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ABSTRACT ban disaster response safer and more effective. However, enabling

Effective coordination of robots, agents and people promises to im- multiple hetrogenous entities to coordinate on real-world tasks is
difficult, especially due to challenges such as ensuring robust ex-

prove the safety, robustness and quality with which shared goals are o ; . L
achieved by harnessing the highly heterogeneous entities’ diverseecution in t_he _face OT a dynamic enwronment,_ pr(_)wdlng ?bs”ad
capabilities. Proxy-based integration architectures are emerging astask speaflcatlons_ without the Iow-Ie_v_eI coordination details, and
a standard method for coordinating teams of heterogeneous entities@5SIgning appropriate a_gent_s to speqflc tasks_[16, 1].

Such architectures are designed to meet imposing challenges such The approach taken in this work is to provide each RARN

as ensuring that the diverse capabilities of the group members are? Proxy and have the proxies act together iteam There is an

effectively utilized, avoiding miscoordination in a noisy, uncertain €merging consensus in the f|eId_that teamwork can engb_le flexible,
environment and reacting flexibly to changes in the environment. '0Pust coordination among multiple heterogeneous entities and al-
However, we contend that previous architectures have gone too farlOW them _to achieve their shared goals._ FL_thhermore, previous wor!<
in taking coordination responsibility away from entities and giving ha§ also |I|u_strated the power of domaln-lndependent team co_ordl-
it to proxies. Our goal is to create a proxy-based integration infras- nation glgorlthms to r_eallze such flexible teamwork ._amd of the idea
tructure where there is a beneficial symbiotic relationship between of proxies to enable diverse agents to work together ina team [7, 16,

the proxies and the team members. By leveraging the coordination18: 5 Eisting proxies were initially designed to enable a group of
abilities of both proxies and socially capable team members the non-team-ready” software agents to work together in a team and

quality of the coordination can be improved. We present two key &€ IaFter extendled to a;:lovglhumar; to work together in t:el sa(;ne
new ideas to achieve this goal. First, coordination tasks are repre-team' for examhp e m_the ?Ctr'c \(’fs prOJect,_p_rgme; elped a
sented as explicitoles hence the responsibilities not the actions team of researchers with routine coordination activities(2].

are specified, thus allowing the team to leverage the coordination HI(_)wever, previous ap_proaﬁhes have tw? key limitations when
skills of the most capable team members. Second, building on the 8PP ied to RAP teams. First, the proxies performedafirdination

first idea, we have developed a novel role allocation and realloca- [2Sks without the possibility of getting input from team members.

tion algorithm. These ideas have been realized in a prototype soft-Thifs pr_ecludgd more socially capable RAPs from utilizing their
ware proxy architecture and used to create heterogeneous teams foprdination skills for the good of the team. For example, people
an urban disaster recovery domain. Using the rescue domain as ho may_be able to quickly resolve resource conflicts could not
testbed, we have experimented with the role allocation algorithm | elp proxies that found the problem d'ﬁ'cu"' A _bett_er approach
and observed results to support the hypothesis that leveraging thdS an infrastructure that takes over routine coordination tasks and

coordination capabilities of people can help the performance of the aids RAPs without social capabilities, while still allowing socially
team. capable RAPs to freely provide their coordination preferences and

skills. The result will be an infrastructure that synergistically com-
bines the coordination capabilities of RAPs and proxies to the ben-
1. INTRODUCTION ofit of the team.

Robots, agents and people have a diverse set of capabilities and |n particular, in previous work, the RAPs were essentially con-
characteristics. Effectively harnessing these capabilities in joint ac- sidered to have expertise only in domain-level tasks. Thus, these
tivity promises to improve the safety, quality and robustness with previous approaches treated domain tasks and coordination tasks
which some goals can be achieved. For example, an agent's abil-differently. The domain tasks, i.e., those for actually achieving the
ity to vigilently process large amounts of information, a person’s team's goals, are representedrakes and allocated to the RAPs
ability to solve problems, and an “expendable” robot's ability to most capable of completing them. For these domain roles, the RAP
go where people cannot safely go, could be combined to make ur- has wide flexibility in what decisions and actions are taken to fulfill

the role and can act in a way that best utilizes its particular capabil-

ities. Conversely, coordination tasks are performed exclusively by

proxies following some predefined rules, without any possibility of
Permission to make digital or hard copies of all or part of this work for input from RAPS'. . L .
personal or classroom use is granted without fee provided that copies are A kY ideain this work is to transform coordination tasks into ex-
not made or distributed for profit or commercial advantage and that copies Plicit roles and to allow either proxies or RAPs to perform the roles.
bear this notice and the full citation on the first page. To copy otherwise, to A potential pitfall with making all coordination tasks into roles is
republish, to post on servers or to redistribute to lists, requires prior specific

