task or how minor changesin robot control will a ect

overall system behavior.

Microscopic modeling is the other primary form of MRS modeling. Martinoli et al. [52]
preseried a probabilistic microscopicmodeling approach for the study of collective robot behavior
in a clustering task domain. The model is validated through a largely quantitativ e agreemen
in the prediction of the ewolution of cluster sizeswith embodied simulation experiments and
with real-robot experiments. Martinoli and Easton [50] discussedthe e ectiv enessand accuracy
of microscopic and macroscopic modeling techniques compared to real robot experiments and
embodied simulations. Martinoli etal. [51] preseried a time-discrete, incremertal methodology for
modeling the dynamics of coordination in a distributed manipulation task domain. The approac
preseried provided analysis at both the microscopicand macroscopiclevels and is suited for the
modeling of large-scaleMRS. However, the robots usedin this model are simplistic asthey do not
have the capability to maintain persistert internal state or to explicitty communicate. Microscopic
modeling approades, in particular probabilistic approaces, have beenshown to be e ective in
predicting aspects of system-lewel behavior in speci ¢ task domains, such as how the adjustment

of individual robot parameterscan in uence resulting system-lewel behavior.

There have also been other, more specializedforms of analysis, usedto aid in the designand
understanding of MRS. Balch [7] preserted hierarchic scocial entropy, an information theoretic
measure of robot team diversity as a method to investigate the role of heterogeneiy in MRS
coordination. This measureis usedin an o -line manner in order to evaluate the structure of a
given MRS. Goldberg and Matari c [32] analyzed the relationship between MRS characteristics,
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such as cortroller di erences among the robots, and resulting task performancein terms of the

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

Goldberg and Matari ¢ [30] preseried work on the on-line learning of augmerted Mark ov models
(AMM) which are usedto model the robot and robot task ervironment interactions. The AMMs
are de ned in terms of the history of behaviors a robot executeswhile performing a task and can
be built and maintained in real-time. AMMs were demonstrated in a multi-rob ot foraging task
domain to model the interactions and improve cortrol strategiesin an on-line manner. Suc a
technique producesan adaptive MRS that is potentially able to improve task performanceduring
task execution, even if the task dynamics changeover time. Gerkey and Matari c [27] preseried a
principled framework and analysis methodology, basedon theories from economicsand operations
researd. This framework cast MRS asa task allocation problem and then draws on the literature
from operations researt and economics,among others, to addressthat well-studied problem. It
also outlines a taxonomy of MRS problems, and then focuseson one subclassof it: single-robot

tasks and single-tasksrobots, the most commonly treated classof MRS.

Although powerful tools, ead of the analysisapproachesreviewed above is generally suited for
a speci c classof MRS. The designmethodology preserted in this thesisconsidersrobots that may
maintain a limited amount of persistert internal state and communicate with other robots. The
macroscopicand microscopicapproadcesdiscussedabove are almost solely limited to the study of
statelessand non-communicativerobots. Macroscopicmodeling approachesare appealing because
they can provide mathematically preciseresults in a timely manner; however, the complexity of
such approachescan quickly becomecomputationally intractable when consideringcommunicating

robots that may maintain state.

Although microscopicmodels provide probabilistically accurate solutions, they are much more
easily adapted to the consideration of robots that may maintain state and communicate. As
sudh, the design methodology preseried 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-Rob ot 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 ewolutionary approadesis also brie y discussed.

A prominent corntribution to the formal speci cation and synthesis of minimalist MRS is the
work of Donald [21], who preserted the derivation of information invariants aimed at de ning the
information requiremerts of a given task and ways in which those requiremerts can be satis ed
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 cortrol strategies could be used
to satisfy task requiremerts. 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 experimertally studied in
a distributed manipulation task domain [20]. Furthermore, Parker [59] extended the idea of
information invariants by de ning equivalenceclasseamongtask de nitions and robot capabilities

to assistin the choice of appropriate cortroller classin a given domain.

Klavins [39, 40] preseried the Computation and Control Languageinterpreter that implemerts
robotics modeling and programming software tool called the Computation and Control Language
(CCL). Their work is related to the approad in this dissertation in that it provided a common
formal foundation for the designof MRS. A distinguishing factor of the work in this dissertation
is that it usesa suite of systematic proceduresfor the synthesis of a number of di erent typesof
cortrollers. Furthermore, it is capableof integrating the operation of synthesisand analysisin the
design processin order to maximize system performance. Klavins also usedthe CCL formalism
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to study the scalability of algorithms for multi-rob ot cortrol, in particular the communication

complexity of a variety of communication schemes[38].

More empirical and task-speci c approadesto the design of MRS include Balch and Arkin
[8], who presenied 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 coveragetasks,
they found that communication is often unnecessaryand even the simplest forms of implicit
communication can be almost as e ectiv e as more complex forms of explicit, protocol-oriented
communication. Zhang et al. [72] preserted a task-speci ¢ theoretical framework for the design
of control algorithms in a multi-rob ot object clustering task domain. Issuesaddressedinclude
how to designcortrol algorithms that result in a single nal cluster, multiple clusters,and how to
cortrol the variancein cluster sizes. Spletzerand Taylor [63] preserted a cortrol-theoretic model
of coordination in MRS and applied it to the synthesisof controllers in a multi-rob ot box-pushing

task domain.

Alternativ e approachesto the synthesisof MRS cortrollers can be found in evolutionary meth-
ods [24] and learning methods [53, 58]. There also exist a number of MRS design environments,
cortrol architectures, and programming languageswhich assistin the design of task-achieving
coordinated MRS [54, 4, 3]. Although ead of theseapproadesis valuable, none provide formally
grounded designapproades. For example,in ewlutionary and learning methods, it is frequertly
not possibleto understand the rationale for the resulting cortroller designas opposedto other
possible designs. The value of the principled design methodology preserted in this dissertation
is in cortributing a systematic processof designthat allows for understanding why a particular
designwas chosen,and often how speci ¢ featuresin the world or task de nitions in uenced the
resulting design.
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2.3 Multi-Agen t Systems

This section briey surveys related work from the multi-agent systems(MAS) community. Al-
though work in both MAS and MRS dealswith multiple interacting ertities, it is still an open
guestionasto whether techniquesdewelopedin the MAS community are directly applicableto the
embodied MRS community. In MRS, and in particular minimalist MRS, the interactions between
the robots and the task environment heavily in uence the performanceof the systemand, there-
fore, cannot beignored. The MAS community traditionally studiesnon-embodied agerts and does
not considerthe 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

techniquesfor the designof MRS.

Cassandraet al. [18] useda partially obsenable Markov decisionprocess(POMDP) to model
uncertainty in a robot navigation task domain. The formalism preseried in this dissertation is
similar to the POMDP model. Speci cally, the ervironment is Markovian, and from the perspec-
tiv e of the individual robots, the task state is partially obsenable. The POMDP model has been
extendedto include individual robots which can maintain persistert internal state, communicate
with other robots, and make useof probabilistic action selection. The POMDP model aspreserned
in [18] is applicable for singlerobot systems. Extending it to considerMRS is not consideredto be
tractable and there is a focus on the developmen of heuristics to addressthe complexity issues.
Therefore, the POMDP notations and de nitions are used as much as possible; however, use of
methods derived from the POMDP model remain largely intractable for the e ectiv e usein the

study MRS and are not usedin this dissertation.

There exists a number of generalizedinstances of POMDPs to situations in which there are
multiple, distributed agerts with eath making independert control decisionsbasedon local sensory
information, including Decertralized POMDP (DEC-POMDP) [12] and Markov Team Decision
Problem (MTDP) [61]. Pynadath and Tambe [61, 62] provided a unied framework called the
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Communicative Multiagent TeamDecisionProblem (COM-MTDP) in order to evaluate the trade-
0 s betweena theories complexity and resulting policy performance. This model is generaland
subsumesmany existing models thereby allowing the formal comparisonand analysis of di erent
methodologiesunder di erent domain conditions. As an extension of [18], Koenig and Simmons
[42] useda POMDP to model uncertainties in an o ce navigation task domain. The POMDP
was compiled o -line and provided with robot sensormodels and a topological map of the o ce

ernvironment to makethe approach tractable. During task execution,amodi ed learning algorithm

was usedto appropriately adjust the model and improve task performanceon-line.

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

spatial interferenceamongrobots, that are necessaryto understand the system-le\el behavior.

2.4 Summary

This chapter has reviewed work relevant to the dewvelopment of a principled controller design
methodology for minimalist MRS. Although there hasbeenample demonstration of the promise of
minimalist MRS, the designof such systemsneedsto be formalized to fully realizetheir potential.
Ideally, the designprocessshould include both the ability to analyzea given MRS in an e cien t
and accurate manner and a principled method to synthesizerobot cortrollers.

Researters are working toward providing tools and methodologiesto formally analyze and
synthesize MRS, but there is still much progressto be made. Perhaps most importantly, there
often exists a disconnect between the descriptive nature of the analysis methodology and the
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prescriptive nature of the cortroller synthesis. This can make it dicult to e cien tly translate
the results of analysis into appropriate improvemerts in overall cortroller design. The design
methodology preserted in this dissertation is novel in that it provides integrated analysis and
cortroller synthesismethodsthat sharea commonformal foundation. For this reason,it is possible
to directly and systematically translate the results of analysisinto meaningful modi cations to
the overall controller design. In the following chapter we intro duce this formal framework that

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

Multi-Rob ot System Formalism De nitions and Notation

Formal Understanding
of Coordinated MRS

Automated Controller Synthesis
bt
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&
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e —]

ynthesis

[ Coordinated MRS ]

Figure 3.1: Diagram of principled minimalist multi-rob ot systemscortroller design methodology
with the role of formal de nitions highlighted.

This chapter intro ducesnecessaryde nitions and notations that provide a formal framework
for preciselyde ning and reasoningabout the intertwined ertities involved in any task-achieving
MRS { the world, task de nition, and the capabilities of the robots themseles. Figure 3.1 shovs
how this framework ts into the greater controller design methodology.
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3.1 Role of Formalism in the Controller Design Pro cess

Any MRS desigh methodology inherently requires knowledge about the dynamics of the world,
the task to be performed, and the capabilities of individual robots. Without knowledge of eath
of thesefactors the designprocessis under-constrainedand unprincipled. The world in which the
task is to be performed must be understood in su cien t detail to be ableto reasonablypredict the
mechanismsfor and results of changing the state of the world. The task to be performed may be
de ned asspeci ¢ goalsthe system much achieve, how these goalsmay 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
represerted and reasonedabout by a designer,or, asis more often the case,the knowledge may
be represened internally by a designerwho understandstheseissuesand how they are related and
employs this knowledgein the designprocess.In order to make the designprocessmore principled
and systematic, this knowledge needsto be represerted in an explicit manner such that formal
reasoningand analysis processesnay build from it in a principled manner. The MRS cortroller
analysisand synthesis methods preseried in Chapters 4.1 and 4.2, respectively, comprisea formal
and systematic controller design methodology that usesthe formal framework preserted in this

chapter as a foundation.

The remainder of this chapter is organized as follows. Section 3.2 formally de nes the world
in which the MRS will be acting. Section 3.3 providesa formal de nition of the classof tasks con-
sideredin the designmethodology. Section 3.4 formally de nes the relevant characteristics of the
robots. Section 3.5 introducesa taxonomy of homogeneoudMIRS basedon control characteristics
of eadh robot. This taxonomy is usedthrough this dissertation to discussand comparedi erent

typesof robot cortrollers.
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3.2 World

The world, W, is the environment in which the MRS is expectedto perform a de ned task. It is
assumedthat the world is Markovian, populated by a nite set of robots R, and the state is an
elemen of the nite setS of all possiblestates. The state of the world at time t is denoted as

st (3.1)

1
=
3

where eath ;| 2 S represerts the domain of an individual feature of the world. This set of
features can contain many domain-dependent elemers; including the physical positions of the
robots, internal state valuesof ead robot, or the location and proximate relationships of physical
artifacts presert in the world. The state of the world S represens the domain of all possible

combinations of valuesover theseindividual features.

fArgr2r is a setof actions that eac robot r can execute. Al represerts the action a robot r
makesat time t. fX,gr2r is a set of obsenations that eac robot r can make. X! represerts the
obsenation a robot r makesat time t. An obsenation consistsof external information accessible
to the robot and formally represens a subset of the world state. The probabilistic observation
function

O(s;x) = Pr(X} = xjS' = s) (3.2)

givesthe probability that at sometime t the obsenation x will be madein state s.

The world is de ned by a probabilistic state transition function

P(s;a;s) = Pr(s'"! = §%s' = s;A! = a) (3.3)

that statesthe probability the world state at time t + 1 is s° given that the world state at time t
was s and a robot r executedaction a at time t.
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3.3 Task

A task T is de ned to be a set of world statesand world state transitions represened asa directed
acyclic graph (DAG). In the DAG for a task T, ead vertex in the nite set of vertices Vr is a
unique world state. For ead vertex u 2 Vr, all verticesv, such that fu;vg 2 Et, are called
children of u. Each edgein the nite setof edgesE+ betweenthe verticesEt = f(u;Vv)ju;v 2 Vrg

represens an action a such that P(u;a;v) > 0.

There is a exactly one vertex in the graph denotedasu_starty 2 Vg that correspondsto the
initial world state. A subsetof the graph verticesare marked asterminal verticesand are denoted
by the setu_termt  Vr. Furthermore, there must exist a path through the DAG from every

vertex in Vr to at leastonevertex in u_termr.

If at any time t, s; 2 u_termy then the task terminates. Correct task execution is de ned
as the casewhere the combined actions of the robots causethe trajectory of the world state to
follow the DAG represerted by T from the starting node to a terminal node. That is, for eath
encourtered world state s; during task execution, where s; corresponds to vertex v 2 Vs, the
combined action actions of the robots must transition the world state to somestate s;, wheres;
correspondsto u 2 Vr, such that fu;vg2 E+. If at any time the actions of the robots causethe
world state to transition from a state s; to somestate s; in which there does not exist an edge
in Etr connecting the corresponding graph vertices, the task is not correctly executed and task

executionimmediately terminates.

It is important to note that the world statesrepresened by the graph vertices are a subsetof
the set of all world states. Figure 3.2 graphically depicts a generaltask, T, and represers the
relationship betweenworld statesin the task and thosethat are not part of the task. In this gure,
to achieve correct task execution, the trajectory of the world state must proceedfrom the start
state, u_termr = sp, along edgesbetween states in the task de nition until reacing a terminal
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Figure 3.2: This gure provides a graphical depiction of the description of a task T. Each circle
represerns a unique world state. Unshaded circles represent states contained in the task and
shadedcircles represert world statesthat are not in the task de nition. The start state, U ¢, IS
Sp and is represerted by three conceriric circles. The terminal states, Uiwr m, are sz and ss and are
represened by two concertric circles. Possiblestate transitions, asde ned by the state transition
function P, are represerted as directed arrows connecting two states.
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state, u_termt = fs3;ssg. The task will immediately terminate unsuccessfullyif any state not in

the task de nition is reached.

