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Abstract

This dissertation explores the challenges of one of the most difficult classes of real-world tasks
for multirobot teams: those that require long-term planning of tightly-coordinated actions between
teammates. These tasks involve solving a distributed multi-agent planning problem in which the
actions of robots are tightly coupled. Moreover, because of uncertainty in the environment and the
team, robots must frequently replan and closely coordinate with each other throughout execution.

We have developed a coordination framework called Hoplites in response to the need for effective
approaches to these problems. Although planning for tightly-coupled multirobot systems is a diffi-
cult problem, Hoplites solves this problem efficiently by using distributed decision-making whenever
possible and centralized planning as required. Hoplites is a market-based system that consists of
passive coordination and active coordination mechanisms which are tailored to easier and harder
problem scenarios, respectively. Passive coordination is light on computation and communication
and allows teammates to iteratively respond to each other’s actions without directly influencing
them. When passive coordination traps robots in local minima, active coordination improves so-
lutions by enabling robots to influence each other directly by buying each other’s participation in
complex plans over the market. Because Hoplites selectively injects pockets of complex coordination
into the system, it provides these improvements while remaining computationally competitive with
other distributed approaches. Moreover, this selective complexity allows Hoplites to outperform cen-
tralized approaches as well because it can often exploit planners with performance guarantees which
a centralized approach cannot. Additionally, Hoplites is widely applicable to real-world problems
because it is general, computationally feasible, scalable, operates under uncertainty, and improves
solutions with new information.

This dissertation makes a number of contributions to the literature. First, it develops Hoplites,
a general and adaptive approach to these complex problems. Second, it formalizes the problem
space which, in turn, enables us to describe and share solutions between domains that may have
previously appeared disparate. Third, it is the first direct application of market-based approaches
to tight coordination. Fourth, it presents the first evaluation of and recommendations for planning
algorithms for tight coordination. Lastly, it improves the previous state-of-the-art coordination
framework for these problems.
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Chapter 1

Introduction

Like humans, robots accomplish much more by working in teams than by working alone.
They can often achieve the same tasks more efficiently and robustly. More importantly,
they can accomplish a wide range of valuable tasks that are simply impossible for a single
robot.

For example, consider using autonomous rovers to explore a hazardous planetary en-
vironment. For robustness, information dissemination and retrieval, security, or mission
re-tasking, we require each rover to always remain within communication contact with
some base station. This task is an instance of constrained exploration, and it would be
impossible for a single rover working alone because its exploration radius would be severely
limited. Instead, we would employ a coordinated team where each member could commu-
nicate with the base station either directly or by using its teammates as relay nodes. In
essence, the rovers must closely coordinate to maintain an ad-hoc network as they navigate
through the environment. For missions such as this, successful coordination is critical for
successful mission completion, yet it is especially difficult to achieve.

This thesis explores the coordination challenges posed by problems such as this that
require planned tight coordination between teammates throughout execution. These tasks
involve solving a distributed multi-agent planning problem in which the actions of robots are
tightly coupled. Because of uncertainty in the environment and the team, these problems
also require persistent tight coordination between teammates throughout execution.

1.1 Applications

There are a number of applications for which a single robot will not suffice and several are
required. These can be categorized into those tasks that require simultaneous execution of
independent components, multiple functionalities, and coordinated execution. Some tasks
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may have combinations of these features1.

Tasks requiring simultaneous execution of independent components.

In reconnaissance, security, and urban search and rescue
missions, we may want to observe the same area of interest
from different vantage points at the same time. In demoli-
tion tasks, detonations may need to occur simultaneously to
ensure a safe collapse. In these and similar scenarios, mul-
tiple robots are required to simultaneously perform several
independent activities from different locations. Unmanned ground vehicles

on patrol [1].

Multi-functional tasks.

Large-scale construction tasks typically involve several
steps. For example, materials and equipment must be trans-
ported from a drop-off site to the construction site, they
must be placed carefully in position, and the parts must
be assembled. Hazardous clean-up tasks also frequently in-
volve several activities such as monitoring the ambient tem-
perature and the toxicity of the atmosphere, detecting and
cleaning spills, and quarantining hazardous areas. Com-
pleting each of these tasks requires several different func-
tionalities. A heterogeneous team of simple yet specialized
robots may be more effective than a single overly-complex
robot that can do no individual task well. Indeed, a team
is necessary when no single individual robot has all the re-
quired capabilities.

Robots dock a beam [2] and
move HAZMAT waste [3].

Tasks requiring tightly-coordianted execution.

In many tasks, the subcomponents of the task cannot be completed independently by
individual robots. Instead, multiple teammates must coordinate very closely throughout
execution to achieve the team mission. By working together, teammates can increase the
team’s physical capabilities, safety, communications, and visibility.

1Robot images in this section have been provided by other researchers: ground vehicle photo courtesy
of Hoa Nguyen, beam docking photo courtesy of Reid Simmons, HAZMAT robot photo courtesy of James
Melton, beam transportation and cliff robot photos courtesy of Terry Huntsberger, formation photo courtesy
of Ron Arkin, robot connectivity photo courtesy of Hoa Nguyen, and pursuit robots photo courtesy of
Shankar Sastry.
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Increased physical ability. Many domains require the
transport of objects such as tools, beams, barrels, and crates
from one location to another. These domains include the
construction and clean-up tasks we described earlier, as well
as warehouse supply, shipping and delivery, and demolition.
Often, objects are too large to be manipulated by a single
robot, but several coordinating robots can do the job suc-
cessfully.

Two robots transport a
beam [4].

Increased safety. For human safety, we would like to use
robots in hazardous environments such as mines, caves, and
cliffs for missions such as exploration, mapping, and recon-
naissance. In these environments, the liklihood of robot loss
can be very high because, in addition to the dangers posed
by the environment, human operators may not be able to
retrieve or repair a robot in case of malfunction. A robot
team may be able to use coordinated tactics to accomplish
the tasks more safely. Consider a single robot climbing the
side of a cliff; as with human climbers, a slip or a misstep
can lead to disaster. Team strategies such as belay sys-
tems in which robots assist each other can be much more
robust to accidents. Similarly, bounded over-watch tactics
or movement in formation can be safer strategies in hostile
areas than independent navigation.

Robots scale a cliff [5] and
move in formation [6].

Improved communication. In hazardous environ-
ments, robots also frequently lose communication to exter-
nal points of contact such as human operators and control
stations. Without communication, it can be difficult to de-
tect dangerous situations, diagnose and recover from fail-
ures, and observe mission progress. With a team, robots
can act as relays between each other and the team’s oper-
ators and thus decrease the time without communication
access.

Robots provide network
connectivity [7].
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Increased visibility. Many surveillance, security, and re-
connaissance tasks require maximizing visibility and secur-
ing areas. Security sweep, for instance, involves making a
pass through an area that maximizes visibility and max-
imizes the likelihood of detecting any adversaries. Gen-
eral monitoring tasks may require that portions of an area
be constantly monitored while other areas are periodically
monitored. In both of these cases, complex environments
significantly reduce visibility and require the coordination
of multiple robots throughout execution.

A team of ground and aerial
robots pursue an evader [8].

1.2 Thesis problem space

In this thesis, we are interested in solving complex instances of the class of tasks that require
tightly coupled execution. As illustrated in Figure 1.1, we can describe the problem space
more formally by arranging multirobot tasks along three axes. The first two measure the
degree of coordination between teammates and the degree of planning required to solve the
problem effectively. The third axis measures whether or not the problem can be captured
as a set of coupled local problems.

Although the degree of coordination and the degree of planning are continuous, we can
describe our problem space precisely with two rules. Consider a problem T that may require
robots to interact during execution. First, on the coordination axis, if the execution-time
coordination required between robots can be successfully resolved during task allocation,
then T is not in our problem space. Second, on the planning axis, if the execution-time
coordination between robots can be planned using hill-climbing, then again T is not in
our problem space. Problems in our space satisfy the inverse of both of these rules: they
require execution-time coordination that cannot be resolved during task allocation and that
cannot be planned using hill-climbing. If, despite the challenges posed by these features,
these problems can simultaneously be modeled with a set of locally manageable constraints
(as indicated on the third axis), then they can potentially be solved using distributed
approaches such as the one this thesis develops. Lastly, for brevity, we approximate the
coordination and planning requirements through the remainder of this thesis with the terms
“tight coordination” and “long-term planning”, respectively; as we describe in this section,
these are useful but imprecise labels.

Loose vs. tight coordination

Different multirobot tasks can require significantly different degrees of interaction between
robots in order to be completed effectively. At one end of the spectrum are tasks that
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Figure 1.1: The problem space addressed by this thesis is the class of multirobot tasks that
require tight coordination and long-term planning but that can be described by a set of
locally manageable constraints.

could be completed by an individual robot but which a team can accomplish faster and
more robustly by breaking the task into a set of independent components and distributing
them to different teammates who complete the components in parallel. Such tasks include
exploration and mapping [9, 10], reconnaissance [11], emergency handling [12], hazardous
cleanup [13], and tracking [14, 8]. For instance, a single robot could map a multi-storied
building, but, by decomposing the task into individual floors and assigning one robot per
floor, a team can complete it much faster. This distributes both the planning load and the
execution load across the team. Moreover, the team is robust through redundancy: if one
robot fails, another can complete its mission components.

Such tasks require coordination within the team to decompose the task into subtasks
and allocate the subtasks to individuals. The capabilities and states of several robots may
need to be considered simultaneously in order to make the best decomposition and allocation
decisions. However, once a robot has been assigned a subtask, it interacts minimally with its
teammates because its subtask can be completed independently. A team of robots with this
level of interaction between teammates is termed loosely coordinated. From a coordination
perspective, research is aimed at developing decomposition and allocation techniques that
are fast and most effectively use the team’s resources.
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At the other end of the spectrum, the tasks we are interested in solving require a
very high degree of interaction between team members throughout execution because the
actions available to one team member depend significantly on the simultaneous actions of its
teammates. Such tasks include the cooperative manipulation of objects [15, 16, 17, 18, 19,
20, 21, 22, 23, 24, 5], playing team games [25, 26], moving in formation [27, 28], surveillance
and monitoring [29, 30], and moving with communication constraints [7, 6, 31]. Firstly,
unlike the tasks we discuss earlier, these cannot easily be decomposed into independent
subtasks. To illustrate, suppose we task a team of robots with jointly carrying a heavy
object. Then, we cannot split the object into pieces and distribute them to the team for
independent transport. Instead, the robots must execute the task together. Secondly, these
tasks usually impose constraints between teammates. In the case of transporting heavy
objects, the teammates must remain within a certain distance of each other and move in
roughly the same direction to avoid dropping the object. Thirdly, the actions of one robot
can have significant consequences for its teammates and the task. For instance, if even one
robot moves too quickly or in the wrong direction, the team can be thrown off balance and
drop the object. Uncertainty in the environment, sensors, and actuation, makes it necessary
for the robots to communicate constantly to ensure a successful joint trajectory. In total,
these tasks require a much higher degree of interaction between teammates than those we
discussed earlier. Robots must frequently reevaluate their actions within the context of their
teammates’ simultaneous actions. A team with such close coupling between its members is
called tightly coordinated.

Researchers developing tightly coordinated teams face significantly different challenges
from those working on moderately or loosely coordinated teams. Firstly, they must develop
coordination techniques that facilitate constant, fast interaction between teammates and
their environment. Secondly, they must accommodate the potentially heavy demand for
information between teammates. Furthermore, because of the tight coupling of actions,
tightly coordinated teams cannot easily take advantage of the distributed planning and
execution methods that make loose coordination tractable. Thus, thirdly and most im-
portantly, researchers must develop coordination and planning techniques that successfully
solve the joint planning problem while still being tractable. We explore this planning aspect
in the next section.

The tasks we describe are extreme points on the spectrum of coordination demands: one
set requires no interaction between teammates during execution while the other set requires
constant interaction. Nevertheless, many tasks call for something in between. For example,
a mission involving precedence-constrained subtasks may require robots to periodically
interact during execution to determine when they can begin the different subtasks [32, 33];
such a team might be termed “moderately” coordinated. Given this continuous range, we
have developed a rule to more strongly define our problem space: if, for a particular task
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T , the execution-time coordination required between robots can be successfully resolved
during task allocation, then T is not in our problem space.

For example, MacKenzie [34] uses this technique to address the problem of robots com-
pleting a set of subtasks that are constrained to begin within a short time window. The
challenge of determining the start window during execution is circumvented by incorporat-
ing it into the task allocation phase: subtasks are allocated based on when a robot could
actually complete the task and thus the start time is established before execution. This task
is not in our problem space. In contrast, the coordination requirements of the constrained
exploration problem that we introduced at the very beginning of this chapter cannot be
solved during task allocation. (In this problem, the team of robots must explore an area
while maintaining contact with a base station.) It is conceivable that in limited cases of
this problem, one could preplan a set of routes that meet these constraints and then allo-
cate them as tasks before execution [35]. In realistic scenarios however, the environment
is unknown (hence the need for exploration), and thus the preplanned paths are unlikely
to maintain those constraints or even be traversable. For domains such as this, approaches
that attempt to solve execution-time coordination during task allocation will be brittle
and ineffective. Indeed, for domains such as collaborative manipulation, this technique is
impossible because the interactions between robots are so tightly coupled and sensitive to
uncertainty that they cannot be captured in advance.

Short-term vs. long-term planning

The problems that remain in our space require robots to coordinate significantly during
execution. Our second axis evaluates how far in advance robots determine their interac-
tions before executing those interactions. This lookahead is called the planning horizon.
In the multirobot literature, tightly coordinated robot teams have almost exclusively been
employed to complete tasks that involve simple interactions between teammates. That is,
the interactions between robots and the responses they have to each other’s activities are
typically easily described, do not change, and require little advanced planning because the
constraints imposed by the tasks are fairly simple. For example, when moving in formation,
a robot knows a priori the position it ought to maintain relative to its teammates. So, when a
teammate moves, the robot’s own heading and velocity can be computed straightforwardly.
Thus, coordination can often be achieved with methods that use short-term planning such
as reactive and behavior based approaches which we discuss further in Chapter 2. These
techniques have been applied to a number of domains including the cooperative manipu-
lation of objects [15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 5], movement in formation [27, 28],
and movement with communication constraints [7, 6]. By successfully using short planning
horizons, tight coordination is tractable for most domains investigated by researchers.
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Figure 1.2: Constrained exploration is one task that falls in our problem space. In this
motivating example, a team of three lunar rovers (left) must maintain contact with a base
station to Earth. This problem can be illustrated by a simplified diagram (right) where
lines between robots indicate communication connectivity and the obstacles preventing
communication are shaded in grey.

The tasks we would like to perform, however, have significantly more complex constraints
between robots. Consider the exploration problem we described in which robots must gather
information about the environment while maintaining communication with a base station by
using each other as relay nodes. To explore, a robot must follow a path that satisfies these
constraints, perhaps with the assistance of its teammates. In cluttered environments, the
teammates may need to traverse complex paths simultaneously to provide communication
service to different members of the group. Constrained exploration is illustrated in Figure
1.2.

The gallery monitoring and security sweep domains impose similar constraints. In the
former, robots monitor a complex environment and ensure that certain areas are contin-
uously observed while others are periodically checked for intruders. The task may also
require that robots handle on-line monitoring requests, for instance, if suspicious activity
has been detected in an area. The robots must execute coordinated monitoring sequences
that satisfy the constraints of the task. In the security sweep domain, robots sweep an
area suspected to contain mobile adversaries. The robots must determine and execute in
concert those paths through the environment that maximize the likelihood of detecting all
adversaries. Security sweep is illustrated in Figure 1.3

In such missions, the interactions between teammates are complex and not easily de-
scribed. Solving these problems means solving a multi-agent planning problem in which the
actions of robots are tightly coupled. Additionally, the actions taken by the team can have
significant impact on their ability to complete the task at a later time. Thus, the tasks we
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Figure 1.3: Security sweep is a second task that falls in our problem space. In this
motivating example, a team of autonomous vehicles (left) must sweep an area of New York
City. This problem can be illustrated by a simplified diagram (right) where lines between
robots indicate the front of the sweep, the hatched areas indicate the robots’ sensor ranges,
and the green rectangles are obstacles around which they must sweep.

are interested in completing require long-term planning and are too complex to be solved
with short-term techniques.

As with coordination requirements, planning requirements span a spectrum of possibili-
ties, from seconds and minutes to hours and days. Moreover, “short-term” and “long-term”
are imprecise labels: planning several minutes in advance many be considered long-term
planning for nanorobots but short-term planning for large ground vehicles. We have de-
veloped a second rule to precisely define our problem space: if, for a particular task T ,
the execution-time coordination required between robots can be successfully planned using
hill-climbing [36], then T is not in our problem space. Essentially, if a one-step coordination
lookahead will not trap the team in a local minima, then these problems can already be
solved using existing techniques.

Note that this rule does not refer to all types of planning required by a problem, only
the planning of interactions between teammates. For example, suppose a task requires
two follower robots to trail a leader robot as it moves to some target region in a cluttered
environment. Although the leader robot may use an optimal path planner to find a route,
this problem does not fall into our problem space because the follower robots can successfully
use hill climbing to follow the leader. In contrast, in constrained exploration, hill climbing
can easily trap robots in local minima: the team can reach a configuration in which further
exploration is impossible without breaking communication constraints; this configuration
could be avoided by planning the interactions between teammates in advance.
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Locally manageable constraints

We can further differentiate the problems that remain in our space by whether or not the
global constraints imposed by the problem can be locally managed. By “global constraints”
we are referring to the constraints that must be met by the team as a whole. We say that
these constraints can be locally managed if we can produce a (perhaps unique) set of
constraints that

1. for each robot involve a strict subset of its teammates and that

2. satisfy the global constraint when they are all met.

A problem with coordination requirements that can neither be resolved during task alloca-
tion nor be planned using hill climbing is already very challenging to solve. If, in addition
to these features, its global constraints cannot be decomposed into local constraints, then it
effectively requires a centralized approach because no decoupling of the problem is possible.

Consider an instance of constrained exploration that requires every robot to maintain di-
rect line-of-sight connectivity with every teammate throughout the duration of the mission.
We cannot create a set of local constraints because each robot must continuously consider
the actions of every teammate in order to evaluate its connectivity and choose future actions.
The large information requirements of such problems make instances involving large teams
infeasible. Simultaneously many benefits typically associated with distributed approaches
(e.g. localized information, scalability, and responsiveness), cannot be harnessed well. In
sum, it may often be preferable to use a centralized approach which at least minimizes the
communication load and redundancy in information. The tradeoff is that these approaches
tend to suffer from single points of failure and cannot distribute computation.

Moreover, for these problems, even evaluating the team’s solution becomes impractical
(if not impossible) in real implementations. To evaluate the team’s connectivity on Mars,
an observer on Earth must have accurate information about each robot’s location and a
map of the environment and, for every time step, must solve a connectivity problem that is
O(n2) in the number of robots. This must additionally occur fast enough to keep up with
the robots’ movement through the environment. Such problems do not scale to large teams
and can become intractable.

Alternatively, consider the instance of constrained exploration in which every teammate
must maintain line-of-sight contact with some base station. In the most general case,
this problem also requires each robot to continuously consider every one of its teammates
actions. Suppose that a robot used some routing of teammates to communicate with the
base station. Then if there was a break in that particular route, the robot would have to
evaluate the positions of every team member to determine if it was connected. Moreover,
to plan future routes, the robot would require information about every other teammates’
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future positions as well. As with the previous problem, this general formulation cannot
be solved in a distributed way and solutions cannot be evaluated in practice; thus, this
becomes an infeasible problem.

Fortunately, this problem is locally manageable. For example, we can order each robot
on the team from r0 to rn−1 and create a local constraints ci for each robot ri:

• c0 : r0 must be connected to the base station

• cj : rj must be connected to its teammate rj−1 for 0 < j < n

Then if all constraints are met, the team must be a connected network. Now, each robot
ri only needs to maintain contact with at most one teammate (ri−1) which allows us to
decompose the problem and make it tractable; but, this problem still requires tight coor-
dination (between ri and ri−1) and planning of future actions so it remains in our problem
space. Moreover, the problem can be evaluated efficiently since solution evaluation is linear
in the number of robots.

Essentially, we are creating a set of constraints that are sufficient but not necessary for
maintaining the global constraint (which in many cases is not even possible to evaluate).
We are concerned with this reduced version of the problem that approximates the global
problem and that may be solved with more distributed techniques.

1.3 Problem statement

To date, the multirobot research community has not adequately addressed the coordination
needs of robot teams operating in complex problem domains such as security sweep, the
gallery monitoring problem, and communication-constrained exploration. This thesis is
aimed at identifying the coordination needs of such tasks and developing a general, flexible
coordination framework that meets these needs. Such a framework should be applicable
to many domains and should not restrict the number of teammates that can coordinate
or the ways in which they can coordinate. It should be computationally feasible for real
domain instances where time constraints may be very relevant. Furthermore, it should be
functional in the presence of uncertainty and responsive to new and better information by
repairing team solutions. In addition to being evaluated in simulation, this framework must
be demonstrated and verified on real robot teams.

1.4 Thesis statement

This thesis asserts that using market-based techniques to selectively negotiate tightly-
coupled plans enables multirobot teams to tractably produce high-quality solutions to chal-
lenging real-world problems that require planned, tight coordination between teammates.
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1.5 Overview of approach

Core Approach

Although planning for tightly-coupled multirobot systems is a difficult problem, this diffi-
culty can vary greatly between different instances of the same domain: it depends signifi-
cantly on the complexity of the environment and the size of the team. For example, let us
return to the constrained exploration problem of robots exploring a hazardous planetary
environment while maintaining line-of-sight communication connectivity. In this domain, a
cluttered environment is more challenging than an obstacle-free environment that permits
unobstructed visibility and thus full network connectivity. Additionally, the same instance
of a problem can be harder for a team of only five robots than for a team of fifty robots
because the latter has greater visibility and thus greater connectivity. The difficulty of the
task can also vary within a single instance of the domain. In environments with only one
cluster of obstacles in a corner, the empty portions can be easily explored, but the cluttered
corner may require close coordination between many teammates to ensure connectivity.

For efficiency, we want a coordination method that is only as complex as necessary to
solve the problem at hand. That is, when robots are faced with an easy problem scenario,
they should be able to coordinate with minimum communication and computation expense
while still producing good solutions. Alternatively, in difficult scenarios, robots should be
equipped with a complex coordination method that may require more resource expenditure
to produce a good solution. The challenge, however, is the complexity of the problem
cannot be known in advance or determined by inspection, and it may change during the
course of a mission.

Our approach to this problem is a coordination framework in which the complexity and
strength of the coordination adapt to the difficulty of the problem. We call our coordina-
tion framework “Hoplites”; the name is a reference to the ancient Greek infantrymen who
specialized in complex, tightly-coordinated maneuvers. Robots begin with passive coordi-
nation which is light on communication and computation and which allows teammates to
iteratively respond to each other’s actions without directly influencing them. When pas-
sive coordination traps robots in local minima, active coordination improves solutions by
enabling robots to influence each other directly and participate in complex, tightly-coupled
plans. Active coordination consumes more resources but is also capable of producing much
better solutions.

These features directly lead to the major contribution of this thesis: that Hoplites out-
performs competing distributed approaches by enabling pockets of complex coordination
between several robots that result in better global solutions. Moreover, by selectively inject-
ing this complexity, Hoplites provides these improvements while remaining computationally
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competitive with other distributed approaches. Finally, this selectivity also enables Hoplites
to produce better solutions than centralized approaches which, for tractability, must resort
to algorithms that produce feasible but very sub-optimal solutions. Hoplites, on the other
hand, selectively uses these approaches and thus pays the price of significant sub-optimality
only when necessary.

Approach Details

We have formulated Hoplites as a market-based approach to harness many of the asso-
ciated benefits such as computational tractability, operation under uncertainty, flexibility,
and generality. In typical market-based approaches, robots act as self-interested agents par-
ticipating in a market economy; a robot receives revenue when it takes actions that further
the team’s mission (e.g. by exploring previously-unknown areas) and incurs costs when it
consumes team resources (e.g. fuel). Each robot attempts to maximize its individual profit
by trading tasks over the market using auctions. Because the robots’ individual motivations
are aligned with the team’s goals, this process of redistribution simultaneously results in
efficient solutions to the problem.

Hoplites extends market-based approaches in two significant ways. Firstly, to facilitate
tight coupling between teammates, the profit a robot receives through its actions depends
on the simultaneous actions of its teammates via a penalty mechanism. Secondly and more
importantly, instead of buying and selling tasks as in other market-based approaches, robots
buy and sell action-level plans that enable complex coordination.

Hoplites uses two different coordination mechanisms to respond dynamically to easier
and harder problem scenarios; each uses market-elements to facilitate coordination. The
first, passive coordination, is designed for simpler scenarios and enables the team to work
faster by facilitating more local decision making and coordination that is relatively light on
both communication and computation. Throughout execution, robots periodically broad-
cast their future actions. A robot passively coordinates with its teammates by replanning
its own actions to produce a more profitable plan once it knows its teammates’ projected
actions. It then re-broadcasts any changes to its plan, which allows its teammates to re-
spond in turn. For example, a robot r performing constrained exploration might first plan
a direct path to an unexplored area. Upon learning that its teammate t’s intended actions
will leave it without communication access along a portion of this direct path and thus re-
sult in a costly penalty, it can alter its route to the area such that it will remain in contact
and garner a larger profit. Thus, passively coordinating robots influence and coordinate
their actions implicitly through changes in plans.

Harder scenarios may require more complex interactions between teammates which, in
turn, require a more complex coordination mechanism. When actively coordinating, robots
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try to influence each other’s actions explicitly by buying their teammates’ participation
in complex plans over the market. For example, if the area that r wishes to explore is
surrounded by obstacles, perhaps no action on its part alone will allow it to maintain line-
of-sight contact with its teammate t. Then, it may need to explicitly alter t’s path to ensure
connectivity. So, r develops a candidate solution that involves both it and t, it proposes
this plan to t, and then requests a price quote that reflects how much compensation t will
require from r before it will participate in this plan. t considers the plan alongside its other
options and responds with a price that can include costs for extra travel time, penalties
for losing communication contact with other teammates, and even the opportunity cost
of future actions. If t’s cost is less than the financial benefit the plan provides to r (e.g.
because exploring this area will generate a great deal of revenue), r will pay t and t will
be bound to this contract. If not, then r may need to produce an alternative plan perhaps
with other or additional teammates, abandon its efforts to explore the area, or continue
to explore it and incur the penalty for losing contact. By encoding the benefit or cost of
actions into the price, the market acts as a clearinghouse for plans and allows the team
to efficiently trade-off demand from different parts of the group. With both coordination
methods, Hoplites is able to very efficiently produce high-quality solutions to these complex
problems.

Limitations

Hoplites is a powerful coordination framework and, as we show in this thesis, can successfully
solve the domains in our problem space. Nevertheless, the improvements come at the
expense of greater implementation complexity compared to competing approaches: robots
must be able to consider incoming requests for active coordination, track current and future
commitments, monitor commitments from other teammates, and pursue mission goals.
Thus, we wish to guide its use by explicitly clarifying the scenarios for which it is not
appropriate and highlighting problems that are outside our problem space.

Firstly, Hoplites is not designed for task-oriented problems such as task allocation and
decomposition. Even though these problems require planning (e.g. to determine which
robot is suitable for a task) and possibly coupling between tasks (e.g. if tasks have prece-
dence constraints or require multiple robots), they ultimately ask the question “Which
robots should complete which mission components?” Solving these problems does not re-
quire tight coordination of actions during execution and so they are not part of our problem
space. In contrast, Hoplites answers the question, “How should robots complete their mis-
sion components?” and which often does require close interactions between robots during
execution. Although one could formulate Hoplites to solve some task-oriented problems,
passive and active coordination are unlikely perform as well as approaches such as Zlot’s
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task trees [11] which have been shown to solve very complex instances of these problems.

Secondly, successful tight coordination often requires significant information sharing
between teammates because they must have knowledge of each other’s activities to success-
fully choose actions. Some approaches utilize implicit communication through observations
of teammates’ state [14, 27] to facilitate tight coordination. Hoplites, on the other hand,
exploits explicit communication to provide many of the improvements it has over other
approaches. Moreover, Hoplites is robust to communication failure in that it will gracefully
degrade into passive coordination or P-MVERT (discussed in Chapter 6). Nevertheless,
if it is known in advance that explicit communication is limited or unavailable, it is more
efficient in terms of implementation to utilize simpler approaches that depend only upon
implicit communication.

Thirdly, planning and negotiation between teammates requires time. In highly dynamic
domains (e.g. robot soccer [25]) plans can become invalid faster than robots can execute
them, so the effort of actively coordinating will be wasted and may in practice slow the
system down. Indeed, this is true of any approach that expends significant resources to make
long-term decisions. Thus, in such environments we recommend simpler, more responsive
techniques such as reactive or behavior-based approaches.

Lastly, as we described in Section 1.2, Hoplites in particular and distributed approaches
in general may not be suitable for some problems that require both tight coordination and
long-term planning but for which local management of constraints is not possible. Because
these problems cannot be decoupled into local components, the benefits usually associated
with distributed approaches are difficult to harness and centralized approaches may be
preferable.

1.6 Summary of contributions

This dissertation makes several contributions to the multirobot literature which we briefly
mention here and discuss in greater detail in Chapter 8:

A general and adaptive approach to addressing our problem space. Hoplites
is a market-based coordination framework in which the complexity and strength of the
coordination adapt to the difficulty of the problem. This adaptiveness enables Hoplites
to produce better solutions than both distributed and centralized approaches while
remaining computationally competitive with distributed approaches. Additionally,
Hoplites is widely applicable to real-world problems because it is general, computa-
tionally feasible, scalable, operates under uncertainty, and improves solutions with
new information.
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Formalization of the problem space. This dissertation is the first to identify the
common properties of problems in our problem space and formalize them alongside
other multirobot problems. In doing so, it clarifies problem requirements and allows
us to share solutions between problems that may have previously appeared disparate.

First application of market-based approaches to tight coordination. Until
now, market-based frameworks have only been applied to loosely-coordinated teams.
Hoplites extends the application range of these approaches by enabling robots to buy
and sell tightly coupled plans; in doing so, it paves the way for future work.

First evaluation of and recommendations for planning algorithms for tight

coordination. This dissertation is the first to outline a set of general planning ap-
proaches that solve different problem scenarios in the problem space. These techniques
range from simple to complex and diversely negotiate the tradeoff between speed and
completeness. This dissertation also provides guidelines on selecting and combining
a set of these techniques into a single planning toolbox.

Significant improvement of previous state-of-the-art coordination frame-

work. This dissertation improves the previous state-of-the-art coordination frame-
work, MVERT[14] which experiments show results in a five-fold increase in perfor-
mance.

1.7 Organization

The remainder of this thesis describes the Hoplites approach in detail and presents results
from simulation and real robot experiments.

Chapter 2 describes related work in multirobot coordination in more detail. We dis-
cuss the full range of distributed to centralized coordination approaches and their appli-
cability to our problem space. We find that current real-world approaches that enable
tight-coordination use hill-climbing techniques that do not allow planning. Conversely, ap-
proaches that employ planning are limited to tasks whose components can be decoupled.
Thus, the need remains for a coordination framework that achieves both planning and
tight-coordination simultaneously.

Chapter 3 provides an introduction to market-based approaches to coordination, their
benefits and drawbacks, and their applicability to our problem space. Although they are not
designed for tight-coordination and although the challenges of loose and tight coordination
are very different, we believe that market-based approaches can be extended to enable
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tightly-coupled planning during execution. This extension is one of the contributions of
this thesis.

Chapter 4 presents the Hoplites framework. We provide intuition to the approach
through several examples, describe how it extends market-based frameworks, and discuss
active and passive coordination in detail. We also walk the reader through a number of
important design considerations. Finally, we explain how Hoplites meets the requirements
of our problem space and how it successfully performs under real-world conditions.

Chapter 5 describes general planning techniques for solving different aspects of the plan-
ning problem. We illustrate how these approaches can be incorporated into the Hoplites
planning toolbox to offer robots maximum flexibility in choosing the most efficient planner
for the current planning scenario.

