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ABSTRACT

TEAMBOTICA is a research environment for the exploration

of theories, designs and implementations of team-based robotics.

In developing TEAMBOTICA, we found that many of the sim-
plifying assumptions that are often taken in both multia-
gent systems and behavior-based robotics had to be dis-
carded. Central to our approach is a multilevel agent ar-
chitecture which is adaptive along a number of dimensions
and which is based on a vertically integrated design that
spans a wide range of operations, from team-level reason-
ing to low-level control. The design addresses a number of
pertinent issues: the proper mix of deliberation and action,
flexible networking support including planning for communi-
cations, adaptive task level control, team-based monitoring,
and an open systems modularity that takes form-factor con-
siderations seriously. We also describe simulation tools for
development and discuss several robotic teams that we have
demonstrated.

Keywords

lessons learned from deployed agents,autonomous robots and
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1. INTRODUCTION

We describe an ongoing research program to develop an
environment, which we call TEAMBOTICA, for the explo-
ration of theories, designs and implementations of team-
based robotics. One of the lessons that has emerged from
our work is the realization that many of the simplifying as-
sumptions that are often taken in both multiagent systems
and behavior-based robotics must be discarded. While these
assumptions have allowed progress in individual areas, when
taken as a whole, they produce impediments to the realiza-
tion of flexible, physically embodied robotic teams.

For example, team-based robotic systems have tended to
focus on only a subset of key functionalities at the expense
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of a vertically-integrated design. One example is that of
behavior-based robotic designs which typically neglect de-
liberation in favor of rapid reaction. The result is an inabil-
ity to consider the long term consequences of actions. Hy-
brid architectures address this shortcoming but have been
restricted to designs for individual robots. Systems that
are grounded in rich theories of collaboration have often
been tested only in simulation, thereby neglecting issues in
low-level control, communication and adaptivity to task fail-
ure. On the other hand, team-level robotic systems, such as
Robocup, focus on reaction-primarily as a consequence of
the reactive requirements of the chosen problem domain—and
do not incorporate rich notions of collaboration. Research
in communication for multiagent systems has focussed on
the semantic content of messages and not on a flexible un-
derlying network that could support communication: this
is important for robotic teams since individual elements of
the team might enter areas in which communications are
blocked by some physical structure (although there are sys-
tems that factor in the cost of communication, adaptivity
at the network level is never addressed). Discarding any of
these assumptions can introduce further challenges if one is
also faced with form factor and design modularity concerns.

In this paper, we describe progress toward developing
a vertically-integrated framework which is adaptive at the
team, task, network, and control levels. We have not pur-
sued emergent behavior approaches, which we find enor-
mously interesting. Instead, we favor approaches that allow
more control over the development and debugging process.

The remainder of this paper is structured in the following
way. We begin by a discussion of a multilevel agent architec-
ture which forms the basis for TEAMBOTICA. We then go on
to describe our contributions in key supporting technologies:
(1) execution task control, (2) negotiation and collaboration,
(3) monitoring, (4) ad-hoc mobile networking; (7) open sys-
tems experimental framework; and (8) team-based robotic
systems that we have demonstrated.

2. PROBLEM

The assumptions we had to discard are:

o Communication is instantaneous and assured. The as-
sumption is that robots can exchange all the informa-
tion they want or when they want. This is not the
case in the real world: wireless systems are very com-
mon now but they rely on either a base station to
forward the message between the robots, or ad-hoc,



single hop, line-of-sight communications. Neither of
these is particularly robust when robots are navigat-
ing around obstacles that may block radio waves. In
our case, there is no base station, and no single hop
assumption. A robot relies on teammates to relay mes-
sages. This avoids single points of failure and avoids
having to install access points around the field of op-
erations.

o Actions always perform as predicted. With physical
robots, actions are often unsuccessful: they are not
performed as we expect, or are not performed at all.
The key to solving this problem was that each robot

monitor its own actions, so that it could measure progress

related to higher-level intentions and to lower-level re-
active tasks.

o Goals are not modified during deliberation or exvecu-
tion. It is much easier for a robot to consider all its
goals before taking any action, and then to execute the
planned actions. In a real environment, however, goals
vary over time and may need to be modified.

3. MOTIVATING SCENARIO

We describe a scenario we have implemented and tested
using physical robots. A team of two robots and one un-
manned aerial vehicle (UAV) are tasked to patrol and track
any intruders in an area. The robots negotiate to split the
area into 3 zones. Each evaluates where it would be opti-
mally useful based on its capabilities. Each then proposes a
solution to others and resolves conflicts (see section 5.3).

