Team Oriented Programming and Proxy Agents:
The Next Generation

Paul Scerri , David V. Pynadath *, Nathan Schurr*, Alessandro Farinelli*,
Sudeep Gandhé and Milind Tambe*

Carnegie Mellon University
* University of Southern California
pscerri@cs.cmu.edu, pynadath@isi.eduf,schurr,farinelli,gandhe,tambe g@usc.edu

Abstract.  Coordination between large teams of highly heterogeneous
entities will change the way complex goals are pursued in red world en-
vironments. One approach to achieving the required coordin ation in such
teams is to give each team member aproxy that assumes routine coordi-
nation activities on behalf of its team member. Despite that approach's
success, as we attempt to apply this rst generation of proxy architec-
ture to larger teams in more challenging environments, some limitations

become clear. In this paper, we present initial e orts on the next gen-
eration of proxy architecture and Team Oriented Programmin g (TOP),

called Machinetta. Machinetta aims to overcome the limitat ions of the
previous generation of proxies and allow e ective coordination between
very large teams of highly heterogeneous agents. We descrile the princi-
ples underlying the design of the Machinetta proxies and present initial

results from two domains.

1 Introduction

Exciting emerging applications require hundreds or thousads of robots, agents
and people (RAPSs) to coordinate to achieve their joint goals In domains such
as military operations, space or disaster response, coonthtion between large
numbers of agents can revolutionize our ability to achieve omplex goals. Such
domains are characterized by widely distributed entities with limited communi-
cation channels between them. The environments often charggdynamically and
will in some cases be hostile.

An emerging standard for creating robust, highly heterogerous teams is an
architecture that uses semi-autonomougproxy agentsto create an homogeneous
coordination layer \above" the highly heterogeous agents 18]. By providing each
agent with a proxy that has teamwork knowledge we raise the cordination
ability of the agent-proxy pair to the level at which the rest of the team is
operating. Via the use of adjustable autonomy [9], the amouhof coordination
ability that proxy actually provides (and the amount which t he agent provides) is
dynamically adjusted to the particular context of the agent at that point in time.
The proxies manage the coordination, performing the routire operations that are
required for cooperation; e.g., informing others when plas are completed, and



assisting in the handling of exceptional situations; e.g.,nding RAPs to ful ll
roles due to failures or overloading. The proxies also asgism making adjustments
to the plan the group is following when required. The proxiesalso perform more
routine tasks, such as information sharing, that ensure thecontinued smooth
operation of the team, while freeing the agent from engagingn these activities.
One approach to achieving the required coordination in tears for such domains,
is to give each team member groxy that assumes routine coordination activities
on behalf of its team member[11].

The relatively homogeneous proxies allow developers to wie Team Oriented
Programs (TOPs) which are executed according to the coordination algrithms
the programmer knows the proxy is using[12]. For example, TRMCORE proxies
implement the STEAM interpretation of teamwork[17]. Progr ammers creating
TOPs need not concern themselves with specifying low leveloordination details.
Instead, they specify the activities of the team with high level primitives such
asroles and team plan operators Writing TOPs at this high level of abstraction
makes it feasible for a programmer to quickly specify compbe team activities.
A variety of interesting applications have shown the utility of the proxy based
teams architecture, e.g., the Electric Elves[1] and interations with autonomous
systems for space missions[15].

Despite their successes, the rst generation proxy architetures su er from
three key limitations when handling: scale, dynamism, and eective integration
of humans in agent teamwork. First, in small-scale teams, agnts can be allo-
cated to roles by hand prior to starting up team activities; although limited
reallocation can occur at run-time. Unfortunately, in larg e-scale teams, o -line
allocation of agents to roles by hand is di cult. Second, a high level of dynamism
in the environment requires that agents' role allocation ard reallocation strat-
egy must often be integrated into one uni ed uid algorithm, rather than as two
separate phases (allocation and reallocation) as seen in isking architectures.
Furthermore, agents must consider role reallocation not oty under catastrophic
failures (as was done previously), but must be willing to give up current roles
to take up new precious opportunities. Third, as we build inaeasingly heteroge-
neous teams, and particularly include humans in the loop, wanust enable the
proxies to tap into human expertise when coordinating key siuations. Previous
research on teamwork has allowed agents and humans to work ¢gether, but the
human participation was limited to domain level activities. Proxies should be
able to use human enterprise for both domain activities and oordination.

