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Abstract.  When large heterogeneous robot and agent teams operate in
the real-world, it is essential that a human operator has ove rall control
to ensure safety. However, giving an operator the required control is dif-
cult due to the complexity of the activities such teams enga ge in and
the infeasibility of simply stopping the team whenever huma n input is
required. Our approach to interaction in such a context has t hree key
components which allow us to leverage human expertise by giving them
responsibility for key coordination decisions, without ri sks to the coordi-
nation due to slow responses. First, to deal with the dynamic nature of
the situation, we use pre-planned sequences of transfer of ontrol actions
called transfer-of-control strategies . Second, to allow identi cation of key
coordination issues in a distributed way, individual coord ination tasks
are explicitly represented as coordination roles, rather t han being im-
plicitly represented within a monolithic protocol. Such a r epresentation
allows meta-reasoning about those roles to determine when human input
may be useful. Third, the meta-reasoning and transfer-of-c ontrol strate-
gies are encapsulated in a mobile agent that moves around thegroup to
either get human input or autonomously make a decision. In th is paper,
we describe this approach and present initial results from interaction
between a large number of UAVs and a small number of humans.

1 Introduction

Recent developments in a variety of technologies are openinup the possibility
of deploying large teams of robots or agents to achieve comgik goals in complex
domains[1, 2]. In domains such as space[3], military[4], daster response[5] and
hospitals[6], hundreds or thousands of intelligent entites might be coordinated
to achieve goals more cheaply, e ciently and safely than they can currently be
performed. Several interacting, distributed coordination algorithms are required
to exibly, robustly and e ciently allow the team to achieve their goals in com-
plex, dynamic and sometimes hostile environments. The key lgorithms may
leverage a range of approaches, from logic[7] to decisiohgoretic reasoning[8]
to constraint satisfaction[9] to achieve their requiremers. Since these teams are
acting in real-world environments they are capable of causig harm and hence
safety is a key requirement of deployment. However, traditonal notions of, and
approaches to, safety may not always be enough. For examplén some situa-
tions, in domains like rescue response, there may be no way nbt causing some



harm, but the harm (or risk) must simply be minimized. Moreover, approaches
such as stopping when there is risk are typically not applicéle because stopping
the team may also cause signi cant harm.

Our hypothesis is that safety in large teams should be achiesd by empower-
ing humans to make critical decisions when incorrect decisins can cause physi-
cal, nancial or psychological harm. These critical decisons include not only the
decisions that, for moral or political reasons, humans mustbe allowed to make
but also coordination decisions that humans are better at m&ing because of
their particular cognitive skills. The key assumption is that giving responsibility
for such decisions to a human, even in systems with the best degned and most
reliable software, improves the overall safety. In some ca&s, human insight can
result in better decisions (and hence better behavior) thanwould be achieved
by following, typically sub-optimal, coordination algori thms. For example, allo-
cating agents to tasks, taking into account potential future failures is extremely
complex[10], however humans may have experience that allethem to rapidly
make reasonable decisions that take into account future fdires. In other cases,
human experience or simply preference should be imposed ohd way the team
performs its tasks. Human decision making may be of a higheruplity because of
access to tool support or information that is not available to agents in the team.
It is not necessarily the case that a human would make a betterdecision with
the same resources as the agent. If better coordination re#ts in lower costs,
damage or harm (or risk thereof) then developers are obligedo give responsi-
bility for decisions which humans can make better to those hmans. However,
that human decision-making is a valuable and expensive resmce and its use is
not without cost. Much work has looked at how and when to trander control of a
critical decision from a single agent to a single person to ulize human expertise
in critical situations[11, 12]. While some decisions to be rade in the context of
coordination are e ectively isolated from other activitie s of the team, and hence
the previous work is applicable, there are an additional clas of decisions due to
coordination, that are not covered by the previous work. In ©me cases, multi-
ple entities are involved and coordination continues whilethe decision is being
made, introducing the possibility of mis-coordination.

To allow humans to make these critical decisions in the contet of coordi-
nation is an interesting challenge. First, it is infeasible for humans to monitor
ongoing coordination and intervene quickly enough to make lhe critical decisions
unless the team explictly transfers control of the decisionto the human. Since
the coordination is distributed, the complete state of the team will typically
not be completely known by any individual member of the team. Moreover, in
a su ciently large team or su ciently dynamic domain, it wil | be infeasible to
continually present an accurate picture of the team to any otserver. Thus, the
team must proactively transfer control of key decisions to luman experts. Sec-
ond, even when decision-making control is explicitly givenin a dynamic domain,
with many possible decisions to make, human decision-makgwill not always be
available or cannot be made quickly enough to allow the team® continue to op-
erate correctly. It should not be the case that delays in making decisions intended



to improve coordination end up causing miscoordination. Thrdly, there may be
multiple human experts who can make decisions and the decisns should be
sent to the expert in the best position to make them in a timely manner. These
three problems have not been adequately addressed by a conapé solution in
previous work. An e ective solution must identify decisions where human input
is necessary or useful in a distributed way then transfer cotnol of those decisions
to humans capable and available to make those decisions witut compromising
ongoing coordination with decision-making delays.