Once the team members have adopted individual inten-
tions to patrol specific areas, they deploy and start patrolling
using their own algorithms. When a robot detects an in-
truder, it activates a tracking task. This robot continues to
detect any other intruders while tracking, to satisfy its intent
to patrol its assigned area. If the intruder exits its patrolling
area, the robot will pause its patrolling task to continue
tracking, due to a user-specified preference for tracking over
patrolling. Since the robot is outside of its assigned area,
it must resolve the now conflicting intentions of tracking
the intruder and patrolling its assigned area. The robot’s
teammates will negotiate amongst themselves, taking into
account things such as the expected time to intercept the
intruder, their current intentions, and their resource limita-
tions. If the result of this negotiation is that a second robot
can take over the tracking task, the second robot will inter-
cept the intruder and release the first robot of its duty. The
first robot will then resume patrolling in its assigned area.

4. MULTILEVEL ARCHITECTURE

Teams are comprised of autonomous vehicles (AVs). Each
AV is designed to reflect two dimensions of organization: a
functional dimension and a software dimension. The former
segments robot functionality into what we refer to as team,
strategy, tactical, and control levels. Figure 1 illustrates the
architecture. Computations at each level associate a partic-
ular functionality with that level and have complexity that
is conceptually bounded, reflecting the expected time avail-
able for decisions made at that level. The lowest levels are
responsible for purely reactive robot behavior, while more
deliberative and goal-directed behavior takes place at the
higher levels, generally over a longer period of time. At the

control level, response is immediate; the robot has a 10ms
cycle time for responses. At the task level, responses take
place within 100ms to 1s. Computations taking place at
the strategy level generally take 1 to 10s and can usually
be performed in parallel with actions taken at other levels.
Finally, deliberations at the team level span a conceptually
longer period of time (approximately a minute), responding
to faults at other levels approximately every 1 to 10s. Cru-
cially, progress at each level is monitored so that task failure
(here, task refers to the internal robot tasks undertaken at
each level) and excessive backtracking can be avoided by
offloading tasks to other levels (or even to a user).

The team level is responsible for decisions involving soci-
etal aspects of the robot group, such as negotiations with
other robots on the division of responsibility or the alloca-
tion of resources. The team level is also designed to respond
to changes in the environment that could impact the per-
formance of the group (e.g., a robot that suddenly detects
an intruder entering a team member’s sector should real-
ize that if that team member is already tracking another
intruder, it will need help). These decisions are guided by
processes that are derived from the SharedPlans theory of
collaboration described in Section 5.3.

The strategy level is concerned with longer-term (in com-
parison to the control level) individual decisions involving a
robot’s intentions (i.e., its commitments to future actions).
From a resource-bounded perspective, intentions serve the
role of representing fairly stable commitments to actions;
central to the strategy level is an ability to reconcile exist-
ing intentions with newly considered ones. When a potential
intention would conflict with an existing one, the agent must
either reject the potential intention or reconsider its exist-
ing intentions in the new context. The strategy level is also
responsible for exploring ways in which to achieve an inten-
tion, including the means to perform that intention and the
resources needed to support execution. Typically, the deci-
sions at this level proceed at a high level of abstraction. In
considering a potential intention, strategic-level projection
of that action in the context of existing intentions is neces-
sary, but generally follows simplified considerations of rele-
vant lower-level factors. An example is navigation around
small obstacles, which is assumed to succeed at the strategic
level because it is handled in a reactive manner. If the ob-
stacle proves impossible to overcome during execution, the
system adapts. By design, control is passed up to the strat-
egy or team level for reconsideration.

At the tactical level, intended goals that are the output of
the strategy level (along with the expected resources needed
for execution) are processed when the time comes for execu-
tion. Goals have associated plans (each representing a pos-
sible means for achieving that goal). Each goal is matched
with a plan that does not exceed the resources deemed nec-
essary at the strategic level. In addition, monitoring sen-
tinels are attached to the plan that can be activated during
execution for tracking progress and adapting execution to
unexpected changes. Adaptation at the tactical level takes
the form of interleaving multiple activities, which may be
intended to be performed at the same time. For example, a
robot may wish to follow an intruder while at the same time
remaining in communication with a team member. Rather
than define a behavior, for every possible combination of be-
haviors, such as follow_and_stay_in_communication, the tac-
tical level implements a scheme for behavior blending (see
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Figure 1: Multilevel Agent Adaptation architecture
(MLAA)

section 5.2).

The control level is responsible for passing low-level ac-
tions for execution to the AV. The control level is also re-
sponsible for regularly polling the state of resources on the
robot (e.g., battery, camera, motors) and communicating
that information to the appropriate level.

From an implementation point of view, the functionalities
just described can be realized in a software architecture that
is essentially an elaboration on those functionalities. All the
software modules of the current system are implemented in
SRI’s Procedural Reasoning System (PRS) [8], a reactive con-
trol system based on the belief, desire, and intention (BDI)
agent model.