permission and/or a fee. 1
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that RAPs may get overloaded performing coordination tasks. We is highly configurable, hence providing an interesting testbed for
avoid this pitfall by integratingdjustable autonomgeasoning into RAP research. We have conducted experiments varying two di-
the core of the proxy. The adjustable autonomy reasoning decidesmensions (domain-level complexity and allocation of roles to peo-
whether the RAP or the proxy will perform a particular coordi- ple) and examined the effects of those variations on domain-level
nation role. Since proxies have the ability to perform all coordina- and role-allocation performance. Our results, while by no means
tion roles, responsibility for performing the role need only be trans- conclusive, indicate that allowing the proxies to leverage the coor-
ferred to the RAP when the RAP’s special abilities can perform the dination abilities of people improves performance.
role better and the team will benefit from the improved role per-
formance. Tlght integration of gdjustable autonomy reasoning into 2. DOMAIN: DISASTER RESCUE
a proxy and its use for determining responsibility for coordination ) )
tasks differentiates this work from previous adjustable autonomy  The concept of RAP teams is a relatively new one. Hence models
work[10]. and theoretical framewo_rks for evaluatlng_ approaches are not aval!-
A second limitation of previous approaches is that the role allo- able. The relevant algorithms need to be implemented and tested in
cation algorithms are typically designed for small teams with re- €nvironments as clpse toreal environments as possmlg. Our current
liable, consistent communication [22, 20]. The algorithms are of- _domaln of interest is an urban disaster rescue, in _par_tlcular provid-
ten not suited to highly dynamic, large scale RAP teams. Many N émergency response to an earthquake. T_he aim is to hav_e large
of the role allocation algorithms are designed to find optimal or t€ams of humans, agents and robots performing the wide variety of
near-optimal role allocations and incur unreasonable computation foles required for the response effort.
and communication overheads in RAP teams. For example, alloca-  Our experimental platform is a combination of the RoboCup
tions of RAPs to roles found using contract networRs fuctions Rescue simulation enV|r0r_1ment[9_] and S|gn|f|_cant extensions that
[?] or constraints [12] will be very good, but at the expense of enable_human gnd_ robot_ interactions, (see Flgurg 1). Par_t qf the
high communication overheads. Often, given large teams in dy- SCe€nario exists in s_lmulatlon, V\_/hl_le the rest occurs in real bw_ldmgs
namic and uncertain environments, the team will be better servedWith real robots. Simulated buildings burn, with fires spreading to
by quickly finding a reasonable allocation of RAPs to roles, while adjacent buildings if they are not quickly contained. Civilians can
severely limiting the time taken. Previous role allocation algo- D€ trapped in buildings, making the priority of fighting fire in those
rithms have also typically relied on knowing available RAPs and buildings much higher. The team’s goal is to save as many trapped
“neighbors” in advance and having an ability to communicate with @nd injured people as possible and stop fires from spreading. Fire
specific neighbors, e.g., algorithms based on constraint satisfaction@figade agents act in a virtual city, while human and robot team
have this property [12]. We cannot rely upon such knowledge and mempers act in the physical world. The_ fire brigades can _search
consistent communication networks in highly dynamic teams. the city soon after an earthquake has hit and can extinguish any
To overcome the limitations of previous role allocation algo- fires that are found. A human fire chief is given a high-level view
rithms, we have developed a new algorithm that is distributed, has of the flre-flghtlng progress ar_1d can make role-allocation deC|S|or_1$
low overheads and allows role allocation and execution to occur in {0 better save civilians and limit damage. The robots can assist
parallel. While the algorithm will not always result in near optimal Py maneuvering through real buildings, with simulated earthquake
role allocations, it is a useful tool for the proxies in some domains. d@mage, looking for injured or trapped people. A human paramedic
The algorithm works by creatingrale-allocation rolefor the coor- will work with the robot to save the trapped civilians.
dination task of assigning the role. When such a role is assigned to  Figure 1 shows the RAP team that we are developing for the
a particular proxy and RAP, there must be one of two outcomes: the earthquake domain. F_lre brlggdes, controlled by agents, fight fires
role is accepted and eventually performed by the RAP or respon- that have broken out in the city. The agents try to allocate them-
sibility for the role-allocation role is transferred to another proxy Selves to fires in a distributed manner (see Section 4), but can call
and RAP. Since the proxy only considers transferring the role to ©n the expertise of the_human ‘.‘flre chief” if required. The fire chief
those RAPs that are potentially capable of performing a role, inca- ¢an allocate trucks to fires easily both because he has a more global
pable RAPs may never know anything about it. Because how the V|ew_of the situation and because the s_p_gtlal, high-level reasoning
role-allocation role is achieved is not specified, more socially capa- equired is well suited to human capabilities. However, requiring
ble RAPs can use exploit their sophisticated reasoning for deciding that the Fire Chief make too many role allocation decisions can
whether to accept the role, while less capable RAPs can rely on theOverload him and degrade performance. When civilians are trapped
relatively simple reasoning of their proxy to make a decision. For inside of damaged buildings, both robots and human paramedics
example, if responsibility for allocating a role of going into a burn- have capabilities that can assist in saving the people. Robots are
ing building is given to the proxy of a person, the proxy can ask the able to go into places unsafe for paramedics, while paramedics
person whether or not they wish to accept the role of going into the have the medical skills to help the injured people that the robots
building. have discovered. Working together they can perform the rescue job
The proxies are implemented as lightweight Java processes andP€tter than either can alone.
can run on various devices, including handheld computers. The