In this chapter, we present initial e orts on the next generation of TOP and
proxy architecture, called Machinetta. Machinetta aims to overcome the limita-
tions of the previous generation of proxy and allow e ectivecoordination between
very large teams of highly heterogeneous agents. To achieutis, Machinetta
embodies several new design principles. To address the rdtvo limitations dis-
cussed above, Machinetta has a uid, integrated role alloction and reallocation
algorithm. Within this algorithm, agents attempt to contin ually allocate and re-
allocate themselves to new tasks. When new tasks/opportutties arise, or when
agents' capabilities decline substantially, agents recosider their current commit-



ments to roles; thus, agents may change roles even without tastrophic failures.
This new integrated algorithm enables a much more exible response to dynamic
environments.

Many heuristics used by a team fail under some circumstancesHowever,
the answer is not simply to replace current coordination algrithms with new
ones. If a big enough team is put into a complex enough enviranent there
are, despite our best e orts, bound to be situations where ag coordination
algorithms perform very poorly or breaks altogether. A key dea in Machinetta is
to acknowledge that such problems are going to occur and budl in mechanisms
for meta-reasoning to handle those situations. This is aclived by making as
much of the coordination process as possible explicit, thusnaking it easier to
monitor the coordination and understand when problems occu For example,
we use a role allocation algorithm[14] that represents eaclole to be allocated as
an explicit role. If the role of allocating the role goes unabieved for some period
of time, i.e., because the standard role allocation algorttm does not succeed
in allocating it, the team can detect this situation and recursively invoke meta-
reasoning about a "role allocation role".

With respect to involving humans in coordination (and not ju st in domain-
level tasks), the meta-reasoning capability provides a hglful mechanism. In par-
ticular, when meta-reasoning about coordination, agents an appeal to human
input. However, humans could provide input that may not necessarily be in
agreement with choices made by the coordination algorithm.Thus, given the
possibility of such arbitrary changes by humans to coordingion algorithms, the
algorithms must be robust to decisions that are \wrong" accading the algorithm.
For example, a human may arbitrarily (so far as the proxies ae concerned) de-
cide to terminate a plan and the proxies must implement this decision.

The nal change in direction for the new generation of proxy is the proper-
ties that we aim to prove for the key algorithms. With relativ ely small teams,
establishing properties such as optimality is important. However, proofs of such
algorithm properties typically rely on assumptions such asthe underlying situa-
tion not changing while the algorithm is executing. While such assumptions are
very reasonable for small teams, they are not so interestindpr very large teams
where the assumptions will never be met. The critical point b that large enough
teams in complex enough environemts will be in a constant st of change. For
example, in a large team for disaster recovery in a large citysome team member
will always be completing, abandoning or beginning a task. he inherent, con-
tinuous dynamics makes other algorithmic properties inteesting. For example,
the "stability" of the system { will one team member's failur e to complete a role
lead to many role reallocations or will the e ects be limited? Another interesting
property would be to show that certain events will never happen, or happen only
with a very low probability. For example, we may be able to prove that some
team member will always eventually accept a role, if its priaity is above some
threshold. Our current approach is to use the theory of dynanic patterns [7] to
model and understand the system's properties.



In the remainder of this chapter we present Machinetta in detil, showing
how it embodies the principles discussed above. We also prst a graphical
development environment for specifying Machinetta plans.We show preliminary
results from using Machinetta in two domains, a re ghting d omain and a
distributed sensor domain.

2 Proxies

Machinetta proxies are lightweight, domain-independent ®ftware modules, ca-
pable of performing the activities required to work cooperdively within a larger

team on TOPs. The proxies are implemented in Java and are degned to run
on a number of platforms including laptops and handheld devtes. A proxy's
software is made up of ve components (see Figure 1):

Communication:  communication with other proxies

Coordination:  reasoning about team plans and communication

State: the working memory of the proxy

Adjustable Autonomy: reasoning about whether to act autonomously or pass
control to the RAP

RAP Interface: ~ communication with the RAP

Each component abstracts away details allowing other compients to work
without considering those details. For example, the RAP interface component
is aware of what type of RAP it is connected to and the methods éinteracting
with the RAP, while the adjustable autonomy component dealswith the RAP as
an abstract entity having particular capabilities. Likewi se, the communication
component will be tailored to the RAP communication abiliti es, e.g., wireless
or wired, but the coordination component will only be told available bandwidth
and cost of communication.
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Fig. 1. Proxy software architecture.