5. TECHNOLOGIES

The SRI robot architecture is based on several years of
research at SRI into intelligent reactive control, planning,
negotiation, and robot motion control [8, 21, 3, 9, 12, 13].
It is similar to systems like SAFER [7, 17] and SRTA [19] in
its ability to deal with multiple goals at once and determine
when to discard goals. Here we take a more in-depth look
at the Multilevel Agent Adaptation (MLAA) architecture
shown in Figure 1.

The coordination module receives mission requests from
the human commander or other agents; for example, to se-
cure a named area of interest and track any unknown ve-
hicles that appear. The agent participates in a negotiation
process to determine its role in achieving the mission, per-
haps to patrol the west sector of the area and initiate a policy
to track any evaders. During negotiation, the agent con-
sults the strategic planner to select a plan, or plan segment
(also referred to as a recipe), and assess the plan’s viability
given current intentions. The strategic evaluation considers
current workload, expected resource usage and operating
policies. If the negotiation process results in an new com-
mitment or intention, then the process manager, the central
controller of our execution framework, initiates excecution
of the selected plan. For example, a plan for patroling a
sector might involve a series of steps to search the sector in
a lawnmower-type pattern. In addition, a plan may have

steps to create monitoring sentinels for use by the moni-
toring system (see section 5.4) to detect deviation from the
plan or policy triggering conditions during execution. The
execution of a plan involves activation of tasks that must
be blended with other active tasks to maximize the satis-
faction of multiple goals. For example, if the robot needs
to reach a waypoint by a set time, take a picture of a lo-
cation nearby, and also remain concealed, the task blender
modifies the path planner at runtime to achieve all three
tasks. Finally, the lowest layer in the architecture is the in-
terface between the tasking architecture and the physical, or
simulated, robot controller. The fundamental technologies
for negotiation, execution and task control, task blending,
monitoring and network communication were all developed
to overcome the issues of the real physical environments and
are described in more detail in the next section.

5.1 Execution and Tasking Control

At the tactical, or execution process control layer there are
a number of responsibilities to be met. One or more plans
may be instantiated to meet either global, mission-specific,
or local goals (such as self-preservation goals). These plans
are composed of a partially ordered set of tasks, which should
be executed to achieve the goal. The issues that arise in-
clude:

e how to satisfy or prioritize a set of possibly conflicting
or overlapping tasks;

e how to react to changes in the sensed world that have
stimulated an alert from the monitoring system and
may require a change in goals, plans or tasks; and

e how to report progress to higher levels of control within
the system.

The approach we have taken is to view the problem as an in-
telligent reactive control system. Our control system adopts
a BDI architecture and merges state-of-the-art monitoring
and filtering techniques with a novel approach to coordinat-
ing multiple behaviors using desirabilities.

Reactive control systems are typically organized around
an interpreter that runs a tight control loop of sensing to
detect key changes in the operating environment or goals,
deliberation to determine how to respond to sensed changes,
and acting to execute relevant responses. Our controller,
which implements the tactical level in figure 1, is based on
Prs. PRrs uses procedural knowledge and plans encoded as
Acts in the Act formalism [10], which provides a rich set of
goal modalities for encoding activity. The Acts represent
processes and plans that either achieve goals or describe ap-
propriate responses to designated events. The tactical pro-
cess manager is the hub of the autonomous agent, direct-
ing its overall operation and behavior. It is responsible for
managing the instantiation of plans (committed to by the
strategic planner), their dynamic decomposition into con-
stituent tasks and behaviors, and their coordination with
policy and self-preservation behaviors via the motion and
sensor control unit on the physical robot platform. Once
the set of active or desirable behaviors are established, their
execution is coordinated through a novel approach based on
task blending.

5.2 Task Blendi Ng:. coordinating multiple behaviors
using desirabilities

At the task execution level there is a particular problem

where several tasks compete for the agent’s resources simul-



taneously. These tasks may be part of one or more higher-
level goals that the agent is pursuing or may be derived
from dynamic responses to unexpected events, such as self-
preservation tasks or policy-based tasks.

Conventional approaches to this problem involve simple
prioritization of tasks or hard coded rules for specific con-
flicts. Instead, we leverage work on context-dependent blend-
ing (CDB), [16] from previous research at SRI in autonomous
navigation, to accomplish one task without sacrificing the
success of competing tasks.

A significant feature of our approach, distinguishing it

from existing conventional treatments, is its reliance on context-

dependent comparison of the advantages and disadvantages
of alternative control actions from the viewpoint of various
reactive and purposive goals. This method avoids a priori,
context-independent assignment of weights to competing ob-
jectives and, unlike conventional approaches based on the
determination of a single optimal control option, it chooses
a course of action employing an explainable decision ratio-
nale. Our method is rooted in a formal logic of preference
and utility, and is based on an approach to planning and con-
trol in unstructured and uncertain environments originally
developed for the reactive control of autonomous robots[15].
It exploits logical foundations that regard certain multival-
ued logics as being related to decision-theoretic notions of
relative utility and of similarity between situations. This
methodology has been shown in experiments to lead to ro-
bust, flexible, controllers capable of attaining several, possi-
bly conflicting, objectives.