Chapters 6 and 7 describes in detail our implementation of Hoplites for the security
sweep and constrained exploration domains. We use these different domains to explore the
range of framework features we described in Chapter 4. We also demonstrate Hoplites’s
ability to scale to large teams and operate in the presence of uncertainty. Finally, we
compare Hoplites to competing approaches in each domain and provide field experiments
using both small indoor robots and large outdoor vehicles.

Chapter 8 presents conclusions and highlights the major contributions of this thesis. We
also describe future work for multirobot coordination in general and areas of exciting new
research that have been created by this thesis.

1.8 Publication note

Parts of this thesis have appeared in previous publications. In Chapter 3, the illustrative
examples and portions of the discussion were first introduced in a survey by Dias et. al. [37].
Discussions and results relating to constrained exploration and security sweep were also
previously published in conference papers [38, 39].





Chapter 2

Related Work

In virtually all robotic application domains, we would like to generate solutions that are
as close to optimal as possible while still being computationally tractable. Unfortunately,
these objectives are particularly in conflict with one another in multirobot systems where the
complexity of algorithms for computing optimal solutions can be exponential in the number
of robots. In the general multirobot literature, a range of approaches have emerged to
negotiate this conflict. Virtually all of these approaches have been developed in the context
of loosely-coordinated teams. Here, we review the general literature but pay particular
attention to the work that does deal with more tightly coordinated teams. Specifically,
we look at how well these systems facilitate tight coordination, planned coordination, and
coordination with multiple teammates simultaneously. Lastly, we discuss related work in
the multiagent literature.

2.1 Centralized approaches

Centralized approaches employ a single agent to plan for the entire team. This agent can
simultaneously consider the entire environment and the interactions of all team members;
thus, by encoding planned and tight coordination directly into the problem, it can in theory
produce optimal solutions. In reality, optimally coordinating more than a few robots in
this way quickly becomes intractable since the complexity of algorithms that plan joint
actions is usually exponential in the number of robots. Thus, central control of robots is
not feasible in real world scenarios. Furthermore, these systems are slow to incorporate
new environmental information since new information must be sent back to the planner
which recomputes the entire team’s plan, usually at significant computational expense.
Consequently, it becomes difficult for robots to coordinate in real environments that are
wrought with uncertainty. Finally, these systems also rely heavily on the planning agent
and the communication network and if either fail, the team can fail. Thus, they are not
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robust to malfunction or failure of the planning agent.
For these reasons, truly centralized systems are rarely used for general tight coordination

of a group of robots. Khatib et al. [16] use complex control models to treat two n-d.o.f.
robots as one 2n-d.o.f. robot performing a complex manipulation task. Their approach uses
inverse kinematics to compute actions in terms of end-effector positions. Similar work has
been done by Osumi et al. [18] and Ota et al. [19]. Unfortunately, these approaches become
exceedingly complex as we increase the number of robots. Additionally, they are specific
coordination techniques for manipulation tasks and not easily applied to other domains.

Esposito and Dunbar [40] and Schouwenaars et al. [41] use centralized approaches to
enable both planning and tight coordination for the constrained exploration problem. Both
exploit the property that the team can maintain communication constraints if robots form a
chain in which each robot maintains communication contact with one particular neighboring
teammate. As we discuss in Chapter 7, these approaches are not general because the solution
is only applicable to this particular formulation of this particular domain. They also suffer
from single points of failure.

Bowling et al. [25] successfully use a centralized approach to coordinate a team of five
small robots playing soccer. Drawbacks typically associated with centralized approaches
are mitigated both by the domain and by the implementation. The complexities of plan-
ning are reduced by the incorporation of predefined “plays” which specify roles and actions
of individual robots and which can be invoked quickly. The difficulty of transmitting new
information is reduced in two ways: firstly, the environment (not including robots) is com-
pletely known prior to play, and, secondly, a very-fast overhead camera is used to capture
the locations of the balls, the home team, and the opponent team.

Partially-centralized systems have been used in loosely coordinated teams for task al-
location. Caloud et al. [42] centrally allocate a variety of tasks such as “go-to-location”
and “retrieve-object” to robots that independently complete their tasks. Brummit and
Stentz [43] use a centralized system to demonstrate the benefits of reallocating goal points
for a group of robots visiting a set of locations. Koes et. al. [44] use a centralized Mixed
Integer Linear Program (MILP) to allocate tasks that are temporally constrained and
which may require multiple robots for each task. The problem of coordinating the paths
of multiple robots to avoid collisions has also been addressed using partially-centralized
systems [45, 46, 47, 48]. Generally, robot paths are generated using decoupled planners but
conflicts in paths are resolved centrally.

2.2 Distributed approaches

Distributed approaches dominate current multirobot research. In these approaches, each
robot has knowledge of its own state and its immediate environment. Each retains local
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control and chooses its own actions. Distributed approaches can be differentiated further
by the mechanism through which robots coordinate. A team may rely on an emergent
strategy where the coordination is a byproduct of robots following a set of carefully crafted
operational rules or behaviors. Alternatively, robots may intentionally interact via specific
coordination protocols.

Emergent approaches to coordination.

Emergent coordination strategies are most common for facilitating tight coordination in
multirobot teams. They are based on the idea that coordinated group activity can success-
fully emerge from a collection of simple but carefully-tailored individual activities. Accord-
ingly, coordination in robot teams is a byproduct of robots following a set of rules that map
sensor data and robot states to particular actions or behaviors. Robots can choose actions
very quickly and with minimal computation since the rules are simple. Tight coordination
is possible because a robot can respond quickly and in a prescribed manner to the actions
of its teammates. By the same token, coordination is limited to interactions that can be
simply expressed, making such approaches insufficient in domains that require advanced
planning of complex interactions between robots. In general, such strategies are robust
to failure and deal well with uncertainty, although this is less true in tightly-coordinated
teams. Matarić [49] provides a more detailed discussion of the principles behind emer-
gent approaches to coordination. We consider two emergent strategies that differ in the
complexity of action rules.

Reactive approaches

Reactive approaches are emergent coordination strategies in which the rules follow a sense-
act cycle rather than the canonical sense-plan-act cycle and can work well when the role
of each robot is clearly specified. Brown and Jennings [50] employ two robots to carry
a box from one location to another. One robot steers the box along a path while the
second robot pushes the box along the direction of its orientation. These robots tightly
coordinate via a fast reactive loop. Similar work has been done by Hara et al. [21] and
Kosuge et al. [20]. Pereira et. al. [51] use potential fields to guide robots to their goals
while maintaining communication constraints. This approach depends upon robots’ goals
being in close proximity and results in robots taking paths in the same homotopic class. This
body of work demonstrates that robots can successfully complete tasks without explicitly
coordinating or maintaining a complex internal state. However, by being limited to simple
rules, reactive approaches are inadequate in even slightly more complex environments where
robots may need to switch tasks or roles or deal with uncertainty and failures.
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Behavior-based approaches

In behavior-based approaches, the rules are more complex and expressive. Robots maintain
an internal state and have a set of behaviors such as “visit-location” or “follow-teammate”
that are tailored to the domain. Robots choose behaviors according to the current state
of the team and the environment. They can work on different tasks as the environment
or global task requirements change, and they can contribute to several tasks at the same
time by executing multiple behaviors in parallel. The primary challenge for researchers
developing behavior-based approaches is to create effective behavior selection strategies
that allow robots to accomplish complex tasks without complex planning.

Behavior-based approaches have been used primarily in loosely coordinated teams en-
gaged in tasks including exploration and mapping [10], emergency handling [12], hazardous
clean-up [13, 52], and object tracking [14]. Less often, they are used to tightly coordinate
teams tasked with carrying objects, moving in formation or exploring under communication
constraints; we discuss this research in detail.

Much of the work dealing with behavior-based approaches to object transportation is
more accurately described as partially reactive and partially behavior-based. Examples
include the CAMPOUT architecture [5] and the BeRoSH system [22] in which robots use
behaviors to coordinate different stages of the transport such as “assume formation,” “ap-
proach target,” and “deploy.” The transport activity itself is accomplished using reactive
coordination.

The CAMPOUT architecture has also been used for cooperative cliff descent [28] in
which one robot traverses the face of a cliff while its teammates support it from their posi-
tions on the cliff ledge. Again, behaviors such as “maintain tension” and “match velocity”
are used to coordinate phases of descent, while each behavior involves reactive interactions
between teammates.

In formation tasks, robots must move as a group from one location to another while
maintaining specific distances and orientations from one another. Robots must tightly coor-
dinate to satisfy the constraints of the formation as they move. Behavior-based approaches
are prevalent for maintaining robot formations because the constraints between the robots
are simple and explicitly defined [53, 54, 55, 56, 57]. For brevity, we use the work by Balch
and Hybinette [56] as an illustrative example. In this work, behaviors take the form of
potential fields. Each robot has a set of predetermined “snap-to” locations to which other
robots are attracted, and robots are also attracted to goals but repelled from obstacles. By
combining these potentials, robots independently determine their position in the formation
and maintain it well even while moving in the presence of obstacles.

Nguyen et al. [7] use a behavior-based system to provide communication between a
teleoperated robot and a base station via mobile relay nodes. Each node follows the node
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ahead of it until the strength of the communication link with the node behind it falls below
some threshold. Then, it stops moving but continues to provide connectivity. This task
requires tight coordination between robots: a node must have up-to-date information about
the node in front in order to follow it and up-to-date information about the link behind
in order to decide when to stop. If a node follows when it ought to have stopped, the
communication link between the base station and the robot can break and cause a mission
failure or even a loss of the robot. This approach works well for a single robot, but it
quickly becomes inadequate when we add more exploring robots and increase environmental
complexity.

Wagner and Arkin [6] use a behavior-based approach for a similar communication-
sensitive reconnaissance task: robots explore areas while trying to maintain network con-
nectivity with each other. The philosophy behind this approach is that, although the details
of a particular task may change from instance to instance, the general approach to solving
that task remains the same. With this in mind, they precompute several general behav-
iors that are necessary to complete the task and also precompute decision trees that place
emphasis on different behaviors depending on the state of the environment. The result is
“advice” that is given to a reactive robot controller by a centralized plan controller. This
plan controller achieves coordination between robots by preventing transitions from one
task to another until all robots working on the current task are finished. If it is required by
the overall task, the plan controller can also assign different roles to different robots. This
approach can suffer from a single point of failure (the plan controller) and is additionally
not adaptable to arbitrary and complex instances of the problem.

Of all the prior work, we believe that Stroupe’s MVERT [14] framework is the strongest
candidate for accomplishing tasks like security sweep and constrained exploration. MVERT
is a behavior-based framework in which robots choose their next actions based on the
expected next actions of their teammates. Thus, MVERT facilitates planned coordination
for very small time-steps. Like most behavior-based approaches, MVERT is fast, fault
tolerant, and can operate under uncertainty. It also has virtually no communication needs
and can also be applied to non-decomposable tasks. For these reasons we use MVERT for
comparison with Hoplites. As we discuss in Chapter 6, however, MVERT’s short lookahead
traps it in local minima and renders it insufficient for complex problems.

Intentional approaches to coordination.

Much work has also been done to develop strategies for intentional coordination in which
robots communicate with each other to coordinate their efforts explicitly. By intentionally
coordinating, robots may be able to plan their future interactions. Here, we discuss purely
intentional coordination strategies which have been almost exclusively used to decompose
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and allocate tasks in loosely or moderately coordinated teams and not to tightly coordinate
robots. We later discuss hybrid approaches which combine both intentional and emergent
coordination strategies.

The collision avoidance problem we described in Section 2.1 has also been addressed
using a distributed system with intentional coordination. In work by Azarm et al. [58],
each robot plans its own path through the 2D workspace. As robots execute their paths,
they detect impending collisions, and those robots involved in a local conflict negotiate to
replan and adopt the lowest-cost paths. This approach works well for loosely coordinated
teams where interactions are brief and sporadic.

In work by Dias [59] and Zlot et al. [9], robots use a market-based approach to perform
loosely-coordinated exploration. That is, robots simulate a market economy in which they
bid in auctions for the opportunity to complete tasks such as “explore-location-xy.” Zlot
and Stentz [11] also use a market-based approach to perform simultaneous task decompo-
sition and allocation for abstract tasks. As shown by Dias et. al. [37], auctions provide
a distributed, fault tolerant way for robots to decompose, allocate, exchange, and subcon-
tract tasks that can be completed asynchronously and independently by individual robots
or subgroups of robots.

Botelho and Alami [32, 33] present M+, a negotiation protocol for the allocation of tasks
that can be completed by individual robots. These tasks are also partially ordered and thus
require a moderately coordinated team. They achieve the additional coordination required
to meet temporal constraints simply: robots broadcast the start and end of tasks, thereby
indicating when other tasks can be started. This work is demonstrated in simulation in the
context of hospital maintenance tasks and load transfer tasks.

Gerkey and Matarić also use a market-based approach which they call “MURDOCH” [60]
to allocate object tracking, sentry duty, cleanup, and monitoring tasks to a loosely-coordinated
team. They also address the problem of box pushing in which one “watcher” robot directs
its teammates to push a box to the goal. The watcher observes the current position of the
box, computes tasks such as “push-right-side-of-box” and “push-left-side-of-box” that will
bring the box closer to the goal, and auctions these tasks to its two “pusher” teammates.
The two pusher robots are better equipped to move the box, and they bid on and complete
these tasks.

We disagree with Gerkey and Matarić’s claim that their approach to box pushing is
tightly coordinated and take this opportunity to highlight just what we mean by tight
coordination. First, each robot can complete tasks “push-left-side-of-box” and “push-right-
side-of-box” independently. As their work demonstrates, one pusher and one watcher can
complete the entire task, implying that tight coordination does not exist between the two
pushers (as it would if they were lifting the box). Secondly, tight coordination does not
exist between the pusher and the watcher either. Consider a scenario in which there are
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several boxes that need pushing, several pushers, and several watchers holding auctions for
pushing tasks. If a pusher p1 currently attending box b1 abruptly switches to attending
box b2, there will be no dire consequences for the watcher attending b1; it may simply
need to find a replacement pusher. (Again, this would not be the case if the robots were
carrying the box). Indeed, this is one of the most promising features of such task allocation
strategies: they facilitate the efficient and transparent exchange of tasks which results in a
highly fault-tolerant system. In this case, however, it also means that the system is only
moderately coordinated. It is more similar to tasks in each subtask (i.e. “push-right-side-
of-box”) can be completed by one robot but these subtasks are ordered (we must alternate
pushing the left and right sides to move it effectively). This ordering is achieved implicitly
as the watcher only auctions tasks that can be completed immediately.

Lemaire et al. [35] and MacKenzie [34] also use a market-based approach to coordinate
vehicles completing temporally constrained subtasks. In both, a master task such as “de-
stroy target” may require the completion of partially-ordered, independent child tasks such
as “verify target,” “bomb target,” and “assess damage.” The master task is allocated to a
master robot who is responsible for the task. Then, the master robot auctions off the child
tasks to other robots, sets deadline constraints, and monitors progress. Their approaches
deal with much tighter task allocation and scheduling problems and facilitate closer in-
tentional coordination between robots than the previous systems. However, because both
also require the mission to be defined in terms of discrete subtasks, they cannot be readily
used in domains such as object transportation that require tight coordination and may not
permit decomposition.

Recent work by Gerkey et al. [30] is particularly relevant to Hoplites. They have de-
veloped a stochastic hill-climbing approach to planning for very small, tightly coordinated
teams, which they call “Parish”. In Parish, each robot plans for itself and increasingly
many teammates up to some predetermined maximum size. Then each robot executes a
probabilistically selected plan from the available set of such plans. This approach depends
upon teammates having shared data structures and perfect information about the environ-
ment and each other. Such centralized planning for small teams is analogous to the use
of the team plan in Hoplites which we discuss in Section 5 and can be thought of as a
planning component of our framework. However, unlike Hoplites, Parish is not scalable to
large teams because having perfect information about teammates and sharing such sizable
data structures in large teams is not realistic to the demands of many application domains.

Lastly, Emery-Montemerlo [61] uses an intentional approach to provide tight coordi-
nation for a very limited set of problems. In this work, tight coordination problems are
modeled as partially observable stochastic games (POSGs) and are solved using a series
of distributed but linked Bayesian games (BaGAs). While this approach makes POSGs
tractable and offers a powerful way to model decision making, it does not scale to large
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teams or realistic problems in which the environment and the team problem are complex.

2.3 Hybrid approaches to coordination.

As shown by Balch and Hybinette [56] and Nguyen et al. [7], emergent coordination strate-
gies can be successful for tightly coordinating a group of robots. By mapping a few key state
components to specific behaviors, robots can respond quickly and in a prescribed manner
to the actions of their teammates. By the same token, however, these systems are rarely
sufficient for elaborate tasks that may require planning and more complex relationships
between robots.

In hopes of reaping the benefits of both types of coordination, some researchers have
developed hybrid systems in which emergent coordination is incorporated into a larger
framework of intentional coordination. That is, robots intentionally coordinate to deter-
mine their relative roles when performing a task that requires tight coordination, but they
actually accomplish the tight coordination using behavior-based or reactive approaches.

Chaimowicz et al. [15, 62] employ a hybrid strategy to coordinate a group of robots
carrying a box. One robot assumes the position of leader, plans a trajectory for the team
and broadcasts its heading and velocity. In a behavior-based fashion, each follower robot
uses this information and the information from its own sensors to set its own heading and
velocity. The main contribution of this work is that robots intentionally coordinate to
negotiate for and switch leader-follower roles as different robots become better suited to
guide the team. However, the constraints between robots are still relatively simple.

Lin and Hsu [24] and Jennings, Whelan, and Evans [23] both use a hybrid strategy to
coordinate a distributed team of robots tasked with moving objects, some of which require
at least two robots for transport. Both groups use an intentional approach to draw robots
to obstacles that require transport, but they use an emergent approach to actually move
the obstacles.

Vail and Veloso [26] use a hybrid approach to coordinate four Sony AIBOs playing soccer
in the Robocup domain. Robots can take on roles such as “primary attacker,” “supporting
attacker,” “supporting defender,” and “goalie.” With the exception of the goalie, the robots
negotiate amongst themselves for these roles. Once these roles are assigned, they use shared
potential fields to coordinate their activity.

In work by Naffin and Sukhatme [27], robots negotiate to organize and move in for-
mation. Robots begin as singletons and, as they encounter each other, they negotiate for
leader-follower roles in the formation. The leader is chosen based on predetermined rules
that dictate which robot has the positional advantage. The leader then negotiates for itself
and its followers all future encounters with other robots. Using a reactive protocol, each
follower simply maintains a certain distance and heading from its leader. In this bottom-up
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fashion, smaller clusters of robots can quickly join up to form larger clusters. When a join
occurs, the resulting formation may not fit the desired overall structure. The top-most
leader then gathers information from all formation members, centrally plans, and instructs
individual robots to change positions. The negotiation layer is the main contribution of
this research over existing work, specifically that of Balch and Hybinette [56]. Naffin and
Sukhatme’s approach appears to work well; unfortunately, there is no empirical comparison
between the two approaches so it unclear how or even whether the negotiations actually
improve the team’s performance. Also, unlike in Balch and Hybinette’s work, the robots
operate in an obstacle-free environment. It would be important to know how the framework
handles disruptions in motion. As in the framework developed by Chaimowicz et al. [15],
the constraints between robots are simple and explicitly defined in the task description.

Simmons et al. [63] propose a framework for more sophisticated coordination between
robots. Their work addresses the problem of a large group of heterogeneous robots (cranes,
mobile cameras, and smaller manipulators) working together in large-scale construction.
Ideally, an end user would begin by offering a complex construction task to the group that
would be accepted by a robot that would, in turn, act as foreman for the task. This foreman
would then decompose the task, create a task tree with constraints between subtasks, and
negotiate with other robots for their participation on different aspects of the task. Parts of
the task tree would then be allocated to team members for actual execution and they, in
turn, would coordinate directly with each other at different levels depending on the needs of
the subtask. This approach uses a three-tiered scheme to allow direct coordination between
the planning, executive, and behavioral levels of different robots. Negotiation for tasks and
synchronization occurs at the planning and executive levels, respectively, and tight coordi-
nation is achieved through behavior-based loops between different robots. Their approach
is mainly applicable to tasks that have two features. Firstly, the tasks must be decom-
posable into a distinct set of partially-ordered subtasks. Secondly, coordination between
robots working on a subtask may be tight, but must be simple. That is, the interactions
between teammates must be facilitated by reactive or behavior-based approaches and can-
not require planning at the lowest levels. The tasks we hope to accomplish are typically not
decomposable and they cannot be accomplished by simple interactions between teammates.

Jones et al. [64] describe a hybrid approach to dynamically- formed heterogeneous teams
in which members perform tightly coupled tasks. They use a market-based approach to
perform task allocation and use plays to tightly coordinate team members completing a
task. A play consists of a set of predefined roles for each teammate engaged in the play
and each role consists of a set of predefined actions. In this system, a task is announced in
an auction call, and this task may require the coordination of several robots (for example
if it requires multiple functionalities). A robot will compare this task against its playbook
which contains several plays and find one that is suitable to the task. If such a play is
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found, it holds an auction to allocate the remaining roles in the play. If all other roles are
filled through this auction, the robot then bids on the original task. Assuming the task
is awarded to the robot, this robot will coordinate the actions of the other team members
involved in the play as long as the task is incomplete and the play is still relevant to the
task. Individual robots will then execute their roles in the play and coordinate with their
teammates to ensure the actions are executed in lock-step where required. This system
is one of the first to address the complete multirobot coordination problem involving task
decomposition, task allocation, task scheduling, and execution, and we discuss it further in
Chapter 8. Moreover, it provides both tight coordination and planning through through
the plays which can consist of long-term coupled actions between robots.

Nevertheless, several features prevent it from solving general domains in our problem
space. First, like the work by Lemaire et al. [35] and MacKenzie [34], it requires the mission
to consist of a set of distinct allocatable subtasks, which is not the case for problems such as
security sweep where robots have a single, continuous mission with no subtasks. Secondly,
as with Wagner and Arkin’s [6] approach, it assumes that solutions can be described by a
finite set of predefined plans. This is not the case for difficult problems such as constrained
exploration which require planning in arbitrary and continuous environments and which
further require replanning during execution. Thus, the notion of roles cannot be used to
express the activities of robots. In sum, this work is well suited to allocating tasks which
may require tight coordination between several robots, but the tasks that can be achieved
by the plays method are limited to those that can be described by predefined interactions
between the teammates. This set of tasks does not include constrained exploration and
security sweep.

2.4 Multiagent coordination

Multiagent teams are related to multirobot teams in a number of ways: they solve similar
problems (e.g. task allocation and constraint satisfaction), face similar challenges (e.g.
limited information and failures), and achieve coordination using similar approaches (e.g.
auctions). Nevertheless, multirobot teams are embodied and physically interact with their
environment while purely multiagent teams are virtual. This means that while robots
often operate in dangerous environments (e.g. flooded mines), agents are relatively ”safe.”
Moreover, robots have significantly more uncertainty since their local state often depends
on the state of the environment, which can be very difficult to assess.

This fundamental difference of physical embodiment has significant implications for our
problem space. Namely, the problem of tight coordination throughout execution is almost
nonexistent in multiagent systems. For example, there is no multiagent task analogous to
the multirobot task of moving a piano using three robots. Nor is there a task analogous
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to a team of robots traversing an environment while maintaining line of sight connectivity.
Certainly there are domains that require scheduling of tasks but these involves solving
significantly different coordination problems.

2.5 Summary

In summary, we find that current approaches to multirobot coordination that enable tight-
coordination use short-term planning techniques to remain tractable. Conversely, ap-
proaches that employ long-term planning to complete tasks are limited to tasks whose
components can be decoupled. The few approaches that provide both features are cen-
tralized; as such, they are unresponsive, do not scale to larger teams, and suffer from
single points of failure. Consequently, current approaches to multirobot coordination do
not address the needs of the class of tasks that require both extensive planning and tight
coordination.





Chapter 3

Market-Based Multirobot

Coordination

In this chapter we introduce market-based approaches to multirobot coordination. We
first provide motivation and intuition for the approach and present an illustrative example.
We then discuss the benefits of market-based approaches and how existing market-based
approaches relate to our problem space. Dias et. al. [37] provide a more comprehensive
overview of market-based approaches and also survey the literature in the field.

3.1 Overview

Humans have met the challenges of coordination for thousands of years with increasingly
sophisticated market economies. In these economies, self-interested individuals and groups
trade goods and services to maximize their own profit; simultaneously, this redistribution
results in an efficient production of output for the system as a whole. Researchers have
recently applied the principles of market economies to multirobot coordination. In market-
based multirobot systems, robots are designed as self-interested agents that operate in a
virtual economy and buy and sell tasks and resources to maximize their own profit; this
simultaneously produces efficient solutions to the team’s mission.

Most often, markets are used to solve the task allocation problem of assigning tasks to
team members so that the overall mission is completed efficiently. Both the tasks that must
be completed and the resources available to complete these tasks are treated as commodities
of measurable worth that can be traded. Each task a robot completes generates some
revenue for the robot but also requires some cost expenditure. The revenue function R :
T → <+ is a mapping that reflects how the task affects the team’s proximity to the overall
mission goal; the greater the contribution of the task to the team’s goal, the greater the
revenue. The cost function, C : R → <+, is a mapping that reflects the quantity of resources
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Figure 3.1: An illustration of three robots exploring Mars. The robots’ task is to gather
data around the four craters (outlined by red dashed lines), which can be achieved by
visiting the target sites (represented by colored ovals).

the robot consumes, such as fuel or network bandwidth. An allocation is achieved by robots
competing in auctions to win tasks that will generate the greatest profit for themselves,
defined as revenue minus cost. The idea is that, through auctions and negotiations, tasks
will be awarded to the robots best able to complete them and thus produce efficient team
solutions.

3.2 A simple example

To illustrate this market-based approach more concretely, consider a team of robots per-
forming a distributed sensing mission on Mars. As illustrated in Figure 3.1, the robots must
gather data from specific sites of interest to scientists while also minimizing their energy
expenditure. One important aspect of completing the mission is to determine which robot
should visit each site. We can solve this problem using a market-based approach in which
robots compete in auctions for each task of visiting a site. After estimating their resource
usage for an offered task and submitting bids based on those expected costs, the robot with
the best bid is awarded a contract for that site.

Suppose that we offer a maximum reward of $50 for each task and that robots incur a
cost of $2 for each meter of travel (since the resource of concern is energy consumed). This
$50 is a reserve price that essentially says that the task should only be attempted if the
site can be reached by increasing one’s path length by less than 25 meters. Further suppose
that a robot A is only 5 meters from a site S. Since A would have to spend $10 to complete
the task, it bids $10. Meanwhile, a robot B that is 10 meters from the site bids $20. A is
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awarded the contract because it can perform the task more efficiently and for less than the
reserve price.

3.3 Benefits of market based approaches

Market-based approaches have a number of positive features that have made them popular
coordination methods. Firstly, they require users to formalize their preferences for the
different solutions through global utility and local profit functions. This facilitates the
comparison of different approaches and different solutions. Second, market-based techniques
can provide guarantees on solution quality in certain circumstances [65]. Third, market
mechanisms such as auctions provide a concise and simple way to compare the importance
of different tasks and robots’ abilities to perform these tasks; thus they use communication
and information efficiently.

Here we further discuss the features of computational efficiency, responsiveness, and
generality that we highlighted in Chapter 1 as most important for this thesis.

Computational efficiency

Market-based approaches are often able to distribute the planning required for task allo-
cation or mission decomposition through the auction process: each robot locally plans a
solution to the offered tasks, computes its costs, and encapsulates the costs in its bids. This
process is illustrated in the Mars exploration example: each robot determines its own cost
of visiting different sites. By distributing this planning through the auction process, mar-
kets provide a simple method of making multirobot task allocation tractable. Additionally,
Dias [59] has shown how market-based approaches can produce better solutions by oppor-
tunistically allowing “pockets” of centralized optimization to emerge within subgroups of
the team when resources permit. In our running example, for instance, the team might
begin with a suboptimal allocation of sites; this could have been caused by an originally in-
accurate map of the environment which, in turn, resulted in inaccurate bids. At some point
during execution (perhaps when map information is improved by sensor measurements),
a robot might find a better distribution of sites for some subset of its teammates. It can
purchase the tasks from the original holders and subcontract them to the new holders and
pocket the cost difference as profit. Simultaneously, this results in a better team solution.

Thus, markets can dynamically adjust the computational energy spent and the quality
of solutions produced based on the resources available and the needs of the task. This is
a primary reason why we have developed our own approach as a market-based framework,
and we significantly extend this feature to provide adaptive coordination.
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Generality

Market based approaches are general because the principles of cost and revenue are appli-
cable to almost any multirobot domain, just as they are applicable to almost any human
coordination problem. Indeed, market-based approaches have already been applied to a
wide range of applications, including exploration and mapping [66, 67, 63], box pushing
[60], surveillance and reconnaissance [68], assembly and construction [17], soccer [69], and
treasure hunt [70]. Nevertheless, to date they have not been used to provide tight coordi-
nation, in part because it is unclear how tight coordination problems can be modeled with
cost and revenue. That is one of this contributions of this thesis.

Uncertainty and Responsiveness

As we mentioned in the introduction, real-world domains always involve some uncertainty in
the environment, the team, and the task. A successful coordination framework must enable
the team to further the mission without requiring complete or perfect information. Market-
based approaches fulfill this requirement. Suppose that in our Mars example, little terrain
information is available to the robots when the initial allocation of sites must be made.
The robots can still compute their bids based on whatever limited knowledge they have
and based on some assumptions about the environment (e.g. by assuming that unknown
areas contain no obstacles). Although this may produce a suboptimal allocation, the mission
can still be completed.

Moreover, market-based approaches are responsive to changes and can improve the team
solution when new information is received. The most common approach is by allowing
robots to auction new tasks and reauction existing tasks during execution. For example,
as the robots on Mars begin to complete their mission, they will obtain new information
about the terrain from their sensors. The robots can improve the current solution by
reallocating tasks through further auctions [59, 71]. Similarly, when robots malfunction or
fail, the tasks that they have been assigned can be reallocated to other members of the
team [72, 60]. Finally, new tasks can be created and assigned by holding new auctions
during execution [64, 60, 63]

3.4 Market-based approaches applied to the problem space

Market-based approaches are almost always used to facilitate loose coordination for a num-
ber of reasons. Firstly, market-mechanisms are well-equipped to distribute mission planning
(e.g. through locally computed bids) and mission tasks (e.g. through auctions). Neither of
these features are easily applied to tightly-coordinated missions in which planning requires
consideration of multiple teammates and in which components cannot be easily distributed.
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Secondly, as we described earlier, the interaction between tightly-coordinating teammates
are simple in most domains that researchers have investigated and can be accomplished
successfully by emergent coordination approaches. These approaches are less expensive in
terms of design, computation, and communication than market-based approaches and are
thus preferable in most cases of tight coordination. Thirdly, some tightly-coordinated mis-
sions require extremely fast responses to teammates’ actions. For example if robots are
jointly carrying a fragile object, a slip by one robot might require instantaneous compen-
sation by its teammate to keep the object safe. Since market mechanisms typically require
more time than this for bidding and negotiation, market-based approaches may be too slow
to meet this high degree of responsiveness.

Thus, to date, the role of market-based approaches in tight-coordination has been ex-
tremely limited. At most, markets are used to assign roles or tasks that require tight
coordination, but execution is achieved using simple approaches. For instance, Simmons
et al. [17] use a heterogeneous team to perform large-scale construction. They propose a
market-based approach to secure teammate participation in manipulation tasks that require
tight coordination, but execute the tight coordination using a reactive approach.

Although emergent approaches have been sufficient in the past, the class of tasks we are
interested in cannot be solved successfully using these approaches because they require ex-
tensive planning of teammates’ interactions. As discussed earlier, market-based approaches
are well-equipped to facilitate coordinated planning during mission decomposition and task
allocation, but they do not facilitate planning of coordinated actions during execution. This
is because almost all market-based approaches deal with loosely-coordinated teams in which
tasks can be achieved by robots independently. Clearly, current methods of planning for
task execution in market-based approaches are insufficient.