A critical component in deploying the proxies is the mechansm by which they
interact with their RAPs. The adjustable autonomy component is responsible for
deciding what interaction should happen with the RAP, but th e RAP interface



component manages that interaction. The RAP interface commnent is the only
part of the proxy that needs to be designed for a specic type & RAP. These
components are very diverse, matching the very diverse RAPsFor example,
the RAP interface for a person playing the role of re chief in the disaster
rescue domain is a large graphical interface, while for thegents, a simple socket
communicating a small, xed set of messages is su cient. Sirce the proxies
interact closely with their RAPs, it is desirable to have them in close physical
proximity. For mobile RAPs, the proxies can be run on handhel devices that
communicate wirelessly with robots or, in the case of a persoin the eld, via a
graphical interface on the handheld device.

2.1 Proxy Algorithms

The proxy's overall execution is message driven. When a meage comes in from
its RAP or from another proxy, a new belief is added to the proxy's state. The
beliefs in the state constitute the proxy's knowledge of thestatus of the team
and the environment. The state operates as a blackboard, wht components
writing information to the blackboard and others reacting t o information written
to the blackboard. Any change to the state triggers two reasaing algorithms:
Coordination (Algorithm 1) and Adjustable Autonomy (Algorithm 2). Either
of these algorithms may in turn change the belief state, whib will once again
trigger the algorithms.

Algorithm 1 shows the Coordination algorithm, which instantiates the the-
ory of joint commitments[3] as operationalized by STEAM. The functions, es-
tablishJointCommitment and endJointCommitment establish or terminate com-
mitments by communicating with other proxies when a new belef triggers the
start or end of a team plan. In the algorithm, the function communicate? re-
turns true if the capability or role progress information should be communicated
to others. This function encapsulates previous work on detamining policies for
communicating such information with team members[10].

Algorithm 1:  Coordination
Coordination (Bin)
(1) foreach b2 Bi,

(2) if b is Capabilitylnformation or Role Progress
) if communicate ?(b)

(4) sendT oOthers(b)

(5) else if startTeamPlan ?(b)

(6) establishJointCommitment ( )

@) AllocateRole  role( )

(8) else if endTeamPlan ?(b)

9) endJointCommitment ( )

(10) return B out

The Adjustable Autonomy algorithm (Algorithm 2) is respons ible for man-
aging the interactions between the proxy and the RAP. In the dgorithm, the



function tellRAP? determines if there is value in sending this particular piee of
information received from another proxy to the RAP. The shouldRAP beAsked?
is the \core" of adjustable autonomy reasoning and is resposible for decid-
ing whether or not this particular coordination decision should be handled au-
tonomously by the proxy or by the RAP. The if statement beginning on Line 2
shows the basic processing that the proxy performs when its RP is o ered a
new role. First, it decides whether to act autonomously. If ©, it decides whether
or not to accept the role on behalf of the RAP (see next sectiorfor more detail).

Algorithm 2:  Adjustable Autonomy
AdjustableAutonomy (Bin)
(1) foreach b2 Bi,

2 if bisrole oer

3) if RAP is capable of role

4) if shouldRAP beAsked?

(5) Ask RAP

(6) else if accept autonomously?
@) B out role accepted

(8) else

9) B out role rejected

(20) else if bis a new role

(11) send role to RAP

(12) return B out

3 Executing Team Oriented Plans

Within Machinetta, team plans provide an explicit representation of the joint
goals held by all team members. As such, they allow the team mmbers to
scope their reasoning and concentrate on only those tasks #t are directly rel-
evant to the team's currently active goals. Due to its intended use as a domain-
independent coordination architecture, Machinetta makesminimal assumptions
about the nature of team plans. In other words, the team plansprovided by the
architecture are a skeleton of execution that the system degner then eshes
out with the intended domain-speci c behavior (e.g., as pat of a speci c RAP
behavior that triggers o team plans).

As in the original STEAM-based Teamcore architecture [11],we implement
the joint goals of the TOP via reactive team plans. Active team plans take the
form of beliefs within the proxies' state. This explicit representation enables
the underlying architecture to reason about the means of enging coherent
plan execution. Because each proxy maintains separate befs about these joint
goals, the architecture can detect (in a distributed manne) any inconsistencies
among team members' plan beliefs. The architecture's primey responsibility
regarding coherent team beliefs about active goals is to syahronize the initiation
and termination of team plans. Perhaps more importantly, the proxy must also



ensure that the team makes progress toward achieving its aote joint goals.
The proxies themselves have no ability to achieve goals at ta domain level,
instead, they must ensure that all of the requisite domain-kvel capabilities are
brought to bear by instantiating the appropriate roles and lling them with the
appropriate RAPs. Section 3.1 describes the initiation of fam plans, Section 3.2
describes the instantiation of the associated roles, and $&on 3.3 describes the
termination of team plans.