3.4 Robot

This section provides de nitions concerningthe robot cortroller. Sincethis dissertation is limited
to the study of homogeneousMRS, ead robot in the systemis consideredfunctionally identical

and all robots executeidentical cortrollers.

3.4.1 Persistent Internal State

A robot is permitted to maintain a nite amount of persistert internal state. Internal state is
consideredto be temporally persistert memory that can be modi ed by the robot over time and
is usedin control decisions.Data that are stored for only one or a very few control cyclesare not
consideredto be internal state sinceit is not persistert. Therefore, neither sensorydata, motor
cortrol commands, nor the incoming inter-robot communication bu er, all of which are residen
in memory for a short time, are consideredto be internal state.

A robot r's internal state value m, at any time is a member of the nite setM, = fig;::5ip0,
with ig being the initial internal state value for all robots. The actual content of ead internal
state value is not important, it is only required that ead value be uniquely distinguishable.
For example, in our implemertation ead value is just a unique integer. The method by which
the internal state values are transitioned is provided in the cortroller de nition given below in

Section 3.4.3.

3.4.2 Inter-Rob ot Comm unication

A robot is permitted to communicate with all other robots in the MRS through the use of
anonymous broadcast communication. A broadcast communication messageis assumedto be
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instantaneously received by all robots and the identit y of the senderis unknown to all receivers.
Furthermore, it is assumedthat ead robot is capable of receiving multiple messagesimultane-
ously.

The set of all possible communication messages robot r may send and receiwe is denoted
by the set C; = fco;:;; 9. The actual content of eadh messageis not important, it is only
required that eadh messagebe uniquely distinguishable. For example,in our implementation ead
messageis just a unique integer broadcast over the wireless network connecting all robots. A
robot may only sendone messageat a time. The communication messagea robot r is currently
sendingis denotedas Cs,;. The setof messages robot r is currently receivingis denotedasCr,.
The function that determineswhen a communication messages sert is provided in the controller

de nition given below in Section 3.4.3.

3.4.3 Controller

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

The action function

Act(x; m;c;a) = Pr(Al = ajX!=x;M/ = m;Cr! = ¢ (3.4)

givesthe probability that a robot r will executeaction a provided it is receiving obsenation x,
has an internal state value of m, and is receiving communication message<r.

When executed, the actions in the action function will changethe state of the world. Each
robot also has another set of independert actions, called competency actions that are potentially
executedin the event no actions in the action function are executed. Competency actions do
not changethe state of the world when executedand are primarily usedfor actions sud aslocal
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navigation, obstacle avoidance, or serwing to a designatedtarget. It is important to note that
since competency actions cannot changethe state of the world, they alone are not important in
the consideration of correct or incorrect task execution. Any action that can changethe state of
the world is, by de nition, not a competency action and should therefore be presen in the action
function. Abstractly, a robot will execute competency actions by default with actions from the

action function supersedingwhen appropriate.

The internal state transition function

| State(x; m; ¢;m% = Pr(M!*t = mIX! = x;M! = m) (3.5)

provides a robot r's internal state value at time t + 1 giventhat at time t it received obsenation

x and its internal state value was m.

The communication function

Comm(x; ¢) = Pr(Cst*! = ¢X! = x) (3.6)

provides the communication messagdransmitted by arobot r at time t + 1 giventhat at time t

it received the obsenation x.

All the cortroller designsdiscussedin this dissertation sharethe samehigh-level design. Fig-
ure 3.3 provides the high-level cortroller design and shows the order in which the controller
considersinternal state transitions, sendingand receiving of communication messagesand action

selection.

The entries in the internal state, communication, and action functions are represenied as an
orderedset and are evaluated sequettially. The rst activated ertry is executedand no others are
evaluated. In the evert no ertries in the action function are activated, the desired competency
actions may be executedby default.
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(1) procedure Execute_Controller()
2) m mp
3) repeat forever

4) X current obsenation

(5) o communications being received

(6) if 9mY(I State(x; m; ¢ ;m%) > 0) then

7 m  mCwith prob. | State(x; m; ¢, ;m9
(8) endif

9) if 9c(Comm(x; c) > 0) then

(10) send communication ¢ with prob. Comm(Xx; c)
(12) endif

(12) if 9a(Act(x; m; ¢, ;a) > 0) then

(13) execute action a with prob. Act(x; m; ¢ ;a)
(14) else

(14) execute desired competency actions

(14) endif

(15) endrepeat
(16) end procedure Execute_Controller

Figure 3.3: High-level robot cortroller shared by all cortrollers preseried 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, somedo not use internal
state, others do not use communication, and somedo not useeither. 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-Rob ot System Controller Taxonomy

Given the de nition of a robot controller from Section 3.4.3, it is useful and conveniert to tax-
onomize MRS based on characteristics of the controller ead robot executes. Controllers are

taxonomized basedon the following three characteristics:

1) Deterministic or probabilistic action selection (D Act or P Act)
2) Capable of maintaining persistert internal state or stateless(I S or Nol S)

3) Capable of inter-robot communication or hon-commnunicative (Comm or N oComm).

32



DAct-NolS-NoComm ==+ =+ =+ =+ = = DAct-NolS-Comm

: :

DAct-IS-NoComm = =k DAct-IS-Comm

T T
I I
¥ ¥

I
|
|
|
|
i
|
|
PAct-IS-NoComm - =-=p PAct-IS-Comm :
|
|
h 4

. | |

PAct-NolS-NoComm ===+ === = PAct-NolS-Comm

Figure 3.4: Diagram of the multi-rob ot systemscortroller taxonomy with the arrows represerting
the ways in which the synthesis methods preserted 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-NolS-NoComm. The label for a MRS composed of
non-communicativ e robots utilizing probabilistic action sectionwhich maintain persistert internal

state would be PAct-IS-NoComm.

The taxonomy axesare in no way meart to be complete in the sensethat they can precisely
describe and characterize all unique MRS. Rather, the axes are de ned in such a way as to
provide a useful characterization of the cortroller classesof MRS discussedin the remainder of
this dissertation. Chapter 4.2 presens systematic synthesisproceduresto automatically construct
MRS cortrollers sampledfrom this taxonomy.
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3.5.1 Deterministic vs. Probabilistic Action Selection

The rst 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, asde ned in Section 3.4.3, is deterministic if

8x8m8cBa(Act(x; m; c;a) = 0_ Act(x; m;c;a) = 1)): 3.7)

A probabilistic action function is one for which

8x8m8cBa(Act(x; m;c;a) ! [0;1]): (3.8)

3.5.2 Main tenance of Persistent Internal State vs. Stateless

The secondaxis of the taxonomy is whether the individual robots independertly maintain persis-
tent internal state. As describedin Section3.4.1,internal state is a temporally persistert memory

that can be modi ed by the robot over time and is usedin control decisions.

3.5.3 Comm unicativ e vs. Non-Comm unicativ e

The third axis of the taxonomy is whether the robots are able to explicitly communicate with eath
other. As describedin Section3.4.2,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 de ned the framework which serwes as the formal foundation for our MRS
design methodology. Necessaryde nitions 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.

Procedurescan now be designedto systematically reasonwithin the corntext of this formalism
to analyze and synthesize MRS controllers in a principled fashion. A set of such principled
cortroller analysisand synthesis methods represert the core of this dissertation and are preseried

in the next Chapter, in Sections4.1 and 4.2, respectively.
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Chapter 4

Principled Multi-Rob ot System Controller Design

This chapter preserts the core of the principled MRS cortroller design methodology { the con-
troller analysis and synthesis methods, which share a common formal foundation, as presened
in Chapter 3. This sharedfoundation allows closeintegration of these methods and represents a

novel controller designapproad.

Formal Definitions: Formal Understanding
of Coordinated MRS

World, Task, Robots

Automated Controller Synthesis
Hahat
[ Synthesis |

e

[ Coordinated MRS ]

Figure 4.1: Diagram of principled multi-rob ot systems cortroller design methodology with the
role of analysis highlighted.
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This chapter is organizedasfollows. A probabilistic microscopicmethod of analysisis described

in Section4.1 and a suite of systematic controller synthesis methods are described in Section4.2.

4.1 Controller Analysis

This section outlines the role of analysisin the cortroller designprocessand details an analysis
method using a probabilistic microscopic modeling approach. Figure 4.1 shavs how analysis ts

into the principled corntroller designmethodology. Analysis takesasinput a cortroller, asde ned
in Section 3.4.3, provided by cortroller synthesis methods and outputs the predicted system
performance of that controller design. As the gure demonstrates,due to the formal framework
shared by analysis and synthesis, as well as their integrated nature, an iterated synthesis and

analysis processis undertaken to optimize the nal cortroller design.

4.1.1 Role of Analysis in the Controller Design Pro cess

The designof an e ectiv e task-directed MRS is often di cult becausetypically there is a lack of
an accurate understanding of the relationship betweendi erent designoptions and resulting task
performance. In the common trial-and-error design process,the designerconstructs a MRS and
tries it out in either simulation or on physical robots. Either way, this processis resource-irtensive
as it requires much eort and time to evaluate many possible designs. Ideally, the designer
should be equipped with an analytical tool for the principled evaluation of potential designs.
Sud an analytical tool would allow fast and e cien t evaluation of di erent design options and
thus facilitate more e ective MRS through the principled design processthat includes e ectiv e
optimization with respect to desired performance metrics.

Usedindependertly, analysiscanbe usedaspredictivetoolsto understand the expectedsystem
performanceof a given design. It provides a meansto determine where and why a given design
fails or doesnot reach acceptableperformanceon a given task. This understanding can be used
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to provide formal reasonsfor the use and limitations of di erent possible designs. Usedin an
integrated manner with the controller synthesis methods preserted in Section 4.2, analysis plays
animportant role in the synthesisof optimized MRS. Analysis sharesa commonformal framework
with the synthesismethods, and, assud, they can be usedto improve the designprocesshy aiding
in decisionsrelated to the appropriate use of internal state or inter-robot communication and
their trade-o s with resulting systemtask performance. A design methodology utilizing uni ed

cortroller synthesis and analysis methods allows for a more systematic, e cien t, and complete

exploration of the designspace,thereby leading to more e ectiv e designsolutions.

4.1.2 Probabilistic  Microscopic Mo del

This section describes a probabilistic microsmpic modeling approach of analysis that is usedin
the controller design methodology. The approac is prokabilistic in that the robots are modeled
as parallel processe®perating in a common environment that is modeled as a seriesof stochas-
tic events. The approach is micros@pic, as opposedto macrosmpic, in that individual robots
are modeled as separate processesand the outcome of the model is a result of the interactions
amongrobots and betweenthe robots and the world. In related work on probabilistic microscopic
modeling, the work of ljspeert et al. [36] and Martinoli et al. [52] provided de nitions and exam-
ples on the use of probabilistic microscopic modeling approachesas applied to stick-pulling and

aggregationdomains, respectively, as discussedin Chapter 2.

Alternativ e modeling approacesinclude macrosmpic models [49], which treat the group of
robots as an indivisible whole without decomposingit into individual robots. In such approaches
the system-lewel behavior is directly derived without consideration of speci ¢ robot interactions.
When available, macroscopicmodeling approachesare very useful; however, they are frequertly
computationally complexand fail to capture important local and dynamic interactions amongthe
robots. As was discussedin Section 1.4, understanding the interactions among robots is key to
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understanding MRS designis related to resulting task performance. For this reason,a microscopic

modeling approac is deemedmost suitable and is utilized in this dissertation.

4.1.3 Mo del De nition

An overview of the probabilistic microscopic model usedin this dissertation is detailed in Fig-
ure 4.2. This method, asimplemented in the deterministic procedureProkabilistic_Micr os@pic_Model,
takesasinput a world W, atask T, and a set of robots R. All robots in R executeidentical con-
trollers consisting of an action function Act, an internal state transition function | State, and a

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

At a high-level, the procedure operatesby performing independen Monte Carlo trials of the
task T. A singletask trial continuesuntil the task is successfullycompletedor until an anincorrect
action occursand the task terminates unsuccessfully Through repeatedtask trials, the probability

of correct task execution is determined.

The procedure begins by initializing two courters, count_correct and count_incorrect, that
represen the number of correctly and incorrectly executedtask trials, respectively. The remainder

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

Each individual task trial beginsby initializing the internal state valuesof all robots and then
initializes the world state s to be the starting state u_startt of the task T to be executed. Next,
a loop (lines 7-32) is entered that is repeated until either the world state becomesa terminal
state of task T, u_termt, 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 obsenation set drawn from the
weighted set of obsenations possiblein the current world state. The weight of obsenation x is
de ned by the obsenation function O(s;x). Next, in lines 9-13, using this obsenation the internal
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state transition function of ead robot is independertly evaluated and internal state transitions

are made if necessary

In lines 14-20, the communication function of ead robot is then independenly evaluated
and ead robot sendsany appropriate communication messageas de ned by the communication
function Comm. Each messagesert is received by all robots and placed in the set Cr, for eath
robot r. This set of received communication messagess clearedduring ead cycle of this loop so

the robots have no memory of past communication messageseceived.

Next, ead robot's action function is evaluated and an action is selectedand executed. As-
suming the current world state is s, for ead robot r's action a,; the world state is transitioned

accordingto the world state transition function P(s;a;;s9).

If the setof edgesfor task T, Et, contains an edgefrom the current world state, s, to the new
state, s, then the entire processrepeats and all robots are provided with a new obsenation. If,
however, the edgeis not in Et, then that meansthe actions executedby the robots resulted in
incorrect task executionasthis transition causeda deviation from the world state spacetra jectory
asde ned by the DAG for task T. In this caseof incorrect task execution, this trial is terminated
with a value of incorrect task execution. Alternativ ely, if the next world state is a member of the
set of terminal states for T, u_termt, then that meansthe task has been successfullyexecuted.
The current task trial is then terminated with a return value of correct task execution. Individual
task trials are executeduntil the changein the estimated probability of correct task execution

falls below somethreshold value .