Despite that market-based approaches are not designed for tight-coordination and that
the challenges of loose and tight coordination are so different, we believe that market-
based approaches can be extended to enable tightly-coupled planning during execution.
This extension is one of the contributions of this thesis, and by combining it with the
other benefits of market-based approaches, we believe they can be very successful in solving
missions in our problem space.

3.5 Summary

In this chapter we introduced market-based approaches to multirobot coordination. In these
approaches, robots act as self-interested agents operating in a virtual economy where the
team’s tasks and resources are of monetary value. Robots buy and sell these commodities
over the market to maximize their own wealth, and, in a properly designed system, this
price-driven redistribution simultaneously results in good team solutions. Market-based
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approaches have a number of desirable properties including computational efficiency, flex-
ibility, robustness, and generality. To date, market-based approaches have only been used
to loosely coordinate teammates. Despite this, we believe that they can be extended to our
problem space; this extension is one of the major contributions of this thesis.



Chapter 4

The Hoplites Framework

In this chapter we present the Hoplites framework which is the primary contribution of this
thesis. To explain many of the concepts in this section, we will use a running instance of the
constrained exploration problem in which a team of robots must visit a set of target locations
while ensuring line of sight team connectivity. For simplicity, we omit the requirement of
contact with a base station included in earlier examples. An instance of this problem with
two robots is illustrated in Figure 4.1 (a). We abbreviate this problem to LOSEX, short
for line of sight EXploration.

We begin in Section 4.1 by providing intuition for the framework in the context of
LOSEX. In Sections 4.2 and 4.3, we describe key components of the framework including
extensions to market-based frameworks and coordination protocols, and we discuss design
considerations in Sections 4.5 and 4.6. We then show in Sections 4.7 and 4.8 how Hoplites
satisfies both the coordination requirements and the real-world requirements of the domains
in our problem space.

4.1 Intuition

To intuitively explain Hoplites we first discuss the features of our problem space and the
properties we are trying to capture. We then concisely present the features of the Hoplites
framework that enable it to solve problems in our space better than other approaches.

Problem space features

Although planning for tightly-coupled multirobot systems is a difficult problem, this dif-
ficulty can vary greatly between different instances of the same domain: it depends sig-
nificantly on the complexity of the environment and the size of the team. In LOSEX, for
example, a cluttered environment is more challenging than an obstacle-free environment
that permits unobstructed visibility and thus full network connectivity. Additionally, the
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(a) (b) (c)

Figure 4.1: An example of LOSEX with two robots, two target regions (marked as dotted
rectangles), and one obstacle (in dark grey)(a). The shortest paths (marked by dashed
lines) to the target regions would violate line of sight constraints (b). The problem can be
solved if one robot travels around the far side of the obstacle to arrive at its target region
(c).

same instance of a problem can be harder for a team of only five robots than for a team
of fifty robots because the latter has greater visibility and thus greater connectivity. The
difficulty of the task can also vary within a single instance of the domain. In environment
with only one cluster of obstacles in a corner, the empty portions can be easily explored,
but the cluttered corner may require close coordination between many teammates to ensure
connectivity.

For efficiency, we want a coordination method that is only as complex as necessary to
solve the problem at hand. That is, when robots are faced with an easy problem scenario,
they should be able to coordinate with minimum communication and computation expense
while still producing good solutions. Alternatively, in hard scenarios, robots should be
equipped with a complex coordination method that may require more resource expenditure
to produce a good solution. The challenge, however, is the complexity of the problem
cannot be known in advance or determined by inspection, and it may change during the
course of a mission.

Hoplites

Hoplites is a market-based coordination framework in which the complexity and strength of
the coordination adapt to the difficulty of the problem. Robots begin with passive coordina-
tion which is light on communication and computation and allows teammates to iteratively
respond to each other’s actions without directly influencing them. When passive coordi-
nation traps robots in local minima, active coordination improves solutions by enabling
robots to influence each other directly by purchasing each other’s participation in complex
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plans over the market. Active coordination consumes more resources but is also capable of
producing much better solutions.

These features directly lead to the major contribution of this thesis: that Hoplites is
best in class in solving problems in our space. Specifically, Hoplites outperforms competing
distributed approaches by enabling pockets of complex coordination between several robots
that result in better global solutions. Moreover, by selectively injecting this complexity,
Hoplites provides these improvements while remaining computationally competitive with
other distributed approaches. Finally, this selectivity also enables Hoplites to produce better
solutions than centralized approaches which, for tractability, must resort to algorithms that
produce feasible but very sub-optimal solutions. Hoplites, on the other hand, selectively uses
these approaches and thus pays the price of significant sub-optimality only when necessary.

4.2 Hoplites as an extended market-based framework

We have designed Hoplites as a market-based framework to harness many of the associated
advantages, including generality, speed, and responsiveness. We discuss these properties
later Section 4.8.

As we explained in Chapter 3, most market-based approaches deal only with coordinat-
ing team members to allocate tasks or roles. Essentially, robots coordinate to answer the
question “Which robots should complete which mission components?” Solving this means
reasoning about mission at the level of its component tasks. For example, in our distributed
data collection mission from Section 3.2, robots evaluate the costs of visiting some set of
collection sites. The team is able to arrive at a solution by allowing each robot to indepen-
dently determine how it would solve the different components and then using auctions to
assign components to the most capable robots.

To solve the problems in our stated problem space, however, robots must additionally
answer the question “How should robots complete their mission components?” Solving this
means reasoning about the team mission at a much finer-granularity. For example, in
constrained exploration, robots must determine not just which areas to assign to which
robots, but also how these robots should explore them to ensure connectivity. This requires
reasoning about every single action (and not just the larger task) and about the impact of
teammates’ actions on each other (and not just a robot’s actions in isolation).

Extensions to Market-Based Approaches

Hoplites extends market-based approaches to multirobot coordination in two specific novel
and general ways to meet the demands of our domains; we highlight these extensions here
and discuss them in detail in the remainder of this chapter. First, in all prior work, a
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robot’s profit for completing a task depends only the revenue generated by the task and the
cost of the resources consumed in doing so; it does not depend on the state of other robots.
We introduce a new type of term called a constraint penalty that encodes the importance
of maintaining constraints between teammates and that does depend on teammates’ states.
This is a general technique for encouraging implicit tight coordination between robots in
a competitive environment. Moreover, unlike revenue and cost terms which represent the
value of physical properties of our system, the constraint penalty term represents an abstract
property that is neither consumed (as resources are) nor completed (as tasks are).

Second, in the current body of literature, market-based approaches have only been used
to solve task decomposition and allocation problems by enabling robots to buy and sell
tasks or roles through auctions. In contrast, we enable robots to buy and sell participation
in fine-grained tightly-coupled plans which, in turn, represent constraints in the system.
This provides a way for robots to influence how their teammates achieve their individual
goals and thus facilitates planned tight coordination to satisfy constraints. Moreover, these
commodities are not easily incorporated into existing systems: they can neither be modeled
as roles because they involve very detailed actions tailored to specific teammates, nor can
they be modeled as tasks since they are input into the problem or produced during task
decomposition.

Coupled cost and revenue.

In other market-based approaches, determining the revenue a robot receives and the cost
it incurs requires only knowing the task it has completed and the amount of resources it
consumed. In general, its teammates’ states are irrelevant. However, to promote coordi-
nation in Hoplites, cost and revenue functions are coupled and do depend on teammates’
states. For example, consider the instance of LOSEX in Figure 4.1 (a) where two robots
must explore the two shaded regions of an environment containing a single large obstacle
that obstructs line of sight. In this example, each robot receives revenue for each unit of
area it discovers, incurs a cost for each meter it travels, and incurs a constraint penalty for
each unit of time that it is without communication contact with its teammate. Since this
penalty affects the profitability of the robots’ actions, it forces each to consider its team-
mates’ actions when choosing its own. In Figure 4.1 (b), each robot considers traversing the
shortest path to visit an unexplored region. While this path has high revenue for discovery
and low cost for distance, it will be worse overall because it violates line of sight constraints.
Instead, the longer path around the obstacle (as shown in Figure 4.1 (c)) is more profitable
than the direct path because it maintains line of sight between the teammates.
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Negotiating action-level plans.

Since most market-based approaches deal only with task allocation, only tasks can be
bought and sold over the market and robots only coordinate in the task space. In our
problem domains, robots must coordinate at a finer granularity in the action space to
satisfy the team constraints. Thus, existing approaches are insufficient. We have extended
market-based approaches to allow robots to buy and sell fine-grained, action-level plans.
This enables robots to negotiate for the first time how tasks should be completed even after
they have been allocated to a particular robot. We discuss this extension further in Section
4.3.

4.3 Coordination components

Let us return to the challenge of providing robots with a flexible coordination framework
that dynamically adjusts the coordination complexity to match the task complexity. To this
end, Hoplites consists of two coordination methods for easier and harder problem scenarios.

Passive coordination

Passive coordination is the simple, less expensive method employed by robots as a“base”
strategy. Throughout execution, a robot’s goal is to select plans that are most profitable
given its teammates’ simultaneous actions. In passive coordination, a robot first generates a
set Pcandidate of plans that are possible in the environment. It then estimates the profitability
of each plan p ∈ Pcandidate in the context of its teammates’ actions and the environment
using a profit function that combines revenue, costs, and penalties. Once the robot has
chosen its most profitable plan pmax, it broadcasts pmax to its teammates. Its teammates
use this information to reevaluate the expected profitability of their current plans, update
these plans, and broadcast any changes back. In this way robots’ planning cycles iteratively
incorporate the most recent information about teammates’ intentions. Consider the example
in Figure 4.2 (a) where the robots r0 and r1 have chosen to explore regions 1 and 2,
respectively. In this simple environment, each robot initially selects the shortest path to
its target region as its best path pmax. When the robots receive each other’s intended
trajectories, they find that these are still the best paths. Thus, in one step, the team
converges to the optimal solution using only passive coordination. As we demonstrate in
Section 6, passive coordination alone can be effective in many environments where the best
actions are easily discovered (e.g. in an uncluttered environment).
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(a) (b) (c)

r0

r1
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r0 r1

Figure 4.2: Robots r0 and r1 would like to explore the shaded regions of interest. In a simple
environment they are successful using passive coordination (a) but become deadlocked in
a slightly more complex environment (b). In a third environment (c), the two can reach
their target regions in a much better way if they both travel through the valley created by
the obstacles, but this solution will be much worse if only one travels through the valley.

Active coordination

In difficult environments, a good solution may require that teammates simultaneously per-
form complex coordinated actions. For two main reasons, however, these actions may not
be produced using passive coordination alone.

First, market-based approaches attempt to produce cooperation through selfish deci-
sion making. However, the best solutions in complex scenarios often require some robots
to perform actions that are more costly to them but are beneficial for the team overall. In
passive coordination, where each robot chooses its most profitable option given its team-
mates actions, robots have no motivation to take these personally-detrimental actions, and
the high-quality solutions will be passed up for poor solutions. For example, in Figure 4.2
(b), an obstacle has been added to the environment that makes it more challenging for r0

and r1 to explore their target regions. To explore successfully, each robot now requires the
assistance of its teammate to provide connectivity. However, using passive coordination,
none of r1’s paths that would help r0 reach its goal appear profitable to it: they involve
cost expenditure for travel but do not garner any revenue from exploration. The same is
true for r0’s paths that help r1. In such situations, passive coordination traps the team in
local minima because the global benefit of actions is not translated to individual profit.

Second, complex actions are also often high-risk. That is, if executed by all teammates,
the actions will be immediately profitable, but, with only partial participation, the actions
can be unprofitable. In contrast, low-risk actions will reap some rewards for a robot inde-
pendent of it teammates’ actions. When passively coordinating, a robot cannot guarantee
its teammates’ actions, and, without a commitment strategy, robots pass up high-risk ac-
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tions for low-risk ones that are less profitable and poorer solutions. For example, in a
different environment in Figure 4.2 (c), r0 and r1 again each have a region to explore.
The best solution is for both robots to travel in the valley created by the two obstacles
to maintain connectivity, even though this path is longer. However, if only one of the two
goes through the valley, it will be more costly than if it had traveled directly to its target
region because it requires greater expenditure in energy but does not provide connectivity.
Without being able to ensure that their teammate would travel through the valley, they
may both hedge their bets and opt for the poor but safe solution of traveling directly to
their targets.

The active coordination mechanism can be used to escape both types of local minima.
In a properly designed market-based system, if the team solution is poor, then it is also
unprofitable for at least some members of the team. Active coordination exploits this prop-
erty: it enables a robot to pay its teammates for taking actions that are inherently profitable
to it but not necessarily directly profitable to them. By redistributing wealth, actions that
are beneficial to the team can now also be profitable to the individual robots, and this
makes cooperation a profitable rather than an altruistic endeavor. Furthermore, when a
robot pays its teammates, those teammates are obligated to take the actions requested.
Thus, teammates can guarantee each other’s activities and take high-risk, high-profit ac-
tions. Active coordination is related to the idea of leaders and opportunistic optimization
developed by Dias and Stentz [73] for loosely-coordinated teams controlled by market-based
approaches.

4.4 An illustrative example

To illustrate these coordination mechanisms, let us consider the scenario in Figure 4.3 (a) in
which two robots r0 and r1 are solving LOSEX in an environment with one target region and
two obstacles. Let us assume that there is a high penalty for losing line of sight compared
to the energy cost of moving around the environment. Here, r1 has chosen not to explore
the target region because it is too far away; instead it remains stationary. Meanwhile, r0

attempts to explore the region using passive coordination, but the least-cost solution p0

that achieves this is unprofitable because the revenue from exploring the target does not
cover the penalty cost of losing contact with r1. With passive coordination alone, r0’s most
profitable plan pmax would be to do nothing and ignore the target region; pmax would have
a profit of 0 since it neither costs anything nor achieves anything. Thus the team would be
trapped in a local minima. This is similar to the example in Figure 4.2 (b).

The active coordination mechanism produces the optimal solution. During planning,
suppose r0 finds that it will incur a minimum penalty of c0 for taking p0 because of the
break in visual contact with r1. It searches for a team plan P01 that would decrease this
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Figure 4.3: In this example of LOSEX, r0 robot would like to explore the shaded region
but cannot using passive coordination without losing line of sight contact with r1 (a). By
developing a team plan P01 with r1 as shown in in grey in (b) and actively coordinating,
however, r0 can successfully reach its goal and also produce the optimal team solution (c).

cost; it finds P01 = {p0, p1} as shown in Figure 4.3 (b). r0 then requests a price quote q1

from r1 for P01. This quote reflects the additional cost c1 to r1 for taking the proposed path
p1 instead of remaining stationary as it had intended. We expect that since the penalty for
line of sight violations is higher than the cost of consuming resources, c1 will be less than
c0 and r0 will have a profit margin m = c0 − q1 = c0 − c1.

Clearly, this solution results in a positive profit for r0 even after it pays off r1. However,
m must also be greater than r0’s original best alternative, pmax, which ultimately set’s the
maximum price that r0 would pay its teammates for their assistance. This value is known
as the reserve price. Here, m is greater than the profit of pmax (which was 0), so r0 can
then offer q1 to r1 to offset its costs and pocket m for itself. r0 could further offer a portion
of m to r1 if r1 had competing alternatives to P01. Now, r1 will find that it can do at least
as well as it would have with its original plan of doing nothing, so it will accept the offer.
In the pursuit of larger profits over the market, the team arrives at the optimal solution.

In this way, active coordination allows robots to explicitly weigh the benefits of certain
actions (e.g. exploring the region) against the costs (e.g. the extra effort required by
teammates). Furthermore, it enables robots to share the benefits with their teammates
by paying them and thus promotes cooperation in a competitive environment. Also, it
provides a contract mechanism by which robots can guarantee each other’s actions. In
sum, with active coordination, the team can escape local minima and solve the problem
more efficiently.

Hoplites also enables the active coordination of several robots. In Figure 4.4(a), we have



4.4. AN ILLUSTRATIVE EXAMPLE 45

(a) (b) (c)

r0

r1

r2

r3

p0 p0

p1

p2

Figure 4.4: In this example of LOSEX, r0 as teammates r1, r2, and r3; it would still like to
explore the shaded region without losing line of sight contact with r1 (a). Now, however, it
must coordinate with both r1 and r2 (b) in order to successfully reach its goal and produce
the optimal team solution (c).

added two robots r2 and r3 to the team. Although this does not change the environment
or r0’s goal of getting to the target region, it does mean that more robots must remain
connected. As before, passive coordination will not enable r0 to reach the region profitably
and the team will again fall into a local minima.

If r0 now proposes P01 to r1, the price quote q1 would be much higher than before
because it will cause a line of sight violation between r1 and r2 and cause c1, the added cost
of taking p1, to be much higher. Indeed, we can expect that the overall cost of taking p1

will be greater than the cost c0 because in addition to the line of sight penalty, c1 includes
the energy cost of taking p1. So, m = c0 − c1 < 0 and r0 will be unable to bid for r1’s
participation.

There are two approaches that r0 can take to solve the problem. The first is that r0 can
then develop a team plan P012 for all three teammates together. Here, P012 = {p0, p1, p2}
as shown in Figure 4.4(b). Now, the cost of r1 taking p1 when r2 simultaneously takes p2

is the same as it was in the previous example with only two robots. r0 receives quotes q1

and q2, and we expect that since both of these costs only involve energy expenditures, they
will be less than the cost of r0’s violations. That is, m = c0 − (q1 + q2) > 0, and so r0

can compensate its teammates, who will be able to do at least as well as they could have
previously. The three robots will form a contract and thus the market will have found the
optimal solution.

Nevertheless, in real systems, this approach of a single robot planning for many of its
teammates ultimately will not scale for two main reasons. First, a single robot is unlikely
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to have access to all the necessary information about all the teammates that is required to
solve the problem. Indeed, the robot may not even know which teammates are required
to solve the problem. Secondly, even with this information, a team plan for more than a
few robots may not be computationally feasible. Fortunately, the unique elements of the
Hoplites framework enable the team to solve the problem.

Suppose r0 once again generates the plan P01 and r1’s quote is too high. Rather than
quitting at this point, r1 can continue to explore the problem. That is, r1 can generate the
team plan P12 = {p1, p2} as shown in Figure 4.4 (b) and request a quote q2 from r2 that
reflects the added cost c2 to r2 of taking p2 instead of remaining stationary. We expect c2

to be small since p2 only adds energy cost (just as p1 did in the previous example) and does
not violate line of sight constraints with r3. Thus, upon receiving q2, r1 can evaluate its
new cost c′1 that is the cost of taking p1 when r2 simultaneously takes p2. It can then send
to r0 a new price quote q′1 = c′1 + q2. Again, we expect that c′1 + c2 will be less than c0,
so r0 will be have a profit margin m = c0 − q′1 = c0 − (c′1 + c2). r0 will then offer q′1 to r1

which, in turn, will offer q2 to r2. Both r1 and r2 find that they can do at least as well as
they would have previously, so they will accept the respective offers. Here, the system is
able to find the more complex optimal solution via the market.

As shown in this example, Hoplites makes it possible to efficiently coordinate several
robots. Firstly, planning can occur through a series of linked plans (e.g. P01 and P12), so a
single agent does not have to plan for a large number of robots. Secondly, the utility of a
plan (e.g. q1 and q2) is evaluated locally, so robots can use more accurate local information
to generate more accurate cost estimates. Thirdly, by combining a series of price quotes
(e.g. q′1), robots can concisely transmit the costs and benefits of a collection of plans. This
means that robots can investigate different solutions to the same problem; the most cost
effective one is naturally adopted in the market. Thus, a robot (e.g. r0) can benefit from
and even cause and pay for the coordination between its teammates (e.g. r1 and r2) without
ever being aware that the coordination occurs. In this way, the needs of one part of the
team can be transmitted to and met by other parts of the team transparently and efficiently.
As we demonstrate in Chapter 6, this chained coordination produces good solutions while
consuming few computational and communication resources.

4.5 Practical considerations: problem setup

While these basic coordination methods round out the fundamentals of Hoplites, there
are a number of practical considerations that must be addressed in order to implement the
framework in practice. In this section we discuss the problem setup. Specifically, we look at
how to translate an abstract domain description such as “explore an area while maintaining
line of sight connectivity” into a concrete problem. In the next section, we discuss practical
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Problem Setup

1. Problem definition: Identify problem goals, resources, and constraints.
Define global constraints as a set of locally manageable constraints.

2. Function Q: Formally combine problem factors in a single function Q that
measures the global solution quality. Define any weights necessary to trade
off dissimilar factors.

3. Function p: Derive from Q the local profit function p that robots use to
guide individual actions.

Coordination Setup

1. Passive coordination: Determine how and how often a robot should gen-
erate a set of candidate plans. Choose the set size, planning algorithm(s),
and planning horizon.

2. Switching mechanism: Select a switching point between passive and ac-
tive coordination, usually using a minimum profit threshold θmin.

3. Active coordination:

a) Teammates: Determine with which teammate(s) a robot should at-
tempt actively coordination based on the local constraint structure.

b) Team solutions: Determine how a team plan should be constructed and
by which robot. Choose the algorithm(s) and planning horizon.

c) Reserve path: Decide if and how a robots should compute a new reserve
path to improve the best alternative option if active coordination fails.

d) Market mechanism: Choose a market mechanism by which robots buy
and sell plans (e.g. auctions, directed peer-to-peer sales)

Figure 4.5: An outline of the design considerations necessary to implement Hoplites. The
first three relate to the problem setup and the second three relate to the coordination setup.

considerations for enabling passive and active coordination. We highlight all the steps one
would use in designing a Hoplites solution in Figure 4.5 and fill in the steps for each of our
implementations in Chapters 6 and 7.

Problem definition

We often begin with a very abstract idea of the problem we want to solve with a team
of robots which we then need to precisely define for implementation. For our problem
space, in particular, we must first restructure the original problem to make it feasible for a
distributed system.

LOSEX, for example, is very similar to the constrained exploration problem we described
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Figure 4.6: A team of five robots exploring an environment. Solid arrows indicate the line
of sight communication links between teammates. (Left) Robot r0 cannot explore the area
without losing contact with r1. (Right) By changing links, the team can restructure and
provide r0 with greater flexibility. The team members’ previous positions are highlighted
in light grey and their paths are shown as light grey arrows.

in Chapter 1 in that it is difficult to evaluate and intractable to solve if we describe it as
a general connectivity problem. We can make it tractable, however, using an approach
similar to our earlier method in Chapter 1. Each robot is assigned two specific neighboring
teammates with which it must maintain line of sight connectivity (the two end robots
have only one neighbor). This is illustrated in Figure 4.6 (a), where the arrows connect
neighboring teammates. With this formulation, our team of robots simulates a robotic arm
with four prismatic and four revolute joints. The condition that all robots maintain contact
with their designated teammates is sufficient (although not necessary) for maintaining team-
wide constraints, and it is a much more tractable problem and more feasible to evaluate.

The disadvantage is that our restructuring method may be too conservative. For exam-
ple in Figure 4.6 (a), robot r0 cannot move forward around the obstacle to its right because
it must maintain contact with r1, even though the team would still be connected if it did
move. This is a general drawback of trying to piecewise locally capture global constraints,
but it is necessary to make the problem feasible. We can overcome these difficulties by
using a structure that meets the satisfiability condition but that is also minimally limit-
ing. For instance, we might allow robots to swap their neighboring teammates as shown in
Figure 4.6 (b) provided that the swap can guarantee satisfiability. Active coordination is
particularly useful for this: r0 can negotiate with r3 and convince it to release its link with
r2 and adopt a link with r0. We return to this flexible structure later in Chapter 7, but for
now stay with the simple fixed-arm structure for simplicity.

There are many different ways to create a set of locally manageable constraints besides
the fixed-arm structure. Others include bottom-up trees in which follower robots must
maintain constraints with leader robots and top-down trees in which leader robots must
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maintain constraints with follower robots. As we describe in Chapter 6, we use a fixed arm
structure in security sweep because it closely maps to the original problem. In Chapter 7, we
use a bottom-up tree structure for LOSEX that offers a good balance between maximizing
flexibility and ensuring feasibility.

Finally, we also need to describe our goals and any resources of interest which we would
like to conserve. Our mission in LOSEX is not just to maintain constraints, but to explore
the environment. Additionally, in most missions, we are interested in conserving some
resource of value (e.g. network bandwidth or fuel). Let us suppose that we are interested
in minimizing the team’s total energy consumption. Thus, we have defined our problem
as maintaining a chain of line of sight constraints while maximizing the area explored and
minimizing the energy consumed by the team.

Quantification of user preferences.

As with all market-based approaches (indeed, ideally with all multirobot approaches), we
want to quantify the quality of a solution produced by the team so that solutions can
be analyzed and compared. We must define a global utility function Q that combines all
the factors that contribute to the quality of the solution. In LOSEX, we are concerned
with maximizing both the area explored while minimizing the teams total energy consump-
tion and the communication disconnections between designated pairs of teammates. One
common implementation of Q is as a linear combination of the relevant factors:

Q = A
R∑

i=1

Area(ri)−B
R∑

i=1

Energy(ri)− Γ
T∑

t=0

R∑
i=1

Disconnection(ri, ri−1, t) (4.1)

In this equation, R is the set of robots on the team, Area(ri) is the square units of
new area explored by robot ri over the course of the mission, Energy(ri) is the total
amount of energy consumed by ri during the mission, T is the duration of the mission, and
Disconnection(ri, ri−1, t) is a boolean indicating whether or not the constraint between ri

and ri−1 was maintained at time t. (Notice that we omit the disconnection between ri

and ri+1 since line of sight is symmetric, even though it is in our local formulation.) A,
B, and Γ represent our relative preferences for each of these factors. For example, if the
connectivity requirement in LOSEX is essential, we would have a high value of Γ relative
to A and B. Alternatively, if connectivity is merely preferable, we might use a much lower
value of Γ. Indeed, if connectivity is irrelevant, we can set Γ to zero and have a standard,
unconstrained multirobot exploration problem.

Note that we are not always interested in the total expenditure of a resource; for example,
we might want to minimize the mean energy expenditure or minimize the maximum amount
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of energy used by any single robot. Furthermore, a linear combination is only one of many
ways to express this relationship; we could instead use a quadratic combination, for example.
Our preferences can also change over time; for instance, it may be more valuable to preserve
energy at the beginning of an experiment than at the end, so B can increase as the mission
continues. Clearly, the same solution can be evaluated in a number of different ways; thus
the global utility function is valuable because it forces us to formalize both the problems
we wish to solve and our preferences for different solutions.

Mapping global utility to local utility

Once we define our global utility function Q, we must then solve the credit assignment
problem which asks, “What is the contribution of an individual agent’s actions to the
larger team objective?” In market-based approaches, this means deriving a profit function
P that robots use to determine their rewards and costs for particular actions. A properly
defined function will locally guide the robots towards maximizing Q.

In loosely coordinated teams, P can often be a perfect analogy to Q. For example,
suppose we have the unconstrained multirobot exploration problem and the team is loosely
coordinated; that is, Q is the same as in Equation 4.1 except that Γ = 0:

Q = A
R∑

i=1

Area(ri)−B
R∑

i=1

Energy(ri) (4.2)

Then, the solution to the credit assignment problem is that each robot receives revenue for
each unit of area that it was first to explored and incurs a cost for the energy it consumed
during the mission. The resulting function P that determines a robot ri’s profit for an
action a taken at time t that moves it to position p is

P (ri, a, t, p) = α Area(p, t)− β Energy(a) (4.3)

Here, area(p, t) is the square units of new area observed (it is time dependent because if
any robot returns to p after it has already been visited, no new area will be credited to
that robot). energy(a) is the energy required to take action a and is not time or teammate
dependent in this domain. We use α and β to represent the local weights; often it works
well to use the same weights as in Q so that the relative importance of the different factors
is consistent between the two functions. Note that we capitalize the weights when we are
discussing them with respect to Q and leave them in lowercase when we are referring to P .
Tovey et. al. [65] present many solutions to the credit assignment problem for a number of
different global objective functions for loosely coordinated teams.

In the general case, credit assignment in tightly coordinated problems can be very chal-
lenging because robots’ actions are interdependent and can have far-reaching consequences
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for their teammates. Our problem space, however, has already forced us to reduce team-
wide constraints to local constraints. While this original step was challenging, once it is
solved, credit assignment can be straightforward. Each teammate is responsible only for
maintaining the constraints with other teammates that were defined by the restructuring
procedure. This results in a new profit function derived from Equation 4.1:

P (ri, a, t, p) = α Area(p, t)− β Energy(a)− γ (Disconn(ri, ri−1, t) + Disconn(ri, ri+1, t))
(4.4)

Thus, a robot is penalized if the line of sight is broken between itself and one of its two
neighbors. Furthermore, to evaluate the profitability of certain actions, the robot only
needs to know the positions of those neighbors. Note that in this case, penalties are bi-
directional: that is, two neighboring robots are both penalized for disruptions in their line
of sight. However, uni-directional penalties, in which only one teammate is penalized, are
also possible. Such penalties are particularly useful in tree structures: either the leader or
the follower is responsible for maintaining a constraint but not both.

4.6 Practical considerations: active and passive

coordination

Now that we have set up the problem structure and defined utility and profit functions, we
must design the coordination mechanisms that will use these components.

Passive coordination design

The first step in Hoplites is for the robots to passively coordinate to solve the problem. We
must decide how the robots should generate their candidate plans, how often they should
re-generate these plans (both to extend the planning horizon and to take into account new
information), and how often they should share these plans with their teammates.

Firstly, we want to strike a balance between generating many plans that largely explore
the solution space while focusing our plan generation in ways that are likely to result in
good solutions. Indeed, this is the challenge with many planning applications. The specific
plan generation approach is very domain dependent. In domains where robots have a range
of choices in their actions, for example if they are exploring an environment as much as
possible without priority to any particular target areas, we find it is useful to cast a wider
net. So, we might first choose a set of randomly generated goal points in the environment
and then plan a randomized path to each of those points to get a very diverse sampling of
the space. In contrast, when robots must achieve a particular goal, for example if a robot
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must explore a particular region, we find that casting a wide net is often wasteful because
few of those plans turn out to be viable. Instead, it is better to deterministically generate
a few, high-quality plans that are most likely to achieve that goal.

Secondly, we must determine how far ahead to plan in time. This is called the planning
horizon. The advantages of a longer planning horizon is that it allows robots to deal with
problems well in advance and enables the team to find better solutions since the choice of
immediate actions are influenced by their impact on later actions. The disadvantages are
that a longer planning horizon requires more computational expenditure that, particularly
in real-world environments with imperfect information, may be wasted as solutions turn
out to be infeasible. The opposite is true of shorter planning horizons. We find that
a good balance is achieved when robots plan out to the point where they are likely to
have good information about the environment, provided this is within the bounds of their
computational resources. For example, if a robot can observe the environment out to 50
meters, has a good prior map, and moves at a rate of 1 meter per second, then a planning
horizon of about one minute might work very well. If, on the other hand, the robot is
engaged in fast-paced game where the problem qualitatively changes every 2-3 seconds, a
shorter planning horizon of a few seconds is more responsive and less wasteful.

Thirdly, we must decide how often the robots should replan. As with choosing a planning
horizon, we want our replanning to respond to changes in the environment while not being
wasteful. A simple and good strategy is to frequently reevaluate the profitability of the
current plan (which is often very inexpensive) but to only replan (which is typically much
more expenesive) when it becomes significantly less profitable.

Fourthly, robots must share information with each other. Once again, we must strike a
balance between maximizing responsiveness and minimizing wasteful communication. We
find that this balance is met when robots share only new or changing information. That
is, robots only broadcast plans when they change and only share state information when it
differs from its expected state.

With these features in place, the team is fully ready to employ passive coordination,
which, as we’ve stated, successfully solves many simpler problems.