proxies work with the whole spectrum of RAPs, from relatively 3. RAP TEAM ARCHITECTURE

simple robots to_expert_ human users. The design of the proxies Robots, agents and people distinctly have different strengths and
makgs them eaS|Iy_ configurable ar_1d reysable across domains, thu%veaknesses. Creating teams of RAPs provides the possibility of
providing the multiagent community with a useful piece of soft- leveraging the diverse strengths of each RAP to overcome the lim-

ware for future _research. RAP teams, ut|I|z_|ng the proxy |nfras-' itations of the others. Engaging in teamwork imposes certain con-
tructure, are being evaluated in an urban disaster rescue domain,

- Straints on the team members (e.g., informing other team members
Current teams have up to 12 RAPs, co_ordmatmg on up to 500 rOleswhen there are successes or failures), which lead to desirable prop-
over a period of an hour in a simulation of an earthquake-struck

: ; : erties of group behavior[22]. Since team members have a respon-
city. Agents control rescue vehicles, people play supervisory roles,

and people and robots search buildinas for survivors. The team sibility towards each other, a team can achieve its goals robustly,
peop 9 ) with team members covering for failed teammates, supplying key



<TeamPlanTemplate Name="Fight Fire">
<Team><Id Name="Response Team"></ld></Team>

<Precondition>
<Key Name="location" Type="Input"></Key>
<Key Name="extinguished" Value="False"></Key>
</Precondition>

<Postcondition Type="achieved">
<Key Name="extinguished" Type="True"></Key>
</Postcondition>

<Role Name="FightFire" Label="Primary"></Role>

<Role Name="FightFire" Label="Secondary"></Role>
</TeamPlanTemplate>

Figure 2: Partial TOP for fire-fighting team plan.
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Figure 1: A proxy-based RAP team with a human “fire chief”,
agents controlling fire brigades (left), and paramedics and
robots (right) rescuing civilians.
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Figure 3: Proxy software architecture.

) ) o ) designed to run on a number of platforms including laptops and
|nf0rmat|0n to help eaCh Other, etc. BUIldII‘lg on pI’EVIOUS WOI’k, we handheld devices. A proxy's software is made up of five Compo_
have developed an infrastructure for coordinating RAPS that cou- nents (see Figure 3):
ples RAPs with proxies.  In addition to performing the tasks de-  ommunication: communication with other proxies
scribed in previous work, such as initiating and terminating team
plans, aiding recovery from failures and communicating informa-
tion, our proxies have additional features that make them unique.
These new features include the incorporation of adjustable auton-
omy reasoning (see Section 3.2), a novel role allocation algorithm mously or pass con_trol_to th? RAP
(see Section 4) and the representation of coordination tasks as rolesRAP Interface: communication with the RAP ]
Teams of RAP-proxy pairs exectifeam-Oriented Program(@OPs) Each component abstra_lcts away details allowing 'other compo-
[25, 17], abstract team plans that provide high-level descriptions of Nents to_ make its task easier. For exam_plt_e, the RAP interface com-
the activities to be performed. TOPs specify the team’s joint plans, Ponent is aware of what type of RAP it is connected to and the
and the inter-dependencies between those plans, but do not contaifin€thods of interacting with the RAP, while the adjustable auton-
all of the details of coordination and communication required. Such ©my component deals with the RAP as an abstract entity having
programs identify the domain capabilities required to perform each Particular capabilities. Likewise, the communication component
role, which helps in determining how best to allocate tasks to team Will be tailored to the RAP communication abilities, e.g., wireless
members. The team plans are reactively instantiated in response t®" Wired, but the coordination component will only be told available
events in the environment. The role allocation algorithms attempt bandwidth and cost of communication. The coordination, state and
to assign RAPs to the roles that are required in the plan. The prox- adjustable autonomy modules are domain independant, while the
ies can make small changes to the plan and dynamically change ascommunication and RAP Interface modules are domain specific.
signments of tasks to RAPs to better achieve the goals. Since roles A critical component in deploying the proxies is the mechanism
are only specified abstractly, individual RAPs are free to carry out by which they interact with their RAPs. The adjustable autonomy
their assigned tasks as they see fit, based upon their own capabilcOmponent is responsible for deciding what interaction should hap-
ities. In the current implementation, TOPs are specified in XML Pen with the RAP, but the RAP interface component manages that
and loaded by the proxies at runtime. Figure 2 shows a TOP, speci-interaction. The RAP interface component is the only part of the
fying a partial team plan to fight a fire in a particular building. The Proxy that needs to be designed for a specific type of RAP. These
plan has a precondition that there is a fire at some location and acomponents are very diverse, matching the diversity of the RAPs.
post-condition that the fire has been extinguished. There are twoFor example, the RAP interface for a person playing the role of
Fight Fire roles, labeled “Primary” and “Secondary”, that will be ~ fire chief in the disaster rescue domain is a large graphical inter-

Coordination: reasoning about team plans and communication
State: the working memory of the proxy
Adjustable Autonomy: reasoning about whether to act autono-

filled by RAPs capable of fire fighting. face, while for the fire brigades a simple socket communicating a
small, fixed set of messages is sufficient. Since the proxies inter-
3.1 Proxies act closely with their RAPs, it is desirable to have them in close

ft- physical proximity. For mobile RAPs, the proxies can be run on

handheld devices that communicate wirelessly with robots or, in
the case of a person in the field, via a graphical interface on the
handheld device.