4.1.4 Summary

This section preseried a probabilistic microscopic modeling approach for controller analysis. A
procedurewas preserted 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 preseried in the following sections
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(1) procedure Probabilistic ~Microscopic_Model(world W, task T, robots R)
2) count_correct O
3) count_incorrect O
4) repeat until (( count_correct (count_correct+ count_incorrect) < )
Initialize rolots
(5) 8r 2 R(m, io)
Initialize world

(6) s ustartr 2T

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

(8) X X, where x is a set of obsenations drawn from the weighted set de ned by O(s;x)
Each robot makes appropriate internal state transitions

9) for all robotsr 2 R do

(10) if 9m 2 M (I State(m;;x,;m) = 1) then

(112) my m

(12) endif

(13) endfor

Each robot sendsany appropriate communication messageshat
are then received by all robots

(14) 8r 2 R(Cr, fg)

(15) for all robotsr 2 R do

(16) if 9c2 C(Comm(x;c) = 1) then

a7 Cs, c s

(18) 8r2R(Cry Cry 0

(19) endif

(20) endfor
Ea@ robot executes any appropriate actions

(21) A ar2r @ 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; s9)

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

(23) if fs;newsg3 Et then

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

(26) endif

Transition the world state
27) S news

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

(28) if s2 u_termr 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_incor r ect))
(35) end procedure Probabilistic _Microscopic_Model

Figure 4.2: Probabilistic microscopicmodel algorithm for a set of robots R executinga task T in
aworld W.
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utilize the knowledgegained through the use of the probabilistic microscopic modeling approach
to iterativ ely improve the controller design.

In this method of analysis, the required number of task trials is dependert on many factors,
including the nature of the obsenation function O, the uncertainties in sensingand action, any
probabilistic componerts of the robot cortrollers, and the desiredaccuracy of the results. Due to
thesedomain speci c features, it is not reasonableto determine the number of task trials to run
a priori . Experimentally, task trials are performed until the changein the estimated probability

of correct task execution stabilizes.

4.2 Controller Synthesis

World, Task, Robots

Formal Definitions: Formal Understanding
of Coordinated MRS

Automated Controller Synthesis

—A-'rs is -
S~

[ Coordinated MRS ]

Figure 4.3: Diagram of principled multi-rob ot systems cortroller design methodology with the
role of synthesis highlighted.

This sectionintro ducesthe role of synthesisin the controller designprocessand details a suite
of systematic cortroller synthesis methods that use the formalism preserted in Chapter 3 in a
prescriptive fashion. Synthesis is the processof constructing a speci ¢ instance of a controller
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that meets design requiremerts such as achieving the desired level of task performance while
simultaneously satisfying any constraints imposedby limited robot capabilities.
Each of the preserted synthesismethods builds a unique robot cortroller that utilizes adi erent

combination of cortrol featuresfrom the following set:
- deterministic or probabilistic action selection
- the maintenance of internal state or stateless
- the useof inter-robot communication or non-commnunicative

Figure 4.3 shows the role of synthesis within the principled cortroller designmethodology.

4.2.1 Role of Synthesis in the Controller Design Pro cess

Typically, robot cortrollers are synthesizedby hand, relying on the expert knowledge of the de-
signer and an intimate understanding of how the robots will interact with ead other and with
the world during task execution. The approach presened in this dissertation is novel in that it
represens systematic and automated cortroller synthesis methods. The designer'sresponsibility
is reducedto de ning the task domain using the formal framework preserted in Section 3, infor-
mation a hand-designedsystem inherertly requires as well. Using this formal de nition of the
task domain, the synthesis methods automatically produce a completerobot cortroller that may
be executedby all robots in the MRS to achieve task-directed system-lewel coordination.

The synthesis methods preserted in this sectionare speci ¢ to MRS, asde ned in Section 3.4,
performing acyclic tasks of the type de ned in Section 3.3. Even given the constraints on the
types of systemsimposed by these de nitions, there are many more unique synthesis methods
than those preseried in this dissertation. However, the preserted methods represen a limited
but important sampling of the spaceof possibilities and provide a meansto study the formal
synthesis of a range of MRS using a variety of common robot coordination and cortrol features,
such as probabilistic action selection,the maintenance of persistert internal state, and the use of
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inter-robot communication. It should be noted that this work doesnot considercontrollers which
useboth internal state and communication. Controllers that could useboth would indeed be more
expressie and powerful; however, the study of cortrollers which use only one or neither of the
two still provide much spacefor the formal investigation of the usesand limitations of internal

state and communication in MRS.

Synthesis methods for four dierent cortrollers, as de ned by the taxonomy described in
Section 3.5, are preseried in the following sections. A synthesis method for DAct-NolS-NoComm
cortrollers is preserted in Section 4.2.2, a method for DAct-IS-NoComm cortrollers is preseried
in Section 4.2.3, a method for DAct-NolS-Comm cortrollers is preseried in Section4.2.4, and a

method for PAct-NolS-NoComm cortrollers is preseried in Section4.2.5.

4.2.2 Synthesis Metho d for Deterministic Action Selection, No Internal

State, No Comm unication Controllers (D Act-NolS-NoComm)

The rst, and simplest, synthesis method is for DAct-NolS-NoComm cortrollers, which have de-
terministic action functions (DAct) and are stateless(NolS) and non-comrmunicative (NoComm).
This section de nes and discussesa systematic method for the synthesis of DAct-NolS-NoComm

controllers.

Although DAct-NolS-NoComm cortrollers are quite simple, they represen a useful class of
cortrollers to study. Through a formal understanding of the limitations of sudh controllers in
achieving system-le\el coordinated behavior, one can more fully understand and appreciate the
bene ts of additional cortrol features,sudc asinternal state or communication, aswill be discussed
in later sections. Furthermore, the DAct-NolS-NoComm cortroller servesas a foundation upon
which the controller synthesis methods presenied in the following sectionsare built.

Unencumbered by the needto de ne an action probability values,an internal state transition

function, or a communication function, the DAct-NolS-NoComm synthesis method only requires
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(1) procedure Synthesize DAct-NolS-NoComm_Controller(w orld W, task T, robot r)

Initialization
(2) forallx2X,;m;m°2 M, do
(3) | State(m; x; m9 = 0;
(4)  endfor

(5) forall x 2 X;;c2 C; do
(6) Comm(x;c) = 0;
(7)  endfor
(8) forall x2 X,;m2 M,;c2C;;a2 A, do
(9) Act(x; m;c;a) = 0;
(10) endfor
Construct the action function
(11) forall fu;vg2 E1;x2 X ;a2 A (O(u;x) > 0™ P(u;a;v) > 0) do
(12)  Act(x; ;fg;a) =1,
(13) endfor
(14) end procedure Synthesize DAct-NolS-NoComm_Controller

Figure 4.4: Procedurefor synthesizing a DAct-NolS-NoComm cortroller for a robot r to execute
atask T in aworld W.

the straight-forward processof de ning the deterministic action function Act. The action func-
tion de nition is simply a direct mapping of obsenations to actions, information that can be
extracted from the formal de nitions of the world and task. The procedure SynthesizeDAct-
NolS-NoComm._Controller showvn in Figure 4.4 provides a systematic procedurefor the synthesis

of DAct-NolS-NoComm cortrollers.

There are two high-level stepsto this procedure: 1) initialize the cortroller as a blank slate,

and 2) construct the cortroller action function by appropriately mapping obsenations 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 ead internal state transition, commu-
nication, and action to zerofor all circumstances. After this stage,the cortroller is a blank slate
with no chanceof any internal state transitions, communications, or actions being executed.
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4.2.2.2 Constructing the Action Function

In lines 11-13in Figure 4.4, for eat fu; vg 2 Er, the synthesisprocedureaddsa rule to the action
function of the form Act(x; ;fg ;a) = 1 such that x is obsenablein u and P(u;a;v) > 0. As a
DAct-NolS-NoComm cortroller is statelessand non-communicative, the internal state valuesand

received communication messagesn the action function are set to \don't care", represerned as

4.2.2.3 Discussion

Section 4.2.2 introduced a method for the synthesis of DAct-NolS-NoComm cortrollers. The
synthesis method has a complexity of O(E+ AX ), where Et is the set of edgesin the task T's
DAG, A, is the set of all actions executableby a robot r, and X, is the set of obsenations that
can be made by a robot r. It is important to note that this method scaleswith the number of
statesin the task not the number of statesin the world.

A primary point of failure for DAct-NolS-NoComm controllers is in situations involving per-
ceptual aliasing. Perceptual aliasing is the condition in which some obsenation x can be made
in two dierent task statess; and s;. As long as there doesnot exist someaction a in which x
and a are correct for s; but not for s;, then there are no problems. If sud a situation doesexist,
then the action a will be appropriately executedin s; but may be incorrectly executedin s;. The
probability of correct task executionin sud situations is dependert on the relative probabilities
of observingx in s; and observing an obsenation z in s;, where z and someaction b are correct
for s;. It is in sud situations that persistert internal state or inter-robot communication can, in
many cases,be usedto increasethe probability of correct task execution{ a feature exploited in
the synthesis methods preseried in the following sections.

The DAct-NolS-NoComm synthesis method does not guarantee an optimal probability of
correct task execution. The method maps all obsenations and actions that have any chance of
being correct for a giventask state. Other options exists, for example,onemay decideto only add
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to the action function the obsenation and action pairs that have a probability of being correct
greater than somevalue , or only the obsenation and action pair with the absolute highest
probability of being correct. Such modi cations that remove potentially correct obsenation and
action pairs will likely result in increasedtimes to task completion but could result in a higher
overall probability of correct task execution as obsenations and actions prone to uncertainties
could be ignored. This is primarily a trade-o betweenrobustnessand time e ciency that the

designerwill needto make with respect to the desired system performance.

4.2.3 Synthesis Metho d for Deterministic Action Selection, Internal

State, No Comm unication Controllers (D Act-1IS-NoComm)

This section preseris a systematic method for the synthesis of DAct-IS-NoComm cortrollers,
which have deterministic action functions (DAct), maintain persistert internal state (IS), and
are non-communicative (NoComm). Using the DAct-NolS-NoComm cortroller as a foundation,
which Section 4.2.2 describes how to synthesize, the synthesis method in this section augmerts
it with the use of internal state in order to improve task performance. A discussionon the

DAct-IS-NoComm synthesis method in Section4.2.3.5.

There are four high-level stepsin the synthesis procedure: 1) synthesize a baseline DAct-
NolS-NoComm cortroller in line 2, 2) initialize relevant variablesin line 3, 3) introduce internal
state to addressinstances of perceptual aliasing in lines 5-9, and 4), in lines 9-14, introduce
internal state at task branchesto allow robots to distinguish betweendi erent task tra jectories.
The full synthesis method is given by the procedureBuild _DAct-IS-NoComm_Controller showvn in
Figure 4.5.
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(1)  procedure Build _DAct-IS-NoComm _Controller()
Step 1: Synthesizea baseline DAct-NolS-NoComm controller
2) Build _DAct-NolS-NoComm _Controller();

Step 2: For each task state, identify the paired observations and actions used
in the DAct-NolS-NoComm action function

?3) Xa(si) = ff Xo;a00;:::; fXn; angg where for eat fx;;aig 9m(Act(x; m; fg;a) > 0);

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

Step 3: Identify usesof internal state to deal with observations involved
in perceptual aliasing

(5) for all si;s; 2 pwhere ((i < j) " 9x9a(fx;ag 2 Xa(sj) ™ O(si;x) > 0~ fx; ag 3 Xa(si))
(6) Z = fz9;21;:;zng wherefor all z 2 Z,

Osk(i< k< (j +1)NO(sk;zi)>0"9s, 2 p(a i” O(sa;zi) > 0);
) use Probabilistic _M icr oscopic.M odel to pick a zi 2 Z to useto transition

the internal state to a novel value that maximizes the probabilit y of
correct task execution up to state s;;

(8) project changesforward for | State and Act functions to re ect this internal
state transition;
9) endfor

Step 4: Identify branchesin the task de nition and insert an internal
state transition to distinguish the internal state values across branches

(10) for all s; 2 p where the out degreeof s; > 1 do
(12) Z = fzo;21:2zag Where for all zi 2 Z(O(Si+1;zi) > 0" @a(a< si+1 » O(sa;zi) > 0));
(12) use Probabilistic _M icr oscopic.M odel to pick a z 2 Z to useto transition

the internal state to a novel value that maximizes the probabilit y of
correct task execution up to state s;;

(13) project changesforward for | State and Act functions to re ect this internal
state transition;
(14) endfor

(15) endfor

(16) end procedure Build _DAct-1IS-NoComm _Controller

Figure 4.5: Procedurefor synthesizing a DAct-IS-NoComm cortroller for a robot r to executea

task T.
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4.2.3.1 Synthesizing a Baseline DAct-NolS-NoComm  Controller

The DAct-IS-NoComm controller synthesis method usesa DAct-NolS-NoComm cortroller as a
starting point. The synthesismethod for DAct-NolS-NoComm cortrollers was presened in Chap-
ter 4.2.2 by the function SynthesizeDAct-NolS-NoComm_Controller shawvn in Figure 4.4. In the
remaining three steps, we integrate an internal state transition function into the baseline DAct-

NolS-NoComm cortroller to improve system-leel coordination.

4.2.3.2 Initializing Variables

In line 3, the variable X ,(s;) is initialized. This variable is a set of obsenations and actions
pairs, fx; ag, for which there is a rule in the DAct-NolS-NoComm cortroller action of the form
Act(x; m; fg;a) = 1, for someinternal state valuem. The obsenation and action pairs constituting

Xa(si) are de ned 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 de nition constituting correct task execution { all trajectories through the task DAG from
u_startt to all u_terms.

Lines 5-9 of Figure 4.5 identify troublesomenstancesof perceptual aliasing that may occur in
the states of path p. An instance of perceptual aliasing is troublesomeif the obsenation x, given
sometask state s; and someaction a, fx;ag 2 X4(sj), but there also exists another task state,
s; 2 p, wherefx; ag 3 Xa(si). This meansthat the obsenation x is mapped to the execution of
an action that is meart to be performed in task state s;, but this obsenation can also occur in
task state s; that should not be mapped to the sameaction.

There may also be other instancesof perceptual aliasing that are not troublesome. In suc
cases,an obsenation can be made in multiple task states, but this obsenation is not mapped to
an action in the action function and is therefore of no impact on the performanceof the task.
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In order to distinguish betweendi erent occurrencesof an obsenation x that is the causeof
a troublesome caseof perceptual aliasing, an internal state transition is intro duced betweenthe
instances of its obsenation. Therefore, eat obsenation of x will occur when the robot has a
di er ent internal state value and the action function can be arrangedto perform di erent actions

upon the obsenations of x.

An internal state transition is introduced through the identi cation of an obsenation that,
during task execution, will occur betweenthe multiple obsenations of x. A newrule is then added
to the internal state transition function that usesthis selectedobsenation to causea changein
the robot's internal state value. In many cases,there is more than one such obsenation that
can be usedto transition the internal state value. To selectthe most appropriate obsenation for
ead candidate obsenation, the action and internal state transition functions can temporarily be
modi ed. Thesemodi ed functions constituting the robot cortroller can then be evaluated using
the probabilistic microscopic modeling approach preseried in Section 4.1.2. The internal state
transition that results in the cortroller giving the highest probability of correct task execution is

then permanernly introducedto the robot cortroller.