Choosing coordination methods

So far, we have equipped our robots with two coordination methods; we must still give
them a way to choose between them. The general approach is for robots to switch from
passive coordination to active coordination whenever their maximum profit for future ac-
tions drops below some threshold θmin. This signals that the team’s solution will also be
poor. Ultimately, the choice of θmin depends on the domain and the user’s global objective.
For example, if the connectivity requirement in LOSEX is absolutely essential, we would
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prefer the robots to expend the extra resources required by active coordination. This could
be achieved by having a high penalty for losing contact relative to the cost of energy and
a high θmin. Alternatively, if connectivity is just preferable, we might want the robots to
switch only when disconnection will occur for a long period of time. Then, the penalty for
losing contact would be lower relative to the cost of energy and θmin would also be low.

As a second general rule, we want robots to expend time and communication resources
to actively coordinate only when it is likely to result in a better, more profitable solution.
Consider a robot whose future plans may all have a profit less than θmin, for example be-
cause the amount of resources required by these plans is simply very high but no constraint
violations occur. By the θmin rule alone, this robot might try to actively coordinate to
improve the profitability of its options. However, resource consumption such as energy or
time for travel is typically independent of other robots’ actions. For example, a robot’s
consumption of fuel when it traverses a path remains the same regardless of its teammates’
simultaneous actions. Thus, using active coordination will almost certainly not help in these
cases and the robot would end up wasting communication and computation. Constraint
violations, on the other hand, are highly-dependent on teammates’ actions and can often
be avoided through active coordination. Thus, we recommend that a robot passively coor-
dinates until it expects that its best plan will be less profitable than some θmin, specifically
due to constraint violations; then, it should actively coordinate with its teammates.

Choosing teammates

Once a robot decides that it should actively coordinate to improve its current prospects,
it must choose the teammates with which this coordination must occur. This, too, is a
very open, domain-dependent design decision. In LOSEX, for example, we might have a
robot choose its n nearest teammates or the teammate that has been most successful in the
past in keeping other team members connected. We might even use a ladder approach in
which a robot starts with a simple option (e.g. its nearest n teammates) and, if that fails,
tries increasingly complex options (e.g. its nearest n + 1 teammates). This last approach
is similar to the PARISH algorithm [30].

Although this may seem like an arbitrary decision at first, often it follows from the
local constraint structure that we discussed in the previous section. For instance, if we use
a linked-arm structure in LOSEX, then a robot r should first try to actively coordinate
with its link neighbors. Firstly, these neighbors will have a direct incentive to cooperate
with r if the constraints are bi-directional. Secondly, r will probably have more accurate
information concerning these neighbors than about any other teammate and can thus reason
about them much more accurately. Thirdly, and most importantly, these are the neighbors
that actually have a direct impact on r’s constraints. For these reasons, this is the approach
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we use in both of our implementations. If coordinating with these neighbors fails, then the
next attempt can be one of the many viable alternatives we have mentioned.

Planning team solutions

Once the teammates have been selected, a plan must be constructed that improves r’s
prospects. One of the major strengths of the Hoplites framework is that it is not limited
to any particular planning approach; any algorithm can be utilized. This means that both
traditional, all-purpose planners such as A* [74] can be used for their ease of implementation
and consistent performance as well as domain-specific planners that have been tailored to
the problem. Nevertheless, the choice of planning algorithm can significantly affect the
computation requirements of generating plans and the quality of plans. We devote Chapter
5 entirely to discussing planning algorithms for our problem space.

We must still decide which robot should produce a solution plan for the subteam. There
are two general approaches to this. We could either let the robot r that is attempting the
active coordination also plan for the group, we could let members of the group propose
solutions, or both. There are advantages and disadvantages to each of these methods;
which one is preferable depends on the circumstances.

The advantage of r planing is that it is likely to have the most information about the
constraint violations and its goals and therefore is best equipped to find a solution that meets
its needs. The disadvantage is that r is unable to consider the constraints of its teammates
and may not be well equipped to find a solution that also meets its teammates needs and is
therefore less expensive. The alternative is for r to propose the actions it wishes to take and
request candidate solutions from its teammates. This approach allows the teammates to
explore many solutions while taking into account their own goals; thus, they are better able
to find less expensive solutions. The disadvantage is that it is challenging to simultaneously
coordinate several teammates in this manner. Finally, we could use both approaches by
having r suggest a plan and also request alternative plans. Naturally, the advantage is that
the robots can consider a larger number of solutions and increase the chances of finding a
less costly one; the disadvantage is that this computation is itself complex and expensive.

In general we can break it down into a rough decision tree. If there are enough com-
putation and communication resources, both approaches should be used. Otherwise, if the
solution requires centrally coordinating the actions of more than one robot (excluding r),
then r should plan because it can centrally coordinate its teammates. If only one robot
needs to be coordinated with r, we then consider the range of solutions to r’s request. If
there is a limited number of ways in which the teammates could help r achieve its goal, then
r should again plan because it has the most information about the goal and is still likely
to hit upon the teammates’ cheapest plans. Otherwise, if there are many ways in which
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the teammate can satisfy the constraints, then the teammate should plan. These decision
points (e.g. the range of teammates’ solutions) are domain dependent and not clear-cut.
Trial and error may be necessary to settle on an approach. Moreover, the approach need
not be chosen in advance; it can be dynamically selected during execution based on the
immediate resources available and the nature of the problem.

In security sweep, we use a bi-directional robot-arm structure for the team. This is both
light on computation and communication since there are a limited number of solutions for
both robots and they are easy to find; thus, we let both r and its teammate propose
solutions. In LOSEX, there are a number of ways for teammates to assist r so we let them
propose solutions.

On a final note, one’s approach to passive coordination can and should affect one’s
approach to active coordination, and vice versa. For example, suppose that in passive
coordination we use a very focussed approach to planning (perhaps because a simple solution
usually works very well) that results in very limited set of candidate paths. Recall that a
robot’s best plan pmax from this solution set also creates the reserve price during active
coordination that sets the maximum that the robot will pay for some team plan pteam.
Then, if pmax comes from a very limited set of plans, it may be very poor and thus result
in a high reserve price (i.e. the robot is willing to pay a lot for its teammates’ cooperation
because it does very poorly on its own). Indeed, the reserve price may be artificially poor:
if our candidate set from passive coordination had been larger, a better solution might have
been found than the current pmax, thus lowering the reserve price. Indeed a solution may
have been found that would make active coordination unnecessary. We can compensate for
this shortcoming during active coordination by having the robot generate a broader set of
candidate solutions and select a new pmax from that set. This new pmax is likely to have a
better reserve price (and thus a better solution) than the previous set. In this way, we can
compensate for the simplicity of one coordination mechanism by adding complexity to the
other.

The market mechanism

After a candidate team plan has been developed, teammates must go through a negotiation
procedure to secure participation in a contract. Although most market-based approaches
use auctions in which many teammates participate and bid, we believe that point-to-point
negotiations are most effective in Hoplites. Auctions are efficient when the item for sale
can be bought by many teammates because all the bids can be compared at once and the
protocol is simple. In Hoplites, however, a robot often requests participation from very few
of its teammates, for instance only its adjacent neighbors. Also, the plans for which the
robot seeks participation are often tailored to particular teammates. In these scenarios, an
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auction would be wasteful because it would cause robots that could never bid on those plans
to still receive and consider the offers. We recommend and use point-to-point negotiations
in which one robot makes a directed request to a particular teammate.

This mechanism is analogous to auctions with only one bidder. The “auctioneer” robot
announces a plan that it would like participation in; this announcement is directed to
one of its teammates. Then, that teammates return a bid that indicates the cost of its
participation. The auctioneer “clears” the sale by comparing the bid to its reserve price.
If the bid is less than the reserve price, a contract is made between the robots. Otherwise,
the auctioneer must find an alternative solution.

4.7 Meeting coordination requirements

In the previous section we provided a general description of the coordination mechanisms in
Hoplites. Here, we explicitly illustrate how Hoplites meets the three major requirements of
our problem domains: tight coordination, planned coordination, and flexible coordination.

Tight coordination

We say that robot A coordinates with robot B if it considers the state of B when selecting its
own actions. Further, we say that this coordination is tight if A regularly considers B’s state
throughout planning and execution. The Hoplites framework is designed to facilitate tight
coordination in a number of ways. By having teammates frequently exchange information
about their intended actions, they have the information necessary to consider each other’s
actions when choosing their own. Moreover, Hoplites encourages tight coordination by
coupling the profit functions between teammates. Thus, a robot’s decision making is directly
influenced by its teammates’ actions. Finally, the active coordination mechanism enables
robots to explicitly negotiate tightly-coupled actions.

Two parameters, plan granularity and replanning frequency, determine just how tight
the coordination is. By “plan granularity” we mean the interval of time between consecutive
actions in the plan. A finer granularity corresponds to a shorter interval and implies that a
robot samples its teammates’ actions more frequently when choosing its own. In doing so,
it is better able to respond to slight changes in its teammates actions and thus coordinate
more closely. The second factor is how often robots update their plans during execution.
A higher replanning frequency means that a robot reevaluates its plan in the context of its
teammates actual activities more often. This allows it to react more quickly to unexpected
changes in their actions. Both finer plan granularity and a higher replanning frequency
result in tighter coordination.
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(a) (b) (c) (d)

Figure 4.7: Illustrations of coordination topologies for a team of five robots. (a) A star
topology in a passively coordinating group (A, B, C, and D). (b) A star topology in
an actively coordinating group (A, B, and C). (c) A chain topology in an actively
coordinating group (A, B, and E).

Planned Coordination

By “planned coordination” we mean that a robot plans at some time t the interactions
it will have with its teammates at a later time t′. The maximum difference n = t′ − t is
known as the planning horizon and defines the length of a plan in terms of time. Hoplites
produces planned coordination in both the passive and active coordination methods. In
passive coordination, a robot creates its own plan in response to the plans its teammates
have generated for themselves and subsequently broadcast. This allows a robot to anticipate
the long-term effects of its actions and works well when the environment is simple. In active
coordination, a robot intentionally coordinates its actions and its teammates actions and
tries to purchase its teammates participation in a joint plan. Here, robots can determine the
effects of their actions directly; this becomes necessary when the environment is complex.

Flexible Coordination

By “flexible coordination” we mean that a framework should not impose limitations on
which robots can coordinate or how they can coordinate. Instead, it should allow the
maximum flexibility so that the most effective solutions can be found. Hoplites is a flexible
framework that facilitates coordination between multiple robots in many forms. Borrowing
ideas from network and graph theory, we consider each coordination form in terms of its
topology. Hoplites does not place restrictions on the topology of a team nor does it define
the topology based on the needs of a single specific domain. Rather, it is general and can be
applied to a number of problems. We illustrate a number of coordination topologies in the
context of a team of five robots and depict some example scenarios in Figure 4.7. We use
solid bi-directional arrows to indicate passive coordination and dotted bi-directional arrows
to indicate intentional coordination.
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We begin by considering the scenario in Figure 4.7 (a), in which one single robot (A)
coordinates simultaneously with multiple teammates (B, C, and D) and three robots (B,
C, and D) each coordinate with a single teammate (A). Here, all robots are passively
coordinating. We can think of planning in this scenario as a navigation problem in which
A must move from some start position (its current state) to some goal position (its desired
future state). Each constraint placed on A by B, C, and D alters the search terrain
by making some portions of the space untraversable (hard constraints) or more costly to
traverse (soft constraints).

In Figure 4.7 (a), the coordination resembles a star topology with A as the center node
and B, C, and D as peripheral nodes. However, the structure of a passively coordinating
team is very informal and constantly changes since any robot can passively coordinate with
any teammate simply by altering its planning terrain to include constraints imposed by
that teammate. Although an increasingly complex terrain (created by passive coordination
with more teammates) may mean a longer search, the computational complexity of the
search does not change. Thus, the complexity of planning during passive coordination is
not greatly affected by topology.

Next, we consider active coordination directed from one teammate (A) to several others
(B and C) as depicted in Figure 4.7. That is, suppose A wishes to execute a particular plan
by convincing both B and C to follow a team plan. The unequal sizes of the arrow heads
indicates that the plan is directed from A to B and C. Although this active coordination has
a star topology, it differs greatly from the same topology in a passively coordinating group.
Rather than A planning for itself from one start state to one goal state in a complex terrain,
it simultaneously plans for itself and B and C. This is similar to centralized approaches
in that one agent leads several others. Consequently, it may suffer from some of the same
drawbacks associated with centralized approaches such as computational intractability or
slow responsiveness. Still, we can imagine how it may be a reasonable course of action when
complex tight coordination is required between a small number of robots.

To employ such a topology, robot A first generates a team plan PABC (perhaps using
one of the planners we discuss later in Chapter 5). It then requests a price quote from
both B and C, and, if it can afford both costs, it will send bids to them. Several features
of Hoplites minimize the potential pitfalls of a star topology. Efficiency comes first from
robots being able to independently and asynchronously investigate the potential benefits of
a star topology in particular scenarios. So, unlike in centralized systems, the team does not
come to a halt whenever planning occurs. Second, any centralized planning is localized to
the relevant subset of the team, making it much faster for the lead robot to generate a plan.
Third, peripheral nodes B and C independently evaluate the team plan, enabling them to
estimate better and faster the utility of the plan by incorporating local information that
may not be available to the central planning agent A. Fourth, in many cases, B and C may
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be able to replan locally provided they do not violate constraints imposed by A, allowing the
group to respond to changes in a simpler and faster manner than in a centralized system.

Lastly, we illustrate coordination in series between robots A, B, and E. Suppose that,
unknown to A, B is simultaneously coordinating passively with some robot E. Further
suppose that the team plan PABC is a low-cost option for C but a high cost option for
B because it violates the constraints imposed upon it by E. Then, it is likely that C’s
price quote will be low but B’s quote may be too high to make the team plan viable for
A. In an effort to increase its own profit, B may attempt to actively coordinate with E by
developing a plan PBE that makes PABC less costly. The plan components for B must be
the same in both PABC and PBE . If PBE has a low cost, B can quote to A a lower price
that includes E’s cost for PBE and B’s new cost for PABC . As shown in Figure 4.7 (c),
the active coordination between A, B, and E has a chain topology. That is, A actively
constrains B’s actions and B, in turn, actively constrains E’s actions.

Hoplites makes it possible to efficiently use a chain topology to serially coordinate a
large number of robots. Firstly, planning for the chain occurs through a series of linked
plans such as PABC and PBE (and conceivably PEF , PFG, etc). So, at no time must a single
agent plan for a large number of robots. Secondly, the utility of a plan is evaluated locally
and compressed into a single figure, the price quote. By combining a series of price quotes,
robots can concisely transmit the costs and benefits of a collection of plans. Thirdly, this
makes it possible for robots to investigate different solutions to the same problem. The
most cost effective one is naturally adopted in the market. Fourthly, if at some stage a link
in the chain (suppose PBE) must be broken or becomes too costly, it is possible to repair
it locally (B could develop an alternative plan for itself and E or coordinate with another
robot entirely). The result is that A need not be aware that PBE exists, that E is making
PABC possible, or that it is paying for E’s participation in PBE . Moreover, E need not be
aware of why PBE is profitable or that it is helping A in any way. Thus, the needs at one
end of the team can be transmitted to and met by the other end of the team transparently
and efficiently.

Other topologies are also possible. For example, we may have a tree topology (not
shown) in which many robots are independently actively coordinating with a single robot
which has accepted plans from all of them. These domain-independent examples illustrate
several ways in which teammates can coordinate. Indeed, Hoplites does not make any re-
strictions on the number of teammates that can coordinate nor the type of coordination
available to them. In principle, the most effective topology will evolve as teammates ne-
gotiate for the most profitable actions based on the requirements and constraints of their
task. We demonstrate in Chapters 6 and 7 how a chain topology emerges in security sweep
while a tree topology frequently emerges in LOSEX.
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4.8 Meeting real-world requirements

To truly be useful, Hoplites must be applicable to many domains and be able to operate in
the real world, where time for deliberation can be limited and where the environment can be
changing and uncertain. In this section we illustrate how Hoplites meets the requirements
for real-world operation.

Computational feasibility

Computational feasibility is the requirement that an algorithm or approach operate fast
enough to respond to events and changes in a timely manner. In the simplest case, this
means that robots must be able to plan at least as quickly as they move.

Hoplites achieves computational feasibility in a number of ways. First and most impor-
tantly, it distributes the planning of coordinated actions among the teammates whenever
possible through the passive coordination mechanism. With this approach, teammates are
at least able to do the best they can by responding to each other’s actions. Secondly, this
is often aided by distributed constraint structure that makes comparing different candidate
plans very efficient. As we show in Chapter 6, passive coordination is fast enough to enable
team members to consider a number of candidate plans using deterministic planners such as
A*. Additionally, it is powerful enough to produce very good team solutions in many cases.
Thirdly, Hoplites allows the team to be selective about when it expends computational re-
sources towards improving team solutions. Active coordination is generally employed when
the team solution is poor and when there is time for planning. It can be abandoned without
system failure if it becomes too cumbersome.

Nevertheless, there are a number of design decisions that can greatly influence the
computational requirements. First, the choice of planning algorithms can significantly affect
the computation requirements to generate plans. The Hoplites framework does not specify
any particular planner; the right choice depends upon the domain, the number of robots,
and the importance of optimality. However, in our work, we find that optimal planners
such as A* and D* [75] become computationally infeasible when search dimensionality is
very large. We recommend and use search methods that sacrifice optimality for speed such
as probabilistic roadmaps (PRMs) [76] or Rapidly Exploring Random Trees (RRTs) [77].
RRTs in particular have been shown to work well in high-dimensional spaces [78] and we
use them in our own implementation to develop team plans in a computationally efficient
manner. We discuss these algorithms further in Chapter 5. Secondly, selectiveness about
when robots actively coordinate, with whom they coordinate, and how they coordinate
can play a critical role in the computational requirements of Hoplites. We discussed these
factors in Section 4.5.
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Communication demands

Communication is critical for solving problems involving tight coordination because accu-
rate information is a prerequisite to generating coupled solutions. For instance, in their
work using two robots to dock a beam, Simmons et. al. [17] create a high-frequency com-
munication link directly between robots’ sensors to ensure timely information. Our goal for
Hoplites is that its communication requirements should be on par with other systems that
achieve tight coordination and also feasible for real robot teams.

Implementations of Hoplites will typically communicate three types of information to
teammates: current state and environment, future plans, and requests for coordination.
Because problems in our space are formulated with local constraint structures, this infor-
mation is shared between a finite subset of robots. For instance, in a linked-arm structure,
a robot only shares this information with at most two neighbors. Current state informa-
tion is shared at a frequency that depends very much on the nature of the problem. For
example, in a piano-moving problem, this frequency would be high because of the potential
for disaster if imperfect information is used. Alternatively, in constrained exploration, this
frequency can be lower because small changes in position should not affect the immediate
outcome of the problem. Nevertheless, for a particular problem, Hoplites is as dependent on
accurate information as any other approach would be and therefore should have the same
communication requirements.

Unlike other approaches, however, Hoplites requires future plans to be shared between
teammates. The communication requirements depend on the rate at which replanning
occurs (which determines how many packets of information must be exchanged) and the
planning horizon (which determines the size of the information packets). The replanning
rate and the planning horizon, in turn, depend upon the nature of the problem and may
have to be determined by trial and error. Despite these uncertainties, we believe Hoplites’
computational requirements remain feasible for a number of reasons. Firstly and most
importantly, the number of future plan messages scales linearly in the number of robots
because of the local constraint structure. Secondly, the size of packets can be reduced
in many cases by sharing low resolution versions of plans (i.e. rather than sharing path
information at a resolution of 20cm, it is shared at a resolution of 1m) or by sharing low
resolution versions for portions of the plan that are in the distant future. This is feasible
because, in many domains, teammates need qualitative information about future plans
(e.g. on which side of an obstacle a teammate is traveling) rather than precise quantitative
information. We use these techniques in our implementation of constrained exploration
on a real robotic platform. Thirdly, it makes sense to only share future plans when they
change; otherwise, teammates can assume that the last plan is still in effect.

Finally, robots must communicate in order to actively coordinate. The three steps are re-
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questing coordination, replying with price quotes, and purchasing or refusing participation.
Price quotes and contract acknowledgments are inexpensive: they require only a constant
packet size. Requests for coordination typically involve larger packet sizes since information
about plans must be communicated. Still, this requirement is no greater than for regular
plan announcements, though different information may be sent to each teammate. More-
over, because active coordination happens infrequently, this extra communication adds very
little to the overall communication requirements

These properties, combined with our implementation experience, lead us to believe that
the communication requirements are well within reasonable bounds for real robotic systems.
We discuss them in detail for each of our implementations in Chapters 6 and 7.

Uncertainty

Uncertainty is inherent in every real-world domain. In tasks such as exploration and map-
ping, robots necessarily have incomplete information about their environments and the
team’s goal is to obtain this information. Additionally, information may be incorrect be-
cause of sensor error such as false positives from a laser scanner. Robots’ estimated positions
in the environment may also be imperfect because of actuation error. In multirobot sys-
tems, uncertainty in teammates’ actions can also be an important component of overall
uncertainty. The goal of all robotic systems is to operate in the presence of imperfect and
uncertain information and to improve solutions when new, better information is obtained.

Market-based approaches including Hoplites are operational despite uncertainty because
cost and utility functions can be evaluated and exchanges can be held even with only partial
or poor information. As explained by Dias et. al. [37], this feature is one of the fundamental
components of a market-based approach. In Hoplites, robots will use whatever information
is available regarding the environment and the team at the moment to evaluate and select
possible actions.

Nevertheless, poor information leads to suboptimal solutions in all approaches. In
market-based approaches, in particular, uncertainty leads to imperfect estimates of the
profit of certain actions and this causes robots to select suboptimal actions. For instance,
in task allocation, poor information may lead to inaccurate bids for tasks, causing robots
to perform tasks for which they are not best suited. Similarly, in Hoplites, imperfect in-
formation causes robots to incorrectly evaluate their candidate plans and to create team
plans that may not be optimal or may be impossible to carry out given the true nature of
the environment. Because robots’ actions are tightly coupled in our problem space, poor
decisions taken by one robot can have significant effects on its teammates and result in poor
global solutions. In LOSEX, for instance, a robot may begin exploring an area believing
that there are no obstacles near it that would cause line of sight obstructions; however,
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once it arrives at the area, it discovers obstacles that will break connectivity. It is desir-
able, then, for robots to incorporate new information and update their plans to ensure that
they always take the best actions given the information available and their computational
abilities.

Hoplites has several mechanisms that enable robots to incorporate new information.
First, a robot that is passively coordinating with its teammates can do this easily. Most
simply, it can replan its own actions frequently. Also, by having robots share their in-
tended actions frequently as well, their teammates have new information sooner and can
incorporate it earlier. To efficiently use their computational resources to this end, robots
should be selective and replan only when new information significantly affects the expected
profitability of their actions.

Incorporating new information is particularly important when robots are actively co-
ordinating since the interaction between teammates can be complex and critical to task
success. As a general philosophy, we would like robots to be committed enough to fulfill the
agreements made with teammates, while still having the flexibility to modify commitments
when they are insufficient or even abandon commitments if new information reveals that
they are actually detrimental to the mission.

We find that flexibility is maximized when robots are committed to the goals of the
team plan rather than the specific plan itself. For example, suppose that in the constrained
exploration problem in Figure 4.1 (c), the bottom robot pays the top robot to take the
dashed path around the obstacle as shown so that the bottom robot can reach its goal.
Further suppose that the obstacle is actually much larger than it appeared to the robots
when they made the agreement and that the top robot’s current path will not allow the
bottom robot to reach its goal. If the top robot is only committed to the explicit path
agreed upon, its execution of this path will be pointless at best and costly at worst. If,
instead, the top robot is committed to seeing the bottom robot to its goal and we allow it
to modifying its plan freely provided it meets the needs of its teammate, then the robots
can incorporate new information and efficiently improve their solution.

On the other hand, new information may reveal that the team plan is actually detrimen-
tal to the team’s mission. This could occur if the cost of the final path the blue robot would
have to take to help its teammate is more than the value of reaching that goal or more
than the penalty that the robots would incur if they were disconnected from each other. If
the relevant information had been available at the beginning, the agreement would never
have been made in the first place. Now the robots must be able to abandon their plans. To
achieve this, robots can continuously recompute and compare the cost and benefit of their
coordination. If the costs exceed the benefits even after attempts to repair their solution
(as described earlier), the group should disassemble and abandon its agreement. Once they
are released from the contract, the robot that made the request may need to find a new
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approach to achieving its goal or abandon its goal entirely (if that is an option), and its
teammates are free to accept plans from other teammates or reconsider new plans from the
original teammate.

Many exit mechanisms are possible for abandoning a plan: robots can agree upon
compensation in advance in case of failed coordination or award compensation at the time of
release and tailor it to the situation. Additionally, many compensation schemes are possible
in which one robot bears all the cost, the cost is shared, and so on. In our experience, we
find that an even simpler approach of teammates broadcasting their resignation from a plan
when they perceive that the cost exceeds the benefits is sufficient and that compensation
plans are not usually necessary.

As we demonstrate in Chapters 6 and 7, we have implemented these simple strategies
in our experiments to allow robots to effectively operate in unknown environments and
efficiently respond to new information about the environment and the team.

Generality

Lastly, to be truly useful, a coordination framework must be applicable to many problems
and reusable from domain to domain. Hoplites meets the goal of generality in a number of
ways.

Flexible Objective functions. Firstly, Hoplites inherits generality in part by being a
market-based approach. Like most market-based approaches, one can apply Hoplites to
a variety of different domains by tailoring the global utility function and the local profit
function. This changes how the team evaluates their action choices and thus changes the
problem they are trying to solve, without requiring a restructuring of the fundamental
framework.

Flexible team structure. Secondly, as we discussed earlier in this chapter, Hoplites does
not assume or depend upon any specific team structure. Hoplites does not restrict with
which teammates a robot coordinates, with how many it coordinates, or how it coordinates.
This is left to the user as a domain-specific decision. Additionally, Hoplites allows robots
to dynamically change the team’s structure to better respond to the mission’s demands.
Thus, Hoplites can be applied to tasks with very different team constraints.

Flexible planning algorithms. Thirdly, Hoplites neither is a planning algorithm nor
requires any specific type of planning algorithm. Rather, it can accommodate any planner,
from domain-specific algorithms that are tailored to the task to very generic planners that
are reusable. In this way, Hoplites can be applied to any domain simply by giving it the
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appropriate planning tools. The goal of Hoplites is to most efficiently utilize the planning
tools provided.

Moreover, although Hoplites is especially designed for tightly-coupled problems that
require planning, it can be easily applied to traditional multirobot problems. For instance,
if we apply Hoplites to the LOSEX problem and then remove the tight coupling, we are
left with the traditional exploration problem often solved by multirobot teams. (This is
done simply by removing the penalty term from the global objective and the local profit
functions.) Then, robots will always use passive coordination and will never use active co-
ordination. The resulting solution will be the same as with other market-based approaches.
Thus, Hoplites’s ability to dynamically respond to the complexity of the problem enables
it to solve less-challenging problems as well as more challenging ones.

4.9 Summary

In this chapter, we presented the general Hoplites framework. As we discussed in Chapter 1,
planning for tightly-coupled multirobot systems is a difficult problem. Hoplites solves this
problem efficiently by using distributed decision-making whenever possible and centralized
planning as required. Hoplites is a market-based system that consists of passive coordina-
tion and active coordination mechanisms which are tailored to easier and harder problem
scenarios, respectively. Passive coordination is light on computation and communication
and allows teammates to iteratively respond to each other’s actions without directly influ-
encing them. When passive coordination traps robots in local minima, active coordination
improves solutions by enabling robots to influence each other directly by buying each other’s
participation in complex plans over the market.

Hoplites successfully meets the demands of real-world domains and systems. First,
because it selectively injects pockets of complex coordination into the system, Hoplites
improves solutions while remaining computationally feasible. Second, Hoplites’s communi-
cation requirements are on par with other approaches to tight coordination: robots must
share the same state and environmental information in Hoplites as they would under any
other approach. Hoplites further requires robots to share plan information and request
active coordination, but the former scales linearly in the number of robots and the lat-
ter occurs infrequently. Third, the framework also operates in uncertain conditions and
improves solutions with new information. Robots make initial decisions with whatever in-
formation is available, and they incorporate new information by replanning individual and
joint plans and by exiting from prior commitments if new information reveals that they are
detrimental to the team’s mission. Lastly, Hoplites is general because the global and local
objective functions, the team structure, and the planning toolbox can be tailored to any
domain.





Chapter 5

A Planning Toolbox for Hoplites

In Chapter 4 we explained that Hoplites is a coordination mechanism and not a planning
algorithm. That is, Hoplites decouples a robot’s choice of planning algorithm from its
choice of coordination mechanism, and it can utilize any planning algorithm or even a set
of several planning algorithms as desired. This offers significant flexibility because it allows
robots to choose planners according to the difficulty of the problem scenario rather than the
complexity of the coordination mechanism. Moreover, when a simple planner fails to find a
solution, robots can use more complex planners and thus attack problems with increasingly
sophisticated algorithms.

Nevertheless, selecting appropriate planning algorithms is an important step to the
team’s success since these planners determine the quality of solutions. In this chapter, we
discuss planning algorithms that, from our experience, are useful for solving problems in
our space, and we explain how they can be incorporated into the Hoplites framework.

5.1 Planning with relaxed constraints

As we discussed in Chapter 4, different instances of domains from our problem space can
be significantly easier or harder than others; this property is the basic motivation for an
approach that selectively incorporates complex coordination. Moreover, although entirely
trivial problem instances are rare, almost every problem instance has at least some subpart
that is easy to solve. To maximize its overall effectiveness, we want Hoplites to efficiently
solve these easy cases as well as the hard ones.

Detecting the difficulty of a problem scenario can be challenging since constraints are
often complex and cannot be evaluated by inspection. In our experience, the best first step
is to suppose it is easy, solve the problem with this assumption, and then check the effec-
tiveness of the solution to evaluate whether the assumption was correct. If our assumption
was correct, then we have solved the problem with minimal effort. If it was not correct,
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then we still have a solution that we can use to guide our next steps. This kills two birds
with one stone: it evaluates the complexity of the problem and simultaneously provides us
with a potential solution.

This technique is called planning with relaxed constraints. Specifically, we first disregard
the constraints between robots because, in the easiest cases (e.g. LOSEX in an obstacle-free
environment), these constraints will be automatically met. Second, we optimally solve the
remaining part of the problem (e.g. finding the shortest path to an unexplored area). Third,
we check our solution against the full problem (e.g by checking the path for connectivity
with other teammates’ paths). Planning with relaxed constraints is useful because the
planning can often be accomplished with very fast and simple algorithms.

As we discuss in Chapters 6 and 7, we use A* [74] frequently for this purpose because it is
inexpensive, easy to implement, and provides guarantees on the quality of the solution. Most
importantly, it often solves the larger problem of meeting constraints. Nevertheless, though
such generic algorithms can be guided by domain-specific information (e.g. through the
heuristic function), they cannot easily make use of complex, domain-specific intuition. We
recommend additionally using domain-specific techniques that do exploit such information.
Moreover, these can often be informed by the results of generic planners.

For example, in LOSEX, we know that if a particular path does not maintain connectiv-
ity with a teammate, then it is likely that no path in the same homotopic class will provide
connectivity (for more, see Section 7.3). It is difficult to incorporate this intuition into
A* but we have developed an alternative algorithm that is informed by information from
previously-failed A* searches. Our algorithm compares a robot’s A* path with its team-
mates’ paths, finds points of line-of-sight failures caused by some obstacle, and generates a
path to the goal via a waypoint on the far side of the obstacle. This guarantees a path in a
new homotopic class, but does not guarantee a solution to the larger problem. Thus, this
domain-specific approach also falls under the category of planning with relaxed constraints:
it ignores the constraints with teammates, generates a solution, and then compares it after-
wards. Domain specific planners such as this can often exploit simple algorithms and thus
remain computationally competitive while enabling more informed searches.