“The proxies are public domain software and can be downloaded from http://www.isi.edu/teamcore/doc/Machinetta

The proxies are lightweight, domain-independent pieces of so
ware, capable of performing the activities required to work coop-
eratively on TOPS The proxies are implemented in Java and are




3.2 Proxy Algorithms

The beliefs in the state constitute the proxy’s knowledge of the  In this section, we focus on a central problem that motivates
status of the team and the environment. The state is a blackboard RAP teamwork: applying diverse RAP capabilities to tasks that suit
with components writing information to the blackboard and oth- those capabilities. To bring RAPS’ special capabilities to bear, itis
ers reacting to information posted on the blackboard. The proxy’s cfitical to make appropriate assignments of RAPS to roles within
overall execution is message driven. When a message comes irft téam. Previous role allocation algorithms have limitations that
from its RAP or from another proxy, a new belief is added to the Make them inappropriate for RAP teams, especially as the teams
proxy’s state. Any change to the state triggers two reasoning al- become larger and more roles are dynamically initiated and termi-

gorithms: CoordinationandAdjustable AutonomyEither of these ~ nated. In particular, we focus on three key weaknesses. First, pre-
algorithms may in turn change the belief state, which will once Vious work has not allowed RAPs with special abilities at role allo-

again trigger the algorithms. cation (or any other coordination tasks) to exercise those abilities.
Algorithm 1 shows the Coordination algorithm, which instanti- Second, previous algorithms typically incur unacceptable compu-
ates the theory gbint commitmen{8] as operationalized by STEAM. tational overhead in striving for optimal allocations. For example,
The functionsestablishJointCommitmeandendJointCommitment ~ role-allocation algorithms based on capability analysis [24], com-
establish or terminate commitments by communicating with other binatorial auctions [6], and BDI theory [19] all have computational
proxies when a new belief triggers the start or end of a team plan. Féguirements that can overly burden the team. Moreover, these al-
The functioncommunicate?returns true if the new information  90rithms often maintain a strict separation between role-allocation
about the RAPs changing capabili@dpabilityinformation or its and role-execution phases, which is infeasible with the asynchrony
progress towards achieving its role(®oeProgressshould be com- mhergnt in large, dlstn_buted teams. _Fln_ally, some role-allocation
municated to others. This function encapsulates previous work algorithms rely on a reliable communication network and/or a con-
on determining policies for communicating such information with Sistent set of “neighbors”.  For example, an approach based on

team members[15]. constraint satisfaction [12] organizes the inter-RAP communica-
tion into a tree structure that is subject to failure if individual links
Algorithm 1: Coordination break down. Such algorithms typically include all the team mem-
COORDINATION(B;yn) bers in the negotiation, although, in many RAP teams, only a small
(1) foreachb € By, percentage will be able to fulfill a particular role.
@ if B _ b We present a novel role-allocation algorithm that addresses these
is Capabilitylnformationor RoleProgress limitations and is thus suitable for coordinating RAP teams in highly
?3) if communicate?(b) d ic d . The algorith i individual RAPS ei-
(4) sendToOthers(b) ynamic domains. e algorithm relies on individual s ei
(5) else ifstartTeamPlan a?(b) ther accepting offered roles or passing them on to another RAP
(6) establishJointCommitment(a) that may be able to perform the role. Notice that all roles are the
(7 ALLOCATEROLETOlE( ) shared responsibility of the team, a concept we inherit from the the-
(8) else ifendTeamPlan a?(b) ory of joint intentions. The passing around of roles is done while
) end.JointCommitment() RAPs continue with their current roles thus avoiding having a sep-

(10) retum Bout arate allocation phase. A key to this algorithm, for the purposes

The Adjustable Autonomy algorithm (Algorithm 2) is responsi- of RAP teams is the flexibility that a proxy has to handle a role
ble for managing the interactions between the proxy and the RAP. offer. The adjustable autonomy allows the proxy to take as much
Theif statement beginning on Line 2 shows the basic processing or as little autonomy over coordination decisions as the situation

that the proxy performs when its RAP is offered a ratdg offer) warrants. Thus, more socially capable RAPs can utilize their abili-
or is now responsible for a new rolagw rolg, e.g., by the proxy ties to make good choices about whether to accept a role and make
having autonomously accepted it. THfeuld R A Pbe Asked? func- good choices about whom to pass the role onto. There is no preset

tion is the “core” of adjustable autonomy reasoning and is responsi- order in which roles must be passed on; thus, there is no reliance
ble for deciding whether or not this particular coordination decision on particular communications links or RAP availability. In fact, a
should be handled autonomously by the proxy or by the RAP. In the proxy’s and RAP’s knowledge of the other RAPs can be very lim-
case of a role offer, it decides whether to act autonomously and, if ited, as they need only know the identity of some other RAP(s) that
so, decides whether or not to accept the role on behalf of the RAP may potentially be able to perform the role. If a RAP is currently