4.2.3.4 Internal State and Task Branc hes

Lines 10-14in Figure 4.5 identify task statesfor which the task trajectory could possibly branch
to atask state not in p. In order to maintain consistencyin the controller acrossthesebranchesin
the task, it is necessaryto introduce an internal state transition immediately after the branch. To
do this, an obsenation is identi ed in the task state immediately after the branch. The internal
state transition function is updated in order to usethis obsenation to transition the internal state

value to a new value.

The resulting cortroller will have an internal state transition immediately after eac branch in
the task that is inherently usedto identify which branch was taken during task execution. This
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prevents incorrect task execution from occurring through perceptual aliasing acrossdi erent task

branchessince eat branch is uniquely identied through this internal state value.

4.2.3.5 Discussion

It should be claried that although reasoningwith specic task statesis usedin the synthesis
procedure, the resulting action and internal state transition functions do not perform any explicit
reasoning of underlying speci c states. The robots are not directly provided with information
on the current task state, which is the causeof perceptual aliasing and a reasonwhy the use of
internal state is useful to increasethe probability of correct task execution.

The DAct-IS-NoComm synthesis method represerts only oneway in which internal state can
be usedin arobot cortroller. There are certainly other ways, including oneswhich maintain more
of a direct represertation of the world state or task progress. However, the method by which
internal state is usedin this DAct-IS-NoComm synthesis method can improve task performance
in many situations and provides a concretetechnique for the use of internal state that allows for
principled MRS synthesis and analysis.

This section described how the useof internal state can be usedto improve task performance.

The next section intro ducesthe use of inter-robot communication to improve task performance.

4.2.4 Synthesis Metho d for Deterministic Action Selection, No Internal

State, Comm unication Controllers (D Act-NolS-Comm)

This sectionpresens a systematic method for the synthesisof DAct-NolS-Comm cortrollers, which
have deterministic action selection(DAct), are stateless(NolS), and have the capability of inter-
robot communication (Comm). Using the DAct- NolS-NoComm cortroller asa foundation, which
Section4.2.2 describeshow to synthesize,the DAct-NolS-Comm synthesis method in this section
will augmert it with the useof inter-robot communication in order to improve task performance.
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The synthesis method also includes a graph coloring approach usedto minimize the number of

unigue communication messagesequired.

There are four high-level stepsin the synthesis process:1) synthesize a baseline DAct-NolS-
NoComm cortroller, 2) identify situations in which communication canbe usedto better facilitate
coordination, 3) assignspeci ¢ communication messageso ead of thesesituations using a graph
coloring approach, and 4) appropriately augmert the action and communication functions pro-
vided by the baselineDAct-NolS-NoComm cortroller. The full synthesis processis given by the

procedure Build_DAct-NolS-Comm_Controller shawvn in Figure 4.6.

4.2.4.1 Synthesizing a Baseline DAct-NolS-NoComm  Controller

A DA-NolS-NoComm cortroller, which is simply a stateless,non-commnunicativ e controller, serves
asa baselinecontroller that is augmerted with communication to synthesizea DAct-NolS-Comm
cortroller. The processof synthesizing a DAct-NolS-NoComm cortroller is given by the procedure

Build _DAct-NolS-NoComm_Controller, shaovn at the top of Figure 4.6.

Sud a baseline DAct-NolS-NoComm controller leavesroom for error if x and a are correct
for sometask state s; but there exists another task state s; where x and a are not correct
and O(sj;x) > 0. In sudh situations, an MRS composed of robots with DAct-NolS-NoComm
cortrollers cannot enforce the action sequencenecessaryfor correct task execution. This is a
common problem with purely reactive controllers [15] in task domainswith temporal constraints.
In the DAct-NolS-Comm synthesis steps that follow, the use of communication is incorporated
to improve coordination in these situations. Due to sensingand action uncertainty, the addition
of communication cannot guarantee correct task execution, but it can be usedto increase the
probability of correct task execution.
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(1) procedure Build _DAct-NolS-Comm _Controller(w orld W, task T, robot r)

@)

®)
4)
(5)
(6)
@)
8)
9)
(10)
(11)
(12)
(13)
(14)
(15)
(16)
an

(19)

(20)
(21)
(22)
(23)
(24)
(25)
(26)
(27)
(28)
(29)

Step 1: Synthesizea baseline DAct-NolS-NoComm controller
Build _DAct-NolS-NoComm _Controller();

Step 2: Identify situations in which communication can be used to improve
task performance
for all si 2 Vr do
Xe(si) = fg;
for all x s.t. O(sj ;é) > 0" @k(sk 6 si ™ O(sk;x) > 0) do
Xe(si) = Xe(si)  x;
endfor
Xa(si) = fg;
for all x s.t. O(si;>§ > 0" 9a(Act(x; ;fg;a) > 0™ P(si;a;si+1) > 0) do
Xa(si): Xa(si) X3
endfor
if Xa(si) Xc(si) then
Xm(si) = fg;
else
Xm(si) = Xe(si);
endif
endfor

Step 3: Assign speci ¢ communication messageso each of these situations
using a graph coloring approac
Assigned_Comm Graph _Color( 8s; 2VTfpickx 2 Xm(s));

Step 4: Appropriately augment the action and communication functions provided
by the baseline DAct-NolS-NoComm controller
for all s; 2 Vr do
c=fg;
for all x 2 Xm (si) do
Comm(x; Assigned_Comm(x)) = 1;
endfor
for all x 2 Xa(si);a2 A s.t. (Act(x; ;fg;a) = 1) do
Act(x; ;fg;a) = 0;
Act(x; ;fcg;a) = 1,
endfor
endfor

(30) end procedure Build _DAct-NolS-Comm _Controller

Figure 4.6: Procedurefor synthesizing a DAct-NolS-Comm cortroller for a robot r to executea
task T in aworld W.
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4.2.4.2 ldentifying Uses of Comm unication

Next, a set of obsenations is de ned that will serve as the basis of the DAct-NolS-Comm con-
troller's communication function. For ead task state s; 2 V¢, a set of obsenations X(sj) is
de ned (Figure 4.6, lines 3-6), ead of which can only occur in state s;. Also de ned is X,(s;),
a set of obsenations such that, for eadh x 2 X,(s;i), 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 obsenationsin X (sj) arealsoin X (s;), then a controller directly mapping obsenations
to actions required for this task state is su cien t and improvemerts to the DAct-NolS-NoComm
cortroller regarding this task state are not necessary If, however, there exists an obsenation in
Xa(si) that is not inX¢(s;i), then perceptual aliasing with regardsto this obsenation is possible
and could result in incorrect task execution. In this case,the obsenations in the set X ;(s;) canbe
usedto uniquely identify state s; and overcomethe perceptual aliasing issue. Lines 12-16perform
this evaluation and place the set of obsenations that can be usedto uniquely identify task state
s; in the set X, (s;), if any are required.

If 9si;s; 2 Vr sudh that f8x(O(si;x) > 0)g  8x(O(sj;x) > 0)g, then the state s; is
fundamentally unobsenable. In sudc a situation, one cannot guarantee that a MRS composed
of robots executing a DAct-NolS-Comm cortroller will correctly execute the task, even in the

absenceof sensingand action uncertainty.

4.2.4.3 Graph-Coloring  Approac h to the Assignmen t of Specic Comm unication

Messages

The previous step identi ed obsenations, cortained in the set X , (s;) for ead task state s;, that
may be usedto disambiguate the underlying task state when necessary In this step, for ead task
state s; the best obsenation is chosenfrom X, (sj) and mapped to a communication message.
The best obsenation from ead set is chosenthrough constructing a temporary communication
function mapping eat obsenation individually to a communication messageand updating the
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action function appropriately. This cortroller is then evaluated using the probabilistic microscopic
model preseried in Section4.1.2. Each obsenation is evaluated in this manner and the one that
results in the maximum probability of correct task execution is chosen. This processis repeated
for eadh task state and resulting in a set of obsenations that are to be mapped to communication
messagesn the communication function.

The simplest mapping for all of these obsenations is to assigna speci ¢, unique communica-
tion messagdo ead obsenation. However, in many MRS communication bandwidth canbe quite
limited, such asin a MRS composedof underwater vehiclesor in MRS in which communication
is through through meanssud asthe releaseof chemical or light signals. In such casesit is ad-
vantageousto minimize the number of bits transferedin eadh communication message.The more
uniqgue communication messagesequired, the more bits of information in each communication
messagemust cortain in order to uniquely identify eath message.

Therefore, to minimize the actual number of unigue communication messagesieeded,a graph
coloring approach is used. Graph coloring is not used to minimize the numkber of instances in
which communication is used,which is decidedby the processin 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 approac is desirablein many
domains to reduce the number of unique messagesequired, but it is not absolutely required as
the direct assignmen of unique messageso ead necessaryobsenation is acceptable.

The problem of assigningunique communication messages$o a given set of obsenations O =

8s 2v; I Xm(Si)g can be reduced to a graph coloring problem as follows. First, a graph G,
consisting of a set of vertexesVg and a set of edgesEg, both initially empty, is created. Next,
a vertex is added to Vs for each obsenation in O.;. Then, edgesare addedto Eg betweeneadh
pair of vertexesin Vg for which the assaiated obsenations interfere with eadt other. The test
for interference between two obsenations x; and x; is given by the function | (x;;x;) 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 assignedto a vertex in Vg correspondsto a speci ¢ communication messageassignedto the
obsenation represeried by that vertex. The function Assigned_Comm(x) as usedin Figure 4.6

returns the communication messageassignedto the obsenation x asa result of the graph coloring

process.
8
% 1, if 952 Vi (O(s;xi) > 04 O(s;x;) > O);
1, if 9su;sv 2 Vr9x 2 Xa(sv)(O(su;X) > 07 Xj 2 Xm(Sv) ™ O(Su;Xi) > 0);
F(xiix;) = (4.1)
% 1, if 9su;sv 2 Vr9x 2 Xa(sv)(O(su;X) > 02 Xi 2 Xm(sv) » O(su;Xj) > 0);

0; otherwise.

4.2.4.4 Constructing the Action and Comm unication Functions

The DAct-NolS-Comm cortroller is synthesized by augmerting the DAct-NolS-NoComm con-
troller synthesizedin Step 1. This is accomplishedby adding the communication function and
appropriately modifying the action function such that an action is not executedunlessall neces-
sary communications are being simultaneously received.

Through the graph coloring approac presered in Step 3, a speci ¢ communication message
wasassignedo ead obsenation in the set X, (s;) for each s; 2 V. The controller communication
function is constructed (Figure 4.6, lines 22-24)by adding a communication rule for all x 2 X, (s;)
for all s; 2 V¢ of the form Comm(x; Assigned_.Comm(x)) = 1, where Assigned_Comm(x) is the
speci ¢ communication messageassignedto the obsenation x in Step 3. Such a communication
rule will causethe robot to sendthe communication Assigned_ Comm(x) every time the obser-
vation x is made. The action function is modi ed (Figure 4.6, lines 25-29) so that for ead rule
of the action function, Act(x; ;fg;a) = 1, wherex and a are correct for a state s; is modied to
becomeAct(x; ;fc g;a) = 1, wherec; is the set of specic communication messagesnapped in
Step 3 to the obsenations in X, (s;). All probabilities not explicitly declaredfor the cortroller
are 0.
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4.2.45 Discussion

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

simultaneously before actions can be performed.

A part of this issuestemsfrom the fact that DAct-NolS-Comm cortrollers are stateless. Using
communication aloneto executea task that has branchesin its de nition is not e ectiv e as the
robots have no memory of which branch of the task was taken. If the actions that needto be
performed are conditioned on some past action, then statelessrobots will have no knowledge
of this past action. Allowing the robots to retain someform of non-transient internal state or

represenation would likely improve the system performancein a number of respects.

However, from the perspective of identifying and understanding the fundamental requiremerts
of coordination, MRS composedof stateless,communicativ e robots are very informativ e. By iso-
lating the use of communication, analysis of sudh MRS provides a meansto better understand
when and why communication is able to facilitate coordination and whenit is insu cien t. Knowl-
edge of the limitations of communication helps identify when and why the integration of other
cortroller features, such asinternal state, becomesnecessary
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4.2.5 Synthesis Metho d for Probabilistic Action Selection, No Internal

State, No Comm unication Controllers (P Act-NolS-NoComm)

This section preseris a genetic algorithm-based method for the synthesis of PAct-NolS-NoComm
cortrollers, which have probabilistic action selection(PAct), are stateless(NolS), and lack the ca-
pability for inter-robot communication (NoComm). Using the DAct-NolS-NoComm cortroller as
a foundation, which Section4.2.2 describeshow to synthesize,the PAct-NolS-NoComm synthesis
method preserted in this sectionmodi es the DAct-NolS-NoComm action function by transform-

ing it from a deterministic to a probabilistic function.

Intro ducing a probabilistic action function can help to achieve a higher probability of correct
task execution over the deterministic DAct-NolS-NoComm controller. Let us assumethat ob-
senation x; and action a; are correct for sometask state s; and that obsenation x; and action
g are correct for someother task state s;. In this case,the action function of the DAct-NolS-
NoComm cortroller would contain Act(x;; ;fg;a) = 1 and Act(x;; ;fg;a) = 1. Howewer, if
O(sj;xi) > 0 then there is a perceptual aliasing issue and the cortroller may execute an in-
correct action becausethe action a; could potentially be incorrectly executedin task state s; .
However, by intro ducing a probabilistic action function one could reducethe impact of the per-
ceptual aliasing problem and achieve a higher probability of correct task execution. Returning to
the above example, let us assumethat O(s;;X;) is equalto O(s;;X;). If this is the case,then if
Act(x;; ;fg;a) >> Act(xi; ;fg;a) then the probability that action & will be correctly executed

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

The PAct-NolS-NoComm cortroller synthesis method preserted in this Section utilizes a ge-
netic algorithm (GA) approach. A GA approach was chosen becauseanalytically determining
the optimal probabilities for eac elemen of the action function is a highly non-linear problem
as many of the elemeris are not independert. An analytical solution is intractable and doesnot
scalewell with the size of the action function. The GA approadc doesnot guarantee an optimal
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solution, but is capableof synthesizing a PAct-NolS-NoComm cortroller with a higher probability

of correct task execution over the baselineDAct-NolS-NoComm cortroller.

4.25.1 Genetic Algorithm-Based Synthesis Metho d

There are three high-level stepsin the synthesis procedure: 1) synthesizea baselineDAct-NolS-
NoComm cortroller, 2) initialize the population of chromosomesrepreserting potential solutions,
and 3) iterativ ely ewolve the population through various meansof selectionto seart for an im-
provedsolution. The PAct-NolS-NoComm synthesismethod is given by the procedureBuild _PAct-
NolS-NoComm.Controller shown in Figure 4.7.

The following Sectionsde ne the chromosomeamaking up the population, how a chromosome's

tness is ewvaluated, and how the population is selectedfrom one generationto the next.