5.2 Coupled planning

Planning with relaxed constraints clearly affords a number of advantages including speed,
simplicity, and, in some cases, solution guarantees. In difficult problem scenarios, how-
ever, we cannot assume away the constraints between teammates and must incorporate
the constraints directly into the planning process. This is particularly important during
active coordination where we almost always have a complex problem and where robots
have to purchase teammates’ participation in coupled plans. In the most general case, this
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means centrally planning the actions of a subset of teammates to ensure that constraints
are met, which has complexity exponential in the number of robots and quickly becomes
intractable. Yet, we have found two general techniques that make planning with constraints
computationally feasible.

Reducing the search space

Problems in our space typically require planning through multiple dimensions, namely space
and time. Unfortunately, search space grows exponentially in the number of dimensions;
planning for two robots (x1, y1, x2, y2, t) involves a five dimensional space and can quickly
become unmanageable as we increase our planning horizon. Fortunately, there are a number
of techniques to reduce our search space that significantly increase tractability.

First, we can solve our problem using prioritized planning [79] in which we plan through
dimensions of our search space sequentially rather than simultaneously. For example, we
might solve our problem in the four dimensional space (x1, y1, x2, y2) first to get a set of
plans and then synchronize these plans in the time dimension t. Specifically, in LOSEX,
we might generate two paths, one for each robot, that belong in the same homotopic class
and then plan a synchronized traversal of paths in time so the robots maintain line of sight
contact.

Second, we can reduce the size of the planning space in each dimension and then plan
through these reduced dimensions at once. For instance, we know in LOSEX that paths in
the same homptopic class have roughly equivalent solution quality. Therefore, if we reduce
the x − y space to a roadmap of the different path homotopies, we should be able to find
solutions in a fraction of the time. We have done this using Generalized Voronoi Diagrams
[31] to produce a concise representation of the environment that allows us to plan efficiently
through the five-dimensional space (x1, y1, x2, y2, t).

The unavoidable drawback to reducing our search space using either technique is that
the optimal solution may be in the space we removed; so we are not guaranteed to find
the best solution or indeed any solution at all. Nevertheless, without these techniques the
problem may be intractable and we would have no solution anyway.

Randomized planning

We can also use sampling-based approaches to tractably plan in the full configuration space
of the problem. By sampling the original search space instead of generating and planning
over a discrete representation of this space, sampling-based planners efficiently provide
solutions to problems involving very high dimensional configuration spaces. We have found
that Rapidly Exploring Radom Trees (RRTs) [80] are especially useful because they are
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easy to implement and to tailor to the domain; we use them in both of our implementations
of Hoplites which we discuss in Chapters 6 and 7.

The drawback to sampling-based approaches, however, is that they are unable to provide
guarantees of solution quality. So, they may find feasible solutions but cannot trade off
different cost factors to find good solutions.

5.3 The Planning Toolbox

All of these planning approaches are useful for solving problems in our space, and Hoplites
allows us to incorporate as many algorithms as we would like into a single implementation
of the framework. The more algorithms we have in the planning toolbox, the more likely
we are to find a solution. If we do not use these intelligently, however, they can stagnate
the team by using excessive amounts of computation.

Experience has taught us that we can negotiate this tradeoff successfully if our toolbox
consists of a small set of very different algorithms that are employed sequentially in order
of increasing sophistication and power. A set of very different algorithms maximizes the
chances of finding a solution by using all the tricks of the trade. A small set of algorithms
forces us to eliminate similar approaches that would probably produce redundant solutions
and thus waste computation. As a general guideline, we recommend incorporating at least
one algorithm from each of the two general planning categories: planning with relaxed con-
straints and coupled planning. Simultaneously, we recommend using at most one planning
algorithm from each of the specific planning categories: generic planners, domain-specific
planners, reduced-space planners, and sampling-based planners. Finally, by using them in
order of increasing sophistication, we use the most complex planners and the most compu-
tation only when it is truly needed, thus maximizing efficiency. This is consistent with the
Quickest First principle developed by Borratt et al. [81].

5.4 Summary

Selecting appropriate planning algorithms is an important step in implementing Hoplites
as these planners determine the quality of local solutions. In this chapter, we discussed a
range of planning approaches that solve different scenarios in our problem space. These
approaches fall into two categories: planning with relaxed constraints and coupled planning.
Planning with relaxed constraints solves simple problems in which constraints are easily met.
Moreover, this technique is efficient because very fast algorithms can be exploited that often
provide guarantees on solution quality. Even when the resulting solutions fail to maintain
constraints between teammates, they can be used to inform more complex algorithms.
Coupled planning explicitly takes into consideration the constraints between teammates
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during planning and thus can solve more difficult problems which require teammates to
take complex joint actions. Moreover, we can make coupled planning efficient by reducing
the search space and employing sampling-based techniques.

Hoplites allows us to incorporate many algorithms into a planning toolbox to maximize
the opportunity to find solutions; the tradeoff is that excessive planning can stagnate the
team. We recommend a small set of very different algorithms that are employed sequentially
in order of increasing sophistication and power. Such a set spans the range of planning
techniques but minimizes redundant computation by avoiding similar algorithms. By using
the algorithms in order of increasing complexity, we use the most computation only when
it is truly needed and thus maximizing efficiency.





Chapter 6

Experiments in Security Sweep

We have implemented Hoplites for the security sweep domain and the constrained explo-
ration domain which we discuss in this chapter and the next, respectively. In combination,
these different domains allow us to implement and explore the range of features we described
in Chapter 4, including different objective and profit functions, team structures, planning
methods, and coordination strategies. We use the security sweep domain in particular to
demonstrate the impact of a linked-arm team structure, of chained active coordination for
efficiently coordinating several robots, and of flexible contracts for operation in unknown
environments.

We begin this chapter by describing the security sweep domain in detail (Section 6.1)
and discuss related work in Section 6.2. We then illustratively explore how it falls into our
problem space in Section 6.3. In Sections 6.4 and 6.5, we walk through our design process
in detail. In Section 6.7, we present our comparison of Hoplites to three competing coor-
dination frameworks and explore the results along several dimensions. Lastly, we highlight
results on a team of indoor robotic vehicles in Section 6.8.

6.1 Domain description

In security sweep, a team of robots with a limited sensor range is tasked with sweeping
a cluttered environment for mobile adversaries. The aim is to sweep the area as quickly
as possible from one end of the environment to the other while preventing adversaries
from remaining in the area undetected at the end of the sweep. Figure 6.7(a) is a sample
environment containing twenty obstacles. The robots begin in a line at the bottom of the
environment and have no prior knowledge of the number of obstacles or their locations.
Their task is to sweep the area with their sensors as they move to the top. The line of sight
between the robots forms the sweep front : the area behind this line (shaded in light gray) has
already been swept while the area ahead of it is unswept. Robots must move in a way that
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(a) (b)

Figure 6.1: An illustration of the security sweep task. (a) A sample room to be swept.
(b) Secure (B and D) and broken (A and C) perimeter segments.

minimizes the blind spots along this line that would allow a foe to enter undetected into the
swept area. We refer to these blind spots as breaks in the front. Robots must coordinate to
avoid these breaks as they traverse highly cluttered environments. Figure 6.7(b) illustrates
the definition of a break. Segments A and C are broken because they intersect obstacles
that would shield an adversary from view, enabling it to enter the secured area undetected.
Segments B and D are not broken because all of the free space along the segments is
observable by at least one robot.

Figure 6.2 shows how robots must coordinate to solve a security sweep problem. First,
the easy but incorrect solution of robots following the shortest paths through the environ-
ment will create gaps through which an adversary could pass undetected (6.2 (b)). The
problem can be solved if the center robot travels to the left to cover the center of the
environment (6.2 (c)).

6.2 Related work

Our approach to the security sweep domain is loosely based on the set of plane sweep
algorithms used for solving many problems in computational geometry. In these algorithms,
a vertical line is dragged from left to right across a plane containing data, and information
about the data is gathered when the line intersects that data. The idea is that once the line
has completely traversed the plane, all desired information about the environment should
be known. In our approach, the robots form a virtual line and when this line reaches the
other end of the environment, all adversaries will have been discovered. Applications of
sweep algorithms include the computation of Voronoi diagrams, map overlays, and nearest
neighbors. Mehlhorn [82] provides a detailed description of the general algorithm and Van
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(a) (b) (c)

Figure 6.2: An illustration of a security sweep problem with three robots and two obstacles
in the environment (a). An easy but incorrect solution emph(b) and the correct solution
emph(c).

Kreveld [83] provides a thorough list of specific plane sweep applications and algorithms.
The security sweep domain is related to the domain of pursuit evasion, in which one

or more pursuers must find all the evaders that are moving in an environment [84, 85].
However, nearly all of the work on pursuit evasion is aimed at developing purely geometric
solutions for different instances of the domain. These geometric algorithms require several
simplifications that make the domain much less rich than the security sweep domain. Re-
searchers frequently assume a completely known environment [30, 86, 87, 88, 89], permit
only single searchers [90], or both [84, 85, 91, 92, 93].

One exception is work by Kim et al. [8] in which unmanned ground and air vehicles
pursue an embodied evader in an unknown environment. The aerial vehicle scans the ground
for the evader and, upon detection, broadcasts the evader’s location to the pursuers. The
pursuers then use local behaviors to move towards the evaders and catch it by coming within
some distance of it. The primary effort of this work is to develop local one-step policies
for the ground vehicles that result in the fastest capture. It does not address coordination
between the ground vehicles.

6.3 Coordination requirements

Through a series of illustrations, we demonstrate how security sweep fits in our problem
space. First, security sweep requires multiple robots. Consider the simple environment
in Figure 6.3 (a) where robot must sweep an area with one obstacle. Topologically, this
environment is multiply connected, and it is impossible for one robot to guarantee that it
has seen all adversaries because an adversary can hide indefinitely in the blind spot created
by the obstacle.

Secondly, the domain requires tight coordination. In Figure 6.3 (b), two robots must
sweep a corridor with two obstacles. Although they only need to move in a straight line to
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(a) (b)

(c)

Figure 6.3: An illustration of the requirements of the security sweep domain. (a) A simple
environment that cannot be swept by a single robot. (b) Although robots may be able to
use a simple strategy to select optimal actions, they must tightly coordinate to time their
trajectories properly. (c) In complex environments, the coordination must be planned
in advance and constantly replanned to incorporate new information. When robots have
shorter sensor ranges, at least three are required to sweep this area.

clear the area, their timing must be right. If they remain in lock step, all adversaries will be
detected. However, suppose the top robot moves faster than the bottom and at some time
they arrive at the waypoints highlighted in the figure. Then, an adversary hiding in the
environment could follow the dotted path and remain in the corridor without being seen by
either robot. Thus, Even when their actions are simple, robots must work together closely
to successfully complete the task.

Thirdly, in complex environments, the domain requires planned tight coordination. In
Figure 6.3 (c), the two robots must sweep a corridor with two groups of obstacles. A
successful strategy is for the top robot to secure the already swept portions of the corridor
while the bottom robot moves ahead to sweep the next portion. We have plotted in black
the trajectories for each robot with timing constraints at particular waypoints marked in
circles. A robot at waypoint i cannot continue to its next waypoint k until all waypoints j

where i < j < k have been visited. So, the bottom robot cannot begin moving to waypoint
2 until its teammate has arrived at waypoint 1. When it arrives at waypoint 1, it must
then wait for the bottom robot to move to waypoints 2 and then 3 before it can continue
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to waypoint 4. Clearly, the two robots must plan their coordination in advance to complete
the task; an emergent strategy would be insufficient in this environment.

If the robots had perfect information about the environment, they could perhaps plan
once at the beginning, find this coordinated path, and execute it with minimal communi-
cation. However, in real environments, they have little or even no prior information. From
their starting positions, they cannot see any of the obstacles and, for a significant part of
the environment they can only see the first set of obstacles. Indeed, the perception and
actuation for real robots is not perfect so robots may have uncertain or even incorrect map
or state information. Therefore, as robots discover new information about the environment,
they will have to drastically change their plans and reevaluate their coordination online.
Robots must constantly replan their coordination to incorporate the latest information
about their own states and the environment.

Finally, by reducing the range of the robots’ sensors to be less than the width of the
corridor, the two cannot alone clear the environment in Figure 6.3 (c). The environment
requires that the swept area be held secure at waypoint 1 while the unseen area is swept.
With a reduced sensor range, at least two robots are required to secure this swept area.
Thus, it is easy to see how this domain can require the coordination of several robots
simultaneously.

6.4 Design considerations: problem setup

To implement Hoplites on security sweep, we had to answer a number of questions raised
earlier in the sections on design considerations (Sections 4.5 and 4.6). We discuss both
the range of options for each decision point and the approach that we chose. These are
summarized in Figures 6.4 and 6.5

Problem definition

Informally, a solution to the security sweep problem is good if it minimizes an adversary’s
opportunities to break the sweep front and enter the previously secured area. Given that
we are using a plane-sweep method to clear the environment, it is easy to restructure the
general problem as a set of locally manageable constraints. Recall that the sweep front is a
chain of line segments linking every pair of adjacent robots and linking robots at the ends
of the chain with the edges of the environment. Then, each robot is an endpoint of (at
most) two segments in the sweep and so each robot’s local constraint is to keep each of its
segments intact. This formulation is both sufficient and necessary, which is unusual and
which makes it a perfect mapping.
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Problem Setup

1. Problem definition: Robots must traverse the environment while minimizing the
total distance traveled and the mission time, and while keeping the sweep front intact.
The sweep front can be described by a set of line segments between adjacent robots
that must each be kept intact.

2. Function C: We use a cost function C instead of a utility function Q:

C = AT + B
∑
r∈R

T∑
t=0

Distance(r, t) + Γ
T∑

t=0

Breaks(t)

where R is the set of robots, T is the mission duration, Distance(r, t) is the distance
traveled by robot r at time t, and Breaks(t) is the number of gaps in the front at
time t. Additionally, A,B, and Γ are 1, 1, and 100, respectively.

3. Function p:

p(a, r, t) = δ (yt − yt−1)− (α t + β Distance(a) + γ t Breaks(r))

where a is the action taken by robot r during a time step of duration t that moves
it in the y direction from yt−1 to yt, Distance(r) is the distance traveled in that
time, and Breaks(r) is the number of breaks (maximum 2) in the robot’s segments.
δ = 40, a = 5, b = 5, and γ = 500.

Figure 6.4: An outline of the problem setup design decisions made to implement Hoplites
on security sweep.

The team’s goal is to arrive at the other end of the environment. A good solution should
also minimize the resources consumed by the team to perform the sweep. Although many
resources might be of concern, we define resource consumption by the time taken and the
distance traveled, which both reflect energy.

Quantification of user preferences.

We can measure each of our problem factors in a number of different ways. For instance,
the connectivity of the sweep front can be measured by the number of segments which are
broken, the amount of time during which the front is broken, and the size of the gap that
would allow infiltration. We could also measure the time by the sum of individual times,
the average time taken by team members, or the maximum time. The same options are
available for distance.

We are interested in distinguishing a sweep front with one broken segment as better
than a sweep front with five broken segments, and also a sweep front broken for one second
as better than a sweep front broken for five seconds. Therefore, we measure the number of
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Coordination Setup

1. Passive coordination: The candidate set contains seven paths from the robot’s
current location to seven goals that are each 50 steps from it in the +y direction and
evenly distributed between its neighboring teammates.

2. Switching mechanism: A robot switches to active coordination when all of these
seven paths contain a break in the front.

3. Active coordination:

a) Teammates: A robot attempts active coordination with the neighbor with which
it shares the broken segment. In the case that the robot is an end robot, however,
it coordinates with its only teammate.

b) Team solutions: The robot uses an RRT to centrally plan for itself and its
teammate to points that are beyond the obstacle causing the breaks in the front.

c) Reserve path: No reserve path is computed.

d) Market mechanism: Robots negotiate using directed peer-to-peer sales of plans.

Figure 6.5: An outline of the coordination design decisions made to implement Hoplites on
security sweep.

break-seconds in the front during the course of the mission. Additionally, in many problems,
robots must all operate until the mission is complete. Therefore, we measure time in terms
of the overall mission completion time (the time at which the last robot arrives at the other
end of the environment). Finally, the energy spent traveling is specific to an individual
robot, so we sum the individual distances. This leads us to the utility function Q which
formally quantifies our preferences:

Q = X −

(
AT + B

∑
r∈R

T∑
t=0

Distance(r, t) + Γ
T∑

t=0

Breaks(t)

)
(6.1)

where X is the team’s reward for completing the mission, R is the set of robots on the
team, T is the time taken by the team to perform the sweep, Distance(r, t) is the distance
traveled by robot r at time t, and Breaks(t) is the number of gaps in the front at time
t. Additionally, A,B, and Γ represent the relative weights of the different factors in the
equation. To make the mission challenging, we want the robots to expend both time and
energy in order to avoid breaking the sweep front and therefore use a larger Γ relative to A

and B. Specifically, we want the team to travel up to roughly 50 extra cells and to operate
for 50 extra time steps to avoid one break the front for one time step. We can achieve this
by setting A,B, and Γ to 1, 1, and 100, respectively.

Notice that our reward X is a constant reward for the team regardless of the cost of
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Figure 6.6: Assigning credit for actions is challenging even in security sweep. Here, three
robots are tasked with sweeping an area, but this particular obstacle configuration makes it
impossible for a team of this size with short sensor ranges. It is unclear which robot should
be penalized for the break in the front.

their solution. Therefore, for simplicity, we can remove X from the equation and turn our
goal of utility maximization into a simpler goal of cost minimization using the cost function
C:

C = AT + B
∑
r∈R

T∑
t=0

Distance(r, t) + Γ
T∑

t=0

Breaks(t) (6.2)

where all terms are the same as in the previous equation. Solutions will have the same
preference ordering as in the utility maximization formulation, but we have removed terms
that do not add to the evaluation. For simplicity, from here on we will evaluate solutions
only using the equation C and not Q.

Mapping global utility to local utility

The next step is to create a local utility function which robots can use to guide their actions.
Since the sweep front is a chain of line segments linking every pair of adjacent robots, each
robot really only has control over the two segments of which it is an endpoint. Therefore
we penalize a robot whenever either of its segments are broken.

Notice, however, that there are two robots in control of each segment but they may in
reality play unequal roles in maintaining the front between them. For example, in Figure
6.6, the team is tasked with exploring an environment that is impossible for only three
robots. In this scenario, the center robot has two options (highlighted as dotted lines), but
both options will create penalties for it. Meanwhile, depending on what it choses, one of its
teammates will incur a penalty while the other will not, even though they have essentially
nothing to do with the outcome.

Although it is clear that robots play different roles and are responsible to different
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degrees for breaks in the front, as this example demonstrates, it is unclear which robot is
responsible at what time. Nevertheless, because the problem is symmetrical, on average
the responsibility and the cost will be shared equally. We therefore believe that it is both
reasonable and simple to penalize both robots equally, regardless of how the break was
created. As we mentioned in Section 4.5, this gives the team a bi-directional linked-arm
structure.

Now, we can return to the challenge of creating a local profit function for the robots.
Capturing the distance component in C is simple: each robot incurs costs proportional to the
distance it travels. This is consistent with the auction and bidding mechanisms described by
Tovey et. al. [65] for the analogous problem of minimizing the sum of distances during task
allocation. In general, it is more difficult to decompose the time component in C (which
reflects the mission duration) since it is the maximum of all of the robots’ times (known
as the makespan) and not a simple combination of individual times. Nevertheless, notice
that in this domain robots should take approximately the same amount of time to reach
the other end of the environment because, first, they have roughly the same distance to
cover and because, second, they must stay roughly in line to avoid breaking the sweep front.
Therefore, the duration of the mission can be approximated by the average completion time
of the teammates, which then becomes a function of the sum of the individual completion
times. This allows us to use the same decomposition approach we used for distance: each
robot is penalized in proportion to the amount of time it takes to complete the task.

This gives us a cost function c analogous to C that describes the profitability of a
particular action:

c(a, r, t) = α t + β Distance(a) + γ t Breaks(r) (6.3)

where a is the action taken by robot r during a time step of duration t, Distance(a) is the
distance traveled in that time, and Breaks(r) is the number of breaks (maximum 2) in the
robot’s segments.

Nevertheless, one problem remains. Consider again the example in Figure 6.6 in which
three robots cannot sweep the environment shown without breaking the sweep front. If
we give the robots the option of staying in their current locations and not moving forward
(a useful coordination feature), then it is conceivable that the most profitable action is to
simply remain stationary to avoid the costs of breaking the perimeter. Indeed, the robots
in this example could choose this option repeatedly and indefinitely push the imminent
breaks beyond their planning horizon, and thus they might never complete the mission.
To counter this possibility in a manner consistent with market-based approaches, we offer
the robots rewards for moving forward so that their profit functions can incorporate the
long-term goals of advancing across the environment. Specifically, we reward every robot



82 CHAPTER 6. EXPERIMENTS IN SECURITY SWEEP

for each step it takes towards the end of the environment and penalize it for each step it
takes backwards. Clearly this reward is not the same for every plan or for every robot, and
therefore it has an impact on the solutions generated (unlike the team reward X that was
in Q). This leaves us with the profit function p:

p(a, r, t) = δ (yt − yt−1)− (α t + β Distance(a) + γ t Breaks(r)) (6.4)

where δ is the revenue generated by each advancing step and where all other terms are the
same as in c. Since each robot is on average responsible for clearing 1/|R| of the width of
the environment, we reward each robot w× 1/|R| of the environment for each step it takes,
where w is the width of the environment. For example, in a 200 × 200 environment being
swept by a team of five robots, each robot would receive $40 for each step towards the other
end of the environment. Clearly, this is somewhat arbitrary since only the relative values
of α, β, γ, and δ matter, but it provides a reasonable starting point. To create consistency
between the local profit function P and the global cost function C, the scaling terms α, β,

and γ in P should have the same relative importance as A,B, and Γ in C. While we could
set these terms to 1, 1, and 100 as in C, we must also consider the impact of δ which is
absent in C. With this scheme in our example, each advance of 2.5 steps would offset one
time step of a break in the front (100/40 = 2.5) and thus encourage robots to run through
the environment rather than avoid perimeter breaks. The problem is that the weight of δ

is too high relative to γ to retain our goal of making robots strongly prefer to avoid breaks.
Therefore, we must scale δ down or γ up (and in turn scale α and β). In our experiments,
we leave δ at 40 but scale α, β, and γ up by a factor of five so that they are 5, 5, and 500,
respectively.

It may seem that many of these scaling decisions are somewhat arbitrary; in truth,
they are. Remember that our goal in the experiments is to assess how different approaches
perform given that they have analogous quality and cost functions and given that we offer
them the same resources. (Different functions would unfairly advantage and disadvantage
the approaches). Thus, for our purposes, it suffices to have functions that are internally
consistent and that approximately reflect our goals. Nevertheless, in the real world, deter-
mining appropriate functions remain a challenging and important problem as it can have
significant bearing on the success of any approach. While we can offer intuition and ex-
amples for selecting these functions, soundly and formally deriving them is an unsolved
problem for all but a handful of relatively simple objective functions. This highlights that
the credit assignment problem is itself primarily unsolved.
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(a) (b)

Figure 6.7: To generate a set of candidate paths in this domain, robots first generate a set
of candidate goals between their neighboring teammates (a). Then, they discard any goal
points that that intersect obstacles and then use A* to plan paths to the remaining goals
(b)

6.5 Design considerations: active and passive coordination

Now that we have set up the problem and the team structure, we must deal with Hoplites-
specific issues such as implementing active and passive coordination.

Passive coordination design

The first step of Hoplites is to implement passive coordination. In this domain, robots must
only reach the far end of the environment, but they can arrive at any point along that edge.
Since they have significant flexibility in how they move through the environment, we prefer
a broader search of the space. Nevertheless, they ultimately want to advance through the
environment so we can reduce computational waste by exploring only paths that create a
net advancement rather than a net retreat. Additionally, it never makes sense for a robot
to cross over its neighbors’ paths, because their goal is most effectively met when they
spread out and cover the entire sweep front. So, we can further reduce computation by only
generating paths that do not overlap with teammates’ paths.

In our implementation, we first choose a planning horizon h (explained below). Then,
given that a robot r is at location (xr, yr), its left neighbor is at location (xl, yl) and its
right neighbor is at location (xr, yr), we generate a set G of candidate goals, where the ith

goal is selected according to the following equation:

gxi = (xr − xl)
i

|G|+ 1
+ xl (6.5)

gyi = yr + hv (6.6)
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(a) (b)

Figure 6.8: An example of active coordination between two robots. The leftmost teammate
can expect a break between itself and the environment’s edge as shown by the black arrow
(a). By planning with an RRT to the goals beyond the obstacles, the robots can actively
coordinate to solve the problem (b).

where v is the velocity of the robot. Essentially we are choosing goal points that require
approximately the planning horizon time to be reached and that are spread out equally
between the robot’s two neighbors. We discard any goals that lie in obstacles and use A*
to plan to the remaining valid goals. This is illustrated in Figure 6.7.

Choosing coordination strategies

In security sweep, the method of generating candidate paths covers a wide range of possible
solutions. Therefore, when a robot expects a break in one of its segments even after this
search, we can be confident that it is because the problem cannot be solved without actively
coordinating with its teammate(s). Therefore, robots attempt active coordination whenever
they expect to experience a sustained break in the front.

Active coordination design

Choosing teammates

The first step of active coordination is to determine with which teammates to coordinate.
The structure of this problem makes this an easy decision: a robot should actively coordinate
with the neighbor with which it shares the broken segment since that is the only teammate
that has direct control over the segment. Furthermore, in the case that an end robot (i.e.
one next to the edge of the environment) expects a break, it has only one teammate with
which to coordinate. This is the scenario illustrated in Figure 6.8 (a) where, given the
middle teammate’s path, the leftmost teammate can expect a break between itself and the
environment’s edge.
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Planning team solutions

The next step is to determine how a team solution ought to be planned. For speed, we
use a domain-specific implementation of the RRT algorithm discussed in Chapter 5. In our
implementation, we select for each robot a goal that is directly ahead of it but beyond the
obstacles causing the breaks in the sweep front (see the goals marked in Figure 6.8). We
then use a centralized RRT to plan for both robots at the same time to synchronize their
actions, while also taking into account the simultaneous positions of their other neighbors.

That is, suppose we have a scenario (not shown) with four robots r0, r1, r2, and r3 and
further suppose that r1 expects a break in its shared segment with r2. Then, it will plan
simultaneously for r1 and r2 while also ensuring that there are no breaks with the broadcast
plans for r0 and r3. In our example, the left and center robots will generate a centralized
plan that also ensures that there are no breaks between the left robot and the wall and the
center robot and the right robot, without actually planning for the right robot. In a sense,
it is a joint effort at passive coordination with r0 and r3. We must also decide which robot
should produce the joint plan. In our domain, only information about at most four robots is
required. Therefore, we believe either approach would work, and, for our implementation,
have the robot that initiated the active coordination also develop the team plan.

The market mechanism

Lastly, we use very simple peer-to-peer sales of plans. A robot r1 that wants its teammate
r2 to assist it will create a joint plan P12 consisting of its own path p1 and path p2 that it
would like its teammate to participate in, and then proposes P12 to its teammate. r2 quotes
back to r1 its change in profit if it were to accept this plan. This quote is essentially the
difference between the local profit functions shown in Equation 6.4 evaluated over the length
of the proposed plan. An absolute comparison of these values, however, would not offer
an accurate picture of the difference in the plans because they may be of different lengths
and may reach different places in the environment. Instead, we compute the average profit
per step of the existing plan and extrapolate it to the length of the proposed plan. If r1’s
profit margin allows it to compensate r2, then it notifies r2 who is then bound by contract
to complete p2.

6.6 Key experiment features

We use the security sweep domain to implement and evaluate several key features of Ho-
plites.
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The linked-arm team structure

We use a linked-arm structure to model the team’s global constraints. That is, each robot is
always concerned with maintaining team constraints with exactly the same two teammates
(except the “end” robots which have only one neighbor). There are several benefit to this
approach. First, it is very simple: a robot always knows with which teammate to coordinate
and it does not have to reason about the rest of the team. Secondly, it is scalable: the
computation and communication requirements scale linearly with the number of robots.
Third, it is consistent with and successfully models the line-sweep approach to the problem
which we mentioned in Section 6.2.

Nevertheless, the one primary drawback is that it cannot be used to solve related prob-
lems such as pursuit evasion games because the line-sweep approaches themselves cannot
solve them. For example, in an environment with concave obstacles or cluttered rooms, a
solution might require robots to split off into groups to clear portions of the environment
and then reconvene in a way that keeps the swept area secure. A fixed linked-arm structure
would not be able to meet these needs.

In our experiments with constrained exploration, we use a flexible approach that over-
comes these shortcomings and demonstrates Hoplites’s ability to rearrange the local team
constraints to meet the needs of the problem.

Bi-directional constraints

A related feature to the linked-arm structure is that we use bi-directional constraints be-
tween teammates. This means that a constraint between two robots is equally important to
both of them and plays an equal role in their profit functions. In security sweep, a break in
the front between two adjacent teammates results in equal penalties for both and thus both
are concerned with keeping it secure. In contrast, in a uni-directional constraint system,
one robot is more concerned with maintaining constraints than is its teammate. One way
to implement this in a security sweep would be to only penalize the left end-point robot of
a segment when it breaks.

Bi-directional constraints are useful because they increase the number of teammates
concerned with maintaining constraints and thus increase the chances of finding solutions
to hard problem scenarios. Moreover, they work well when there is a limited number of
constraints to consider (in our case, two). These constraints, however, are not easily scalable
in the general case. Consider a complex team structure in which constraints must be met
between one robot and four of its teammates (i.e. in a star topology). With bi-directional
constraints, that robot would have to consider and maintain all constraints simultaneously
which may require excessive amounts of computation and communication. In contract,
uni-directional constraints (in which only the four teammates try to maintain constraints
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with the robot) might reduce both computation and communication without a significant
loss in solution quality. We explore uni-directional constraints further for the constrained
exploration domain in the next chapter.

Chained coordination

(a) (b)

(c) (d)

(e)

Figure 6.9: An illustration of the requirements of the security sweep domain. (a) A simple
environment that cannot be swept by a single robot. (b) Although robots may be able to
use a simple strategy to select optimal actions, they must tightly coordinate to time their
trajectories properly. (c-e) In complex environments, the coordination must be planned
in advance and constantly replanned to incorporate new information. When robots have
shorter sensor ranges, at least three are required to sweep this area.

In Section 4.4, we illustrated how chaining can be used to efficiently coordinate several
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robots. We have implemented chaining for security sweep and demonstrate its impact in
Section 6.7. Figure 6.9 illustrates how chaining is useful in the security sweep domain.
Here, a team of four robots must sweep an unknown environment with three obstacles. The
solid black lines between the robots highlight the perimeter front, the dashed black lines
highlight their intended paths, and the dotted red lines indicate paths they are considering.
Additionally, the solid rectangles are obstacles, area in white is known free space, and the
area in grey is unknown space.

In this example, the four robots r0, r1, r2, and r3 begin sweeping using passive coordi-
nation (Figure 6.9(a)): each robot initially choses a straight path marked by dashed lines
as its best path which keeps the sweep front intact. However, as the robots advance, they
discover new portions of the environment. In Figure 6.9(b), in particular, r0 observes a new
obstacle at the far left of the environment. The local environments of r1, r2, and r3 have
not changed, so they still initially choose the same straight path as before. r0 must now
choose between moving on the right or the left of the new obstacle. Given its teammates’
simultaneous paths, both options result in the same penalty due to breaks, so the most
profitable passive solution is to minimize cost, which results in the path to the right of the
obstacle.

However, given that its best plan incurs a high penalty, r0 tries to use active coordination
to find a better solution. It finds that the team plan (illustrated with dotted red lines in
Figure 6.9(c)) meets this end and proposes it to its teammate r1. However, this plan creates
penalties for for r1 in the sweep front it shares with r2, and compensating the penalty cost
to r1 is not affordable for r0. To improve the solution, r1 can also create a team plan for
itself and r2 as shown in Figure 6.9(d) which reduces r1’s cost of participation in r0’s team
plan. Moreover, r2’s cost of participation is low since it doesn’t require any front breaks.
By aggregating its cost with r2’s cost, r1 can quote a lower price to r0. r0 then pays r1 and
r1, in turn, pays r2; the team thus comes to the optimal solution shown in Figure 6.9(e).