The combinatorics of our methodology require a practical
real-time application to make some assumptions and approx-
imations. We have developed an approximation to the full
theory for our problem based on the global dynamic-window
approach to high-speed navigation [11].

Our general theory for combining lower-level desirability is
based on application of fuzzy inference techniques, [6]. The
basic idea is that the objective O sought by the supervi-
sory process is the “weighted” conjunction of the individual
objectives O;,1 = 1,..n, pursued by the lower-level behav-
iors. Context-dependent weighting is modeled by means of
state-dependent functions,

Ci:S—)[O,].]

where S is the state space, defining the relevance of each
particular objective in the current context. This weighting
corresponds, in effect, to the conjunction of propositions of
the form

If the context is C; , then seek objective O;,1 =1, ..., n,

which are represented in the form

If the context is C; and the state is s, then the desirability
of action u is Dj(s,u),

where u is a control action, and D;(s,u) is the desirability
function associated with the ith objective, i.e., a function

D;: SzU — [0,1],

where U is the control space. Details of the application
of fuzzy-logic principles to express the context-dependent
conjunction of these desirability functions in a realtime en-
vironment are given elsewhere [18].

An example of task blending in a single-agent scenario
occurs when an autonomous vehicle is trying to navigate a
route while remaining concealed. Depending on the context,

the navigate task and conceal task may be decomposed into
two competing actions — move to next waypoint on the
route vs. remain out of visual range of “the enemy”. Sim-
ilarly, in a multiagent context, shared tasks such as pursue
evader or maintain communication connectivity may com-
pete with individual goals such as photograph enemy posi-
tions in sector A.

5.3 Negotiation and collaboration

TEAMBOTICA incorporates principles of collaboration in-
formed by the theory of Shared Plans[4]. SRI has been ex-
tending and applying this theory for the past several years,
together with colleagues at other institutions.

The SharedPlans theory of collaboration is based on a rich
view of plans. Rather than associating a plan for some ac-
tion o with a group of actions that can achieve «, a plan is
instead a structure describing relationships between inten-
tions (commitments) and information needs [14]. Intentions
come in two varieties: an intention-to perform some action
represents an individual commitment on the part of an agent
to perform that action, while an intention-that instead rep-
resents a commitment to some condition. Intentions-to serve
a number of functions [2]: (1) they constrain deliberations:
an agent will seek ways to accomplish an intended action,
(2) they represent commitments to action: an agent will
not normally adopt new intentions that conflict with exist-
ing ones, and (3) agents monitor the success or failure of
attempts to achieve an intention: failures can engender re-
planning. Intentions-that play an important role in reason-
ing about group activities and group plans. Intentions-that
also represent commitments, but to certain states or condi-
tions holding. They can engender helpful behavior and also
spawn monitoring actions [5].

SharedPlans is formalized in a modal logic. However, the
basic elements of a shared plan can be glossed as follows
(the items in italics represent the SharedPlans constructs).
A group Gr has a shared plan to do « if Gr mutually believe
that all members G; are committed to the following

1. G; intends-that Gr do a.

2. Gr has a (partial) task description for o. Plan partial-
ity arises in various ways. For example, the high level
mission input plans by a user are usually not complete.
The strategy manager depends on a certain degree of
autonomy on the part of individual robots: each is able
to take a skeletal plan from the mission planner and
execute it in the best way possible. The individual
robots, in turn, depend on high-level inputs from the
mission planner.

3. For each constituent act, B, in the task description for
@,

(a) Some individual or subgroup, G;, has a (partial)
plan to do S.

(b) G; believes it can do B. The robots are given
partial information by the strategy manager re-
garding roles of partner robots as well as a local
operating context identifying key elements of the
environment for acting and monitoring;

(c) Gr mutually believe (a) and (b). A localized ver-
sion of this clause is made use of here: robots ex-
change local operating contexts as execution pro-
ceeds in an incremental fashion.



(d) G; intends-that G; be able to do B in the context
of a. This is handled through the use of sentinels
(see below) and encapsulate key aspects of plans
that a robot should be aware of.

4. Gr has a full plan to select group member(s) to perform
B. This is implemented through a set of Prsagent-
selection procedures in the strategy manager.

Our focus has been on implementing a process centered
version of SharedPlans. A number of collaborative processes
have been implemented and have formal definitions: for ex-
ample, "helpful” activity is defined as an activity that re-
duces the cost that a team member would otherwise incur
in executing a task by itself[12]. Negotiations among agents
are based on a form of negotiation recently developed at
SRI called structured negotiation in which negotiation and
shared planning activities are interleaved[13]. The fact that
each robot is part of a team also means that robots will be
honest, trustworthy and place the good of the team above
individual goals; that is, such entities are not modeled as
the self-interested agents of game theory.