(see next section for more detail). executing a role when offered a new role and it cannot perform both
in parallel, it can take the new role if it has higher preference, ca-
Algorithm 2: Adjustable Autonomy pability, priority, or whatever other factors it deems important for
ADJUSTABLEAUTONOMY(Bin) choosing between the roles. The simple process of accepting or
(1) foreachb € Bip rejecting a role and passing it on places only minimal computation
(g) if b 'i rgf;ffer ble of rol and communication requirements on the proxies and RAPs, mak-
E4g ! if s'ffofzz; : Pc;) erflsek od? ing the algorithm appropriate for large dyn_amic teams. Moreov_er,
(5) Ask RAP roles need not be offered to RAPs clearly incapable of performing
(6) else ifaccept autonomously? the roles, potentially a considerable saving. Notice, however, that
g; | Byt + role accepted this algorithm will generally not find optimal solutions.
else

) i s e e fole rejected 4.1 Definition of Role Allocation Problem
(10) else ifb is new role '
(11) Tell RAP it hash In trying to allocate roles for a team of RAPs, we model each
(12) retumn Bout RAP as being in a space of possible stafs The states of interest

in this case are those dynamic features of the RAP that influence
its capability to perform tasks. For example, fire brigade agsnt
4. ROLE ALLOCATION local state spaces;, could consist of all possible combinations of



brigade positions and water levels. We define the set of domain-

level and coordination-level rolek, to be the set of all possible

After recursively calling the role-allocation algorithm for this
new role-allocation role (Line 4), the proxy attempts to find a RAP

task instances (e.g., extinguishing a fire, allocating a role) that can capable of performing the domain-level role (Line 5). It first con-

arise during the RAP team'’s execution. Each such role,R, has

its own set of possible stateS,. For example, a role associated
with extinguishing the fire in a particular building would have state
information representing the severity of the fire.

4.1.1 RAP Capabilities

siders whether it could allocate the role to its RAP by invoking its
adjustable-autonomy algorithm (Line 6). If its RAP is potentially
capable of performing the role, the proxy engages in adjustable au-
tonomy reasoning to decide whether it will autonomously decide
to reject or accept the role on behalf of the RAP or whether it will
ask the RAP to make the decision. If the role is accepted (either

To match RAPs to roles, we require a representation of each autonomously or by the RAP itself), the role-allocation-role termi-

RAP’s ability to successfully execute each role. As a starting point,

nates and the accepting RAP takes on responsibility for the domain-

we assume that the architecture has a quantitative representatiortevel role (Line 9).

of each RAP’s dynamic capabilities. The heterogeneity of RAP

teams requires such a quantitative representation, because although
there may be many RAPs capable of filling a role, not all of these

RAPs will be equally capable. Therefore, we need a capability

specification that distinguishes among the different levels of ca-

pability among the RAPSs, in addition to the different capabilities
themselves.

More precisely, we represent the capabilities of a RA&S a
function,¢; : S; x R — [0, 1], that maps the RAP’s current state

and a possible role into a quantitative estimate of that RAP’s ability

to succeed at the given role. For example, for a fire brigadiee

capability function would represent the fact that increased distance

from a building diminishes ability to put out a fire at that building in
atimely fashion (e.gg; (pog(i), extinguish(j)) = ¢~ IPOSH-POIl
For the architecture to exploit such capability information in allo-

cating roles, the proxies must have up-to-date knowledge of each

RAP’s current local state.

4.1.2 Role Priorities

Just as the heterogeneity of RAP teams means that not all RAPs

are equal, the complexity of RAP domains means that naokb

Algorithm 3: AllocateRole

ALLOCATEROLE(r)

(1) if no one is assigned to

) create role-allocation role!, for r
assign myself to’
ALLOCATEROLE(r)

else ifl am assigned to
B < ADJUSTABLEAUTONOMY(r)

(@) Append myself taskedr)

(8) if role accepted= B

9) RAP executes role

(20) else

(11) if |askedr)] <  maxAsked-
|capablér)|

(12) Assign selecfcapablgr) \

askedr)) tor

(23) else

(14) De-assign myself from

(15) ALLOCATEROLE(r)

(16) else

a7) do nothing

On the other hand, if the RAP rejects the role (Line 10), the
proxy’s role-allocation-role requires that it attempt to find another

are equal. For example, fires vary in severity, as well as in the value o A p We use thenaxAskegarameter to control how many of the

of the building at stake (e.g., due to human lives being at risk). We

model the distinctions among roles by associatingriarity with
each. The priority of a role;, maps its state (e.g., severity of fire)
into a total ordering over rolegs, : S, — [0, 1]. Unlike capabil-
ities, priorities may be unknown to the RAPs and their proxies in
advance. The job of determining the priority of a role is a special-

capable RAPs we will try before giving upare asked before the team
“gives up” (Line 11). Notice that a single proxy will only transfer
the role to one RAP, then that RAP may in turn pass it to another
RAP. Hence, thenaxAskecparameter is equivilent to the number
of RAPs the role allocation role visits. Tlselectprocedure in Line