In this way, chaining enables a large set of robots to coordinate efficiently through the
entire length of the sweep front and patch up potential breaks at one end of the sweep
with participation from robots at the other end. In Section 6.7, we explore how often this
happens in our experiments and its impact on the quality of the solution.

Flexible commitments

Finally, we explore the impact of flexible commitments in this domain. Because robots must
sweep unknown environments, their commitments to each other must change in order to take
into account new information. To deal with this, we allow a robot that has committed to a
particular solution to change its actions whenever necessary, provided it is not detrimental
to the teammate with which it made commitments. That is, a robot is free to take any
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actions as long as those actions do not create breaks in the front between itself and its
teammate. This strategy is flexible enough to allow robots to respond to new information
and new demands from other teammates, but ensures that previous commitments are of
paramount importance.

Nevertheless, it is possible that new information means that a robot is simply unable
to keep the sweep front between itself and some teammate intact as agreed. In these
circumstances, the robot is required to take actions that minimize the cost to its teammate
even if this results in increased cost for itself.

6.7 Simulation experiments and results

We performed experiments in simulation comparing our implementation of Hoplites on the
security sweep domain to three other frameworks. In this section we discuss in detail these
frameworks, outline our experiments, and present and discuss our results. We also present
our implementation of Hoplites on a team of Pioneer II-DX robots.

Frameworks

We used the MVERT framework [14] developed by Stroupe as a baseline for comparison.
We further compared Hoplites to an improved version of MVERT which we call P-MVERT
and to a system with passive coordination only.

The MVERT Framework. MVERT [14] is a behavior-based framework that was orig-
inally used for multirobot tasks such as foraging, tracking, exploring, and mapping. In
MVERT, a robot cannot explicitly communicate with its teammates but can observe through
its sensors their current locations. A robot first estimates the action every other team mem-
ber will take next. Then, it chooses for itself the action that is most valuable given the
expected contributions of the team in the next time step. Each robot repeats this procedure
of selecting its next best action.

We believe that MVERT is the most appropriate approach to use for comparison for two
reasons. Firstly, like other behavior-based approaches and unlike intentional approaches, it
can be applied to tasks that cannot be divided into subtasks. As Stroupe notes, “The poten-
tial applications of MVERT include any tasks that can be represented by some computable
mathematical function” [14]. Secondly, in contrast to other behavior-based approaches,
it allows robots to plan their coordination by anticipating future contributions of their
teammates. Stroupe demonstrates that MVERT outperforms other approaches on several
domains specifically because of this feature.
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We applied MVERT to the security sweep domain. If we imagine north to be in the
+y direction, each robot has five actions to choose from: moving east, northeast, north,
northwest, and west. Initially, we allowed robots to choose any of these actions but we
found that, when faced with the prospect of breaking the sweep front, they stopped moving
and chose to remain deadlocked rather than make progress across the environment at high
cost. So, in order to ensure progress across the area, a robot now chooses between moving
northeast, north, and northwest when there is free space ahead. When an obstacle blocks
its path, it chooses between moving east and west. It chooses its actions based only on its
expectations of its neighboring two teammates’ actions because it is only with these two
that front breaks are possible. Since a robot cannot accurately estimate the actions of its
teammates (it cannot know what constraints the teammate faces from its other neighbor),
it selects the action that is most valuable assuming its teammates move forward and are
equally likely to take a northeast, north, or northwest step.

The P-MVERT Framework. MVERT has the obvious disadvantage that robots act
myopically. That is, they can only look ahead a single step so they cannot recognize when
a break will occur until it is one step away. By then, it is too late to avoid it. We improved
MVERT to facilitate extended planning, resulting in what we have dubbed “P-MVERT”
for Planning MVERT. In P-MVERT, a robot generates a set of candidate plans for itself
and a set of possible plans for each neighboring teammate that is representative of all the
paths the teammate might take. It chooses for itself the plan that has the highest expected
profit given a uniform distribution over the set of teammates’ paths. We do not permit a
more informed distribution to ensure that the performance difference between P-MVERT
and MVERT is strictly a product of a longer planning horizon.

The Passive Coordination Framework. In P-MVERT, robots must guess their
teammates plans. However, by allowing communication between robots, we can remove
the guesswork. This brings us a framework consisting of just the passive coordination
mechanism from Hoplites. That is, each time a teammate selects a plan, it broadcasts this
plan to its neighbors. Its neighbors then use this information to update their own plans,
allowing them to both plan around breaks and to react to their teammates intended actions.
We observed that passive coordination alone occasionally suffers from the instability: when
two adjacent robots’ planning cycles become synchronized, they may simultaneously change
their plans and break the sweep front. They may also oscillate between two distinct plans
in an effort to respond to each other’s last broadcast plans.

Experimental setup

We tested our approach in a graphical simulation of five robots tasked with clearing an
environment. We generated twenty environments of size 200× 200 units, each with twenty
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obstacles. The obstacles are randomly placed and have randomly chosen dimensions ranging
from 5× 5 units to 15× 15 units. An example environment can be seen in Figure (a). We
ran each approach on each environment fifty times.

The robots have no prior knowledge of the number or configuration of the obstacles in
the environment. They are equipped with simulated 360◦ laser scanners with a range of
200 units to provide sensory information as they move. Furthermore, each robot functions
as an independent software agent. Robots communicate via UDP and are therefore subject
to the speed and fidelity of this protocol. We also require robots to share information each
time they move and each time they have a new plan. Plans, locations, and environmental
information are shared only with immediate neighbors and the neighbors’ neighbors (for
planning during active coordination). Thus each piece of information is shared with at most
four teammates. We prescribe that a robot moves at a rate of one unit per second (this
roughly scales one map unit to one meter). Lastly, each robot replans its path every five
seconds to take into account new information about the environment and its teammates,
uses a plan lookahead of fifty time steps, and generates seven candidate plans during passive
coordination using the method described in the passive coordination design (Section 6.5).

To make the domain challenging, we want robots to perform a sweep in which security
is of the utmost importance. Specifically, we want robots to travel up to fifty units to avoid
breaking the sweep front. Thus, our global cost function C is

C = 5T + 5
∑
r∈R

T∑
t=0

Distance(r, t) + 500
T∑

t=0

Breaks(t) (6.7)

and so each step taken has a cost of at least 5 units (for the time required) and at most
10 units (for the time required and the distance traveled). Analogously, in our local profit
function, we penalize a robot $500 for each step that either breaks a previously-secure
segment or fails to secure a previously-broken sweep front segment. In contrast, we only
charge the robot $5 per unit of time required to traverse the environment and $5 per unit
traveled. Each robot also receives $40 (1/5th of the room’s width) for each unit it moves
towards the far end of the environment. So, if a robot moves from location (x1, y1) at time
t to (xn, yn) at time t′ via a path {(x1, y1), (x2, y2), . . . , (xn, yn)}, its profit p is computed
by:

p = 40(yn − y1) Revenue
−500

∑n−1
i=1 Broken(xi, yi, xi+1, yi+1) Penalty for a Perimeter Break

−5
∑n−1

i=1

√
(xi − xi+1)2 + (yi − yi+1)2 Cost of Travel

−5(t′ − t) Cost of Time

where Broken(xi, yi, xi+1, yi+1) is a function that returns 1 if the perimeter is broken during
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State Env Plans Active Request Active Reply Active Accept

Msg Freq RT RT RT
P – – –

Actual Freq 10 10 2 – – –
Msg Size O(1) – O(L) O(L) O(1) O(1)
Actual Size c – 50 · c 50 · c c c

Table 6.1: Communication requirements of Hoplites on the security sweep domain. R is
the number of robots on the team, T is the number of teammates with which each robot
shares information, L is the planning horizon, P is the replanning period, and c represents
some constant.

the transition and 0 otherwise. Note that time and distance costs are not equivalent if
teammates wait for each other to “catch up” and therefore expend time but do not travel.

Communication Requirements

We can evaluate the communication requirements of Hoplites analytically from the problem
setup. As listed in Table 6.1, we measure the frequency and size of different types of
communication. First, if R is the number of robots and T is the number of teammates with
which the robots share information, then, for our problem, there are RT messages about
state information exchanged in each time step. Specifically, each of five robots move at
a frequency of one step per second and each shares information with (at most) two of its
teammates, resulting in 10 state messages sent per second. The size of state messages is
constant: each robot shares an (x, y) position and its point in the current plan. Secondly,
robots share information about the environment with each other so they have consistent
pictures of the environment. Since new information is likely to be obtained at every step,
the message frequency is the same as that of state information. Message size can vary
greatly however; typically, robots only share new information obtained which depends on
their sensor range and the nature of the environment. Thirdly, if robots communicate their
plans each time they change and if P is the number of seconds between replanning attempts,
then the number of replanning messages per time step is RT

P . Specifically, if five robots share
new plans with two teammates every five seconds (P = 5) then two plan messages are sent
in each time step. The size of the plan message depends on the planning horizon L; in our
case, L = 50 and each robot shares a plan consisting of 50 (x, y) positions.

The communication frequency of active coordination cannot be determined before-hand;
it depends upon the complexity of the problem. From our results in the next section, we find
that there are only 2.34 instances of active coordination per experiment. For each instance
of active coordination, one request is sent out that contains plan information required by
the robot considering the proposal; this also depends on the planning horizon L. In general,
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a coordination request contains 50 (x, y) positions and some constant information about
the team plan such as when it will begin and end. The reply consists of a single numerical
bid and the response to that bid is another constant-size accept or reject message.

Metrics

We measure the performance of the different approaches along a number of metrics. We
measure the solution quality by the overall cost defined by the global function in Equation
6.7 and also evaluate the individual components in this equation. These individual com-
ponents are the total number of break-seconds in the sweep front, the distance traveled by
the team, and the time taken by the team to complete the mission. For each metric we
evaluated the mean over the set of experiments and computed the standard error of the
mean.

Note that the mission time includes only the execution time and not the planning time.
We measure these factors separately because it is unclear how planning time (which is a
result of the system hardware) would actually contribute to mission time and therefore
to the overall solution cost on a real system. In contrast, factors such as the distance
traveled and constraint violations should be accurately reflected since they are products of
the algorithm and coordination framework 1.

Additionally, observe that there is a minimum cost incurred in order to complete every
instance of a sweep mission which is the sum of the distance and time costs required for the
team to travel across the environment as quickly as possible while ignoring front breaks.
Just as we removed the reward factor from our global function Q because it was incurred
by all approaches, we subtract this constant cost from each solution as well when we are
comparing different solutions. This does not change our relative results but does remove
constant terms that do not augment the comparison.

We measure the cost of generating solutions in terms of the planning time required by
each robot. This includes the time spent planning individual and team paths, updating
map information, communicating state information, and negotiating with teammates. We
approximate the individual planning time from the total planning time (by dividing it by
the number of robots on the team) because of compounding factors discussed earlier.

We also measured Hoplites-specific features related to contracts and active coordination.
These include the number of instances of active coordination, the number of instances of
chained coordination, and the length (in seconds) of active coordination between teammates.

1We are running experiments on a single computer; thus, it is unclear how planning time would change
if each process was running on its own machine because of compounded factors such as paging. Moreover,
the impact of planning time significantly depends on the relative speeds of the robot and the robot’s CPU.
A slow robot with a fast CPU would result in a small impact whereas a fast robot with a slow CPU would
result in a large impact.
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Finally, there are alternative metrics by which other coordination frameworks have
been evaluated, such as optimality, convergence speed, and stability. Nevertheless, we
believe that we have chosen metrics that are most relevant to our problem space. For
example, we cannot produce the optimal solution to domains in our problem space because
these problems are NP-hard and intractable even for small teams; thus we cannot evaluate
Hoplites on optimality. Convergence speed and stability are also not applicable metrics.
Convergence speed measures how quickly a system can arrive at a final solution. While
this is important for multirobot domains such as formation control [94] in which there is
a desired goal configuration, it is not a suitable metric for domains such as security sweep
where we are evaluating the entire course of the mission and where a desired configuration
cannot be described analytically. Stability, in turn, measures how much inputs can be
perturbed while still allowing the system to converge to a solution. Hoplites uses two types
of inputs: the problem parameters and the system parameters. The problem parameters
include the robots’ initial states and the state of the environment and describe a particular
problem instance; stability in this regard is not an appropriate metric because convergence
is not an appropriate metric. System parameters, on the other hand, include weights on
the different terms in our global and local profit functions. Stability in this regard is useful
as it demonstrates Hoplites’s sensitivity to imperfect implementation; therefore, we have
explored this sensitivity experimentally and present the results in Section 7.6.

Discussion of Experimental Results

We are first interested in verifying a basic claim of this thesis: that the security sweep
domain requires both planning and tight coordination. To examine the impact of planning,
we review the improvement in performance between MVERT and P-MVERT; the only
difference between these approaches is that MVERT has a planning horizon of one step while
P-MVERT has a planning horizon of fifty steps. Figure 6.10 (a) compares the performance
of the four approaches in terms of the average number of breaks in the sweep front. Error
bars here and in remaining charts reflect the standard error of the mean. Notice that simply
by increasing the planning horizon, we have reduced the number of breaks by about 50%.
A greater lookahead allows the robots to make more informed decisions about which side of
a particular obstacle to traverse, which, in turn, has a significant impact on the security of
the front. Figure 6.10 (b) and Figure 6.11 (a) measure the average total distance traveled
by the team in units and the total mission time in seconds. For P-MVERT, the statistically
significant increases in distance traveled and in the mission time occur because robots may
travel around the far side of an obstacle to keep the front in tact; but this increase is small
because no single obstacle is very large relative to the length of the sweep.

To test overall whether the benefits of the increased lookahead outweigh the costs, we
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Figure 6.10: The performances of each approach in terms of the average number of violations
(a) and the average distance traveled by a robot (b). Error bars indicate the standard errors
of the means.

must examine the impact on the global solution, which is a tradeoff among all the factors in
which we have an interest. Using our global cost function in Equation 6.7, we can compute
the cost of each approach over all the maps; these costs are presented in Figure 6.12. A
comparison of these costs reveals that there is a large improvement in the solution cost
between MVERT and P-MVERT; the cost has decreased by about 65%. This difference is
due to the significantly higher importance we have placed on maintaining team constraints
relative to the importance of completing the mission quickly. While the relative weighting
may be somewhat arbitrary, the high importance of maintaining team constraints is a
critical component of the complex problems we are trying to solve. Thus, we can conclude
that planning is indeed a requirement for solving these domains well.

Finally, this improvement in solution cost from the increased planning horizon naturally
results in an increase in planning time of about 17 seconds per robot as seen in Figure 6.11
(b). While this is a significant increase relative to the planning time for MVERT, it has a
minor impact in absolute terms: 30 seconds of planning time is acceptable for virtually any
system and particularly for these problems.

We also want to confirm that these domains require tight coordination; we do this by
comparing the performances of passive coordination and P-MVERT. Recall that the only
difference between these approaches is that, in passive coordination, robots know which
actions their teammates will take and do not need to estimate them. Our hypothesis is
that if tight-coordination is required, then knowing teammates’ actions precisely should
improve robots’ decision making and thus improve the team’s solution. Conversely, if tight-
coordination is not a fundamental factor in these domains, knowing its teammates’ actions
should not change a robot’s actions and should not improve the team solution.

First notice that passive coordination reduces the constraint violations in the sweep
front by over 60% as compared to P-MVERT. This improvement is even greater than the
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Figure 6.11: The performances of each approach in terms of the average mission completion
time (a) and the average planning time per robot (b). Error bars indicate the standard
errors of the means.

improvement between MVERT and P-MVERT where we added planning. Second, this does
not result in a significant increase in the distance travelled by the team or the time taken
by the team because the set of paths from which the robots are choosing are the same; the
robots are now just better at choosing which particular paths produce better solutions.

Third, the increase in communication results in an expected decrease in planning time
(Figure 6.11 (b)) because a robot no longer needs to generate and then evaluate an entire
set of plans for its teammates; instead, it can rely on the plans they broadcast. Specifically,
there is roughly a 9 second decrease in planning time for each robot.

As before, the final test is to examine the overall cost of solutions as shown in Figure
6.12). Here, we have another large solution cost decrease of over 60% compared to P-
MVERT which confirms our hypothesis that the domains we wish to solve do require tight
coordination between robots.

Note that in this domain we allow unlimited communication and do not consider it
a resource we must conserve. Nevertheless, in some domains, we may want to limit our
communication use, perhaps because bandwidth is limited or because we want our team to
be stealthy. In these cases, communication should be factored into the cost function and
we can expect to experience a less dramatic decrease in solution cost from P-MVERT to
passive coordination since the cost decrease due to computation decrease may be offset by
a cost increase due to greater communication use.

Finally, by comparing MVERT (the prior state-of-the-art) to passive coordination, we
can evaluate one of the major contributions of this thesis: that passive coordination can
produce tight coordination in a fundamentally competitive environment and solve many
scenarios in our problem space. From MVERT to passive coordination, there is approx-
imately an 80% decrease in the number of breaks in the sweep front, but effectively no
difference in the distance traveled by the team; thus, robots are simply better at choosing
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Figure 6.12: The performances of each approach in terms of the overall solution cost. Error
bars indicate the standard errors of the means.

from the paths available to them. In sum, passive coordination reduces the overall cost
of solutions by 80% as compared to MVERT. Moreover, passive coordination achieves this
increase in solution quality with only a minor increase in planning time; just 10 seconds for
each robot.

Finally, let us consider the performance difference between passive coordination and
Hoplites, which is the most interesting comparison for two reasons. First, it substantiates
our claim that passive coordination alone can trap robots in local minima. Secondly, it
validates a major contribution of the Hoplites framework: that by actively influencing each
other’s actions by buying and selling participation in tightly coupled plans, the team can
escape these local minima and arrive at significantly betters solutions. Hoplites creates an
addition 60% decrease in violations in the sweep front. This comes at the expense of a small
increase in distance traveled and in mission time since the team plans that prevent breaks in
the sweep front are usually long and more complex than the plans generated by P-MVERT
and during passive coordination. Overall, Hoplites decreases the solution cost by about
27% over passive coordination alone. The results demonstrate that, through the market,
Hoplites provides a powerful mechanism that allows robots to actively work together to
find better solutions. Moreover, this benefit requires an increase in computation time of
only 8.5 seconds because robots only plan through high-dimensional joint action spaces (i.e.
actively coordinate) when it is expected to improve the team’s solution.

Finally, we observe some interesting trends if we examine these results in more detail.
Figure 6.13 (a) presents the relative performances of each of the approaches on individual
environments. It is clear from the data that both planning and communication improve
the performance of our base approach MVERT; indeed, we expect nothing less. More
interestingly, we observe that the effect of enabling active coordination differs between
environments: in some environments, this difference is very small (e.g. environment 7) and
in others it is very large (e.g. environment 19).
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(a)

(b)

Figure 6.13: The performances on individual environments. (a) The number of perimeter
breaks caused by MVERT, P-MVERT, passive coordination, and Hoplites on individual
environments ordered by number. (b) The number of perimeter breaks caused by passive
coordination and Hoplites on individual environments, ordered by increasing complexity.
Error bars have been left out for clarity.

We would like to examine specifically how the effects of passive and active coordination
change as we make environments more and more challenging. However, it can be difficult
to determine by inspection alone which environments are more complex than others since it
depends on the complex and non-obvious configuration of obstacles. Nevertheless, we can
use the performance of passive coordination as an approximate measure of complexity: the
more complex an environment, the poorer the performance of passive coordination. Figure
6.13 (b) compares the performance of passive coordination and Hoplites where environ-
ments are ordered by decreasing performance of passive coordination which correlates with
increasing environmental complexity.

First, note that Hoplites outperforms passive coordination alone in nearly every en-
vironment. More importantly, the margin of improvement is significantly larger in more
difficult environments, reaffirming that Hoplites is effective in facilitating the complex level
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of coordination required in complex tasks. Specifically, suppose we divide the environments
into two sets of ten, split into an “easy” set E and a “hard” set H based on passive coor-
dination’s performance. Then the average number of instances of active coordination per
experiment on E and H are about 1.56 and 3.15, respectively. Active coordination occurs
over twice as often on H than on E. Moreover, 7.1% of these instances are part of a chained
effort in H, whereas only 2.7% are in E; this is over a 2.5-fold increase from E to H. In
sum, robots are working significantly harder on harder environments than they are on easy
environments. The payoff for this is clear: the number of front breaks incurred by Hoplites
relative to passive coordination is 0.76 on set E and 0.54 on set H. In terms of overall cost,
the average solution cost ratio of passive coordination to Hoplites on E is 0.95 and on H is
0.64.

This difference in how and when active coordination improves the overall solution exists
in some part because there is simply more room for improvement with active coordination
when we are dealing with difficult scenarios. However, it is more importantly due to the
design of Hoplites. Active coordination between robots can require extensive computation
and create very complex interactions between robots. This complexity is most justified and
most beneficial in correspondingly complex situations. Indeed, in the two instances in which
passive coordination alone slightly outperforms Hoplites, the average number of perimeter
breaks for both approaches is less than two, suggesting very easy environments.

6.8 Validation on indoor vehicles

Figure 6.14: Three Pioneer II-DX robots used for our experiments.

We implemented Hoplites on a team of Pioneer II-DX robots shown in Figure 6.15. The
on-board CPU is a 266 MHz Mobile Pentium R processor and has 256MB of memory. Each
robot is further equipped with a SICK LMS 200 laser range finder that provides 180o fields
of view, KVH E-Core 1000 fiber-optic gyroscopes for localization, and an 802.11b wireless
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ethernet card. Details of the supporting low-level controls and sensing can be found in the
TraderBots implementation by Dias et. al. [95].

The robots’ task was to sweep the 7 × 10 meter environment pictured in Figure 6.15 (a)
with two obstacles. This environment was consistent with the example environment shown
in Figure 6.8 (a). As we described, the left-most robot actively coordinated with the center
robot to complete the sweep without breaking the line of sight. Active coordination began
between the left and center robots in subfigure (c), where the center robot moved to the
left of the center obstacle. The team completed this task in under two minutes.

(a) (b)

(c) (d)

Figure 6.15: Snapshots (in chronological order from left to right) of a team of three Pioneer
II-DX robots completing a security sweep task in the Newell-Simon Hall atrium at Carnegie
Mellon.

6.9 Summary

In this chapter, we described our implementation of Hoplites on the security sweep domain
and outlined in detail a number of design considerations. This domain highlighted a few
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features in particular: the use of a linked-arm team structure, bi-directional constraints,
chained coordination, and flexible commitments.

Our experiments demonstrated a number of features about both the domain and the Ho-
plites framework. Incorporating communication and planning into MVERT [14] transforms
the behavior-based approach into passive coordination and results in an 80% reduction in
solution cost. This demonstrates that the security sweep domain does require both planning
and tight coordination to be solved effectively. It also supports our claim that passive coor-
dination can produce tight coordination in a fundamentally competitive environment and
solve many scenarios in our problem space. The full Hoplites framework further reduces so-
lution costs by 27% compared to passive coordination alone. This demonstrates that robots
can successfully escape local minima and improve global solutions by by buying each others
participation in complex plans over the market. Because Hoplites selectively injects pockets
of complexity, it provides these improvements while remaining computationally competitive
with other distributed approaches; specifically Hoplites required only 8.5 more seconds of
computation time. Lastly, by forcing the robots to discover the environment and operate
without a prior map, we have shown that Hoplites is successful even in uncertain conditions.
We also validated Hoplites on a team of small mobile robots performing a security sweep
task.





Chapter 7

Experiments in Constrained

Exploration

We have implemented Hoplites on the constrained exploration domain as well as on the
security sweep domain. In constrained exploration, a team of robots must explore an envi-
ronment by visiting a set of target locations while meeting some communication constraints.
This domain maps to a number of other real-world domains, and we have used it to de-
velop a more general version of Hoplites that uses a flexible team structure and a powerful
planning toolbox to maximize responsiveness to task complexity. Additionally, we formally
evaluate Hoplites’s sensitivity to imperfect information and to parameters chosen during
implementation, and we evaluate its ability to scale to large teams and its performance
relative to new competing approaches.

We begin this chapter in Section 7.1 with a formalization of constrained exploration in
general and of LOSEX in particular, and we simultaneously review the relevant literature .
We then explore how LOSEX falls into our problem space in Section 7.2. In Sections 7.3 and
7.4, we walk through our design decision process in detail. In Section 7.6, we present our
comparison of Hoplites to two competing coordination frameworks and explore the results
along several dimensions. We also present data evaluating key features of Hoplites such as
the flexible team structure and the planning toolbox. Lastly, we highlight results on a team
of large outdoor robotic vehicles in Section 7.7.

7.1 Domain description and related work

The general constrained exploration domain can represent a number of different problems.
In this section we first formalize the domain as a Multi-Depot Traveling Salesman Problem
(MD-TSP) and then express our LOSEX problem in MD-TSP terms. We simultaneously
discuss related work to explain our problem formulation.
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Figure 7.1: An example of constrained exploration from our simulator with three robots
exploring an outdoor environment with trees and buildings. Each robot has been assigned
a set of cities indicated by the matching colors.

Formalization of constrained exploration

We formalize general constrained exploration as a special case of the Multi-Depot Traveling
Salesman Problem (MD-TSP) [96, 97] in continuous space. The MD-TSP is defined by a
set S of salesmen that start at different depots, a set of cities C, and some cost for traveling
between cities. Each city must be visited by one salesman, and the total distance traveled
by the salesmen must be minimized. To solve the MD-TSP, the cities must be allocated
to the salesmen and each salesman must construct a tour of minimum cost. MD-TSP has
been shown to be NP-hard [37].

For constrained exploration, the salesmen S correspond to members of the robot team
R and the cities correspond to exploration sites (we use the term “sites” and “cities”
interchangeably). We then describe the communication cost at any point during execution
by some function commcost and require that this cost cannot exceed some threshold Tc. By
varying commcost and Tc, we can create a variety of constrained exploration problems and
also map constrained exploration to a number of other domains such as communication-
constrained reconnaissance, visibility-constrained pursuit evasion and security sweeping,
and distance-constrained transportation.

In formulating constrained exploration as an instance of MD-TSP, we have a problem
that closely couples task allocation, decomposition, and execution. As such, it is an interest-
ing and complex domain that allows us to explore a wide range of coordination issues within
a common problem formulation [39]. To focus our efforts on meeting tight-coordination and
planning requirements, we omit the task decomposition and allocation components of the
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general problem. Specifically, we pre-allocate a set of sites to each team member and the
challenge is for each robot to visit its set of sites while maintaining communication con-
straints with its teammates. It is as if we have a team of heterogeneous robots and each
site can only be visited by one particular robot on our team (perhaps because the robot is
uniquely equipped to perform a task at that site). This is illustrated in Figure 7.1 where
robot’s colors are matched with the sites they have been assigned. We will revisit the
complete problem of coordinated decomposition, allocation, and execution in Chapter 8

LOSEX and related work

We can formalize in constrained MD-TSP terms the LOSEX problem in which the team
must maintain a connected network determined by line-of-sight contact. Our cost function
commcost evaluates a robot’s ability to communicate with every team member:

commcost(ri) =
∑
rk∈R

nolink(ri, rk) (7.1)

where nolink(ri, rk) returns 1 if there is no communication link between robots ri and
rk and 0 if there is. By setting Tc to 0, our formulation requires the team to be fully
connected. Notice that evaluating the function nolink requires accurate information about
the team’s entire communication network; moreover, estimating it in the future requires
accurate information about every robot’s future position and about the entire environment.
This is consistent with our informal description of the problem in Chapters 1 and 4. It
is clear that by defining the problem in this way, we can only effectively solve it for small
teams using centralized approaches that have total information and can plan for all team
members simultaneously.

This assessment is consistent with the prior work on this problem. Ferguson et. al. [98,
99] demonstrate that sampling techniques such as Rapidly-exploring Random Trees (RRTs) [80]
can centrally solve this problem for teams of up to ten robots. Kalra et. al. [31] show how
centralized planners such as A* can be coupled with roadmaps to enable the efficient search
of a reduced planning space. Wagner and Arkin [6] use a hybrid approach in which a central
controller with complete team and environment information selects a pre-determined plan
for exploring an area according to the immediate task features and transmits to each robot
a recommendation for action. Although robots take actions independently, the controller
monitors them closely and dictates plan progress. Vazquez and Malcolm [100] also use a
distributed approach to a closely related problem in which communication attenuates with
range but not through obstacles. Each robot maintains a complete map of the team’s net-
work and attempts to explore unknown areas provided it wont disconnect the team. Given
that it is infeasible in a distributed system for each robot to also maintain a map of the
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team’s future network (which is necessary for long-term planning), robots use a very short
lookahead to choose their next actions.

None of these approaches scale to large teams as they all require at least one agent to
have complete team and environment information at every time step. Because Vazquez and
Malcolm’s approach is distributed [100], it requires every teammate to have this complete
information. Given that this approach cannot scale and also uses short-term planning, it is
likely that centralized approaches (and even distributed approaches with long-term planning
such as Hoplites) will easily outperform it. The centralized approaches [98, 99, 31, 6] all
suffer from single points of failure. Additionally they can become intractable for large teams
because the size of the planning space grows exponentially in the number of robots. Wagner
and Arkin’s enumerated approach is additionally not adaptable to arbitrary and complex
instances of the problem.

Given that LOSEX is not feasible or tractable in the general case, many researchers
restructure the problem into a set of locally manageable constraints. To our knowledge, all
such formulations use a fixed-link structure like the one we described in Chapters 1 and
4. In this structure, each robot ri must only be able to communicate with its teammate
ri−1; if this is true for all i, then the team is connected. We can formulate this as a case of
MD-TSP where commcost evaluates a robot’s ability to communicate with its designated
neighbor:

commcost(ri) = nolink(ri, ri−1) (7.2)

where nolink(ri, ri−1) returns 1 if there is no link between robots ri and ri−1 and 0 if there
is. Again, by setting Tc to 0, our formulation requires the team to maintain a connected
chain. This formulation is distributable, tractable both in terms of communication and
computation, and much more easily evaluated.

Nguyen et al. [101] use a distributed behavior-based system to solve this problem for
a single teleoperated robot with a team of dedicated relay nodes that increase its commu-
nication range and thereby increase its operating range. Robots use teammate-following
behaviors to tightly coordinate and maintain line-of-sight with their designated neighbor.
Schouwenaars et al. [41] formulate the problem as a mixed integer linear program (MILP)
to provide both tight coordination and planning. This approach suffers from a single point
of failure, has complexity exponential in the number of robots, and may be unresponsive to
changes in the environment. However, it does take advantage of the simple evaluation of the
solution. Esposito and Dunbar [40] use the same structure to solve LOSEX. In particular,
they mathematically prove that this formulation requires all robots to traverse paths in the
same homotopc class [102]; essentially, every team member must pass on the same side of
every obstacle in the environment. In doing so, they highlight an important limitation of
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Figure 7.2: A snapshot from our simulator in which five robots operating in an unknown
environment have replaced their original linked-arm tree structure with a complex tree
structure. Black areas are obstacle, solid lines indicate the robots paths to their respective
targets (marked as x’s), and dashed lines indicate the communication connectivity between
the robots.

this structure which we touched upon in Chapter 4: that it overly constraints the team and
limits the solutions they can reach.

We use a problem formulation that is significantly more flexible even though it is only
slightly more complex than the linked-arm formulation. We use almost the same commcost

function as defined in Equation 7.3, but we relax the requirements for ri’s neighbor:

commcost(ri) = nolink(ri, rk) (7.3)

where rk = ri−1 at the beginning of the mission, but rk can change during the course of
the mission provided that doing so does not disconnect the team. Assume that every robot
ri keeps track of just one possible communication route ci by which it can pass a message
to r0. At the start of the mission, ci = {ri−1, ri−2, ..., r0} for all i > 0. Then, if ri wants to
replace its current neighbor with teammate rk, it can do so if ri 6∈ ck. If ri is in ck, then
swapping could cause a circular network that disconnects the team. (Note that switching
to rk in this case would not necessarily cause a disconnect: because we are only keeping
track of one route, rk may have an alternative but untracked route that does not use ri).
On the other hand, if ri is not in ck, then we can guarantee that rk has an alternative route
to r0 and thus swapping to rk cannot disconnect the team.