3.1 Plan Initiation

Machinetta's proxy-based infrastructure ensures that theteam will synchronize
itself appropriately in initiating a new team plan. Thus, th e team programmer
need not program such synchronization actions, because thproxies (through
the establishJointCommitment procedure in Algorithm 1) ensure such syn-
chronization, so all team members will agree on the set of adte team plans.

The most common mechanism for creating team plans is to write \team plan
template". Such a template represents a class of possible goh instantiations. We
thus save on speci cation e ort, since writing one team plan template replaces
the speci cation of many individual plans themselves. For xample, we can write
one template to represent a generic plan of \Fight a re at building x", rather
than writing hundreds of plans of the form \Fight a re at buil ding 1", \Fight
a re at building 2", \Fight a re at building 3", etc.

When the preconditions of a plan template match the proxy's arrent state
of beliefs (i.e., whenstartT eamPlan s true), a new plan belief is instantiated
with the speci ¢ details of the particular precondition mat ch. This team plan
belief can then trigger domain-speci ¢ behavior through the interface with a
proxy's speci ¢ RAP. The proxies dynamically instantiate p lans when, during
the course of execution, their current states match a plan'srequired trigger
conditions. The preconditions specify those trigger condions, templates against
which the proxies try to match active belief objects in their proxy state. Because
we cannot anticipate all of the possible structures that a béief object may take
on, we perform this matching by converting the belief objectinto some canonical
string representation.

The preconditions may also include coordination constraifs among team
plans. For example, subgoal relationships translate into a additional precondi-
tion on child plans (e.g., if 1 is a subgoal of g, then there is a precondition
for 1 requiring a current plan belief ). We can also specify temporal con-
straints between parallel subgoals (e.g., if 1 must complete before , begins,
then there is a precondition for , requiring a current plan belief ; that has
been completed). Thus, the architecture can automaticallytranslate coordina-
tion constraints speci ed at the abstract plan level into speci ¢ preconditions at
the coordination policy level.

Upon successfully triggering a new plan, the proxies perfon the
establishJointCommitment procedure specied by their coordination policy.
For example, in the initial stages of development, we used a aive communi-
cation policy that established commitments by requiring canmunication of all



beliefs. Because all of the proxies are truthful and becauseie assume perfect
communication, such a policy necessarily achieves mutual dlief of active team
plans. We have also implemented the STEAM policy [17] as a comunication
policy that is able to more exibly balance the costs and benets of communi-
cation during the establishment of a new commitment.

3.2 Role Instantiation

Roles are slots for specialized execution that the team mayqtentially 1l at run-

time. Upon instantiation of a newly triggered plan, the proxies also instantiate
any associated roles, subject to the speci c triggers. The geci cation of such
roles is domain-speci c, and may include appropriate role elationships, such
asAND, OR, and role-dependencyrelationships (using STEAM semantics [17]).
The initial plan speci cation may name particular RAPs to | | these roles, but
more typically, the roles are instantiated un lled. These un lled roles are then
subject to role allocation, as speci ed by theAllocateRole call in Algorithm 1.

3.3 Plan Termination

As in the original Teamcore architecture [11], the TOP includes each plan's ter-
mination conditions, under which a team plan is achieved, irelevant or unachiev-
able. Such explicit speci cation ensures common knowledgef such conditions,
so that the team can terminate the goal coherently. Machineta then automat-
ically uses the termination conditions as the basis for autmatically generating
the communication necessary to jointly terminate a team plan.

Postconditions are roughly identical to preconditions, exept for the obvious
di erence that the conditions contained within a postcondition refer to plan
termination rather than initiation. Furthermore, the cond itions are not matched
against arbitrary beliefs, but rather against only those bdiefs stored within the
relevant container belief object (e.g., a plan). There is anther key di erence,
in that we di erentiate among three di erent types of termin ation states. In
particular, we distinguish whether a plan terminated becawse it has become
achieved, unachievable, or irrelevant (following the STEAM semantics [17]).

When a proxy's current beliefs match the postconditions of acurrently active
team plan (i.e., endTeamPlan is true), the proxy triggers the plan termina-
tion phase of Algorithm 1. Again, our developmental coordiration policy simply
communicated the terminated plan belief (along with the domain-speci c that
triggered the termination) to all of the team members. We hawe also imple-
mented the STEAM policy as an alternate endJointCommitment procedure
that is capable of communicating only selectively.

4 Specifying Team Oriented Plans

As a step towards realizing Team Oriented Programming paraigm, we have
built a Java based Graphical User Interface (GUI) to facilitate domain experts



to specify these TOPs. We view a TOP consisting of three partsteam orga-
nization hierarchy and descriptions of individual agents and their capabilities.