12 of Figure 3 represents the proxy’s decision in choosing such a

ized coordination role that could be allocated to a RAP with special oap based on some representation of the other RAPS in its team.

skills for determining priorities of roles. For example, the fire chief
may be able to provide up-to-date prioritization information on the

How much a proxy knows about other RAPs will vary. It will con-
sider passing a role to another RAP and proxy unless it has specific

fires, but the fire brigades themselves may not have that Capab”'knowledge that that RAP is incapable of performing the role. In-

ity. Just as with capabilities, we can also represent the imperfect
knowledge that the RAPs have with an approximation of the true

priority.
4.2 Role Allocation Algorithm

Figure 3 shows pseudo-code for our new role allocation algo-
rithm. The rest of this section presents a high-level description of

the algorithm, as well as some of the intuitions that motivate its
designs and that underly its operations.

stead of directly asking the other RAP itself, the proxy passes re-
sponsibility for the role-allocation-role to the other RAP’s proxy.
The newly responsible proxy then follows the same process as the
originally responsible RAP, with one key difference. By keeping
track of all of the past RAPs responsible for this role (in éisked
set, updated in Line 7), we guarantee that the newly assigned RAP
will not simply pass the role-allocation-role back to the original
proxy.

A proxy may not always be able to find an appropriate RAP to

New domain level roles are created by the progression of team yich to pass a role-allocation-role or the role-allocation-role may
plans. Initially, there is no RAP assigned to a newly created domain- ,ave heen transferred to more thaaxAskedRAPS (Line 13). In

level role. The unassigned role triggers the creation obla-
allocation-role with the responsibility of assigning a RAP to the
domain-level role (Line 2). By default, the proxy that creates the
role-allocation role is initially responsible for performing that fole
(Line 3).

such a situation, the proxy is failing at its role and attempts to re-
allocate the role-allocation role to a RAP who may be in a better
position to do the reallocation (Line 14). Through another recur-
sive call to our role-allocation algorithm (Line 15), we essentially
move up another meta-level away from the original domain-level

3This simply prevents a recursion of role creations and is reason- role. In other words, reallocating the role-allocation-role triggers
able since, unlike the domain-level role, it is the proxy taking re- Yet another role, this one to reallocate the role-allocation-role (i.e.,
sponsibility not the RAP. arole-allocation role-allocation-rolg By moving up a meta-level,



the algorithm eventually transfers responsibility to a RAP who is
especially capable at such role allocations.

To make the algorithm more concrete, consider the following
example. Fire brigadel is fighting a fire in building 1, while
fire brigadeB is fighting a fire in building 2. A fire chief is at
headquarters collecting information from a variety of sources. Fire
brigadeA notices another fire in building 3. This observation trig-
gers a plan to fight the in building 3, which in turn triggers the
role fire fighterwithin that new plan. The proxy for fire brigade
A invokes the role-allocation algorithm for this new role. Follow-
ing our algorithm, it automatically creates a role-allocation-role for
the unassignefdire fighterrole. The proxy decides that it should cess (e.g., by triggering a “determine priority” role).
autonomously accept/reject the role for its fire brigade agent. Itde- Regarding RAP capabilities, if our role-allocation uses the exact
cides to reject the role, since the fire brigade is already engaged indynamic, quantitative capabilities;, then the proxies can perhaps
fighting another fire. It decides to pass the role-allocation role to make high-quality allocations on their own, without appeal to an al-
the proxy of fire brigadeB. Fire brigadeB’s proxy also decides location expert RAP. We would expect that use of an approximate
to act autonomously on behalf of the fire brigade in rejecting the ¢; would lead to lower-quality autonomous allocations, but would
role. Fire brigadeB’s proxy has no other capable RAP to pass the reduce the number of messages sent to update each RAP’s local
fire fighterrole onto. So a reallocation of the role allocaion role is  state. This distinction also affects tkelectprocedure in the A-
required. The fire chief is a specialist at role reallocation, so fire LOCATEROLE algorithm. Accurate capability knowledge allows
brigade B’s proxy passes the role to the chief's proxy. The fire the proxy’s to pass the role on to the most able RAP available,
chief’s proxy offers the role-allocation-role to the chief, who ac- rather than simply passing it on to the first one found.
cepts it. The chief has information that building 3 contains young  Regarding role priorities, again, if our role-allocation uses the
children while building 1 is largely empty. The chief performs its exact, quantitative informatiom,., for each roler, then the prox-
role by reassigning fire brigade A to building 3. The newly aban- ies can make high-quality autonomous allocations. However, to
doned role for fighting the fire in building 1 cannot be allocated ina acquire this precise priority information, the proxies must typi-
distributed manner, so eventually a role to do the role-allocation is cally appeal to a role-prioritization expert RAP (e.g., a fire analyst).
created and sent to the chief, who will “hold” the role until either a Thus, there is a tradeoff between the amount of effort the exact in-
fire brigade becomes available or the plan becomes irrelevant (e.g. formation saves the allocation expert and the additional effort now
because the fire burns out). burdening the prioritization expert. If the role-allocation uses the