Unlike checking for team-wide connectivity, several features make checking this property
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tractable. First each robot only tracks one route to one teammate. This requires at worst
O(n) communication and computation, if the team is in a linked-arm structure. Even then,
only one robot (the end robot) would have a route using all of its teammates. Moreover,
in complex environments, the team is likely to evolve into a tree-like structure which is
O(log(n)). Secondly, robots only need to swap neighbors (and therefore perform this op-
eration) when they lose contact with their current neighbor. Thirdly, ri can only consider
switching to those teammates that it can directly see, which further limits the number of
route messages and computations. Finally, a robot’s route is only utilized by its teammates
during swapping; depending on the rate of swap inquiries, we can further save by having
robots compute their routes only when they are required via message propagation.

With this formulation of flexible local constraints, we allow robots maximum flexibility.
For example, in Figure 7.2, robots have replaced their initial fixed-arm structure with a
complicated tree structure that allows them to visit their target sites in a very cluttered
environment. This solution would not be possible with a fixed arm.

Finally, let us mention other prior work that solves constrained exploration in simplified
ways; while we do not believe these approaches can successfully solve complex instances
of this problem, they may optimize along other parameters. Powers and Balch [103] have
created VBCP, an MVERT-style approach to keeping communication contact. This ap-
proach requires prior map information to estimate connectivity and uses very short-term
lookahead. While myopic decision making prevents it from providing good solutions, VBCP
is very fast and responsive.

7.2 Coordination requirements

We previously used constrained exploration to illustrate many concepts related to Hoplites
in Chapter 4. We briefly discuss how LOSEX, in particular, falls into our problem space.
First, even simple scenarios require tight coordination between teammates. In Figure 7.3(a),
the two robots each have a target site which they can reach easily while maintaining line
of sight contact; nevertheless, if they do not remain in lock step, they could lose line-of-
sight communication around the obstacle as shown and violate team constraints. Second,
in complex scenarios, the domain requires planned tight coordination. In Figure 7.3(b),
each robot must traverse a complex path to ensure that connectivity is maintained while its
teammate visits its target region. Here, the robots must visit the marked waypoints in order:
once r0 arrives at waypoint 1, r1 can visit its target at waypoint 2; then, r1 must arrive
at waypoint 3 so that r0 can visit its target at waypoint 4. This solution requires planned
coordination between the teammates to discover the solution and then tight coordination
to execute it effectively. These features make LOSEX a representative candidate from our
problem space.
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(a) (b)

Figure 7.3: Solving LOSEX requires tight coordination (a) and planning (b). The robots’
targets are marked by x’s, their paths are dashed lines, and their waypoints are circled
numbers. Dark grey shapes are obstacles in the environment and light grey outlines of
robots represent their possible future positions.

7.3 Design considerations: problem setup

There are a number of design considerations related to implementing Hoplites on LOSEX.
In this section we discuss the problem setup and in the next section we discuss Hoplites-
specific design considerations. These are summarized in Figures 7.4 and 7.5

Problem setup

Through our formalization of constrained exploration and our discussion of LOSEX imple-
mentations in Section 7.1, we have already done most of the work in setting up our problem.
Note that an optimal solution to our LOSEX problem consists of a set of tours that meet
three requirements. Firstly the tours ensure that each robot visits each of its target sites
once. Secondly, the tours are of minimum cost. Thirdly, the tours are coordinated in a
way that ensures that each teammate maintains contact with its current neighbor or se-
lects a new neighbor in a way that ensures team connectivity. Except in the simplest cases
of completely clear environments, however, tours of minimum cost do not simultaneously
meet communication constraints. In reality, finding tours of minimal cost and maintaining
communication constraints are competing requirements: robots may have to deviate signif-
icantly from the minimum cost tours by taking longer paths to provide connectivity. Thus
a tradeoff is necessary between path cost and connectivity with neighbors.

If a robot has a good solution to the traveling salesman problem, it can appear to have
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Problem Setup

1. Problem definition: Robots must complete pre-computed city tours while minimiz-
ing the total distance traveled and the mission time, and while maintaining line-of-
sight constraints with their current neighbors.

2. Function C: We use a cost function C instead of a utility function Q:

C = A T + B
∑
r∈R

Distance(r) + Γ
T∑

t=0

∑
r∈R

Disconn(t, r,N(r))

Here, R is the set of robots, T is the mission length, Distance(r) is the distance trav-
eled by r, and Disconn(t, r,N(r)) determines whether r is connected to its neighbor
N(r) at time t. Additionally, A = 1, B = 1, and Γ = 100.

3. Function c: We use a local cost function c instead of a profit function p:

c(a, ri, t) =

{
α t + β Distance(a) if i = 0
α t + β Distance(a) + γ Disconn(ri, N(ri)) otherwise

where robot ri takes action a of time duration t. Distance(ri) is the distance traveled
in that time, and Disconn(ri, n(ri)) indicates whether ri has contact with its uplink
N(ri). Additionally, α = 1, β = 1, and γ = 100.

Figure 7.4: An outline of the problem setup design decisions made to implement Hoplites
on constrained exploration.

good performance even with poor coordination because it’s disconectivity will be offset by
a low cost tour. Alternatively, a poor TSP solution can disguise good coordination because
of its high cost. Finally, robots can also avoid coordinating by finding alternative solutions
to TSP and re-ordering their tours. To concentrate on the problem of coordination and
to lessen the impact of solving TSP, we give our robots a pre-computed optimal tour of
the cities and require that they visit the sites in the order they appear in the tour. We
can think of robots having to perform a series of strictly ordered tasks at each site. Thus,
each robot starts with the minimum cost tour and must determine how to get from city to
city in a way that balances the need to arrive as quickly as possible while also maintaining
connectivity along the route.

Finally, we must define what we mean by the “cost” of the tour. For consistency with
the multirobot vehicle routing literature [104, 105], we define the cost of a tour as the
distance that the tour covers. To ensure connectivity to neighbors, robots may also need
to wait for their neighbors at particular locations while they visit target sites. Thus, in
contrast to unconstrained MD-TSP, minimum distance tours in LOSEX are not necessarily
minimum time tours because robots may remain stationary at different points in the tour.
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Coordination Setup

1. Passive coordination: The candidate set contains only the shortest path from a
robot to its next city in the tour.

2. Switching mechanism: A robot switches to active coordination when the shortest
path contains constraint violations with the current uplink and no new uplink can be
found.

3. Active coordination:

a) Teammates: A robot attempts active coordination with the current uplink.

b) Team solutions: The uplink tries to plan a solution that provides connectivity
to the robot’s existing path. The uplink uses a rage of planning algorithms from
A* to RRTs.

c) Reserve path: The robot simultaneously plans its best alternative path using the
same planning toolbox.

d) Market mechanism: Robots negotiate using directed peer-to-peer sales of plans.

Figure 7.5: An outline of the coordination design decisions made to implement Hoplites on
constrained exploration.

While this doesn’t increase the distance traveled, it may increase mission completion time
which, in turn, affects energy consumption for the whole team. Therefore, we also track
the duration of the mission.

Quantification of user preferences.

The next step in our problem setup is to define a tradeoff between our factors of interest. To
this end, we must first define how to measure the team’s inability to maintain constraints.
For instance, we might use a binary valuation in which the team is either connected or
disconnected. For our implementation, we measure the degree of disconnectivity at a par-
ticular time by the number of disjoint subsets of teammates at that time. This is a more
expressive measure as it gives us a sense of how disconnected the team is. We measure the
cost of tours in a manner consistent with typical MD-TSP: the team’s tour cost is the sum
of the costs of individual tours. Additionally, the team’s goal is to visit sites, so we sum
the number of sites visited by each robot. Finally, we define mission duration as the time
at which the last robot completes its tour. This gives us our global utility function Q:

Q = X
∑
r∈R

Sites(r)−

(
AT + B

∑
r∈R

Distance(r) + Γ
T∑

t=0

∑
r∈R

Disconn(t, r,N(r))

)
(7.4)
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where R is the set of robots on the team, T is the mission length, and N(r) is robot r’s
neighbor. Additionally Sites(r) is the number of sites visited by robot r, Distance(r) is
the distance traveled by r, and Disconn(t, r,N(r)) determines whether r is connected to
N(r) at time t. Finally, X, A, B, and Γ are the relative weights of the different terms in the
equation, and we use them to encode our preference for the tradeoff between minimizing
tour cost and minimizing disconnections in the team. As in the security sweep problem, we
want to make the mission challenging so we set A, B, and Γ to 1, 1, and 100, respectively.
Thus, a robot should travel up to about 50 extra cells to avoid violating constraints with
its neighbor. Later in Section 7.6, we offer insight into the impact of these weights through
a set of sensitivity experiments. Lastly, note that every solution requires robots to visit
each site, so the term X

∑
r∈R Sites(r) is a constant; we can remove it from the equation

for simplicity and encode our preferences as a global cost function:

C = A T + B
∑
r∈R

Distance(r) + Γ
T∑

t=0

∑
r∈R

Disconn(t, r,N(r)) (7.5)

All terms are the same as in Q, only the reward term has been removed. Through the
remainder of this section we will refer to the quality of a solution in terms of cost.

Mapping global utility to local utility

We must now map the global cost function C in Equation 7.5 to local utility functions
that define the robots’ individual preferences for different actions. The first challenge is to
solve the credit assignment problem. Clearly, each robot is responsible for its individual
contribution to its tour duration and tour distance. Each robot also has control over
maintaining communication links with its neighbor and should be penalized whenever that
contact is lost. It is unclear, however, whether or not this constraint is symmetric. That is, if
a communication constraint is being maintained between two robots r0 and r1 and that link
breaks, should r0 or r1 or both be penalized? In security sweep, each robot had equal control
over both of its sweep front segments, and, if we had formulated LOSEX conservatively
using a linked arm structure, the same would be true in this case. By allowing exchanges of
neighbors, however, this problem becomes asymmetric. As highlighted by Figure 7.2, robots
can form complex tree-like structures in which one robot may be a communication node
for many teammates (e.g. r5) while another robot may not be a node for any teammate
(e.g. r3). Moreover, a robot does not have control over which teammates select it as
their new neighbor or leave it for a different neighbor, or when they do so. Therefore,
constraints cannot be symmetric: each robot must only ensure that it can communicate
with its neighbor; it does not have to ensure that other teammates can communicate with
it.
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Given that constraints are uni-directional, we can assign simple and clear terms to the
problem that reflect this asymmetry: if a robot r has chosen to maintain contact with
teammate t to satisfy its communication constraints, we refer to t as r’s uplink and to r as
t’s downlink. Additionally, recall that any robot can select a new uplink provided it is not
a node in the potential uplink’s route to r0. This means that there will always be at least
one other robot that has r0 as its uplink. Because constraints are assymetric, r0 does not
need to maintain any uplink for the team to be connected. We call r0 the “root” of the
team. In summary, if every robot ensures that it can communicate with r0, then the team
is connected and r0 does not have to ensure connectivity with any teammate. This leads
us to two different local cost functions:

c(a, ri, t) =

α t + β Distance(a) if i = 0

α t + β Distance(a) + γ Disconn(ri, n(ri)) otherwise
(7.6)

where a is the action taken by robot ri during a time step of duration t, Distance(ri) is the
distance traveled in that time, and Disconn(ri, n(ri)) is a boolean indicating whether ri has
contact with its uplink n(ri). Here, α, β, and γ are analogous to A,B, and Γ in Equation
7.5. That is, α is 1, β is 1, and γ is 100. We discuss these weights again in Section 7.6

Lastly, by allowing robots to have different cost functions, we have seamlessly created
a heterogeneous team of robots where individual robots have different preferences and are
targeted for different activities. This is a strength of market-based approaches in general.
Certainly our team is not nearly as heterogeneous as a team with physically different robots
that have different capabilities, but it highlights that Hoplites can be implemented on a
diverse team.

7.4 Design considerations: active and passive coordination

The next step to implementing LOSEX after formulating the problem is to design the
Hoplites coordination mechanisms.

Passive coordination design

In LOSEX, each robot has a predetermined set of sites to visit and a predetermined order
in which to visit them. Therefore, unlike in security sweep, a robot does not have flexibility
in choosing its next goal: it must always plan to the next site in its tour. Its challenge
is to choose a path to that site that maximizes connectivity with its uplink but minimizes
distance.

An interesting property of LOSEX is that if a robot’s current path p will not allow it
to maintain line-of-contact with its uplink, then it is likely other paths that are similar
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(a) (b) (c)

Figure 7.6: Robot r0 and r1 each have a site to visit; r0 is r1’s uplink. r1’s shortest path
to its goal (dashed) does not provide connectivity with r0 and neither do other paths in
the same homotopic class (dotted) (a). Only a path in a different homotopic class offers
connectivity.(b)

to p (specifically, those in the same homotopic class) will also not allow connectivity. For
example, in Figure 7.6 (a), robot r0 and r1 each have a site to visit and r0 is r1’s uplink.
Notice that r1’s shortest path to its goal (dashed) does not provide connectivity to r0.
Indeed, neither do other paths in the same homotopic class (dotted). Only the dashed path
in Figure 7.6 (b), which is of a different homotopic class, offers connectivity. Ideally, a robot
would generate a set of candidate paths that includes one path from each homotopic class
in the environment. However, generating this set in continuous space is infeasible: using
deterministic algorithms such as A* is intractable (though, in theory, we could guarantee
finding the complete set) and using less-expensive randomized algorithms such as RRTs
cannot guarantee finding the set. Given these difficulties, we optimize on distance and
computation instead and generate one candidate path in passive coordination that is the
shortest path from the robot to its goal. We search for alternative paths only when it is
necessary.

Choosing coordination strategies

If a robot’s current path will cause it to lose connectivity with its uplink, its first and best
course of action is to find a new uplink. This minimizes distance (since the robot’s path
should be the shortest path to its goal) and it is computationally inexpensive. To make
swapping more effective, however, we only allow a robot to change to a new uplink when
doing so will provided connectivity for at least some reasonable amount of time (otherwise,
it would have to find another uplink immediately thereafter).

If this fails, the robot must either plan a new path or actively coordinate with its
teammates. Because achieving connectivity can require a significant deviation in route, it
is often unclear whether generating a new local path is less costly than actively coordinating



7.4. DESIGN CONSIDERATIONS: ACTIVE AND PASSIVE COORDINATION 115

to change a teammate’s path. In Figure 7.6 (c), for example, robot r1 could purchase r0’s
participation in the plan that requires r0 to change path homotopies because it is less
expensive than r1 changing its own path as in Figure 7.6 (b). As we discuss later, we
incorporate new local plan generation into active coordination to maximize flexibility.

Active coordination design

At this point a robot must select some teammate(s) with which to try and actively coor-
dinate. As with security sweep, the structure of this problem makes it natural for a robot
to actively coordinate with its current uplink, and this is the strategy we use. Unlike in
security sweep, however, robots could potentially be assisted by other teammates; for ex-
ample, teammates which are not currently in the robot’s line of sight could be cheaply paid
to move into view and provide connectivity. The tradeoff is that, in a large team, exploring
all such options would be intractable. We believe exploring these options would be fruitful
in real-world systems, but we omit it from our implementation for simplicity.

Planning team solutions

The next stage of active coordination is to produce a team solution. In security sweep,
a robot r trying to actively coordinate with its teammate t proposes a solution for t. As
we described in Chapter 4, however, this requires r to have a model of its teammate and
information about its teammate’s goals, constraints, and current plans. This approach is
neither flexible since it requires the teammate to consider only the proposed actions, nor
conducive to a heterogeneous team where it may be difficult to have models of teammates.
In our implementation on LOSEX, we use a different approach. Rather than planning for
its teammate, r shares a plan of actions it wishes to take (e.g. a path to its goal) and the
period for which it wants assistance. Given that t has a model of its own behavior and
accurate information about its plans and constraints, it is more likely than r to produce a
good solution.

The teammate t has at its disposal implementations of many of the algorithms we
described in Chapter 5. We use them in order of increasing complexity so that we may
solve the problem with the simplest possible approach. The simplest is a coupled algorithm
that uses prioritized planning to reduce problem complexity. Specifically, it first plans
direct paths for each robot to its goals and then uses A* to synchronize them in time. In
implementation, these direct paths were already computed during passive coordination, so
this algorithm is very fast because it makes use of prior computation.

When this fails (as it often may because it does not change path homotopies), we
use a domain-specific planner with relaxed constraints. Given our domain knowledge that
LOSEX requires generating qualitatively different plans, we have developed the algorithm
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that generates a new path for t in a homotopic class that is similar to the homotopic class
of r’s path. This algorithm is fast because it uses fast deterministic planners (e.g. A*);
moreover, the resulting path is likely to offer connectivity with r. r0’s path in Figure 7.6 is
an example of such a solution.

Lastly, if this also fails, we use a Rapidly Exploring Random Tree (RRT) [80] to generate
an entirely new path for t. The algorithm grows a tree from t’s current location to its next
goal and discards any actions that would cause it to lose line-of-sight contact with r. In
theory, the RRT can generate any solution that our previous algorithms could, but that
is not guaranteed because of randomness. The benefit of RRTs is that they can find a
number of approaches that other planners cannot. Nevertheless, they are not guaranteed
to terminate as A* and other algorithms are, so we must artificially terminate after some
set time.

The market mechanism

We use direct peer-to-peer negotiation to achieve active coordination. Continuing from our
running example, if teammate t is able to find a plan p that would allow it to satisfy robot
r’s constraints, it sends to r the marginal cost of the p compared to its original plan. This
is the cost for which r has to compensate t and can include distance and time costs as well
as any violations it would create between t and its uplink. Notice that t does not share the
details of p with r: r does not need to know how t is meeting its requirements, only that it
is.

Once r receives a quote q from t, it must compare q against its best alternative. Recall
that during passive coordination, robots only generate a single path to their goal. Since
we have explored such a small region of our search space and since we know the resulting
solution is costly in terms of constraint violations, it is unlikely that r’s current path is its
best alternative. Therefore, r now takes the opportunity to replan its own path. r uses the
same planning techniques that t did to find a solution. This allows it maximum opportunity
to find a better alternative. It then computes a reserve price using this alternative path; if q

is less than the reserve price, t’s solution is better than r’s and r pays t for its participation
in plan p. If, on the other hand, q is more than the reserve price, r rejects t’s offer and now
adopts its best alternative plan rather than its original plan. By searching a larger solution
space during active coordination rather than passive coordination, r incurs the expensive
computation only when it is necessary. Moreover, r’s search can occur at the same time
that t is searching for p (rather than first waiting for the quote q), and we can parallelize
the computation and speed up the system.
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7.5 Key experiment features

We use LOSEX to implement and evaluate several key features of Hoplites. We briefly
mention them here and discuss them further with experiments in Section 7.6. First, we use
a flexible team structure with uni-directional constraints to allow the team to rearrange
itself to meet the needs of the mission. Empirically, we evaluate how often the team is able
to solve the problem because of this flexibility and how this flexibility changes as we change
the number of robots on the team.

Second, we use very flexible commitments to facilitate responsiveness to new informa-
tion, especially when environments are unknown. Specifically, we allow a robot that is
committed to providing assistance to a downlink to abandon that commitment whenever it
results in constraint violations with its own uplink. Because constraints are uni-directional,
the abandoned downlink will discover that the uplink’s current solution does not provide
connectivity and will try to re-initiate a new instance of active coordination. This will
take into account all the new information that invalidated the previous attempt and should
find a solution if one is possible using the methods available. We evaluate this flexible
commitment strategy by assessing the impact of prior environment information on solution
quality; if our commitment strategy is insufficient, we should expect a sharp degradation
in performance.

Third, we provide our robots with a planning toolbox that enables them to use increas-
ingly sophisticated algorithms as the problem scenario requires. We evaluate how often each
algorithm is used in practice and how often they successfully find solutions. We also evalu-
ate Hoplites’s ability to scale to large teams and its sensitivity to different implementation
parameters.

7.6 Simulation experiments and results

We have designed our experiments to evaluate the three most important claims of this
thesis. First, that Hoplites significantly improves solutions by enabling robots to escape
local minima by buying each other’s participation in complex plans. Second, by selectively
injecting these pockets of complex coordination, Hoplites can provide these improvements
while remaining competitive with other distributed approaches. Third, this selective com-
plexity allows Hoplites to outperform centralized approaches as well because it can often
exploit planners with performance guarantees which a centralized approach cannot.

We have already demonstrated the strength of Hoplites via experiments in security
sweep. Our implementation of security sweep, however, used a very complex form of ac-
tive coordination in which robots could chain their coordination. Although chaining is a
very powerful coordination feature, we also want to show that simpler implementations of
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Hoplites can still provide significant performance improvements. To this end, our imple-
mentation of LOSEX uses very simple active coordination.

In our simulation experiments, we compare Hoplites to two other approaches and a
“base” approach. In this section we discuss in detail these frameworks, outline our experi-
ments, and present and discuss our results. We also experimentally explore the impact of
a number of design decisions including the cost functions and flexible team structures.

Frameworks

We previously compared Hoplites to MVERT, P-MVERT and passive coordination on the
security sweep domain. Having clearly demonstrated that our problem space requires both
planning and tight coordination, we can omit both MVERT and P-MVERT from future
comparisons as they do not provide these features. Instead, we compare Hoplites to passive
coordination as the state-of-the-art distributed approach to the problem. We also compare
Hoplites to a centralized approach to evaluate the impact of adaptive complexity. Finally,
we include results from a base algorithm just to provide ground truth about robots’ initial
tours.

The Passive Coordination Framework. Our passive coordination implementation fol-
lows mostly from our discussion of design considerations in Section 7.4. A robot r selects
as its default path the shortest path to its next target using A* and compares this to its
uplink u’s path. Recall that in the full Hoplites framework, if this path fails to maintain
connectivity with u, r searches for its best alternative plan during its efforts to also ac-
tively coordinate with u. Obviously passive coordination does not involve r negotiating
with u. For fairness, however, we do allow r to explore alternative paths that it could take
to maintain connectivity with u. Specifically, r uses the same three planning algorithms
available to robots during active coordination to search for an alternative plan. If such a
plan is found, it uses the new plan; otherwise, it stays with its original plan. By giving
passive coordination every planning opportunity available to Hoplites, our comparison will
highlight precisely the impact of active coordination.

The Centralized RRT Framework A key property of Hoplites is that it is responsive
to the complexity of the immediate problem. By comparing it to passive coordination, we
are set to evaluate the impact of selectively injecting complexity in the approach. However,
we are also interested in evaluating the impact of selectively injecting simplicity into the
approach. In sum, these comparisons would allow us to answer the question, “What is the
impact of adaptive coordination?”
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Figure 7.7: A snapshot from our simulator of a typical experiment with two robots and
eight cities.

To this end, we have compared Hoplites to a centralized approach that essentially does
active coordination among all of the robots all of the time. To make this tractable, we
use an RRT algorithm based closely on Ferguson’s work that solves the general constrained
exploration problem [98, 99]. We have modified it to allow planning to a series of sites for
each teammate: each call to the tree returns a path for the team that guides at least one
robot to its next goal while keeping the others in communication contact. For fairness, we
use the same algorithm parameters and path smoothing techniques provided for the RRT
algorithm in active coordination.

Base Algorithm. We would also like to provide a measure of how difficult the problem
is to begin with and how well each approach is able to improve the team’s solution over the
default strategy. This default strategy is for each robot to just follow its pre-computed tour
of cities (which will be of minimum cost); we then evaluate how many constraint violations
occur as they execute these tours without coordinating. We include this comparison where
it augments our discussion of the other approaches.

Experimental Setup

We tested our approach in a graphical simulation using two to ten simulated robots tasked
with solving LOSEX. For each team size we randomly generated forty environments of size
200 × 200 cells which each contain five obstacles that range in size from 5×5 cells to 30×30
cells and interfere with communication. Figure 7.7 shows a typical environment.

Each robot is tasked with visiting four randomly generated cities while maintaining
communication constraints with an uplink. When a robot has visited all of its cities, it does
not need to maintain this constraint. (This prevents robots from aimlessly following their
uplinks around just to maintain communication).
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We experiment with giving the robots both perfect prior information about the environ-
ment and no prior information about the environment. We also impose a minimum planning
horizon of 50 steps; that is, a robot must have planned a tour that is at least 50 steps but
that may be longer since robots end each path at a particular city. However, for tractability
and because teammates’ paths frequently change, robots are only concerned with maintain-
ing network connectivity for 10 steps at time. Robots reevaluated their connectivity every
3 seconds. Robots move at a speed of 5 cells per second and are equipped with simulated
360◦ laser scanners with a range of 200 units to provide sensory information as they move.
In the distributed approaches, each robot ran as a separate software agent. We used shared
memory between the agents and our simulator for regular high-frequency information such
as position, environment, and path information to reduce the network burden on a single
machine. However, robots used UDP for all messages relating to active coordination to
allow for delays that might affect contracts and agreements on a real system.

Our global cost function C is exactly as in Equation 7.5, where each constraint violation
has a weight of 100 while each unit of distance traveled and each second of time traveled
as a weight of 1. Because robots must travel to specific cities in a particular order, we do
not need to have a profit function with a reward as we did with security sweep; the same
solution can be reached by using a local cost c function as in Equation 7.6. We include
them again here for easy reference.

C = A T + B
∑
r∈R

Distance(r) + Γ
T∑

t=0

∑
r∈R

Disconn(t, r,N(r))

c(a, ri, t) =

α t + β Distance(a) if i = 0

α t + β Distance(a) + γ Disconn(ri, n(ri)) otherwise

Lastly, we ran our experiments on a PowerMac G5 with Quad 2.5GHz processors and 1 GB
of memory. Figures 7.21 and 7.22 at the end of the chapter show the results of an experiment
formulated in this way with five robots and twenty cities; these results are presented as a
set of 18 annotated snapshots that run the length of the trial.

Communication Requirements

The communication requirements of Hoplites on LOSEX are very similar to those for secu-
rity sweep. Although we use shared memory in our actual system, the analytical results we
include in Table 7.1 are communication requirements for a distributed robotic team. We
measure the frequency and size of different types of communication. We provide candidate
data about a team of 5 robots, though our experiments span team sizes of two to ten.

Suppose that R is the number of robots on the team. Since each robot only requires
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State Env Plans Routes Act Req Act Rep Active Acc

Msg Freq R R – – – – –
Actual Freq 25 25 1 – – –
Msg Size O(1) – O( sqrt(An)

n ) O(log(R)) O( sqrt(An)
n ) O(1) O(1)

Actual Size c – 77 · c 0.7c 77 · c c c

Table 7.1: Communication requirements of Hoplites on LOSEX. R is the number of robots
on the team, T is the number of teammates with which each robot shares information, L
is the planning horizon, P is the replanning period, and c represents some constant.

state information from its one uplink, the number of state messages is R at each time step.
Note that although there are a constant number of messages, these R may not be evenly
distributed among the team: one robot may have several downlinks requiring information
while another robot may have none. Specifically, each of five robots moves at a frequency
of five cells per second and each requires information from at most one of its teammates,
resulting in 25 state messages sent per second. The size of state messages is constant: each
robot shares an (x, y) position and its point in the current plan.

Secondly, robots need to share environmental information to anticipate and avoid losses
in line of sight. If each robot receives new sensory information at each step and shares this
information with its downlink, this results in R environment messages per second. In prac-
tice we want robots to communicate only when they have new information (which decreases
communication requirements), and we may want them to aggregate this information from
other teammates so that each robot can have a larger picture of the environment (which
increases communication requirements). We use this latter feature in our implementation:
when a robot shares environmental information with its downlink, it also includes map
information recently received from other teammates. Moreover, the size of these messages
can vary depending on the complexity and size of the environment and the type of sensors.

Third, in our system, robots communicate their plans only when they change; however,
unlike with security sweep, robots do not replan at a fixed frequency. Instead, they replan
whenever the length of the current tour drops below the lookahead distance L (50 steps in
this case) or when they expect constraint violations with their teammates. Thus, we cannot
evaluate this analytically. The length of paths is also not constant since our lookahead L

is a lower bound. However, by evaluating the expected distance between cities, we can
compute an expected length of the shortest path to the next city. The expected length l of
an optimal TSP tour of n cities in an environment of area A can be approximated by

l = 0.765
√

(n ∗A) (7.7)
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where, in our case, n = 4 and A = 40, 000 [106]. Thus, l = 306 (which we find is consistent
with our experimental results). From this, we can say that the average distance between
adjacent cities is 300÷ 4 = 76.5 and thus require a path of 77 (x, y) positions.

The communication frequency of route requests and active coordination cannot be de-
termined before-hand; it depends upon the complexity of the problem. From our results,
however, we find that in a team of five robots there are 12.2 route requests, 8.6 attempts at
active coordination, and 2.0 successful instances of active coordination. For each attempt at
active coordination, one request is sent out that contains plan information required by the
robot considering the proposal; this message size is also derived from the expected length
of a tour. The reply to these messages consists of a single numerical bid and then response
to that bid is another constant-size accept or reject message.

Results and Discussion

Base Experiments.

Our first set of experiments evaluates the ability to solve LOSEX given perfect prior in-
formation about the environment. Each graph presents results from passive coordination,
Hoplites, and the RRT algorithm, grouped according to team size. Here, we just compare
general trends between the approaches; we review trends across team size in our discussion
of scalability later in the section. Figure 7.8 (a) shows the average number of constraint
violation seconds incurred by the team. Hoplites is significantly better at satisfying the
team constraints than passive coordination across all team sizes. Notice, however, that
Hoplites cannot solve constraint violations as well as the centralized RRT: for teams of two
and three robots, there are no constraint violations and the RRT is able to maintain line of
sight perfectly. This is not surprising since we expect that having team-wide information
and being able to plan for every teammate at once will result in a greater ability to satisfy
constraints.

However, for teams of five and ten robots RRTs are unable to find a centralized solution
in a reasonable time (we stopped any algorithm after 180 seconds without a solution)
and we have no data for RRTs for these larger team sizes. Although we expect RRTs to
eventually be unable to handle large team sizes, it is at first glance surprising since Ferguson
et. al. [98] produced solutions for teams of up to 10 robots in about 20 seconds. Closer
inspection reveals that having multiple cities significantly complicates the problem though
it is an apparently small domain change. In Ferguson’s work, each robot had one goal,
and these goal positions were fully connected by line of sight, and all were equally distant
from the robots’ start positions. Thus, the RRT could plan using a strong heuristic biased
towards those goal locations and did not have to deal with robots arriving at their goals
significantly earlier than their teammates. In contrast, in our problem, robots’ cities are
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Figure 7.8: The performances of each approach in terms of the average number of violations
(a) and the average distance traveled by a robot (b). Error bars indicate the standard errors
of the means.

not co-visible and are not equally distant from previous cities in their tours, so our RRT
does not have a well-defined goal and it must discover the goal using an unfocussed search.
This adds subtle but incredible complexity to the problem and makes it intractable for even
medium sized teams. Moreover, the impact of this increase in problem complexity is not
specific to RRTs: we expect the same qualitative result with a deterministic algorithms
such as A*. Therefore, no optimal solution is possible even for the two robot case.

Figure 7.8 (a) suggests that Hoplites is better than passive coordination and that the
RRT is better than Hoplites (for small team sizes) at maintaining constraints. Nevertheless,
to evaluate overall solutions, we must consider the overall ability to balance competing needs
of maintaining constraints and minimizing distance and mission time. Figure 7.8 (b) shows
the total distance traveled by the team. From our base tour computations, we find that
Hoplites and passive coordination both increase the distance of the robots’ tours by between
5 and 10% over the their original tours across all team sizes. Moreover, Hoplites and passive
coordination produce equivalent solutions in terms of the distance traveled by the team.
Figure 7.9 (a) presents the overall mission time. This measure does not include planning
time because, as we explained in Chapter 6, planning time is hardware dependent while
mission time is algorithm dependent. Here again, Hoplites and passive coordination perform
about the same, with Hoplites missions requiring about 6% longer to complete than passive
coordination. This extra time is due to robots paying their uplinks to synchronize their
paths and wait; this does not add distance and is a cheap way to maintain constraints.
Compared to the minimum mission time, passive coordination adds 15% more time and
Hoplites adds 25% more time.