Structured negotiation is a method through which col-
laborating agents can seek consensus on the apportionment
of tasks and resources. The approach draws on research
in collaborative planning and human dialog understanding:
agent interactions are organized in a manner that reflects
the structure of a shared plan. Negotiations are incremental
and agent proposals to team members are annotated with
causal information that compactly expresses relationships
between new proposals and the current context.Normative
guidelines for proposal generation further restrict commu-
nications of ancillary information to only those fragments
that represent departures from the norm. Finally, a set of
interpretation rules allows agents to infer information not
explicitly communicated.

Structured negotiation embodies the following principles:
(1) communications that support negotiation should be ef-
ficient, (2) negotiation should be interleaved with planning,
(3) processing should be incremental, and (4) interactions
should be organized around evolving plans. Roughly speak-
ing, one communication is more efficient than another if its
message length is shorter and both communications result
in equivalent transmission of information. Such information
loading is common in natural language dialogs: when an
utterance is interpreted within some context, it will usually
carry with it additional information not explicitly transmit-
ted. In bandwidth-restricted environments, efficiency is a
desirable property.

The process of collaborative planning is one that takes
place over some period of time. It is unrealistic to suppose
that agents will suspend negotiations until group delibera-
tions are complete; similarly, it is unrealistic to suppose that
agents can suspend deliberations until they have arrived at
a consensus regarding the division of tasks and resources.
Negotiations must be interleaved with planning; therefore,
a communication language for negotiation should be able to
refer to elements of a shared plan as well as relations between
subplans. When negotiation is interleaved with planning, it
cannot range over every possible issue or option at once:
this would require that agents negotiate over every possible
plan; an activity that is computationally prohibitive.

54 Monitoring

The initial monitoring issues apparent within our domain
can be divided into the following four categories:

e Monitoring the completion of, or progress toward, a
basic action (e.g., go to a waypoint)

e Monitoring the satisfaction or completion of the mul-
tiple tasks to which the robot is currently committed
(e.g., pursue evader, patrol area, photograph target
every 2 hours)

e Monitoring the activity of unknown or adversarial en-
tities (e.g. evader detected).

e Monitoring the state of the communication network,
the robot, and other team members (e.g., communi-
cation network quality or integrity, robot mobility, or
battery level)

For the monitoring in the MLAA | we have adapted our
approach developed for plan and threat monitoring for small
unit operations (SUO)[20]. The monitoring is accomplished
by two PRS modules, the Watchman and the Manager (which
is part of the MLAA process manager), each running asyn-
chronously. The inputs to the Manager are plans to execute,
policy declarations, status reports (including location, speed
and orientation) from its own sensor suite, and messages
from other agents. These messages include status reports of
other agents, reports on mission success or failure, shared
information, and requests for help.

The Watchman module monitors incoming message traf-
fic. It filters irrelevant or insignificantly changed reports,
and sends a message to the Manager when any report or
message requires its attention. The Manager module, af-
ter receiving a plan, computes sentinels for the plan and
begins plan execution. It compares reports from the Watch-
man module to the plan and sentinels, and generates high-
value alerts without overwhelming the system with too many
low-value alerts (a significant challenge). The Manager con-
tinually applies its Acts to respond to new goals and facts
posted in its database. The Acts correspond to algorithms
for monitoring requirements at each layer in the MLAA ar-
chitecture. Some implement user alerts and others imple-
ment autonomous control.

Depending on communication conditions or policy restric-
tions, an agent may, or may not, receive from team members
status reports (up-to-date locations) of all friendly agents
and other entities within visual range. Sentinels are ex-
tracted from plans and policy declarations, are evaluated
when status reports are received, and may produce alerts.
The alerts produced are designed to serve both the au-
tonomous control via the strategic planner, and the user,
although the needs of each vary considerably.

Our initial monitoring implementation detects the follow-
ing types of alerts. We plan to implement additional moni-
toring.

e At-goal — robot at current waypoint

e Stuck - robot stuck and not at current waypoint

e Divergent — robot diverging from current waypoint
e No-status — robot no longer reporting its state

e Target-visible — robot has a target within its sensor
range



e Lost-target —robot lost track of target during pursue
mission

e Target-gone — target moved out of assigned sector
during pursue mission

e Collision —robot anticipates it will hit a nearby object
in the next few seconds

e Handoff - robot has delegated/accepted a task to/from
another team member

We use the techniques developed for the DARPA SUO
program for estimating the value of alerts and reducing the
number of low-value alerts. In particular, we keep report
and alert histories for each team member being monitored.
These histories are used to determine the value of informa-
tion and alerts, and to detect Stuck, Divergent, and No-
status alerts. The value of issuing an alert takes into con-
sideration customizable parameters associated with both the
automated agent and the user. Some of the agent param-
eters are customized to improve performance, while others
are a function of the behavior of the robot.