4.25.2 Chromosome Encoding and the Population

A chromosomeholds valuesfor eat of the variable parameters of the problem domain. As sudh,
ead chromosomerepreserts a potential problem solution. A chromosome'sencaling is what
ead of these values represerts. In the PAct-NolS-NoComm synthesis problem domain, eadh
chromosomehas a set of real-valued numbersin the range (0; 1]. Each of these valuesrepresers
the probability value for one elemen of the action function. The set of probabilities encaded by
ead chromosomeis denoted by E = fep; e1;::; €,0, where n is the number of non-zero elemers
in the DAct-NolS-NoComm action function.

The GA approad iterativ ely operateson a set of chromosomes,called the population, which

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

4.2.5.3 Evaluating Chromosome Fitness

Since each chromosomeencades the probability valuesfor ead elemen of the controller action
function, the appropriate metric of evaluating a chromosome's tness is the expected probability
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(1) procedure Build _PAct-NolS-NoComm _Controller(task T, robot r)
Step 1: Synthesizea baseline DAct-NolS-NoComm controller
2) Build _DAct-NolS-NoComm _Controller()

Step 2: Initialize Population

® P=fg
4) for i = 1ltopopulation size do
(5) ¢ new chromosome with random probabilities for eac action function elemert;

(6) Calculaée the tness of ¢;
©) P=P fcg;
(8) endfor

Step 3: Iteratively Evolve Population
9) repeat number _iter ations times
(10) Calculate the tness of all elemerts of P;

Step 3a: Selection through Elitism
(12) Elite  setof top elite _percentage% of the most t chromosomesin P;
(12) P fEliteg;

Step 3b: Selection through Mutation

(13) repeat (mutation _percentage population _size) times
(14) ¢ random chromosomedrawn from Elite;
(15) P P fMutate(c)g;

(16) end repeat mutation _percentage times

Step 3c: Selection through Crossover

17) repeat (crossover_percentage population _size) times
(18) ca random chromosomedrawn from Elite;

(19) Cph ragdom chromosome drawn from Elite;

(20) P P fCrossover(ca;cn)0;

(21) end repeat (crossover percentage population _size) times
(22) end repeat number _iter ations times
(23) end procedure Build _PAct-NolS-NoComm _Controller

Figure 4.7: Procedurefor synthesizing a PAct-NolS-NoComm cortroller for a robot r to execute
atask T.
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of correct task execution to be achieved by a MRS executing the controller with the probability
valuesencaled by the chromosome. The higher the probability, the higher the tness.

This synthesismethod is usedin an integrated mannerwith the probabilistic microscopicmod-
eling approac preseried in Section 4.1.2. When a chromosome's thess needsto be evaluated,
the action function of the baselineDAct-NolS-NoComm cortroller is augmerted with the proba-
bilit y valuesencaded by the chromosome. This PAct-NolS-NoComm cortroller is then evaluated
using the probabilistic microscopic model and the tness of the chromosomeis assignedas the

probability of correct task execution as returned by the model.

4.25.4 Selection Through Elitism, Mutation, and Crossover

The population of chromosomess contin ually evolvedthrough the iterativ e execution of the repeat
loop in lines 9-22 of Figure 4.7. In ead iteration, the population from the previous generationis
usedto generatea new population of chromosomes. This new population is generatedby three

standard means: elitism, mutation, and crosswer.

Elitism  The rst method of generating the new population is through an elitist processof
selectingthe chromosomeswith the highest tness from the previous generationand adding them
to the next generation population. The chromosomesin the top elite_percentagepercertile of the
previous generation population are selected. This elitist method is usefulin that it is a standard

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

Mutation The secondmethod of generating the new population is through mutation, another
standard GA selectiontechnique. A percertage of mutation_percentage of the previously chosen
elite chromosomesare randomly chosento undergomutation. A chromosomeselectedfor mutation
is rst copied so that the original chromosome remains in the population. Then the copied
chromosomewill have one of its elemers set to a random value. That is, a randomly chosen
action probability value will be changedto a new random value.
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Crossover The third method of selectionis through crosswer, by which crossoverpercentage
percert of the newpopulation is generated. In crosswer two chromosomesg, and ¢, are randomly
selectedfrom the elite chromosomes.Next, a random position in the set of elemens making up
the chromosomesis selected. A new chromosomeis addedto the population that asthe elemers
from c, from the beginning to the randomly selectedpoint and has the elemeris from ¢, from

immediately after the randomly selectedpoint 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 assignmei of probabilities to ead action in the action function is a highly
non-linear problem. Through the use of a genetic algorithm approadh, this section has preserted

a tractable method for the assignmen of action probabilities.

The use of probabilistic action selectionto improve the probability of correct task execution
can do so at the expenseof the amount of time required to complete the task. By making some
actions occur with decreasedprobability in order to decreasethe likelihood of incorrect task
executionin a given task state can causethe execution of that action in the correct task state to
takelonger. In sometask domainswith many instancesof perceptual aliasing, the increasein time
to task completion can be substartial as somenecessaryactions may have very small activation

probabilities.

As the casestudiesin the following chapter demonstrate, with the simple intro duction of prob-
abilistic action functions, a MRS canachieve improved performanceover robots with deterministic
action functions.
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4.2.6 Summary

This chapter haspreserted the core of this dissertation's principled cortroller designmethodology:
an integrated suite of systematic cortroller synthesismethods and a probabilistic microscopicMRS
modeling approach.

The synthesis methods provide a meansto 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 maintenanceof persistert internal state, the useof inter-robot communication. The
probabilistic microscopic modeling approach provides an e ectiv e method to analytically predict
the performance of a given cortroller to direct the synthesis methods toward a more e ectiv e
design.

The next chapter applies the cortroller design methodology to two di erent task domains,
construction and multi-foraging. Up to this point, the controller analysis and synthesis methods
haveintentionally not beenspeci c to a particular task or task domain. The casestudiespreserted
next cast the formalism of the controller design methodology into specic task domains and
demonstrate how the formalism can be applied to pragmatically construct a set of working robot

controllers for thesetasks.
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Chapter 5

Case Studies: Applying the Design Metho dology

Formal Definitions:
World, Task, Robots

Automated Controller Synthesis
Rabot
s i~

| [Analysis )
]

o

Figure 5.1: Diagram of principled multi-rob ot systems cortroller design methodology with the
role of a successfullydesignedsystem highlighted.

This chapter applies the developed controller design methodology to two dierent task do-
mains: 1) a multi-rob ot construction , and 2) task allocation in multi-foraging. Thus far, the
formalism, cortroller analysis,and cortroller synthesismethods have beentask-independert. This
chapter demonstrateshow to cast speci ¢ task domainsinto the formal de nitions and apply the
analysis and synthesis methods to the design of task-speci ¢ cortrollers.
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Figure 5.2: The sequenceof brick con gurations composingthe task statesfor Construction Task
1. The task start state, u_startt is on the far left and the terminal task state, u_termr, is labeled
with brick colors,denotedby the letter R G B, Y, C or Bl 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 eat task and cortroller design, results are provided
from simulation experiments, analytical results from the probabilistic microscopic modeling ap-
proach preseried in Section 4.1, and where available, empirical validation from physical robot

demonstrations.

It should be noted that dueto sensingand action uncertainty there canrarely be a guarantee of
correct task execution; however, through the use of the presenied corntroller design methodology
one can aim to synthesize cortrollers that maximize the probability of correct task execution.
This capability is demonstrated through the design of a number of controllers in this chapter.
The cortrollers achieve di erent levels of performance, and it is through these di erences that
the advantagesand disadvantagesof cortrollers with di erent features,suc asthe useof internal
state, communication, or probabilistic action selection,becomesapparen.

The multi-rob ot construction task domain and task allocation in the multi-foraging task do-
main were chosenbecausethey represen two distinctly di erent typesof tasks. The construction
task domain is static in that it consistsof discrete actions executedindependertly by individual
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Figure 5.3: The brick con gurations composing the directed acyclic graph de ning Construction
Task 2. The start state, u_startr, is to the far left and the two terminal task statesin 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 tasksin this domain can, in principle, be executedby a singlerobot but with multiple
robots the task e ciency can be greatly increased. The use of multiple robots, however, requires
the consideration of spatiotemporal coordination among the robots, as discussedin Chapter 1.
As opposedto the construction domain, task allocation in the multi-foraging domain is much
more dynamic and requirestight coordination among all robots in order to successfullyexecute
the task. The task-independent nature of the design methodology is demonstrated through its

application to thesetwo di erent domains.

The remainder of this chapter is organizedasfollows. Section5.1 preseris the application of the
designmethodology to the construction task domain. The application of the designmethodology
to task allocation in the multi-foraging task domainis presenied in Section5.2. Finally, Section5.3
provides a summary with an overview of the application of the cortroller designmethodology to
both of thesetask domains.
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Figure 5.4: This gure highlights an perceptual aliasing examplein the rst part of Construction
Task 1, asoriginally shown in Figure 5.2. The obsenation <FLUSHB R>is circled in the rst three
task states. It is only in the third task state that this obsenation should activate the action <R
FLUSHLEFT B R> To correctly executethe task, the occurrencesof this obsenation in the rst

two task states should not activate a brick placemen action. This issuecan be resolved through
the useof internal state or communication in the robot controller. The useof probabilistic action
section alone can reducethe probability this issuewill causethe task to be incorrectly executed.

Figure 5.5: Snapshotsof the multi-rob ot construction task domain simulation ervironment.

5.1 Multi-Rob ot Construction Task Domain

The construction task domain requiresthe spatiotemporally coordinated placemer of a seriesof
cubic colored bricks into a planar structure. A formal de nition of the construction task domain
is provided in Section5.1.2. For all examplesusedin 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 seedstructure, which consistsof a small number of initially
placed bricks forming the starting state of the construction process. The nal structure is built
through the addition of single bricks at a time placedindividually by a robot. Bricks may not be
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Figure 5.6: Snapshotsof the physical robots usedin the multi-rob ot construction task domain.

removed once added to the structure and sub-asserblies may be not independertly 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. Thesetwo construction tasks were speci cally
designedin order to demonstrate the strengths and weaknesse®f the di erent cortrollers. Con-
struction Task 1 is de ned as a linear construction sequenceand contains many occurrencesof
perceptual aliasing. This task was chosento demonstrate the approach eac controller synthesis
method takesin dealing with instancesof perceptual aliasing. Construction Task 2 also contains
instancesof perceptual aliasing, but it was speci cally chosento demonstrate the application of
the controller synthesis methods to a task with branches. The synthesized cortrollers for these
two tasks demonstrate the strengths and weaknesse®f ead corntroller synthesis method and the

resulting cortrollers.

The remainder of this sectionis organizedasfollows. Section5.1.1describesthe simulation and
physical robot experimental setup. Section5.1.2formally caststhe multi-rob ot construction task
domain into the formalism presered in Chapter 3. The controller designmethodology is applied to
two tasksin the construction domain in Section5.1.3and synthesizedDAct-NolS-NoComm, DAct-
IS-NoComm, DAct-NolS-Comm, and PAct-NolS-NoComm cortrollers are presened for ead task.
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Figure 5.7: Example obsenations and actions in the construction domain. (top left) Robot in
position to make obsenation <FLUSHR B> (top right) Immediately after the robot performs
action <G RIGHTFLUSHR B> (bottom left) Robot in position to make obsenation <CORNER
B> (bottom right) Immediately after the robot performs action <G CORNER B>,

A discussionof the application of the design methodology to the multi-rob ot construction task

domain is provided in Section5.1.3.3.

5.1.1 Exp erimental Setup

This section describesthe simulation and physical robot testbedsusedin 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 di erential drive, a forward-facing
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Task 1 DAct-NolS-NoComm
Action Function

ACI(<FLUSHR B>, , fg, <G RIGHTFLUSHR B>) = 1
ACt(<CORNEFRG B>, , fg, <Y CORNER B>) = 1
ACt(<FLUSHB R>, , fg, <R LEFTFLUSHB R>) = 1
ACt(<CORNER R>, , fg, <G CORNEB R>) = 1
ACt(<FLUSHR G>, , fg, <C LEFTFLUSHR G>) = 1
ACt(<FLUSHB G>, , fg, <Y LEFTFLUSHB G>) = 1
ACt(<CORNERR C>, , fg, <G CORNER C>) = 1
ACt(<FLUSHY B>, , fg, <B LEFTFLUSHY B>) = 1
ACt(<CORNER G>, , fg, <Bl CORNER G>) = 1
ACt(<CORNER' B>, , fg, <C CORNER B>) = 1

Table 5.1: Deterministic action selection, stateless, and non-commnunicative cortroller (DAct-
NolS-NoComm) action function for Construction Task 1, asshown in Figure 5.2. All probabilities
not shown are 0.

180-degreescanning laser range nder, and a pan-tilt-zo om color camerawith a 100-degreeeld-
of-view and a color blob detection system. The robots usedin the simulation trials do not have
the color cameraand to replicate its function of identifying the colors of bricks, they usethe laser
range nder asa ducial detector. In simulation, ead brick color has a unique ducial ID that is

readableby the laserrange nder.

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

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

The physical Pioneer robots used did not have the capability to independertly manipulate
bricks as require for the task. Consequetly, their simulations did not either. To addressthis
issuein simulation, when a robot wants to executea brick placemen action, it commandsthe
simulator to place a brick of a given color at a given location relative to the robot's current pose.
In the physical robot experimerts, the appropriate brick is manually placed by the experimenter
in responseto 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 performanceover 300 simulation trials and predicted
performance provided by the probabilistic microscopic model. The probability of correct task
execution given for eat task state is the probability the task was correctly executedup to and
including the action performed in that task state. The overall task performanceis equivalent to
the probability of correct task execution at the last task state.
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Task 1 DAct-1IS-NoComm
Action and Internal State Transition Functions

Act(<FLUSHR B>, m, fg, <GRIGHTFLUSHR B>) =1
Act(<CORNERG B>, m, fg, <Y CORNEBB>) = 1
Act(<FLUSHB R>, m, fg, <RLEFTFLUSHB R>) =1
Act(<CORNER R>, m, fg, <GCORNER R>) = 1
Act(<FLUSHR G>, m, fg, <CLEFTFLUSHR G>) =1
Act(<FLUSHB G>, m, fg, <Y LEFTFLUSHB G>) =1
Act(<CORNER C>, m, fg, <GCORNER C>) =1
Act(<FLUSHY B>, m, fg, <B LEFTFLUSHY B>) =1
ACt(<CORNERR G>, m, fg, <Bl CORNER G>) = 1
Act(<CORNEFR B>, ny, fg, <CCORNER B>) =1

IState(m o, <FLUSHGY>, m) =1
IState(m 1, <FLUSHGR> m) =1
IState(m 2, <CORNER C>, m)
IState(m 3, <CORNER Y>, m)
IState(m 4, <FLUSHGC>, m) =1
IState(m 5, <CORNER B>, m
IState(m s, <FLUSHBI G>, m

1

1
[EEY

) =1
) =1

Table 5.2: Deterministic action selection, persistert internal state, non-commnunicative controller
(DAct-IS-NoComm) action and internal state transition functions for Construction Task 1, as
shown in Figure 5.2. mg;my;::;;mg 2 M. The robots' initial internal state value was mg. All
probabilities not shown are 0.