Clearly, this algorithm will not always find optimal allocations approximate, binary priority information, then the tradeoff swings
of RAPs to roles. We could improve the quality of the allocations to the opposite direction.
by improving the decision making underlying the proxies’ accep-
tance/rejection of roles and by improving the choice of RAP to § 2 Experimental Setup

which to pass rejected roles. However, we can potentially achieve in desianing thi bedi lore diff |
more improvement by creating role-reallocation roles for several Our purpose in designing this testbed is to explore different styles
of coordination among RAPs and their effects on team performance.

Eglrese?ﬁg Zeg%ggs)ilé:h;r;%'gf::}'ggﬁggg :g::satsosiancriﬁ?le_rﬁeA;We have presented several dimensions along which our proxy ar-
P P 9 : chitecture can vary its coordination behavior, but given the time re-

role-allocating expert RAPs can work on finding improved alloca- quired for experimentation (a single run requirés minutes), we

tions while the RAPs continue to execute their own roles. h . . .
ave performed an exploration over a subset of these dimensions,
rather than a shallower breadth-first approach. In particular, we fo-
5. TESTBED AND EXPERIMENTS cus on two factors: the complexity of the environment and the point
The role-allocation procedure is not a single algorithm, but rather at which roles were allocated to people. Our aim is to gain insight
represents a space of possible algorithms that are easily realizablénto the benefits (and potential drawbacks) of giving people the op-
through variation of its parameters. The resulting implementation portunity to make coordination decisions. To isolate these benefits,
of this procedure within our proxy architecture provides us with we used a RAP team consisting of a single person (as fire chief)
an invaluable testbed for empirical analysis of the space of role- and a number of agent-controlled fire brigades. We have omitted
allocation algorithms. This section presents the results of our ex- robots from the team for the purposes of this particular experiment.
ploration of parts of this space and the implications for RAP teams.  Along the dimension of domain complexity, we varied the num-
. ber of fire brigades, with one configuration using 3 and another
5.1 Role Allocation Testbed using 10. Along the dimension of allocating roles to people, we
There are a number of decision points and parameters in theused three extreme parameter settings to vary the degree of control

ing up. VaryingmaxAskedhroughout this range produces distinct
algorithms that produce different loads on role-allocation expert
RAPs (e.g., a fire chief).

Furthermore, our role-allocation algorithm can take its input on
RAP capabilities and role priorities in different forms, as described
in Section 4.1. When a proxy autonomously decides whether to ac-
cept a role or not (as modeled by trectept autonomoush deci-
sion in Algorithm 2), it weighs its current role against the newly
offered one (e.g., is the new fire higher priority?). Information
required to make such a determination (e.g., priority information)
may generate new roles that undergo this same role-allocation pro-

role-allocation algorithm of Figure 3 that offer a system designer
a dimension of control over the coordination reasoning. For ex-
ample, themaxAskegbarameter controls the number of other RAPs
that should be tried before creating a role-allocation-role-allocation
role. If maxAskeg: 0%, a proxy whose RAP cannot (or will
not) take on the role will give up and immediately create a role-
allocation-role-allocation role. haxAskeg 100%, the algorithm

ensures that all capable RAPs are offered the role once before giv-

ing up. At the extreme, a special settingméxAskee: co means

that the person has over role allocations: (i) the agents give up con-
trol as soon as the first agent rejects the rolaXAsked= 0%), (ii)
the agents give up control only aftelt of the agents have rejected
the role oncerfiaxAsked= 100%), and (iii) the agentsevergive
up control (naxAsked= oo). We fixed every other aspect of the
initial state, i.e., the fire brigades had fixed starting positions, and
there were two predetermined fire ignition locations.

The fire chief interface consists of two frames. One frame shows
a map of the city, displaying labeled markers for all of the fires that

that the capable RAPs repeatedly pass the role amongst themselvekave been found, the positions of each fire brigade, and the location

(with each getting offered the role multiple times) without ever giv-

of the role each fire brigade is assigned to. The fire chief does not



# Brigades|| maxAskeet 0% | maxAskee 100% | maxAskeet oo # | max|| Domain | Fire Chief | Tasks % Tasks
3 58(3.56) 73(16.97) 74(0.71) Brigs.| Asked Roles Roles Performed Performed
10 52(19.09) 42(14.00) 73(4.24) 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)
Table 1: Domain-level performance scores. 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
have direct access to the simulation state through the simulator it- Table 2: Role and fire-chief task metrics.
self, butis instead updated according to only the messages received i i
by the fire chief’'s proxy. Therefore, the fire chief may be viewing Fire Chief || Score | Tasks Performed % Perf;)rmed
a delayed picture of the simulation’s progress. The other frame g g'gé 4212 égoﬁ
displays a list of all of the role-allocation tasks that have been allo- C 0.31 42 3204