These results have significant implications. In Hoplites, when a robot is faced with a
communication break with its uplink, it is able to use active coordination to vet a greater
variety of solutions to the constraint satisfaction problem over larger portions of the team
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Figure 7.9: The performances of each approach in terms of the average mission time (a) and
the overall solution cost ratios where Hoplites is normalized to 1 (b). Error bars indicate
the standard errors of the means.

than passive coordination. Firstly, this means that Hoplites can find solutions when passive
coordination cannot (which results in a decrease in constraint violations in Figure 7.8 (a)).
Secondly, it also allows Hoplites to find better solutions than passive coordination to the
same problem scenarios. In sum, Hoplites is able to maintain constraints significantly better
than passive coordination, without compromising the distance traveled by the team or the
length of the mission.

Let us also return to the RRT approach to consider its ability to trade off constraints
against mission length and distance. Figures 7.8 (b) and 7.9 (a)) show that RRTs actually
have greater distance and mission time requirements than either of the other approaches.
The strength of RRTs is that they can find feasible solutions when other approaches fail
because they explore rapidly and without regard to cost. The drawback which we observe
here is that the solutions they find are not optimized on other factors. In this case, the
solution to the problem of getting robots to goals without violating communication con-
straints is not optimized on time and distance. Moreover, while some new approaches have
looked at incorporating cost into the search [99], they require even more planning time to
produce good solutions than our current RRT which is already only feasible for very small
team sizes.

In sum, active coordination allows Hoplites to find much better solutions than both the
distributed passive coordination and the centralized RRT. To formally explore the overall
solutions, we compute the average solution cost over all our approaches using Equation 7.5.
Recall that there is a fixed minimum cost incurred by each approach in order to complete
the mission; this is the sum of distance costs of the robots’ optimal tours and the cost of
the mission time required by these tours. Because these are outside of the control of our
approaches, we subtract these costs from the original solution cost and are left with a more
accurate measure by which to compare the approaches. Figure 7.9 (b) presents the relative
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Figure 7.10: The performances of each approach in terms of the average planning time per
robot. In the RRT approach, there is only one agent planning for the team. Error bars
indicate the standard errors of the means.

costs of the different approaches when normalized by Hoplites’s performance The numbers
above each bar are the actual ratio of each approach’s cost to Hoplites’s cost.

That Hoplites significantly outperforms passive coordination clearly verifies our first
claim that it improves solutions by enabling robots to escape local minima by buying
each other’s participation in complex plans. Moreover, that Hoplites also outperforms
RRTs corroborates our claim that by selectively injecting complexity, it can produce better
solutions than even centralized approaches. That is, RRTs are not adaptive and always
produce feasible but highly suboptimal solutions. Hoplites, on the other hand, selectively
applies these more sophisticated algorithms and thus pays the price of these approaches
only when absolutely necessary. Much of the time, it is able to exploit simple planners with
solution guarantees and thus provide better solutions overall.

Finally, we must evaluate our claim that Hoplites can provide these high-quality solu-
tions while remaining competitive with other distributed approaches. Figure 7.10 (a) shows
the planning time for each approach. This is the total planning time per robot summed
over the entire experiment. Because RRTs are centralized, this is the planning time for
the single planning agent. First, the planning time for RRTs is several orders of magni-
tude worse than either passive coordination or Hoplites. Figure 7.10 (b) omits the RRT
values to focus in on the difference between passive coordination and Hoplites. We see that
Hoplites has essentially the same planning requirements of passive coordination. Hoplites
consumes more time per planning iteration but actually plans less frequently because it
finds solutions using active coordination. Meanwhile, passive coordination consumes less
planning time but has to replan more frequently as robots must often try (in vain) to meet
constraints without the active assistance of their teammates.

The overall conclusion is that, by intelligently and selectively incorporating complexity
into coordination, Hoplites provides large improvements in solution cost, essentially for free.
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Figure 7.11: A snapshot from our simulator of a team of thirty robots and 120 cities.
Circles represent robots, black areas represent communication obstacles, x’s mark cities the
team must visit, and dotted lines indicate robots’ paths. For clarity, communication links
between robots are omitted.

Scalability

We have provided experimental results on team sizes from 2 to 10 robots to evaluate
Hoplites’s ability to scale to large teams and the overall impact of increasing team size.
Our comparison focuses on the difference between passive coordination, which is fully dis-
tributed, and Hoplites. We have already shown that the RRT approach does not scale.
Specifically, from Figure 7.10, we can see that the RRT’s planning time appears to grow
exponentially in the number of robots, which is what we would expect from a centralized
planner that plans in the problem’s full configuration space. In comparing Hoplites and
passive coordination, we find that not only do they have the same planning requirements,
but the planning time per robot grows roughly linearly (between 2 and 5 robots, inclusive).

First, this confirms that Hoplites can scale to large teams. Second, notice, that the
planning time decreases as we increase our team size to 10 robots. This is because the
problem complexity of LOSEX decreases when we add more teammates, which we touched
upon briefly in Chapter 4. That is, with more teammates, it is easier for robots to avoid
violating team constraints (e.g. by swapping uplinks) which, in turn, reduces the amount
of planning required. Indeed, if we return to the graph of constraint violations versus team
size in Figure 7.8 (a), we can see that the total number of constraint violations actually
decreases from five to ten robots because the problem has become easier. Thus, we cannot
judge the complexity of the problem in advance of execution, and we must use adaptive
complexity to solve these problems efficiently.

Lastly, we have experimented in simulation with teams of up to thirty robots as shown
in Figure 7.11. Figure 7.20 (at the end of the chapter) shows snapshots from an experiment
with 20 robots and explicitly illustrates simultaneous pockets of active coordination within
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Figure 7.12: The performances of passive coordination and Hoplites with and without prior
maps. For each team size, we normalized Hoplites performance with a prior map to 1 and
present the solutions of the other approaches relative to this value.

a large team.

Prior information

Thus far, we have given our teams perfect information about their environments, but this
is not a realistic representation of the real world. Moreover, in tasks such as exploration on
which our work is based, unknown worlds are part of the problem definition. Although we
showed that Hoplites successfully operates without prior information in our security sweep
experiments, here we formally asses the impact of the prior map.

Figure 7.12 presents the performances of passive coordination and of Hoplites with and
without prior maps. For each team size, we normalized Hoplites’s performance with a prior
map and present the performances of the other approaches with and without prior maps
relative to this value. The performance clearly degrades overall when we remove prior
maps for both Hoplites and passive coordination. Still, Hoplites’s performance without the
prior map is across the board significantly better than passive coordination’s performance
without the map.

Moreover, a closer look at the details presents further interesting trends. Hoplites’
performance without a prior map degraded more than passive coordination’s performance
without the map, respective to their individual performances with the map. We expect this
because active coordination is sensitive to prior information: it is less flexible than passive
coordination because teammates commit to providing service to their teammates. More
importantly, despite this degradation, Hoplites’ performance without a prior map is better
than passive coordination with the map. Clearly, Hoplites is able to operate successfully
without prior information and it is the stronger framework regardless of the presence of
prior information.
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Figure 7.13: The number of constraint violations when there is no coordination and when
they cannot swap links (a). The average number of contracts formed compared to the
average number of uplink swaps (b).

Team Structure

In our initial development of the problem in Section 7.1, we claimed that a flexible team
structure plays an important role in a team’s ability to solve the problem. Here, we use
results from our experiments with a team of five robots to evaluate the importance of
flexibility empirically. Figure 7.13 (a) shows the base number of constraint violations when
there is no coordination between teammates and when they are not able to swap links;
clearly constraint violations increase significantly with team size. Yet, recall from Figure
7.8(a) that the number of constraint violations eventually decreased for our approaches
which used swapping. We can explain this if we examine Figure 7.13 (b), which compares
the average number of contracts formed between teammates to the average number of
uplink changes that occur during an experiment, categorized by team size. With two
robots, swapping of uplinks is obviously not possible. As we increase the number of robots,
however, swapping occurs increasingly often; indeed, several times more often than active
coordination. This clearly suggests that a flexible team structure plays an important role
in solving the task and that a fixed structure would result in very poor solutions.

The planning toolbox

Hoplites decouples the planning algorithms available to the robots from the coordination
mechanisms they use. This allows robots to choose planners according to the difficulty of
the problem scenario rather than the complexity of the coordination mechanism. Moreover,
when a simple planner fails to find a solution, they can use a more complex planner and
thus attack problems with increasingly sophisticated algorithms.

The simulation snapshots in Figure 7.14 demonstrate how our four different planning
algorithms can be used in the same experiment to provide different solutions. In Figure 7.14
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(a) (b) (c)

(d) (e) (f)

Figure 7.14: Snapshots from a simulation involving two robots and a series of sequential
goals to be visited by each robot. This experiment demonstrates the range of planning
techniques.

(a), the robots use A* to find direct paths; this is the simplest algorithm and provides very
efficient solutions in simple scenarios. In Figure 7.14 (b), r1 tries to actively coordinate with
r0; the dotted lines are the two alternative paths developed by the robots using our domain-
specific planner. After comparing costs, the better solution is for r0 to change its path, as
shown in figure 7.14(c). Then, in Figure 7.14 (d), r1 uses the most complex planner, an
RRT, to find a feasible path for actively coordinating with r0 when simpler planners cannot
find a solution. In Figure 7.14(e), r0 uses the domain-specific planner again, this time to
find an independent path when active coordination with r1 fails. Finally, in Figure 7.14(f)
r0 actively coordinates with r1 by using a prioritized planner to synchronize its path to
r1’s without changing its route. As illustrated in this example, a large planning toolbox
increases the chances of finding a solution, while also encouraging the use of less expensive
planners whenever possible and the use of complex planners when necessary.

We have also quantitatively evaluated the impact of the different algorithms in our
planning toolbox. For a team of three robots, we monitored the number of times each
planning algorithm was used and how often each was successful. The results are presented
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Figure 7.15: Comparison of different planning algorithms. We measure the average number
of attempts , the average number of successes, and the percent rate of success for each
approach. A* was successful in finding a path 100% of the time; these results are excluded
to avoid skewing the graph.

in Figure 7.15. First, notice that we use the simplest planner A* most frequently to find
direct paths between robots and their goals. A* found solutions 100% of the time (not
shown), but these solutions sometimes did not maintain communication constraints. Then,
robots attempted active coordination in which the prioritized planner, the domain specific
planner, and the RRT were used in a cascading manner. That is, when the first one failed to
find a solution that maintained constraints, the next more-sophisticated algorithm was used.
The success rate of each algorithm was about 13% and the overall success rate was 35%.
Clearly, each of these three algorithms contributed equally to the solution and removing
any single algorithm would have resulted in an increase in solution cost. This demonstrates
the overall benefit of a planning toolbox with several different approaches.

Sensitivity to function weights.

A perceived drawback to market-based approaches is that the performance of the system is
very sensitive to the weights in the cost functions, and that, if these weights are not chosen
perfectly, the system will fall apart. We can evaluate the validity of this claim empirically
with our implementation on LOSEX.

Specifically, we want to examine how changing the relative importance of minimizing re-
sources and maintaining constraints in the robots’ local cost functions impacts the solutions
produced. Let us begin by considering the impact of the weight change in principle.

As we discussed in Chapter 4, robots’ reserve prices reflect how much they are willing
to pay their teammates to take actions to satisfy constraints that, without their assistance,
would not be maintained. Now, as we increase the importance of constraints, robots’ re-
serve prices will increase and they will be willing to pay a higher price for teammates’
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Figure 7.16: These graphs show the average cost ratio (a) and the average reserve and bid
prices (b).

participation. Simultaneously, the teammates’ bid prices will increase because the cost of
losing connectivity with their own uplinks has increased. However, increasing the impor-
tance of constraints will increase the average bid price less than it will increase in average
reserve price. This is because, unlike reserves which always include the cost of constraint
violations, only some teammate prices involve constraint violations costs; those that do not
will be immune to changes in constraint weights. This should result in fewer constraint
violations and a larger expenditure of team resources. Finally, because we can vary gamma
continuously, we can expect the solution cost to vary continuously as well; this should hold
for an arbitrary domain and not just our problem or our implementation.

We evaluated this hypothesis with a simulated team of three robots. The weights
of the distance and mission time components in Equation 7.6 remained constant across
experiments (α = β = 1, as before) but the weight γ of constraint violations varied; we
experimented with γ = {5, 25, 50, 100, 200}. We compared the solutions by evaluating them
with the same global cost function; specifically we use A = B = 1 and Γ = 100 as we have
with all previous experiments.

Figure 7.16 (a) shows average the cost ratio of the solutions generated by each local
cost function, normalized to the results from γ = 100 (the local cost function analogous to
the global cost function). Even significantly changing the local utility function by doubling
or quartering γ has no effect on the solution. Indeed, we only get significantly different
costs when we place almost no importance on maintaining constraints (γ = 5). Closer
inspection further reveals that the solutions from γ = 25 to γ = 200 are the same at
component level as well: they have the same mean number of constraint violations, the
same mean distance traveled by the team, and the same mean mission time. Thus, we
can conclude that these approaches are actually producing the exact same solutions. Only
γ = 5 produces different solutions where constraint violations increase and distance and
mission time decrease. Overall, we can say that the system is insensitive to the weights
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Figure 7.17: These graphs show the distribution of reserve prices (a) and the distribution
of bid prices (b) for different values of γ.

chosen, which completely contradicts our hypothesis.

To explain this phenomenon, we can further examine the change in the average reserve
prices and bid prices as shown in Figure 7.16 (b). From this data, we can see that they are
consistent with our hypothesis! Both reserve and bid prices change, but the former changes
more than the latter.

The apparent inconsistency is revealed if we look at the distribution of reserve and bid
prices, not just the averages. Figure 7.17 shows the fraction of reserve prices that fall within
the ranges < 50, 50−100, 100−150, 150−200, > 200 for each value of γ. By comparing these
distributions with the average values, we can see that reserve prices are evenly distributed
about the mean. The bid prices, however are not distributed evenly about the mean; Figure
7.17 shows that they they are heavily skewed towards smaller values for all γ. This means
that almost all the solutions found by teammates do not involve constraint violations with
their uplinks and therefore have low cost.

This makes sense when we consider the nature of the environment and how we generate
solutions. First, the most likely reason that two paths lose line of sight is that they belong
to different homotopies; that is they travel on different sides of obstacles. Because obstacles
are large, two paths with any constraint violations are likely to have many. Thus, we have
a somewhat binary world where either solutions maintain constraints completely or not at
all. This means that our planning algorithms will also return extreme costs (i.e. either
very low or very high) which translate into extreme bid prices. Furthermore, high bids are
extremely rare because they reflect difficult situations for which there is often no solution.
Indeed, for all values of γ, teammates find solutions for the robot requesting assistance only
about 30% of the time; the remaining 70% of the time, no bid price is submitted.

Now that we understand this complex phenomenon of how reserve and bid prices are
generated and distributed, it is easy to explain why changing γ has no impact on solutions
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Figure 7.18: (left) Two of the three E-Gators used for field testing. (right) The results
of a sample CE mission through an outdoor environment using the E-Gators in which the
communication antenna is on board the left-most robot. Notice that the leftmost vehicle
takes a path to the right of the center obstacle as a result of a contract made with the
center vehicle.

except in extreme cases. At γ = 25, 65% of all solutions proposed by teammates are
accepted (their bid prices are lower than the respective reserve prices). Furthermore, 90%
of the failed solutions have bid prices in the highest bracket (> 200); this implies that they
create more constraint violations than they solve and therefore they will never be accepted,
regardless of the importance of constraint violations. Therefore, when γ = 25, robots have
essentially already incorporated all possible feasible solutions and thus increasing γ has no
effect (this 65% acceptance rate is constant for all values of γ we tested). Indeed we could
increase γ to a million but that would not reduce the constraint violations because changing
weights cannot create new solutions. It is only when the average bid price is significantly
higher than the reserve price (when γ = 5) that we see a change in solution quality. In this
case, only the very cheapest solutions are accepted and the solution acceptance rate drops
to 3%. Essentially teammates must ignore constraints before solutions change.

On a final note, this does not necessarily mean that Hoplites is robust; it may be
a product of the planning algorithms and the environment. Yet, given that constrained
exploration is a general problem and that we are using general planning techniques, we
believe that this insensitivity to weights will be common to other systems as well.

7.7 Validation on outdoor vehicles

We have also implemented Hoplites for LOSEX on a team of John Deere E-Gator robotic
platforms designed for outdoor environments. These vehicles are equipped with inertial
measurement units and GPS for position estimation, laser range finders for terrain obser-
vation, and wireless Ethernet for communication. Two of these platforms can be seen on
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Figure 7.19: Two outdoor vehicles performing LOSEX.

the left in Figure 7.18.

Our implementation of Hoplites on these platforms follows directly from our implemen-
tation in simulation. Minor changes include that we use a meter resolution in our maps
and that robots exchange state information with each other once per second. As with our
simulations, we experiment with both known and unknown environments and use a series
of goals for our robots.

In our first experiment, we gave each of our three robots two to three goal cities in a
60×80 meter environment; we provided a prior map of virtual communication obstacles but
no information about navigation obstacles (e.g. rocks). The robots generated initial paths
for the vehicles and updated these paths as new information was received. The right half
of Figure 7.18 shows the results of this traverse. Targets represent the vehicles’ initial and
goal positions, shaded rectangles represent communication obstacles, dark areas indicate
unknown terrain, and white areas represent traversable terrain detected by the robots’
lasers. Here, a communication obstacle between the left and center robots required that
they carefully coordinate to avoid losing line-of-sight contact. These two robots negotiated
between two competing joint plans, determined that the best solution was for the leftmost
vehicle to alter its course, formed a contract, and successfully executed the plan.

In a second experiment, we used two robots to solve LOSEX in a larger, 60 × 150
meter environment with no prior map information. As shown in Figure 7.19, the uplink
robot (on the bottom) had two target sites and the downlink (on the top) had three target
sites. Targets represent the vehicles’ initial and goal positions, shaded rectangles represent
the locations of the hay bales which acted as communication obstacles, grey ares indicate
unknown terrain, black areas represent traversable terrain detected by the robots’ lasers,
and red rectangular areas represent the obstacle area detected by the lasers. Here, the
uplink robot sensed the obstacles in the environment and shared this information with the
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downlink robot which determined that a line of sight violation would occur. To solve the
problem, the downlink robot actively coordinated with the uplink and paid it to make a
difficult turn around its first target and travel around the far sides of the hay bales. As
a result, they were able to visit their targets within the communication constraints of the
problem.

7.8 Summary

In this chapter, we described our implementation of Hoplites on the constrained exploration
domain and outlined in detail a number of design considerations. This domain highlighted
a few features in particular: the use of a flexible team structure, a large planning toolbox,
and uni-directional constraints between teammates.

Our experiments showed that Hoplites outperforms both centralized and distributed
approaches on this problem by exploiting simplicity whenever possible and selectively in-
corporating complexity when necessary. For example, for a team of three robots, Hoplites
outperforms both approaches by a factor of 1.72. For a team of five robots (for which no
results were possible with the centralized RRT), Hoplites outperforms passive coordination
by a factor of 1.51. Moreover, Hoplites provides these improvements with no increase in
planning time.

These experiments also demonstrated a number of additional features. First, we show
that the computation required by Hoplites scales linearly in the number of robots and is
equivalent to the requirements of passive coordination. Second, Hoplites operates success-
fully under uncertainty; specifically, Hoplites finds better solutions without a prior map
than passive coordination does with a prior map. Third, we show that the flexible team
structure plays a critical role in the team’s ability to solve problems. This flexibility causes
solution quality to improve as we add more robots, whereas,without flexibility, it steadily
degrades. Fourth, we demonstrate that our implementation is robust to changes in the
problem parameters. Specifically, quartering or doubling the importance of constraints rel-
ative to the importance of completing the mission and minimizing the distance traveled has
no effect on the resulting solutions; solutions are only affected when we almost eliminate
constraints entirely. Lastly, we also validated Hoplites on a team of large outdoor robots
solving two different scenarios of constrained exploration.
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(a) (b)

(c) (d)

Figure 7.20: Four snapshots from a LOSEX simulation experiment with twenty robots and
eighty cities. Circles represent robots, black rectangles represent communication obstacles,
gray x’s mark cities the team must visit, solid lines indicate robots’ paths, and dashed lines
indicate communication links between uplinks and downlinks. Subfigures (a) and (b) show
robots r6 and r7 actively coordinating: r7 pays r6 to provide communication connectivity by
waiting at its current location until r7 arrives at its next city. This coordination continues
through the remaining frames. Subfigures (c) and (d) show r1 attempting active coordina-
tion with r0 and r0 being unable to assist; simultaneously, r1 plans a better alternative path
(the thick dashed path) that enables it to maintain constraints using passive coordination.
These subfigures also show r11 and r12 actively coordinating: r12 pays r11 to take a longer
path around the occluding obstacle. To maintain its own constraints, r11 will shortly begin
using r1 as its uplink (not shown). These four frames span thirty seconds of a three minute
mission.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7.21: These nine snapshots are the first half of a simulation experiment with five
robots and twenty cities. Snapshots are taken at five second intervals. Frame (a) shows
the initial problem setup. In Frame (c), r1 considers two competing paths: one is quickest
to its next goal while the other maintains connectivity with r0. In Frame (e) we see every
robot using r0 as its uplink; the team’s tree structure has evolved from a depth of four to
a depth of one.
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(j) (k) (l)

(m) (n) (o)

(p) (q) (r)

Figure 7.22: These nine snapshots are the second half of a simulation experiment with five
robots and twenty cities. In Frame (k), r3 tries to actively coordinate with r0 to maintain
connectivity; the paths each one is considering during the negotiation are also shown. From
Frame (l) we see that r3 has purchased r0’s participation in the longer path. Frame (n)
shows that r1 also benefits from this negotiation and uses r0 as its new uplink. As each
robot completes its tour, it no longer needs to maintain communication contact.



Chapter 8

Conclusions

This thesis explores the challenges of one of the most difficult classes of real-world tasks
for multirobot teams: those that require long-term planning of tightly-coordinated actions
between teammates. These tasks involve solving a distributed multi-agent planning problem
in which the actions of robots are tightly coupled. Moreover, because of uncertainty in the
environment and the team, robots must frequently replan and closely coordinate with each
other throughout execution.

8.1 Summary

In Chapter 1, we placed these tasks alongside other multirobot coordination problems and
described them more formally by arranging them in a coordinate system with three axes: the
degree of coordination required, the degree of planning required, and local manageability.
Specifically, our class of tasks requires a very high degree of coordination and long term
planning; in the general case, these features describe problems that must be solved centrally
and are therefore intractable. Nevertheless, some of these tasks can also be described by a
set of locally managed constraints, which means that they can potentially be solved with
distributed approaches. This thesis focuses on such tasks which include security sweep and
constrained exploration.

As we discuss in Chapter 2, this class of tasks has not been solved effectively by
the research community. In general, we find that current approaches that enable tight-
coordination use hill-climbing planning techniques to achieve tractability. Conversely, ap-
proaches that employ long-term planning to complete the task are limited to those whose
components can be decoupled. A few centralized approaches attempt to achieve both, but
these are not feasible in the real world because they rarely scale, tend to be unresponsive
to new information, and suffer from single points of failure.

We have developed a coordination framework called Hoplites in response to the need for
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effective approaches to these problems. Although planning for tightly-coupled multirobot
systems is a difficult problem, Hoplites solves this problem efficiently by using distributed
decision-making whenever possible and centralized planning as required. As we described
in Chapter 4, Hoplites is a market-based system that consists of passive coordination and
active coordination mechanisms which are tailored to easier and harder problem scenarios,
respectively. Passive coordination is light on computation and communication and allows
teammates to iteratively respond to each other’s actions without directly influencing them.
When passive coordination traps robots in local minima, active coordination improves solu-
tions by enabling robots to influence each other directly by buying each other’s participation
in complex plans over the market. Because Hoplites selectively injects pockets of complex
coordination into the system, it provides these improvements while remaining computa-
tionally competitive with other distributed approaches. Moreover, this selective complexity
allows Hoplites to outperform centralized approaches as well because it can often exploit
planners with performance guarantees which a centralized approach cannot. Finally, such
benefits are never free; the cost for Hoplites’s improvements comes in the form of added
implementation complexity, and we discussed the associated design considerations in detail
in Chapter 4.

Recall from Chapter 4 that Hoplites is a coordination mechanism and not a planning al-
gorithm. That is, Hoplites decouples a robot’s choice of planning algorithms from its choice
of coordination mechanism, and it can utilize any planning algorithm or even a set of several
planning algorithms as desired. This offers significantly greater flexibility because it allows
robots to choose planners according to the difficulty of the problem scenario rather than
the complexity of the coordination mechanism. Moreover, when a simple planner fails to
find a solution, they can use more complex planners and thus attack problems with increas-
ingly sophisticated algorithms. Most importantly, Hoplites outperforms other approaches
because it uses the market to more effectively combine the work of local planners into the
global solution. Nevertheless, selecting appropriate planning algorithms is an important
step to the team’s success since these planners determine the quality of local solutions.
Our experience with Hoplites has given us insight into the type of planning algorithms that
work well for solving tightly-coupled problems and how they can be incorporated into the
framework. We discuss these algorithms and make recommendations in Chapter 5.

Finally, in Chapters 6 and 7, we described in detail our implementation of Hoplites
for the security sweep and constrained exploration domains. The different characteristics
of these domains allow us to implement and explore the range of features we described
in Chapter 4, including different objective and profit functions, team structures, planning
methods, and coordination strategies. We conducted a wide range of simulation experi-
ments comparing Hoplites to both distributed and centralized approaches along a number
of metrics including solution quality, computation time, and scalability. We also evaluated
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its sensitivity to imperfect information and to input parameters and explored its ability
to exploit a large planning toolbox. Our results strongly confirm our hypotheses that Ho-
plites significantly improves solutions by enabling complex coordination over the market and
that, by doing so selectively, it remains computationally competitive with other distributed
approaches and outperforms even centralized approaches.

8.2 Contributions

This dissertation makes a number of important contributions to the robotics literature.

A general and adaptive approach to addressing our problem space. Hoplites
is a market-based coordination framework in which the complexity and strength of the
coordination adapt to the difficulty of the problem. In particular, Hoplites uses inex-
pensive distributed decision-making whenever possible and injects resource-consuming
pockets of coupled planning only when necessary. As the experiments show, this
adaptiveness enables Hoplites to produce better solutions than both distributed and
centralized approaches while remaining computationally competitive with distributed
approaches. Additionally, Hoplites is widely applicable to real-world problems be-
cause it is general, computationally feasible, scalable, operates under uncertainty,
and improves solutions with new information.

First formalization of problem space. Domains such as constrained explo-
ration and security sweep have to date been treated as unrelated though they share
many properties. This dissertation is the first to identify their common properties
(execution-time coordination that cannot be resolved during task allocation and that
cannot be planned using hill-climbing), demonstrate these properties empirically, and
formalize the resulting problem space in a coordinate system alongside other multi-
robot problems. This dissertation also shows that these domains can be solved by
distributed approaches if the global constraints are locally managable. In doing so, it
clarifies problem requirements and allows us to share solutions between domains that
may have previously appeared disparate.

First application of market-based approaches to tight coordination. Until
now, market-based frameworks have only been used to decompose and allocate tasks
and roles. Indeed, this is also true of intentional approaches to coordination. By en-
abling robots to buy and sell action-level plans instead of just tasks, Hoplites extends
the capabilities and application range of market-based approaches in particular and
intentional approaches to coordination in general. In doing so, it paves the way for
other work to apply these approaches to tight coordination.
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First evaluation of and recommendations for planning algorithms for tight

coordination. To date, there are no structured principles for selecting planning al-
gorithms for our problem space. This dissertation outlines a set of general approaches
that solve different problem scenarios; these techniques range from simple to com-
plex and span the spectrum of ways in which one can negotiate the tradeoff between
speed and completeness. Moreover, it provides guidelines on selecting a set of these
techniques that will maximize the likelihood of finding solutions while minimizing
redundant computation.

Improvement of previous state-of-the-art coordination framework. This dis-
sertation improves the previous state-of-the-art coordination framework, MVERT [14],
by incorporating long-term planning and enabling the communication of intentions.
Experiments show that these additions result in a five-fold improvement over the
original framework.

8.3 Future work

Our work in this thesis enables us to identify a number of areas of promising future work.
These areas include remaining challenges in tight multirobot coordination in general and
new opportunities arising from the ideas developed in this thesis in particular. Where
applicable, we also discuss limitations of Hoplites.

Complexity

The advantages Hoplites provides come at the expense of greater implementation complexity
compared to competing approaches: robots must be able to consider incoming requests for
active coordination, track current and future commitments, monitor commitments from
other teammates, and pursue mission goals. This complexity limits Hoplites’s usefulness
if it deters potential users from applying it to their domains even if it provides better
solutions than alternative approaches. To make Hoplites easier to use, we would like to
develop a Hoplites API that abstracts many standard components such as proposing active
coordination, bidding, and tracking contracts and that only requires users to implement
domain-specific components such as planning algorithms and local utility functions.

Dynamic Environments

Planning is especially challenging in dynamic environments when it involves tight coordi-
nation and constraints between multiple agents. Most approaches to tight coordination
in dynamic environments use very short-term planning to maintain responsiveness. When
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planning is essential (as in our problem space), however, algorithms that efficiently repair
solutions between a set of constrained robots would be valuable; they would be particularly
useful additions to Hoplites’s planning toolbox. These could be modeled on existing repair
algorithms such as D* [107, 108] and Dynamic RRTs[98] which are extremely effective but
are not tailored to constrained teams.

Finally, though Hoplites can be operational, it will not be effective in domains where
changes occur faster than teammates can form or re-negotiate commitments (e.g., robot
soccer). This is because plans will become invalid faster than robots can execute them so
the effort in active coordination will be wasted and may in practice slow the system down.
Indeed, this is true of any approach that expends significant resources to make long-term
decisions.

Robustness

Robustness is a largely unsolved problem for tightly-coordinated teams. Often, tight coor-
dination simply does not allow robustness because teammate failure implies mission failure,
as in the case of two robots moving a piano. Other times, it is a domain specific problem.
For example, if in constrained exploration a robot malfunctions and leaves its teammate
without connectivity, what should its teammate do? We might want the teammate to re-
turn to its last connected state, randomly search for other members on the team, or simply
continue with its goals until connectivity is restored. Specific opportunities for research
include anticipating failures and acting pre-emptively, and recovering from failure where
possible by finding new teammates to fill in. This has been achieved for loosely coordinated
teams driven by market-based approaches [109, 72], and these techniques may offer insight
for our problem space.

Information Sharing

Tight coordination requires significant amounts of information sharing between teammates
because accurate information is necessary in order to choose actions that meet the team’s
goals. In some situations, these requirements can exceed communication capabilities. Ap-
proaches are needed that selectively share information between teammates based on some
measure of the importance or impact of the information. Some work is currently being done
[110] but significant work remains.

Solving general multirobot coordination

Lastly, virtually all existing multirobot approaches solve only one or two components of the
coordination problem: task decomposition, task allocation, task scheduling, or coordinated
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task execution. While this decoupling makes it easier to focus on specific challenges, in real
world problems, these challenges are simultaneously present and often closely coupled (as
in constrained exploration). Researchers have come a long way in solving individual parts
of the coordination problem, but work to harness these different solutions into complete
systems [64] has only just begun. Indeed, the next key research frontier for multirobot
coordination is to develop comprehensive systems that address all parts of the problem and
that move from academic experiments to implementations in the real world.
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[109] B. P. Gerkey and M. J. Matarić, “Pusher-watcher: An approach to fault-tolerant
tightly-coupled robot coordination,” in Proceedings of the IEEE International Con-
ference on Robotics and Automation (ICRA), May 2002.



155

[110] M. Roth, R. Simmons, and M. Veloso, “What to communicate? execution-time deci-
sion in multi-agent pomdps,” in Distributed Autonomous Robotic Systems, 2006.