These are speci ed using the tool in form of diagrams and are nally converted

to beliefs each agent should hold to start with. These belief are described in
XML. We have designed a XML scheme that can specify reactive lans and
constraints between them, also di erent roles and capabiliies of agents. Current
Machinetta work has focused on developing proxies capablef @xecuting simple
team plans and we are in the process of extending the capahiks of the proxies
to incorporate all the aforementioned features. The key thing to note about our
speci cations of TOPs is what is not speci ed. Speci cally, nothing about how
the coordination should be performed is explicitly speci ed.

Our TOP speci cation interface has 3 views; the rstis plan hierarchy where
user can draw reactive plans with plans/subplans as nodes ahlinks showing
hierarchy between them. Each subplan can have preconditiosand postcondi-
tions and plan body. The agents will instantiate a team plan when preconditions
match with the environment. One can specify what information will be passed
to the instantiated team plan while specifying preconditions. Figure 1 shows the
use of tool to specify TOP for a Robocup Rescue scenario. By gy hierarchy
in plans we can break down a complex plan in parts as in this cas ghtFire
can have two subplans to evacuate civilians, secure the areaxtinguish the re.
When a particular subplan's success depends on coordinatiovith other activity
we can specify coordination constraints between them. For xample, such con-
straints can be useful in specifying that activities of transport of civilians and
securing the route for transport vehicles must be coordinagéd. Also AND/OR
constraints between subplans can be speci ed, for examplayhile ghting a re,
evacuating people, securing an area and extinguishing reall actions should
be done, failure in any subplan can result in failure of ghtFire plan, thus the
designs should use an AND constraint.

A subplan can be chosen by double-clicking it and pre and postonditions
for it can be specied in the right subpanel. Conditions themselves have a set
of keys and values of those keys which will trigger the plansThese keys are
attributes of the domain speci ¢ beliefs The GUI has facilities to specify such
preconditions. Multiple preconditions can be speci ed which then are thought to
be in disjunction. Postconditions are very similar and havea type associated with
them for di erentiating in achieved, unachievable and irrelevant cases. Returning
parameters are the output keys passed to the instantiated tam plan which
have further information about the event that caused that plan to trigger. For
example, FightFire plan is passed back information about leation of FirePresent
after the precondition is matched.

The second view is team organization hierarchy. The team hierchy de nes
subteams as those teams that get more specialized down thede. Thus the
subteam FireEngines consists of engines that can ght chengial re and engines
that can ght electrical res. The plan hierarchy nodes can be associated with
a particular subteam via its name. As in this case only reEngines subteam will
be assigned to extinguish- re subplan. When the domain expg wants to assign
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Speci ¢ agents to speci ¢ tasks, this type of speci cation of teams and subteams
can be useful. These can be used either as hints or constragfor role allocation.

Fig. 3. Snapshot showing team organization hierarchy

The third view is a list of available domain agents and their capabilities.
Capabilities are matched against requirements before agés are assigned to
speci ¢ subteams. The last panel allows the user to specifyhe domain specic
beliefs. We represent a domain speci c belief as a key-valugair. For example, in
the re ghting domain, FirePresent belief has keys location and extinguished
and corresponding values of where the re is and its status, Wich the agent
believes.

The last step is to save the TOPs speci ed graphically in XML documents as
individual beliefs of agents. These beliefs consist of thesam plans and the agents
own capabilities. Hints or constraints for forming teams/subteams can be stored.
Throughout the interface users are not allowed to input invaid speci cations,
such as specifying preconditions on non-existing keys. Thisimpli es validation
procedure. Most of the XML generation is straight-forward. Currently the tool



can handle the plan graphs which are tree-structured,, altlough it can be easily
extended to any arbitrary plan graph.

5 Experiments

We have performed initial experiments in two domains. Each st of experiments
and domain is aimed at testing one aspect of the Machinetta athitecture.

5.1 Fire Fighting

In our rst experiment, we used a simulator of a re ghting do main[14]. The
aim of this experiment was to include a human re chief in the loop to help the
team of intelligent agent re ghters assign themselves to res. The experiment
was designed to show that the basic approach of identifying pblems in team
coordination and referring them to an expert was e ective. The key parameter
varied in this experiment is when the expert was brought intohelp. In particular,
the maxAskedparameter controls the number of team members that should be
o ered a role before asking for expert input. If maxAsked= 0%, a proxy whose
team member cannot (or will not) take on the role, the role will be immediately
referred to an expert. If maxAsked= 100%, the algorithm ensures that all poten-
tially capable team members are o ered the role once beforeiging up. At the
extreme, a special setting ofmaxAsked= 1 means that proxies repeatedly pass
the role amongst themselves (with each getting o ered the rée multiple times)
without ever giving up. Varying maxAskedthroughout this range produces dis-
tinct algorithms that produce di erent loads on role-alloc ation expert (i.e., the
re chief).