5.1.1.2 Simulation Trials

Extensive useof simulation trials wasmadeto validate the synthesizedcortrollers. The simulation
trials were performed using Player and Gazelo. Player [29] is a serer that connectsrobots,
sensors,and control programs over a network. Gazelo [41] simulates a set of Player devicesin
a 3-D physically-realistic world with full dynamics. Together, the two represen a high- delit y
simulation tool for individual robots and teamsthat hasbeenvalidated on a collection of physical
robot experiments using Player corntrol programs transferred directly to physical Pioneer 2DX
mobile robots. Figure 5.5 showvs somesnapshotsof the simulation experimental setup.

For all simulation experimental results in the construction task domain, 300 task trials were
performed. All trails beganwith the task T seedstructure, task state u_starty, in place and
the 8 robots randomly positioned around the ervironment. A simulation run terminated when
either of the following conditions occurred: 1) a task terminal state (u_terms) was achieved,
which signi es the task was successfullycompleted, or 2) an incorrect action was performed. If
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Task 1 DAct-NolS-Comm
Action and Communication Functions

Act(<FLUSHR B>, , fg, <GRIGHTFLUSHR B>) =1
ACt(<CORNERG B>, , fg, <Y CORNEB B>) = 1
Act(<FLUSHB R>, , fcog, <RLEFTFLUSHB R>) = 1
Act(<CORNER R>, , fg, <GCORNER R>) =1
Act(<FLUSHR G>, , fcig, <CLEFTFLUSHR G>) = 1
Act(<FLUSHB G>, , fczg, <Y LEFTFLUSHB G>) =1
Act(<CORNER C>, , fcz3g, <GCORNER C>) = 1
Act(<FLUSHY B>, , fcsg, <B LEFTFLUSHY B>) =1
Act(<CORNEMR G>, , fcig, <Bl CORNER G>) = 1
Act(<CORNEFR B>, , fcsg, <CCORNER B>) = 1

Comm(<FLUSH B>, ¢co) =1
Comm(<FLUSBI G>, c1)
Comm(<FLUSBI Y>, ci)
Comm(<FLUSE G>, cp) =
Comm(<FLUSH G>, c3)
Comm(<FLUSEH C>, c4)
Comm(<FLUSBI G>, c5) =1

|
T I

Table 5.3: Deterministic action selection, stateless,and communicative controller (DAct-NolS-
Comm) communication function for Construction Task 1, asshowvn in Figure 5.2. cg; ¢1;::5;¢5 2 C.
All probabilities not shawvn are 0.

termination condition 1 occurs, the experiment was deemedsuccessfulas the task was correctly
executed. If termination condition 2 occurs, the experiment was deemeda failure asthe task was
not successfullyexecuted. The probability of overall correct task execution was calculated as the

percertage of task trials resulting in correct task execution.

5.1.1.3 Real-Rob ot 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 experimernts, the initial state of
the world in the physical robot trials consistsof the seedstructure and all robots were located
in random starting positions. The termination conditions are the same as those described for
simulation experiments in Section5.1.1.2. Figure 5.6 shavs somesnapshotsof the physical robot
experimental setup.
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Task 1 PAct-NolS-NoComm
Action Function

ACt(<FLUSHR B>, , fg, <G RIGHTFLUSHR B>) = 0.8529
ACt(<CORNEFRG B>, , fg, <Y CORNER B>) = 0.8161
ACt(<FLUSHB R>, , fg, <R LEFTFLUSHB R>) = 0.4937
ACl(<CORNER R>, , fg, <G CORNER R>) = 0.9802
ACt(<FLUSHR G>, , fg, <C LEFTFLUSHR G>) = 0.1882
ACt(<FLUSHB G>, , fg, <Y LEFTFLUSHB G>) = 0.3733
ACl(<CORNER C>, , fg, <G CORNER C>) = 0.1076
ACt(<FLUSHY B>, , fg, <B LEFTFLUSHY B>) = 0.1152
ACt(<CORNER G>, , fg, <Bl CORNER G>) = 0.1312
ACl(<CORNER' B>, , fg, <C CORNER B>) = 0.1075

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

Predicted Probabilit y Experimental Probabilit y

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

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

It is emphasizedthat the physical robot trials were performed in order to show that the
cortroller designmethodology is not merely an abstract conceptbut rather it successfullycaptures
the di cult issuesnvolvedin real-world embodied MRS, thus providing a groundedand pragmatic

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

5.1.2 Formal De nitions

In order to ground the construction task in the formal framework preseried in Section 3, the
world, task de nitions, and robot obsenations and actions for this domain are de ned in the
following sections.
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Task 2 DAct-NolS-NoComm
Action Function

ACt(<CORNER G>, , fg, <B CORNER G>) = 1
Act(<FLUSHR B>, , fg, <GRIGHTFLUSHR B>) = 1
Act(<FLUSHB G>, , fg, <Y LEFTFLUSHB G>) = 1
ACt(<CORNERB Y>, , fg, <RCORNER Y>) = 1
Act(<FLUSHR Y>, , fg, <BLEFTFLUSHRY>) =1
Act(<FLUSHB R>, , fg, <Y RIGHTFLUSHB R>) = 1
Act(<FLUSHG Y>, , fg, <RRIGHTFLUSHG Y>) = 1
Act(<FLUSHG R>, , fg, <CLEFTFLUSHGR>) = 1
Act(<CORNERG C>, , fg, <BlI CORNERB C>) =1

Table 5.6: Deterministic action selection, stateless, and non-commnunicative cortroller (DAct-
NolS-NoComm) action function for Construction Task 2, asshown in Figure 5.3. All probabilities
not shown are 0.

5.1.2.1 World

The world state is composedas the speci ¢ relative spatial con gurations and colors of all bricks
in the world. The internal state valuesor absolute spatial positions of the robots are not part of
the world state.

As with any task, the de nition and information contained in the world state can take many
forms. In the de nition used for this domain, the absolute robot positions are not part of the
world state becausethe structure to be built is not constrained to absolute spatial positions in
the world but is de ned as the relative spatial con guration of bricks. This notion of relative
brick positions is captured in the de nition of robot brick placemen actions described below. If
desired, one could de ne this task di erently soasto include robot positions in the world state

with modi cations to the mannerin which robot brick placemen actions are de ned.

5.1.2.2 Task

As described in Section 3.3, a task is de ned as a set of world states and world state transitions
represerted by a directed acyclic graph (DAG) with the nodesrepreseriing world states and the
edgesrepresening actions to transition the world state in the appropriate way. Therefore, in
the construction task domain, a task DAG consistsof a set of brick con gurations for the nodes
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Task 2 DAct-IS-NoComm

Action and Internal State Transition Functions

Act(<CORNER G>, my, fg,

<B CORNER G>) = 1

Act(<FLUSHR B>, my, fg,

<G RIGHTFLUSHR B>) = 1

Act(<FLUSHB G>, m, fg,

<Y LEFTFLUSHB G>) = 1

Act(<CORNER Y>, m, fg,

<R CORNER Y>) = 1

Act(<FLUSHR Y>, m, fg,

<B LEFTFLUSHR Y>) = 1

Act(<FLUSHB R>, m, fg,

<Y RIGHTFLUSHB R>) = 1

Act(<FLUSHG Y>, m, fg,

<R RIGHTFLUSHG Y>) = 1

Act(<FLUSHG R>, m, fg,

<CLEFTFLUSHGR>) = 1

Act(<FLUSHG B>, m, fg,

<Y CORNEB B>) = 1

Act(<CORNER5 C>, m, fg,

<Bl CORNEB C>) =1

Act(<FLUSHB G>, my, fg,

<Y LEFTFLUSHB G>) = 1

Act(<CORNER Y>, m, fg,

<RCORNER Y>) =1

Act(<FLUSHR B>, m, fg,

<G RIGHTFLUSHR B>) =1

Act(<FLUSHR Y>, m, fg,

<B LEFTFLUSHR Y>) = 1

Act(<FLUSHB R>, m, fg,

<Y RIGHTFLUSHB R>) = 1

Act(<FLUSHG Y>, my, fg,

<R RIGHTFLUSHG Y>) = 1

Act(<FLUSHG R>, m, fg,

<CLEFTFLUSHGR>) = 1

Act(<FLUSHB R>, m0, fg, <Y RIGHTFLUSHB R>) =1

ACt(<CORNERG C>, m1, fg, <Bl CORNER C>) = 1

IState(m 9, <CORNER B>, m) =1
IState(m 1, <CORNER B>, m) =1
IState(m 1, <FLUSHRY> m) =1
IState(m 3, <FLUSHC R> m) =1
IState(m 4, <FLUSHGY> m) =1
IState(m o, <FLUSHY G> m) =1
IState(m ¢, <FLUSHB R>, m) =1
IState(m 7, <CORNER B>, m) =1
IState(m g, <CORNER B>, m) =1
IState(m g, <FLUSHC R>, mQ) =1
IState(m 10, <FLUSHG Y> m1) =1

Table 5.7: Deterministic action selection, persistert internal state, and non-comrunicative con-
troller (DAct-IS-NoComm) action and internal state transition functions for Construction Task
2, asshown in Figure 5.3. mg;my;::;;m;12 M. The robots' initial internal state value was my.
All probabilities not shawvn are 0.
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Task 2 DAct-NolS-Comm
Action and Communication Functions

Act(<CORNER G>,

, fg, <B CORNER G>) = 1

ACt(<FLUSHR B>,

., fg, <GRIGHTFLUSHR B>) = 1

ACt(<FLUSHR B>,

, fc20, <GRIGHTFLUSHR B>) =1

ACt(<FLUSHB G>,

, fCog, <Y LEFTFLUSHB G>) = 1

ACt(<FLUSHB G>,

. fg, <Y LEFTFLUSHB G>) = 1

ACt(<CORNERB Y>,

_ fg, <R CORNERB Y>) = 1

ACt(<FLUSHR Y>,

_ fg, <BLEFTFLUSHR Y>) = 1

ACt(<FLUSHB R>,

., fg, <Y RIGHTFLUSHB R>) = 1

ACt(<FLUSHG Y>,

., fg, <RRIGHTFLUSHG Y>) = 1

ACt(<FLUSHG R>,

, fco, €29, <CLEFTFLUSHGR>) =1

ACt(<FLUSHB R>,

, fcog, <Y RIGHTFLUSHB R>) =1

ACt(<CORNERG C>,

, fcig, <Bl CORNEB C>) = 1

Comm(<CORNERB>, cp) =1
Comm(<CORNRRB>, c1) =1
Comm(<FLUSBIR>, ¢c;) =1
Comm(<FLUSBEIR>, ¢co) =1
Comm(<FLUSBE Y>, ¢;) =1

Table 5.8: Deterministic action selection, stateless,and communicative controller (DAct-NolS-
Comm) action and internal state transition functions for Construction Task 2, as showvn in Fig-

ure 5.3. ¢p; €15 ;11 2 C. All probabilities not shown are 0.

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

con guration of bricks) to the next structure in the construction task.

Abstractly, a construction task is a set of acceptableconstruction sequenceghat encale re-
quired spatiotemporal building constraints. For example, a construction task with the goal of
building a four-walled enclosuremay be de ned as\build the North wall, then the South wall,

then the West wall, and nally the East wall" or \build the East wall, then the South wall, then

the West wall, then the North wall".

5.1.2.3 Observ ations

Obsenations in the construction domain are made up of the spatial con guration and color

of bricks in the eld-of-view of the robot's laser range nder and color camera and within an

appropriate range and bearing.




Task 2 PAct-NolS-NoComm
Action Function

ACt(<CORNER G>, , fg, <B CORNER G>) = 0.893
Act(<FLUSHR B>, , fg, <G RIGHTFLUSHR B>) = 0.119
Act(<FLUSHB G>, , fg, <Y LEFTFLUSHB G>) = 0.9221
ACt(<CORNER Y>, , fg, <R CORNER Y>) = 0.780
Act(<FLUSHR Y>, , fg, <B LEFTFLUSHR Y>) = 0.033
Act(<FLUSHG Y>, , fg, <R RIGHTFLUSHG Y>) = 0.889
Act(<FLUSHG R>, , fg, <C LEFTFLUSHG R>) = 0.002
Act(<FLUSHB R>, , fg, <Y RIGHTFLUSHB R>) = 0.003
Act(<CORNER: C>, , fg, <Bl CORNER C>) = 0.917

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

Two categoriesof obsenations can be made.

1) The rst is two adjacen, aligned bricks. A situation in which such an obsenation is

madeis shown in Figure 5.7 and is denoted as <FLUSHR B>

2) The secondis two adjacert 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 B>

It is emphasizedthat the obsenations <FLUSHR B>and <FLUSHB R>constitute two di erent
obsenations in which the spatial relationship betweenthe Red and Blue bricks are switched. A
similar point holds for the obsenations <CORNER B>and <CORNER R>

In the simulation ervironment there is uncertainty in the robots' obsenations. The uncer-
tainty is in interpreting the spatial relationship betweenthe locally obsened bricks. There is no
uncertainty in determining the color of all local bricks. For all FLUSHbbsenations there is some
probability of seeingthem as CORNE®bsenations, and vice versa. The probabilities are: given
a FLUSHbbsenation, for example, <FLUSHR B>, the probability a robot will misinterpret it asa
CORNEdbsenation, in this case<CORNER B> is 11.5%. Likewise,given a CORNEdbsenation,
for example, <CORNER B>, the probability a robot will misinterpret it asa FLUSHbsenation,
in this caseFLUSHR B>, is 1%. These probabilities of obsenation uncertainty were determined
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empirically through separatesimulation trials. The probabilistic microscopic modeling approach

preseried in Chapter 4.1.2 usesthese probabilities for obsenation uncertainties.

5.1.2.4 Actions

There are three categoriesof actions eat robot can perform, ead involving the placemen of a

brick.

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

demonstrated in Figure 5.7 and is denoted as <G RIGHTFLUSHR B>

2) The secondis identical to the rst exceptthat the brick is placed on the left side of a

pair of adjacert, aligned bricks. This action is denoted as <G LEFT FLUSHR B>

3) The third is the placemert 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 R>

In the simulation ervironment there is uncertainty in brick placemen actions. The uncertainty
is characterized by the following probabilities. For all LEFT FLUSHaind RIGHTFLUSHactions, the
probability of the action succeedingis 98.5%. The probability of successfor all CORNE&tions
is 78%. These probabilities of action uncertainty were empirically determined through separate
simulation trials. As with the obsenation undertainties, these probability valuesfor actions are
used by the probabilistic microscopic modeling approach preseried in Chapter 4.1.2.