An example of how monitoring is used to facilitate au-
tonomous control is illustrated by the situation where an
agent is patrolling a designated area. When an evader be-
comes visible, the agent receives a Target-visible alert. Re-
acting to either a high-priority preference to pursue evaders
or an explicit plan step, the agent commits to a new goal
Pursue named-evader. This goal is achieved by the activa-
tion and blending of three tasks: Follow named-evader, Re-
locate named-evader and Search-for named-evader. Thus,
the robot will maintain pursuit even when the evader slips
in and out of its field of vision.

The user’s preferred strategy might be to report the first
sighting of the evader or to track its position, noting when-
ever it disappears from view. However, the autonomous
control requires notification only if the likelihood of recover-
ing visual contact is deteriorating and the robot is searching
aimlessly. At this point, a Target-Lost alert will be sent to
the agent’s Manager (and possibly the user). In this exam-
ple, a policy exists for reacting to this type of alert. It will
cause the pursuit goal to be dropped and the original Patrol
plan to be resumed.

No-status alerts have proven useful to the human user, as
they indicate a hardware or software problem on a robot or
the network. Monitoring allows such problems to be recog-
nized immediately. These problems took considerably longer
to detect and diagnose before monitoring was implemented.
At-goal, Stuck, and Divergent are essential alerts for the
autonomous-control agent-navigation system, as well as be-
ing useful to a human user who wants to closely monitor the
progress of a robot. Subtleties of the domain must be con-
sidered to avoid false alarms. For example, the robot may
be paused because of GPS uncertainty and the GPS should
be given time to establish connection with satellites. Also,
a robot takes time to turn and thus should not be regarded
as stuck or divergent until turns and steering adjustments
have had time to complete.

Target-visible, Target-lost, and Handoff are useful to both
the user and the autonomous controller, particularly when
the task is to monitor or pursue a target. The autonomous
controller requires immediate awareness of loss of sensor con-
tact, so it can adjust its lower-level behavior or sensor pa-
rameters to find the evader. However, such immediate alerts

would be unproductive for the human user or the plan-level
controller, and alerting is controlled by a customizable in-
terval. This interval gives the controller time to relocate the
evader, possibly avoiding an alert. These types of alerts are
the most time critical in our evaluation domain.

5.5 Communications

5.5.1 Mobile Ad-Hoc Networking

Communications among the robots, between the robots
and the simulator(see section 5.7.1), and between the GPS
base station and GPS receivers are done through wireless
networking. The underlying protocol is called Topology
Broadcast Based on Reverse Path Forwarding (TBRPF)
[1], which is a link state routing protocol designed for mo-
bile ad-hoc networks. This protocol allows robust dynamic
rerouting of communications through all connected nodes in
the network. In practice, this means that when two sets of
robots become disconnected, they can be reconnected by as-
signing one or more robots to act as relays between the two
sets. Such relay connections are made automatically once
communication between the relay and the two sets of robots
becomes available. It is important to note that the protocol
itself handles establishing any relay connection — there are
no explicitly assigned router nodes in the network. Relays
may be used to extend communications over a distance that
would not normally be surmountable with ordinary wire-
less networking. They may also be used in cases where the
environment prevents line of sight communications. An ex-
ample of the latter is a situation in which many buildings
or even small, RF (radio frequency) blocking obstacles sur-
round and obstruct the team of robots. Having this proto-
col allows us to make the reasonable assumption (compared
with the simplifying assumption in section 2) that team-
level actions may be taken to ensure that communications
between robots can be established when the need arises.
In fact, with sufficient saturation of the environment with
robots, this protocol almost allows us to make the simpli-
fying communication assumption. For most environments,
this saturation is achieved when, for any distinct robots rg
and re, there is some sequence of robots, ro, 71, ..., 7, such
that 7o = 7s,rn = 7e and there is a line of sight path be-
tween any two robots 7;, r;4+1. Thus, for open fields, we need
relatively few robots to achieve saturation, and even for en-
vironments with corridors, only one robot per intersection
of two or more corridors generally suffices.

552 OAA

On top of the network protocol, the various high-level soft-
ware components in the system — the robot control, inter-
robots, and the simulator — communicate using the Open
Agent Architecture (OAA)[3] in asynchronous mode. Each
robot has access to an OAA facilitator that provides local
communications. Data that needs to be sent outside one of
the software components uses an OAA agent that transmits
data to other OAA facilitators on other robots, allowing for
greater decentralization than the OAA protocol ordinarily
permits. Adding this extra OAA agent allows us to change
from OAA’s default transport protocol, TCP, to some other
protocol, or even a number of protocols, designed to handle
large latencies. Assuming that TCP communications do not
time out, it is even possible to eliminate the inter-facilitator
agent and use a single facilitator for all communications.