The re chief interface consists of two frames. One frame shes a map of
the city, displaying labeled markers for all of the res that have been found, the
positions of each re brigade, and the location of the role eah re brigade is
assigned to. The re chief does not have direct access to theirulation state
through the simulator itself, but is instead updated according to only the mes-
sages received by the re chief's proxy. Therefore, the re dief may be viewing
a delayed picture of the simulation's progress. The other fame displays a list
of all of the role-allocation tasks that have been allocatedo the re chief. By
clicking on a task, the relevant capability information about each re brigade is
shown. The right-side window lists the re brigades' distances to the re, their
water levels, and the roles they are currently performing. The re chief can then
view this data and nd an appropriate agent to ful Il the role .

We conducted tests with three dierent re chiefs. Each completed several
practice runs with the simulation prior to experiments in or der to minimize any
learning e ects. Each scenario was run for 100 time steps, wh each step taking
30 seconds. The total data presented here represents 20 hauof run-time with
a human in the loop.

Table 1 shows the team's domain-level performance across @aexperimental
con guration. The scoring function measures how much of thecity was destroyed



by re, with higher scores representing worse performanceThe table shows the
mean scores achieved, with the standard deviations in pargheses. Examining
our two dimensions of interest, we can rst compare the two ravs to examine
the e ect of increasing the complexity of the coordination problem. In this case,
increasing the number of re brigades improves performancgas one might expect
when adding resources while keeping the number of initial taks xed.

# Brigades ||maxAsked= 0% |maxAsked= 100% maxAsked= 1
3 58(3.56) 73(16.97) 74(0.71)
10 52(19.09) 42(14.00) 73(4.24)

Table 1. Domain-level performance scores.

However, we can dig a little deeper and examine the e ect of inreasing
complexity on the re chief's performance. In the simpler con guration, asking
the re chief earlier (i.e., maxAsked- 0) improves performance, as the team gets
a head start on exploiting the person's capabilities. On theother hand, in the
more complex con guration, asking the re chief earlier hasthe opposite e ect.
To better understand the e ect of varying the point at which w e assign roles to
people, Table 2 presents some of the other statistics we gagied from these runs
(mean values, with standard deviations in parentheses). Wh 3 brigades, if we
count the mean number of roles taken on by the re chief, we se¢hat it stays
roughly the same (401 vs. 407) across the twonaxAskedsettings. In this case,
asking the re chief sooner, allows the team to exploit the peson's capabilities
earlier, without much increase in his/her workload. On the other hand, with 10
brigades, the re chief's mean role count increases from 568 716, so although
the proxies ask the re chief sooner, we are imposing a signcant increase in
the person's workload. Judging by the decreased average seoin the bottom
row of Table 1, the increased workload more than o sets the edier exploitation
of the person's capabilities. Thus, our experiments provié some evidence that
increasing domain-level scale has signi cant consequensdor the appropriate
style of interaction with human team members.

Regardless of the variation of human behavior across scaléhe data demon-
strates that exploiting human capabilities can, in fact, improve overall team
performance. We see this most clearly by examining the righhost column of
Table 1, which represents the results when the agents make labf the decisions.
These scores are signi cantly worse than the leftmost data olumn, where the
person is handed role-allocation roles immediately. Thusthe ability of our role-
allocation algorithm to exploit the special coordination capabilities of people has
provided a dramatic improvement in the performance of our team.

We can draw some additional conclusions about the heterogesity introduced
by people by clustering our statistics by person rather thanby con guration.
Each row in Table 3 represents the mean statistics of one of authree di er-
ent re chiefs. The \Tasks Performed" column counts the number of re ghting



# max || Domain Fire Chief Tasks % Tasks
Brigs. | Asked Roles Roles Performed| Performed

3 0% ||116 (7.12) |401 (51.81) |27 (6.55)|23.29 (6.51)
100%||146 (33.94)(407 (54.45)|24 (6.36) |16.02 (0.63)
10 | 0% | /103 (38.18)|864 (79.90) |67 (2.83) |14.49 (2.13)
100%|| 98 (42.40)|563 (182.95)|41 (8.38) |48.06 (19.32)