The competency actions for the construction task domain include low-level actions such as
performing local navigation and obstacleavoidance. Sincethe 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 a ect 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 interveneand executea brick

placemen action.

5.1.3 Results

This sectiondetails experimental results from the application of the cortroller designmethodology

to the tasks shown in Figures 5.2 and 5.3.

5.1.3.1 Construction Task 1

The rst construction task consideredis pictured in Figure 5.2. Each brick con guration in the
gure represens a state in V¢ and the arrows represert the edgesin E1. As the gure shaws,
the task is composedof a linear sequenceof 11 states (i.e., brick con gurations). The start state,
u_starty, is on the upper left and, following a linear sequenceof states, the single terminal state,
u_termr, is shown on the lower right. This rst task is a simple linear task; therefore, the robots
must follow this linear tra jectory from u_starty to u_termy through the world state spacein order

to correctly executethe task.

From the perspective of the robots, which can only sensethe local periphery of the structure
at any point in time, this construction task posesa number of di culties involving perceptual
aliasing. For example, as illustrated in Figure 5.4, the obsenation <FLUSHB R>occurs in the
rst three states of the task, but only in the third state should this obsenation activate a brick
placemen action by the robot, in this case<R FLUSHLEFT B R> There are multiple other per-
ceptual aliasing instancesin this task de nition, including the obsenation of <FLUSHB G>in
the fth and six task states where only the later instance of this obsenation should activate a
<Y FLUSHLEFT B G>action. This form of perceptual aliasing can directly impact task perfor-
mance becausethe same obsenation can be made in more than one task state, but only in a
subsetof those states should a brick placemen action be performed.
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Another instance of perceptual aliasing can be seenin the obsenation of <FLUSHG Y>in
all but the rst two task states. This particular instance does not impact the cortroller design
becausein no instance should this obsenation activate a brick placemern action. More generally,
an obsenation that should activate the same action in all of its occurrencesis of little concern
during cortroller design.

It is the situation where the sameobsenation should activate di er ent actions in its various
occurrencesthat is a causeof concern. To appropriately deal with this later form of perceptual
aliasing, cortrollers canintelligently useinternal state, inter-rob ot communication, or probabilistic
action selection, as demonstrated in the DAct-IS-NoComm, DAct-NolS-Comm, and PAct-NolS-
NoComm cortrollers, respectively, preseried below.

DAct-NolS-NoComm  Controller Design

The DAct-NolS-NoComm controller synthesismethod describedin Section4.2.2is now applied
to Construction Task 1. A DAct-NolS-NoComm controller is one that has deterministic action
selectionand is statelessand non-communicative. The resulting cortroller is showvn in Table 5.1.
This table shows the mapping from obsenations to actions constituting the cortroller action
function. The internal state transition function and communication function are not used and
will always return a value of 0.

Givenan obsenation, the controller cheds the action function to seewhich action is activated.
Each entry from the action function shown in Table 5.1 is evaluated in sequenceuntil an action
is activated. Once an active action is found, that action is executed.

This cortroller dictates, for example, whenewer a robot makesthe obsenation <FLUSHB R>
which is the obsenation of an adjacert blue and red brick, the robot will executethe action
<R LEFT FLUSHB R> which is the placemen of a red brick adjacert to the red brick in the
obsenation. As was previously stated, the obsenation of <FLUSHB R>occurs in eat of the
rst three task states, however, only in the third state should the action <R LEFT FLUSHB R>
be executed. With this DAct-NolS-NoComm cortroller there is no guarantee that this action
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will not be executedin one of the rst two task states resulting in incorrect task execution. It
is purely a matter of chance,in the rst task state for example, as to whether a robot will ob-
sene <FLUSHR B> before observing <FLUSHB R>and then therefore executethe correct action
<G RIGHTFLUSHB R>before the incorrect action <R LEFT FLUSHB R>is executed. A similar
situation occurs for all other instancesof perceptual aliasing in this task when using the deter-

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

Figure 5.8 shows the probability of correct task execution for a MRS with robots using this
cortroller performing Construction Task 1. The gure also provides the prediction made by
the probabilistic microscopic model. Sincethis cortroller doesnot have the ability to maintain
persistert internal state, to communicate with other robots, or the capability of probabilistic action
selection, errors intro ducedby perceptual aliasing are very prominent. As the gure shows, robots
executing this DAct-NolS-NoComm cortroller rarely successfullyperform 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 cortroller.
DAct-IS-NoComm  Controller Design

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

communicative.

Table 5.2 provides the cortroller action function, which is a mapping from obsenations and
internal state valuesto actions, and the controller internal state transition function, which is a

mapping from obsenations and internal state valuesto new internal state values.

The controller works asfollows. Regardingthe internal state transition function, when a robot
with an internal state value of mg, for example, makesthe obsenation <FLUSHG Y> the robot's
internal state value is transitioned to m;. Regarding the action function, when a robot with an
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internal state value of mg makesthe obsenation <FLUSHR B>the action <G RIGHTFLUSHR B>
is executed.

Recall that the DAct-NolS-NoComm controller for Construction Task 1 above was not able
to deal with instancesof perceptual aliasing, such asthe obsenation of <FLUSHB R>in the rst
three task states. The DAct-IS-NoComm cortroller, however, makesuse of internal state to deal
with this perceptual aliasing issue. As the action function shows, the action <R LEFT FLUSHB R>
will not be executedunlessthe obsenation <FLUSHB R>is made and the robot's internal state
value is mj.

All robots begintask executionwith an internal state value of mg, sono robot will executethe
action <R LEFT FLUSHB R>until after the transition from internal state value mg to m;. The
internal state transition function in Table 5.2 shows that this transition will not occur until the
obsenation <FLUSHG Y>is made.

Consulting the task de nition in Figure 5.3, this obsenation cannot be made until the third
task state, exactly the state in which the action <R LEFT FLUSHB R>shouldbe executed. Through
this medanism of preconditioning actions on obsenations and appropriately transitioned internal
state values, the perceptual aliasing issuesencourtered in the DAct-NolS-NoComm cortroller are
overcome.

The performance of the DAct-IS-NoComm cortroller is shown in Figure 5.8 along with the
prediction provided by the probabilistic microscopic model. As the gure shows, the addition of
internal state substartially improvesthe probability of correct task execution over the stateless
DAct-NolS-NoComm cortroller. Although, due to inherent uncertainty in sensingand action,
this cortroller doesnot always achieve correct task execution.

DAct-NolS-Comm  Controller Design

Applying the DAct-NolS-Comm synthesis method from Section 4.2.4 to Construction Task
1 results in the controller shown in Table 5.3. A DAct-NolS-Comm cortroller has deterministic
action selection, is stateless,and hasthe capability of inter-robot communication.
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Table 5.3 providesthe cortroller action function, which is the mapping from obsenations and
received communication messageso actions, and the controller communication function, which is
the mapping from obsenations to transmitted communication messagesThis cortroller will, for
example, transmit the communication messagecy upon receiving the obsenation <FLUSHY B>
and the action <R LEFT FLUSHB R>upon simultaneously receiving the obsenation <FLUSHB R>
and receiving the communication messagecy.

Recallthat the DAct-IS-NoComm controller preseried above dealt with the perceptual aliasing
issuecausedby the obsenation of <FLUSHB R>through the useof internal state. The DAct-NolS-
Comm controller dealswith this issuethrough the use of inter-robot communication. From the
inspection of the task de nition, the only task state in which the obsenation of both <FLUSHB R>
and <FLUSHY B>canbe madeis the third task state. By conditioning the execution of the correct
action in this state, <R LEFT FLUSHB R>to the obsenation of <FLUSHB R>and the receipt of
communication messagecy, which is transmitted only upon the obsenation of <FLUSHY B> this
perceptual aliasing issueis resolved. Other sud issuesin this task are dealt with in a similar
manner.

The performance of the DAct-NolS-Comm controller is showvn in Figure 5.8 next to the other
synthesized cortrollers and the predictions made by the probabilistic microscopicmodel. As the
gure shows, the useof inter-robot communication greatly improvesthe probabilit y of correct task
execution over the baseline DAct-NolS-NoComm cortroller and achieves similar performanceto
the DAct-IS-NoComm cortroller.

PAct-NolS-NoComm  Controller Design

Applying the PAct-NolS-NoComm synthesis method from Section4.2.5to Construction Task
1 producesthe cortroller shavn in Table5.4. A PAct-NolS-NoComm cortroller is onethat utilizes
probabilistic action selectionand is both statelessand non-communicative.

Table 5.4 shavsthe cortroller action function, which is a mapping from obsenations to actions.
Since the PAct-NolS-NoComm controller usesa probabilistic action function, ead entry in the

84



action function is provided with a probability value. This meansthat, for example,a robot that
receives the obsenation <FLUSHR B> will executethe action <G RIGHTFLUSHR B> 85.29% of
the time. Furthermore, sincethis cortroller is statelessand 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-NolS-Comm controllers dealt with the perceptual aliasing
issues, for example the case of the obsenation of <FLUSHB R> by the use of internal state
and communication, respectively. The PAct-NolS-NoComm controller usesprobabilistic action
selectionto deal with perceptual aliasing issues.By using relativ e di erences in probability values

for di erent actions, the impact of perceptual aliasing is reduced.

For example, upon receipt of obsenation <FLUSHB R> the brick placemen action
<R LEFT FLUSHB R>will only be executed 49.37% of the time. Howewer, the correct actions
for the rst two task states <FLUSHR B>and <CORNER B> are executedover 80% of the time
upon receipt of the appropriate obsenations. Even though <FLUSHB R>can be obsened in the
rst three task states, the relative di erences in action probability valueswill likely result in the
correct action being performed in ead of the rst two task states instead of the incorrect action

of <G CORNER R>

The performance of this DAct-NolS-Comm cortroller is shovn in Figure 5.8 along side data
for the other synthesizedcortrollers. The use of probabilistic action selectionimprovesthe prob-
ability of correct task execution over the baseline DAct-NolS-NoComm cortroller but, in this
task domain, doesnot reac the level of performance achieved by the DAct-IS-NoComm or the
DAct-NolS-Comm cortrollers.
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5.1.3.2 Construction Task 2

The secondconstruction task consideredis shown in Figure 5.3. Each brick con guration in the
gure represernts a state in V; and the arrows represen the edgesin Et. This secondconstruction

task has a number of branchesin the task de nition.

The start state, u_startr, is on the far left and the two statesto the far right are the terminal
states comprising u_termy. The arrows betweentask statesrepresert the edgesin Et. Any path
through this graph from u_startr to either of the two statesin u_termy represens correct task

execution.

The cortrollers resulting from the DAct-NolS-NoComm and DAct-IS-NoComm synthesismeth-
ods are provided below. Table 5.5 summarizesthe performanceof the cortrollers. Becauseof 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-NolS-NoComm  Controller Design

Applying the DAct-NoComm-NolS synthesis method to Construction Task 2 results in the
controller shavn in Table 5.6. Since a DAct-NolS-NoComm cortroller 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 shaw, the DAct-NolS-NoComm cortroller has a predicted and
actual probability of correct task execution of 0%. This is not surprising because,similar to
the rst construction task, there are many instancesof perceptual aliasing that the DAct-NolS-
NoComm cortroller is not capable of handling.
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Furthermore, this task contains branchesin the task de nition and correct actions are therefore
dependert on past actions. The DAct-NolS-NoComm cortroller is statelessand hasno medanism
by which to remenber past actions.

DAct-IS-NoComm  Controller Design

Applying the DAct-IS-NoComm synthesis method from Section4.2.3to Construction Task 2
resultsin the controller shown in Table5.7. This controller usesinternal state to aid in determining
the task state before executing an action involving an obsenation that occursin multiple task
states.

The task branchesafter the secondtask state and the branch taken dependson whether the
action <G RIGHTFLUSHR B>was executedor the action <Y LEFT FLUSHB G>was executed. In
the secondtask state, either of theseactions is correct, but future actions will needto depend on
which one was executedat this point.

In order to record which branch was taken, internal state is usedto mark the entrance into
a new task branch by using the presenceof an obsenation that is unique to ead of the task
statesimmediately after the branching occurs. For example, the obsenations <CORNER B>and
<FLUSHY G>are usedto transition the internal state value in order to record the branch taken
after the secondtask state. The value the internal state is transitioned to dependsupon which of
theseobsenations is made. This internal state transition marks the branch in the task de nition
taken and therefore determinesthe future actions the robot will needto execute.

DAct-NolS-Comm  Controller Design

Applying the DAct-NolS-Comm synthesis method from Section4.2.4to Construction Task 2
results in the cortroller shown in Table 5.8. As the results shaw, the DAct-NolS-Comm cortroller
performs better than the non-communicative DAct-NolS-NoComm cortroller but not as well as
the DAct-1IS-NoComm cortroller. The reasoningbehind this follows from the fact that the DAct-
NolS-Comm cortroller doesnot have the ability to remenber past events, a capability necessary
if the branch of the task is to be recorded.
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The communication capability doesimprove performanceover the baselineDAct-NolS-NoComm
cortroller becausethere are a number of instancesof perceptual aliasing throughout the task that
communication can help to disambiguate.

PAct-NolS-NoComm  Controller Design

Applying the PAct-NolS-NoComm synthesismethod from Section4.2.5to Construction Task?2
producesthe cortroller shovn in Table5.9. As with Construction Task 1, the PAct-NolS-NoComm
cortroller for Construction Task 2 performs better than the baseline deterministic DAct-NolS-
NoComm controller but not aswell asthe controllers using internal state or communication.

This task is particularly dicult for a probabilistic controller becausethere are seweral in-
stancesin which the sameaction must be performed, but at di erent points in the task execution,
depending on the branch of the task taken. Upon examination of the cortroller, it becomesclear
that the genetic algorithm approach addressedthis issueby converging on a cortroller that has
action probability valuesthat predisposeit to take a particular trajectory through the task de -
nition. For example,in the secondtask state, the task branchesdepending on whether the action
<Y LEFT FLUSHB G>or <G RIGHTFLUSHR B>is executed. The probabilistic cortroller synthe-
sizedmake it most likely that the former is executedby providing probability valuesto thesetwo
actions as 87.2%and 3.5%, respectively.

Although having a PAct-NolS-NoComm cortroller that is predisposedto take a particular
trajectory through the task de nition helpsin dealing with the issueof perceptual aliasing across
di erent branchesof the task, it alsosomewhatdefeatsthe purposeof having tasks with branches

asit essetially reducesthe task to a single linear trajectory.

5.1.3.3 Discussion

This section has applied the controller design methodology to a multi-rob ot construction task
domain. This domain requiresthe robots to spatiotemporally coordinate a seriesof brick place-
ments in order to build a given structure. Through the synthesis of four dierent controllers,
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it was shavn how the use of internal state, inter-robot communication, and probabilistic action
selectioncan be usedto facilitate improved MRS coordination.