OAA does slow down communications in the sense that
the number of messages that we could send is slower com-
pared to the situation we would have if we had limited the
implementation to remote function calls. However, the com-
ponents in our system are not all written in the same lan-
guage. Some are written in C++, some in Java and some in
Lisp. Using OAA allows these components to communicate
without having to translate all components to a common
language.

5.6 Hardware

‘We have tested our design on teams of 3 Pioneer AT robots
manufactured by ActivMedia. Each robot runs Linux on an
AMD K6 or Intel Pentium III processor. Localization is ac-
complished with a Novatel OEM4 GPS (global positioning
system) receiver and antenna, Crossbow INS (inertial navi-
gation system), and digital compass. An 802.11b compliant
Orinoco wireless PCMCIA card and antenna provides com-
munications between robots as well as to the simulator (see
section 5.7.1). Low-level obstacle avoidance, that is, obstacle
avoidance that is not handled by higher-level path planning,
is accomplished using sonar detectors on the robots.

Other sensing, such as the sensing of other nearby robots,
is being abstracted away. Our simulator receives each phys-
ical robot’s position and simulates the localization of other
robots. This method has two majors avantages, first it sim-
plifies the detection problem. Second, we can modify the
characteristics of our virtual sensor very easily. We cur-
rently simulate three types of sensors (field of view, heat
sensors, and radar).

5.7 Software Tools

5.7.1 Simulator

The SRI Augmented Reality Simulator (SARS) is a multi-
agent simulator designed to simulate robots and UAVs. SARS
models the world for all agents involved in the simulation
using a very precise 3D model of the environment. It pro-
duces the same output in terms of sensors, actuators, and
resources (battery status, communications range) as real
sensors. SARS is precise enough so that physical robots
moving in the real world can be mixed with virtual robots
and see the physical robots interacting (e.g., following) the
virtual ones. The notion of Augmented Reality came from
this feature. Using SARS we are able to simulate a team
of UAVs flying in formation on a larger area than we actu-
ally have access to. The team of UAVs may be larger than
what we physically have, as well. Our research on teams of
UAVS and robots could not be realistically tested on phys-
ical robots due to the high cost of maintaining a large fleet.
SARS is a tool for testing large and more complex scenarios
without sacrificing too much realism.

5.7.2 Robot Control

The UGVs are controlled using Saphira [9]. Saphira al-
lows for both low-level control, as well as low-level behaviour
(refered to as the executor module in Figure 1). Examples
of such behaviours include avoiding obstacles that did not
appear in the execution and task control, avoiding obstacles
that are not in the same position as higher-level reasoning
modules initially thought, maintaining a straight line, and
maintaining a small distance from walls in a corridor. At
this level of software control, the robot is responsible for

dispatching sensor readings which might be interesting to
higher-level reasoning modules. Currently, sensor readings
include the current GPS position and current velocity: it
could as well include such things as battery levels, sonar
readings, and even raw sensor readings (such as might come
from the motor actuators, or the sonar).

Each robot has all the software it needs to allow it to
interact with its team members. This includes all the com-
munications software (section 5.5), the execution and task
control software (section 5.1), and the robot control software
itself.

6. VIDEO

A video of this working system is available from our web
site at http://www.ai.sri.com/movies/UCAV-simivalley-demo-
2002-small.mov. This video shows the actual demonstration
of the scenario described in Section 3. The robots are Pio-
neer 2 AT equipped with INS, compass, GPS, and a P-III
800Mhz on-board computer. The evader is a i scale radio-
controlled car controlled by one of the authors. The robots
are completely stand-alone and autonomous.

7. SUMMARY

In this paper, we have described a design for a robotic-
team development environment called Teambotica. The de-
sign for Teambotica was motivated by the observation that
many of the simplifying assumptions made in the robotics
and multiagent systems communities had to be revisited to
develop truly robust and adaptive teams of robots. Among
these was the assumption that communication between robots
was guaranteed, that recovery from action failure could be
handled in a completely post-hoc fashion without modify-
ing goals, and that multiple goals could not be interleaved
and managed in a dynamic fashion. In addressing such lim-
itations, we have been led to a multi-level adaptive archi-
tecture. Our focus has been on the development of teams
of robots which could demonstrate some measure of longer-
term deliberative behavior rather than on purely reactive
swarm or insect-like emergent team behaviors. In particu-
lar, we have grounded the team-level design on a principled
theory of collaboration called SharedPlans.