Table 2. Role and re-chief task metrics.

allocations performed by the re chief, while the \% Performed" column mea-
sures that count against the number of total re ghting allo cations assigned to
the re chief by the proxy architecture. Given the small sample size, we cannot
draw any conclusions about a person's expected behavior. Othe other hand,
it is clear that we can expect a great deal of variance in behavior-or example,
although re chiefs A and B achieve roughly similar mean scores, they do so
in very di erent ways. In fact, our proxies can expect re chief A to be half as
likely as re chief B to respond to a task request. On the other hand, re chief
C is about equally likely as A to respond, and C performs roughly the same
number of tasks asB, yet C achieves only half the score as the other two. Thus,
it appears unlikely that we can easily classify people's cagbilities, since, for
even the relatively few dimensions measured here, our humare chiefs show no
generalizable characteristics.

Fire Chief||ScorgTasks Performed|% Performed
A 0.61 25 28%
B 0.59 40 56%
C 0.31 42 32%

Table 3. Statistics for each Fire Chief.

5.2 Recharging 100 Robots

In our second domain, we have a large number of sensor robotERs) dis-
tributed in some environment over and extended period. Ovetime the batteries
on the CSR robots run down and they need to be collected for rdwarging by a
CHR robot. The CSR robot is led to the recharging station by the CHR robot,
hence must have some remaining battery power to be recharged his scenario
is part of DARPA's Software for Distributed Robotics progra m. Proxies run-
ning on CHR robots must cooperatively work out which CHR collects which
CSR. In this set of experiments we aim to better establish theproperties of the
autonomous role allocation algorithm.



We have conducted several experiments in order to evaluateus approach,
using a simulation of the distributed robotics domain. The dmulator represents
the building as a grid and the CHRs are able to move from grid leation to
grid location, pick up CSRs and recharge CSRs by moving themd a recharge
station. While the details of robot control are not simulated, the uncertainty
CHRs have about their position is modelled using a localizabn algorithm very
similar to those used on real CHRs. In particular, the localzation algorithm uses
a well known markovian localization method [4], based on simlated landmarks
in the building. Battery level in the CSRs decrease with uncetainty, thus it is
not possible to predict its dynamic during the task execution.

We used two di erent kinds of simulation set up. In the rst on e, the experi-
ments are conducted without using the proxies for the role asignment. The role
allocation approach is implemented in a software module inisle the simulator. In
the second setting the proxies have been connected to the sidator and execute
the same approach for the role assignment. While in the rst &t of experiments
we mainly focused on investigating how di erent parameter ttings for the envi-
ronment a ect the performance of our approach, the second egerimental setting
is used to validate the obtained results using the proxies famework.

In the rst set of experiments, we tested four di erent algor ithms: the al-
location algorithm described in [14], an extension of this #&orithm to handle
dynamic capability estimation, a mechanism for the uncertanty handling, and
nally the combination of these two extensions. We decided b vary the amount
of CHRs that can have a degradation on their localization cagbility during the
experiments and investigate how this parameter a ects the derent algorithms
performance.

For the rst set of experiments we used an environment with 24CHRs and 47
CSRs and each experiment is 6000 simulation steps long. Foaeh di erent pa-
rameter setting we performed ve repetitions. The results dotained are reported
in table 4 and in table 5. Table 4 show the results when ve CHRsexperience
problems in their localization capability while table 5 reports the result with
ten. In each table the rst column shows the algorithm used, the second column
shows the average battery level of CSRs over time. The third alumn shows the
average of the minimum battery level of all the CSRs over time In both the
second and third columns, the averages exclude the batteryelels of robots that
have failed. The fourth column of the tables, show the nhumberof CSR that com-
pletely failed, i.e., the number of CSRs whose battery levefalls to 0. Finally the
last column shows the standard deviation computed over the ve repetitions.

The results show that the overall performance of the team is mgatively
a ected, when more CHRs have their localization capability degraded. When
comparing results obtained using the overload handling algrithm with the ba-
sic algorithm, the number of failed CSRs were lower while bdt the average
battery level and the average of the minimum battery level wee improved. The
improvement is similar both for the case when ve and ten CHRscan have a
degrading localization capability. Moreover, the overloal handling algorithm re-



|Algorithm ~ [Avg B. L. [Min B. L. [Fail | |
Basic 0.644672 |0.195902 |13.6/2.8
Ovl Handl. |0.65997 |0.223343 |11.8/0.97
Unc Handl. |0.693892 |0.229101 {12.2/0.75
Ovl and Unc |0.684224 |0.241805 |9.8 (1.47
Table 4. Results for ve CHR with localization problems

|Algorithm ~ [Avg B. L. [Min B. L. [Fail | ]
Basic 0.633321 |0.17654 |20.6|2.58|
Ovl Handl. |0.65293 [0.215206 |17.6|1.85|
Unc Handl. |0.691214 |0.221129 |15.8/2.64
Ovl and Unc|0.691896 |0.219198 (16.2/2.79