The useof internal state in robot controllers providesimprovedtask performanceover stateless
cortrollers asit providesthe ability to record past task statesthat arerequiredin orderto correctly
perform future actions. This ability is particularly relevant in taskswith branches,asthey require
someactions to be conditioned on past everts.

The use of communication also improves task performance over the baseline DAct-NolS-
NoComm cortroller. Howevwer, the use of communication alone is lessbene cial in tasks with
branches, as the results for Construction Task 2 shov. Communication can aid in dealing with
perceptual aliasing issues,but it is not capableof incorporating past everts into action decisions.

The useof probabilistic action selectionalsoimprovestask performanceover the baselineDAct-
NolS-NoComm cortroller, but is not as e ectiv e as the use of internal state or communication.
Furthermore, the usefulnessof probabilistic action selectiondeclinesasthe number of perceptual

aliasing instancesthat must be dealt with increase.

5.2 Task Allo cation in Multi-foraging

This section appliesthe controller design methodology to the issueof task allocation in a multi-
foraging task domain. Task allocation is the processof assigningindividual robots to sub-tasks
of a given system-le\el task [28]. A traditional foraging task is de ned by having an individual
robot or group of robots collect objects from an environment and either consumethem on the spot
or return them to a common location [32]. Multi-foraging, a variation on traditional foraging,
consistsof an arena populated by multiple typesof objects to be concurrertly foraged[10], eath
of which may be of varying importance or require di erent robot capabilities to forage.
Assuming the object typesto be foraged are label as A, B, and C, and for eat object of
type A forageda large reward is returned, for eat object of type B foraged a moderate reward
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is returned, and for ead object of type C foraged a small reward is returned. If there are nite

objects of eath type and a nite number of robots engagedin foraging, an important question
arises: \How many robots should be foraging for eat object type in order to maximize the
reward?". This question is fundamertal in the study of multi-rob ot task allocation [28] and has

received considerableattention.

There is a secondquestion 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 lessattention and its understanding is fundamertal to producing useful multi-rob ot systems
capable of e ectiv ely allocation their resourcesto available tasks. It is this secondimportant
guestion that motivates the application of the controller design methodology preseried 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 caststhe multi-
foraging task domain into the formalism preseried in Section 3. Section 5.2.1 describes the
simulation setup. The cortroller designmethodology is then applied to this task domain and syn-
thesized DAct-NolS-NoComm cortrollers are presenied in Section5.2.3.1and DAct-IS-NoComm

cortrollers are presened in Section5.2.3.2.

5.2.1 Exp erimental Setup

The multi-foraging task domain consistsof a 40 robots foraging in an arenafor cylindrical pucks
classi ed into a nite number of discrete types. The arenais closedand is 729 square metersin
size. Puck typesare de ned by the color of the puck and task domain consideredin this section

consistsof the following puck types: Pred, Pcreen: Peiue s Pcyan, Py eliow , and Ppyr pie .

This sectiondescribesthe simulation testbed and the featuresof the simulated robots usedin
validation experimernts for the study of task allocation in the multi-foraging task domain.
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5.2.1.1 Robots

The robots usedin the simulation trials are similar to those described in Section 5.1.1.1. Each
puck to be foragedis marked with a ducial that identi es the object type, and ead robot is
equipped with a ducial that marks the active foraging state of the robot (e.g., what type of puck
that robot is currently foraging). Note that the ducials 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 engagedin
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 senseother robots is a

eld-of-view of 180-degreesut to a range of 12 meters.

The robots move in an enclosedarena and pick up encourtered pucks. When a robot picks
up a puck, the puck is consumed(i.e., it is immediately removed from the ervironment) and the
robot carries on foraging for other pucks. Immediately after a puck is consumed,another puck
of the sametype is placed in the arena at a random location. This replacemer is performed in
order to maintain constart puck density in the arena and reduce the number of variables that
a ect the performanceof the system. An interesting extension of this work includes the study of

tasks in which the puck densitieschangewith time.

Each robot is equally capableof foraging all puck types,but can only be allocated to foraging
for one type at any given time. Additionally, all robots are engagedin foraging at all times; a
robot cannot be idle. A robot may switch the puck type for which it is foraging accordingto its
cortrol policy, when it determinesit is appropriate to do so. Robots engagedin foraging Preqd
pucks are label as Rgeq robots, those foraging for Pg; een pucks are labeled Rg een, and similarly

for the remainder of puck types.

It is noted that the limited sensingcapabilities 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: Snapshotsof the simulation experimental setup usedto validate the cortroller design
methodology for task allocation in a multi-foraging task domain. The picture on the left shows
the foraging arena as seenfrom overhead. The picture to the right shows a close-up of robots
engagedin foraging.

foraged(total or by type), or the initial or current humber 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 cortrollers. The
simulation environment wasthe sameasthat describedin Section5.1.1.2. Figure 5.9 shows some

shapshotsof the simulation experimental setup.

5.2.2 Formal De nitions

In order to ground this multi-foraging task allocation domain in the formal framework presered
in Section 3, the world, task de nition, and robot obsenations and actions for this domain are

de ned in the following sections.

5.2.2.1 World

The world state in the multi-foraging task domain is composedof the distribution of robot foraging

states. A world state s,

S =< RRred = 20%; Rgr een = 0%; Rpiue = 80%; Rcyan = 0% Ryeiow = 0%; Rpur pe = 0% > (5.1)
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Figure 5.10: A task de nition for the multi-foraging domain. Each pie chart represens a world
state that is de ned as the percertage of robots engagedin foraging for eac puck type. Red
denotesthe percertage of robots foraging for pucks of type Preq, greenfor pucks of type Pgr een,
and similarly for the other puck types. The task start state, u_startt, is on the far left and the
terminal state, u_term, is on the far right. Successfulcompletion of the task entails having the
MRS transition the distribution of robots foraging for ead puck type through ead world state
from u_startt to u_termy. This represeration shows six world states; however, the transition
betweenead of these statesis not discrete and includes a seriesof intermediate world states not
shown that transition smoothly from onetask state to the next.

indicates that 20% of the robots are foraging for Preq pucks, 80% are foraging for Pg e 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 de ned as a set of world states and world
state transitions represened by a directed acyclic graph. Therefore, in a multi-foraging task

domain, a task consistsof a seriesof task allocation distributions.

A graphical represenation of the speci c task de nition consideredin this sectionis shown in
Figure 5.10. In this task, all robots are initialized as foraging for Preq pucks. Next, 30% of the
robots must transition to foraging for Py ciow  pucks. Oncethis distribution is achieved, the robots
must again changetheir distribution to have 70% foraging for Preq pucks and 30% foraging for
Ps e pucks. This processis cortinued for the other world statesin the task description until the
terminal state is reached.
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Figure 5.11: A highlighting snapshot the obsenation range and contents from three selected
robots.

5.2.2.3 Observ ations

Obsenations in the multi-foraging domain consist of the proportion of robots foraging for eact
puck type in the robot's current local sensing eld of view. Figure 5.11 shows a picture from the
simulation with a robot's obsenation contents highlighted. The foraging state of all the robots in

ead highlighted region will be included in the composition of the respective robot's obsenation.

A robots obsenation, o, denoted as

0=< Rped = 10% Ragreen = 10% Ree = 0%;Rcyan = 20%; Ryeiow = 70% Rpurpe = 0% > (5.2)

corresponds to the situation where of all the robots obsened in the robots current sensory eld
of view, 10% of them were foraging for Preq pucks, 10% for Pg; een pucks, 20% for Pcyan pucks,

and 70% for Py ejow 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=< Rped > (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 cortroller. The plot shows the percertage of robots engagedin foraging the di erent

puck typesover time. The data are averagedover 20 simulation trials and the bars represern 1
standard deviation.

corresponds to the casewhere a robot engagesn foraging for Preg pucks. Similar actions exist

for Rereen, Reive » Ryelow » Rcyan, and Rpyr ple -

Similar to the construction task domain, the competency actions for the multi-foraging task
domain include low-level actions such asperforming local navigation and obstacleavoidance. Since
the world state in this domain consistsof the type of puck ead robot is foraging, robot motion
tasks such as these do not a ect 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
interveneand changethe type of puck for which the robot forages.
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Figure 5.13: Taskallocation results for the task shovn in Figure 5.10using the DAct-IS-NoComm
cortroller. The plot shows the percertage of robots engagedin foraging the di erent puck types

over time. The data are averagedover 20 simulation trials and the bars represen 1 standard
deviation.

5.2.3 Results

This sectionpreserts results from the application of the cortroller designmethodology to the task

shown in Table 5.10.

5.2.3.1 DAct-NolS-NoComm

Figure 5.12 shows the results from the synthesized DAct-NolS-NoComm cortroller for the task
shown in Figure 5.10. This cortroller has deterministic action selectionand is both statelessand
non-commnunicative. As the results indicate, this controller is not able to carry out this task
e ectiv ely.
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Figure 5.14: Task allocation results for the task shovn in Figure 5.10using the DAct-NolS-Comm
cortroller. The plot shows the percertage of robots engagedin foraging the di erent puck types
over time. The data are averagedover 20 simulation trials and the bars represen 1 standard
deviation.

The robots are able to carry out the rst portion of the task, up to the task state < Rgeq =

is achieved, since the robots are stateless, there is no way for them to know whether the next

allocation they should be headingtoward is < Rred = 70% Rgr een = 0%, Rgiwe = 30% Rcyan =
0%, Ryeow = 0% Rpyrpe = 0% > or < Rred = 0% Rgreen = 0% Rpe = 0% Rcyan =

20% Ryellow = 40% Rpyrple = 40%> (the third and fth statesfrom the left in Figure 5.10).

As wasexperiencedin the construction task domain, statelessrobots are not ableto e ectiv ely

deal with perceptual aliasing issuessud as this.
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5.2.3.2 DAct-IS-NoComm

The results from the synthesized DAct-1IS-NoComm cortroller for the task showvn in Figure 5.10
are shawvn in Figure 5.13. This cortroller, which maintains persistert internal state, is able to
correctly executethis task. As opposedto the statelesscortroller mertioned above, this cortroller
is able to useinternal state to distinguish betweenthe perceptual aliasing issuesinherent in this

task de nition.

5.2.3.3 DAct-NolS-Comm

Figure 5.14 shows the results from the synthesized DAct-NolS-Comm controller for the task
shown in Figure 5.10. This controller is stateless,but hasinter-robot communication capabilities.
Although this cortroller is able to leveragethe useof communication to progressthrough the rst
third of the task, it is not able to correctly executethe remainder of the task.

The rst third of the task is relatively simple, with the robots only needingto deal with a
single classof perceptual aliasing issuesrelated to the proportions of Ry eow and Rg e robots.
However, after this rst phaseof the task, there becomemany more complicated issuesto deal
with. The useof communication is able to e ectiv ely steerthe inertia of the robots' action during
the rst third of the task, but thereafter, the perceptual aliasing issuescompound 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 executethe remainder of the

task.

5.2.4 Discussion

This section has preserted the application of the controller designmethodology to task allocation
in a multi-foraging task domain. Controllers using deterministic action functions and with and
without both internal state and communication were preserted.

98



Due to the dynamic nature of this task domain, only the cortroller that is able to maintain
persistert internal state was e ective. The cortroller using communication had somemeasureof
successhut is ultimately not e ectiv e. The controller without internal state and communication

was not e ectiv e on the task in this domain.

5.3 Summary

This chapter has demonstrated the application of the controller design methodology presered
in this dissertation to a multi-rob ot construction task domain and to task allocation in a multi-
foraging task domain. Synthesizedcontrollers and experimental results from their implemertation
wereprovided for the synthesisof cortrollers usinginternal state, communication, and probabilistic
action selection.

Ideally, a controller designmethodology should be generaland applicable to a wide variety of
task domains; however, it should not be so generalasto not be able to capture the specics of
a particular task domain. Through the application of the design methodology to thesetwo task
domainsrepreserting di erent requiremerts 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

cortrollers.
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Chapter 6

Conclusions

The design of single robot systems (SRS) has greatly bene ted from the formalisms provided
by control theory { the designof MRS is in need of analogousformalisms. In responseto this
need,this dissertation preseried a principled MRS controller designmethodology. The successful
deployment of a task-achieving MRS dependson the e ectiv e coordination of the interactions be-
tweenthe robots and betweenthe robots and the task environment. The preseried methodology
is grounded by the use of a formalism that describesthe ertities involved in these interactions:
the world, the task, and the robots themselves. Based on this formalism, a suite of systematic
cortroller synthesis methods were preseried. Each method produced a working robot cortroller
using a dierent combination of control features, including the use of probabilistic action se-
lection, the maintenance of persistert internal state, and the use of inter-robot communication.
Furthermore, these synthesis methods were integrated with a probabilistic microscopic modeling
approach of MRS analysis. Theseintegrated synthesis and analysis methods produce a cortroller

designmethodology that is capable of synthesizing optimized robot cortrollers.

The controller design methodology was applied to the synthesis of cortrollers in two task
domains, a multi-rob ot construction domain and task allocation in a multi-foraging task do-
main. These two task domains represen two dierent types of multi-rob ot 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 successfullyperform the task.
By applying the designmethodology to thesetwo domains, both the generality of the method to
di erent task domains as well asits pragmatic bene ts of of producing working robot cortrollers

was demonstrated.

6.1 Directions for Further Research

The conception of formal MRS cortroller design methodologiesis still in its infancy, and the
approadc presened in this dissertation only represens a rst step toward a principled and general
design methodology. However, the beginnings of a principled foundation have beenformed and,
with the usefulnessof its currently simple incarnation demonstrated, further extensionswithin

this methodology are now possible.

A direction that can be pursuedis in the developmen of additional synthesis methods. MRS
are capable of performing a wide variety of tasks, and the cortrollers that the preseried design
methodology is capable of synthesizing represert only a small subset of the spaceof possible
cortrollers. There exists far more complex cortrollers that are potentially very useful; however,
they remain out of reach of the design methodology presered in this dissertation. For example,
there exist more potential ways in which internal state and communication can be usedin robot
cortrol. This dissertation only consideredsimple usesof theseimportant control features,leaving
a large spaceof further design possibilities unexplored.

Another direction the preseried methodology may be extendedis in the inclusions of more
facets of the overall MRS design space. This dissertation consideredthe principled design of
cortrollers, assuminga world, task, and robot platforms are provided. A useful function of a
general MRS design methodology would be to alsoinclude the designof the sensorsystemalong
with the robot controllers. Sensingcapabilities of the robots have a great impact on the nature
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and requiremerts of the robot cortrollers. Simultaneously designing sensingand cortrol systems
would be a very interesting pursuit that would lead to a further understanding on the relationship
between robot control, sensingcapabilities, and resulting task performance. Similarly, suc a
processcould be carried out on the design of the actuation capabilities of the physical robot
hardware.

The principled design of e ectiv e 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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