We have also described our experiences in deploying an ac-
tual small team of physically embodied robots using Team-
botica. In the process, we have tried to focus on the major
development issues, such as incorporation of ad-hoc net-
working protocols, development of robust monitors, real-
time behavior blending, negotiation, and rich simulation en-
vironments for debugging. There are a number of issues,
however, which we have had to gloss over or omit entirely
because of space limitations. These include issues involv-
ing the selection of an appropriate sensor, writing a driver
for each sensor, path planning, managing sensor error, and
localization. None of these tasks should be trivialized.

We are currently working on extensions to Teambotica as
part of a project to deploy and validate, by the end of 2003, a
team of 100 collaborating robots engaged in mixed mapping,
exploration and surveillance tasks (more information on that

work can be found at http://www.ai.sri.com/project/Centibots).

8. ACKNOWLEDGEMENTS



The authors would like to thank Enrique Ruspini for his
contributions to the algorithms for task blending. This re-
search has been supported by ONR contract N00014-00-C-
0304.

9. REFERENCES

[1] B. Bellur and R. Ogier. A reliable, efficient topology
broadcast protocol for dynamic networks. In
Proceedings of IEEE INFOCOM, March 1999.

[2] M. Bratman. Intentions, Plans, and Practical Reason.
Harvard University Press, 1987.

[3] A. Cheyer and D. Martin. The open agent
architecture. Journal of Autonomous Agents and
Multi-Agent Systems, 4(1):143-148, March 2001.

[4] B. J. Grosz and S. Kraus. Collaborative plans for
complex group action. Artificial Intelligence,
86(1):269-357, 1996.

[5] B. J. Grosz and S. Kraus. The evolution of
SharedPlans. In A. Rao and M. Wooldridge, editors,
Foundations and Theories of Rational Agency, 1998.
H. Hellendoorn and C. Thomas. Defuzzification in
fuzzy controllers. Jour. of Intelligent and Fuzzy
Systems, 1:109-123, 1993.

[7] G. Holness, D. Karuppiah, S. Uppala, and S. C.

Ravela. A service paradigm for reconfigurable agents.
In Proc. of the 2nd Workshop on Infrastructure for
Agents, MAS, and Scalable MAS, 2001.

[8] K.L.Myers. A procedural knowledge approach to

task-level control. In Proceedings of the Third

International Conference on AI Planning Systems,

1996.

K. Konolige and K. Myers. Artificial Intelligence

Based Mobile Robots: Case studies of Successful Robot

Systems, chapter The Saphira architecture: a design

for autonomy. MIT Press, 1998.

[10] K. Myers and D. Wilkins. The act editor user’s guide.
Technical report, Artificial Intelligence Center, SRI
International, 1997.

[11] O. B. O and O. Khatib. High-speed navigation using
the global dynamic window approach. In Proceedings
of the IEEE International Conference on Robotics and
Automation, Hawaii, USA, 1999.

[12] C. L. Ortiz. Introspective and elaborative processes in
rational agents. Annals of Mathematics and Artificial
Intelligence, 25(1-2):1-34, 1999.

[13] C. L. Ortiz and E. Hsu. Structured negotiation. In
Proceedings of the First International Conference on
Autonomous agents and multiagent systems, 2002.

[14] M. Pollack. Plans as Complex Mental Attitudes, pages
77-103. MIT Press, 1990.

[15] A. Saffiotti, K. Konolige, and E. Ruspini. A
multivalued-logic approach to integrating planning
and control. Artificial Intelligence, 76(1-2):481-526,
1995.

[16] A. Saffiotti, E. Ruspini, and K. Konolige. Blending
reactivity and goal-directedness in a fuzzy controlled.
In Proceedings of the IEEE Int. Conf. On Fuzzy
Systems, pages 134-139, CA, 1993. IEEE Press.

[17] J. Sweeney, T. Brunette, Y. Yang, and R. Grupen.
Coordinated teams of reactive mobile platforms. In
Proceedings of the 2002 IEEE Conference on Robotics
and Automation, Washington, D.C., 2002. IEEE.

[6

—_

[9

—

18]

[19]

[20]

21]

R. Vincent, A. Agno, P. Berry, and C. Ortiz. White
paper for sri multi-level agent adaptation system.
Artificial Intelligence Center Technical Note, SRI
International, 2002.

R. Vincent, B. Horling, V. Lesser, and T. Wagner.
Implementing soft real-time agent control. In
Proceedings of the 5th International Conference on
Autonomous Agents. ACM Press, 2001.

D. E. Wilkins and T. J. Lee. Action-specific execution
monitoring for small unit operations. Final Report
SRI Contract 7150, Artificial Intelligence Center,
Menlo Park, CA, August 2001.

D. E. Wilkins and K. L. Myers. A multiagent planning
architecture. In Proceedings of the Fourth
International Conference on AI Planning Systems,
1998.