Table 5. Results for ten CHR with localization problems

|Algorithm ~ [Avg B. L. [Min B. L. [Fail | |
Unc Hnd. 5 [0.695983 [0.238347 (14.6|1.36)
Unc Hnd. 10{0.699272 |0.237091 (17.6/2.87|

Table 6. Results for the limited exchange

|Algorithm [Avg B. L. [Min B. L. [Fail | |
[Unc Handl.[0.699902 [0.236674 [12.51.65]

Table 7. Results for the distributed setting



sults in a lower standard deviation from the average failurevalue, showing a
better adaption to problematic situations.

Also the algorithm for uncertainty handling seems to improve the perfor-
mance for the overall team. In particular for the result reported in table 4 we
have a very low standard deviation, similar to the overload fandling mechanism.
However when the number of CHR that can have localization prdlems is higher
we have actually a higher standard deviation but still accepable results. The
results reported in table 4 and 5 for the uncertainty handling algorithm, are
obtained assuming that each CHR can ask and have a response atich simu-
lation step from all its team mates when trying to exchange a ole. This is a
very strong assumption and it is not likely to be met in the real application.
Therefore we performed an experiment limiting the number ofteam mates that
can be queried during each time step. In table 6 we report the @sults for this
set of experiments. The rst row of the table refers to the cag where ve CHR
can have their localization capability degraded, while thesecond row reports the
results for ten. In both cases, the results are worst if compeed with the respec-
tive row of table 4 and 5. These experiments show that the disessed approach
could not be e ective enough for our reference scenario, whie the assumption
made in the previous experiments could easily not be met.

In the second experimental setting we connected the proxies the simula-
tor. We decided to test the algorithm for the uncertainty handling, when ve
CHRs can have a degradation in their localization capabilit. All the parameters
described in the previous set of experiments are used also this set, except for
the number of repetition that in this case is not ve but two. T hese experiments
have been conducted in order to see how the overall performae of the algo-
rithm could be a ected using the actual proxy framework. In particular for our
scenario, a very important issue is the con ict that can possbly arise among the
proxies' information on the actual world state, due to the asnchronicity of the
message passing approach. The results reported in table 7 @ that the algo-
rithm performance seems not to be heavily a ected by this issie, however the
small number of experiments conducted does not allow to drawa statistically
signi cant conclusion, and further investigations need to be done.

6 Related Work

Proxy-based integration architectures are not a new concep however no previ-
ous architecture has been explicitly designed to have robat agents and people
in the same team. Jennings's GRATE* [5] uses a teamwork moda@, implement-
ing a model of cooperation based on the joint intentions franework. Each agent
has its own cooperation levelmodule that negotiates involvement in a joint task
and maintains information about its own and other agents' involvement in joint
goals. Jones [6], Fong [16], Kortenkamp[8] and others haveaxked on improving
collaboration between groups of robots and a single persorthough these ap-
proaches to robotics teams have not explicitly used proxiesThe Electric Elves
project was the rst human-agent collaboration architecture to include both



proxies and adjustable autonomy[2]. COLLAGEN [13] uses a poxy architecture
for collaboration between a single agent and user. Payne etl[d9] illustrate how
variance in an agent's interaction style with humans a ects performance in do-
main tasks. Tidhar [20] used the term \team-oriented programming" to describe
a conceptual framework for specifying team behaviors basedn mutual beliefs
and joint plans, coupled with organizational structures. His framework also ad-
dressed the issue of team selection [20] | team selection mathes the \skills"
required for executing a team plan against agents that have hose skills.

7 Conclusions and Future Work

As seen in both domains, Machinetta shows promise in allowig complex teams
to tackle the challenge of e ective coordination. The main advantages to our
approach become apparent when dealing with teams that disgly one or a com-
bination of the characteristics: large scale, dynamic envonment, and integration
of humans. By connecting the Machinetta proxies with the grgphical develop-
ment tool for constructing team plans, the TOP programmer gans a good idea
of what is going on in the plan and how to make e ective changesn it in order
to have the team behave more desirably. In the future, we plaron extending the
features of both the graphical planning tool and Machinettaitself, while keeping
the framework generalizable.
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