cated to the fire chief. By clicking on a task, the relevant capability
information about each fire brigade is shown. The right-side win-
dow lists the fire brigades’ distances to the fire, their water levels,
and the roles they are currently performing. The fire chief can then

view this data and find an appropriate agent to fuffill the role. son is handed role-allocation roles immediately. Thus, the ability
We conducted tests with three different fire chiefs. Each com- of our role-allocation algorithm to exploit the special coordination
pleted several practice runs with the simulation prior to eXperiments Capabi"ties of pe0p|e has provided a dramatic improvement in the
in order minimize any learning effects. Each scenario was run for performance of our RAP team.
100 time steps, with each step taking 30 seconds. The total data We can observe the heterogeneity introduced by people by clus-
presented here represents 20 hours of run-time with a human in thetering our statistics by person rather than by configuration. Each
loop. row in Table 3 represents the mean statistics of one of our three dif-
. ferent fire chiefs. The “Tasks Performed” column counts the num-
5.3 EXperlmental Results ber of firefighting allocations performed by the fire chief, while the
Table 1 shows the team’s domain-level performance across eachry, Performed” column measures that count against the number of
experimental configuration. The scoring function measures how total firefighting allocations assigned to the fire chief by the proxy
much of the city was destroyed by fire, with higher scores rep- architecture. Given the small sample size, we cannot draw any con-
resenting worse performance. The table shows the mean scoreglusions about a person’s expected behavior. On the other hand, it
achieved, with the standard deviations in parentheses. Examiningis clear that we can expect a great deal of variance in behavior.
our two dimensions of interest, we can first compare the two rows For example, although fire chiefs and B achieve roughly similar
to examine the effect of increasing the complexity of the coordina- mean scores, they do so in very different ways. In fact, our proxies
tion problem. In this case, increasing the number of fire brigades can expect fire chiefl to be half as likely as fire chieB to respond
improves performance, as one might expect when adding resourceso a task request. On the other hand, fire cliieis about equally
while keeping the number of initial tasks fixed. likely as A to respond, and’ performs roughly the same number
However, we can dig a little deeper and examine the effect of of tasks asB, yetC' achieves only half the score as the other two.
increasing complexity on the fire chief’'s performance. In the sim- Thus, it appears unlikely that we can easily classify people’s ca-
pler configuration, asking the fire chief earlier (imaxAskee 0) pabilities, since, for even the relatively few dimensions measured

improves performance, as the team gets a head start on exploitinghere, our human fire chiefs show no generalizable characteristics.
the person’s capabilities. On the other hand, in the more complex

configuration, asking the fire chief earlier has the opposite effect.
To bgtter understan%l the effect of varying the pointht which we 6. RELATED WORK
assign roles to people, Table 2 presents some of the other statistics Proxy-based integration architectures are not a new concept, how-
we gathered from these runs (mean values, with standard deviationever no previous architecture has been explicitly designed to have
in parentheses). With 3 brigades, if we count the mean number of robots, agents and people in the same team. Furthermore, all pre-
roles taken on by the fire chief, we see that it stays roughly the vious arhitectures aspire to give all coordination responsibilities to
same (401 vs. 407) across the tmaxAskedettings. In this case,  the system, thus preventing humans from making coordination de-
asking the fire chief sooner, allows the team to exploit the person’s cisions. Jennings’s GRATE* [7] uses a teamwork module, imple-
capabilities earlier, without much increase in his/her workload. On menting a model of cooperation based on the joint intentions frame-
the other hand, with 10 brigades, the fire chief’s mean role count work. Each agent has its owaooperation levemodule that nego-
increases from 563 to 716, so although the proxies ask the fire chieftiates involvement in a joint task and maintains information about
sooner, they are imposing a significant increase in the person'sits own and other agents’ involvement in joint goals. Jones [8],
workload. Judging by the decreased average score in the bottomFong [21], Kortenkamp[11] and others have worked on improving
row of Table 1, the increased workload more than offsets the ear- collaboration between groups of robots and a single person, though
lier exploitation of the person’s capabilities. Thus, our experiments these approaches to robotics teams have not explicitly used prox-
provide some evidence that increasing domain-level scale has sig-ies. The Electric Elves project was the first human-agent collab-
nificant consequences on the appropriate style of interaction with oration architecture to include both proxies and adjustable auton-
human team members. omy[2]. COLLAGEN [18] uses a proxy architecture for collabora-
Regardless of the variation of human behavior across scale, thetion between a single agent and user. Payne et al[23] illustrate how
data demonstrates that exploiting human capabilities does, in fact,variance in an agent’s interaction style with humans affects perfor-
improve overall team performance. We see this most clearly by mance in domain tasks. Tidhar [25] used the term “team-oriented
examining the rightmost column of Table 1, which represents the programming” to describe a conceptual framework for specifying
results when the agents make all of the decisions. These scores areeam behaviors based on mutual beliefs and joint plans, coupled
significantly worse than the leftmost data column, where the per- with organizational structures. The framework also addressed the

Table 3: Statistics for each Fire Chief.
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