In this paper, we present an approach emboding three key idea To allow
the team to identify critical decisions to be made by humans,we usecoordina-
tion meta-reasoning which uses heuristics to nd coordination phenomena that
may indicate problems. For example, when there are two high isk alternative
courses of action that the team cannot autonomously distingish, humans may
draw on additional experience to choose between. We explity represent coor-
dination tasks, such as initiating a team plan or allocating a resource, explicitly
via coordination roles allowing meta-reasoning to simply identify cases where
role performance is poor. Critically, the meta-reasoning $ performed \out in the
team”, based on local information of individual team membeis and hence does
not rely on an aggregation of coordination information at sane central point.
However, distributed identi cation of decisions for potential human input is a
double edged sword: on the one hand it removes the need to geate and main-
tain a centralized state, but on the other it means that identi cation must be
performed with only local knowledge, resulting in less accrate identi cation of
key decisions.

The second part of our approach is that when a decision is to benade by
a human, atransfer-of-control strategy is used to ensure that lack of a timely
response does not negatively impact the performance of theeam[13]. A transfer-
of-control strategy is a pre-planned sequence of actions #t are designed to
balance the bene ts of getting human input against the costsof that input not
coming in a timely manner. Each action in a transfer-of-contol strategy either
transfers decision-making control to some entity, human oragent, or takes an
action to buy more time for the decision to be made. Previous}, a mathematical
model of transfer-of-control strategies was presented andperationalized via
Markov Decision Processes[14]. In that work, although the mthematical model
supported the possibility of having multiple humans available to give input,
experimental results used only one human expert. In this wok, we make multiple
human experts available to the agent team and allow the tranger-of-control
strategies to reason about transferring control to each. Peple are modelled by
the types of meta-reasoning they can perform and the agents aintain models
of what tasks each person is currently performing, in order ¢ create appropriate
transfer-of-control strategies.

We are embedding the approach to human interaction with teans into coor-
dination software called Machinetta[14]. Using Machinetta, each team member
is given aproxy which encapsulates the coordination reasoning and works
other proxies to achieve the coordination. Coordination rdes are encapsulated



within simple mobile agents. Thus, each Machinetta proxy at¢s as essentially
an intelligent mobile agent platform and the mobile agents nmove around the
network to achieve the coordination. For example, there wil be a mobile agent
for nding a team member to perform a particular task and another to pass on
a piece of potentially useful information. The third aspect of the approach to
human interaction with teams is to create an additional type of mobile agent,
called an adjustable autonomy agentthat encapsulate pieces of the interaction
with humans. An adjustable autonomy agent is created when a poxy identi-
es some situation that may require human input, then creates and executes a
transfer-of-control strategy to get the required input while minimizing costs. The
adjustable autonomy agents can also encapsulate the intéfjence required to x
the problem, if the transfer-of-control strategy decides a autonomous action is
the best way forward.

The approach was evaluated in a simulation of 80 WASMs and twchuman
decision-makers. These preliminary experiments did not imolve real humans, but
were designed to understand the working of the underlying aproach. Many de-
cisions were identi ed for meta-reasoning and adjustable atonomy agents e ec-
tively chose between autonomous and human decision-makinp ensure timely
decisions. However, some additional issues related wereeinti ed, including the
need to prioritize decisions that might be presented to the luman and the need
to tune heuristics so to limit the number of meta-reasoning decisions.

2 Wide Area Search Munitions

Our current domain of interest is coordination of large groyps of Wide Area
Search Munitions (WASMs). WASMs are a cross between an unmamed aerial
vehicle and a standard munition. The WASM has fuel for about 3 minutes of
ight, after being launched from an aircraft. The WASM canno t land, hence it
will either end up hitting a target or self destructing. The sensors on the WASM
are focused on the ground and include video with automatic taget recognition,
ladar and GPS. It is not currently envisioned that WASMs will have an ability
to sense other objects in the air. WASMs will have reliable hih bandwidth com-
munication with other WASMs and with manned aircraft in the e nvironment.
These communication channels will be required to transmit dta, including video
streams, to human controllers, as well as for the WASM coordiation.

The concept of operations for WASMs are still under developrent, however,
a wide range of potential missions are emerging as interestj[15, 16]. A driv-
ing example for our work is for teams of WASMs to be launched fom AC-130
aircraft supporting special operations forces on the groud. The AC-130 is a
large, lumbering aircraft, vulnerable to attack from the ground. While it has an
impressive array of sensors, those sensors are focused dihg on the small area
of ground where the special operations forces are operatingaking it vulnerable
to attack. The WASMs will be launched as the AC-130s enter thebattlespace.
The WASMs will protect the ight path of the manned aircraft i nto the area
of operations of the special forces, destroying ground badehreats as required.



Once an AC-130 enters a circling pattern around the specialdrces operation, the
WASMs will set up a perimeter defense, destroying targets obpportunity both
to protect the AC-130 and to support the soldiers on the grourd. Even under
ideal conditions there will be only one human operator on boad each AC-130
responsible for monitoring and controlling the WASMs. Hence, high levels of
autonomous operation and coordination are required of the VASMs themselves.
However, because the complexity of the battle eld environnment and the severe
consequences of incorrect decisions, it is expected that man experience and
reasoning will be extremely useful in assisting the team in ectively and safely
achieving their goals.

Fig. 1. A screenshot of the WASM coordination simulation environme nt. A large group
of WASMS (small spheres) are ying in protection of a single a ircraft (large sphere).
Various SAM sites (cylinders) are scattered around the environment. Terrain type is
indicated by the color of the ground.

Many other operations are possible for WASMs, if issues retad to coordi-
nating large groups can be adequately resolved. Given theirelatively low cost
compared to Surface-to-Air Missiles (SAMs), WASMs can be ued simply as
decoys, nding SAMs and drawing re. WASMs can be used as commnication
relays for forward operations, forming an adhoc network to povide robust, high
bandwidth communications for ground forces in a battle zone Since a WASM
is \expendible", it can be used for reconnasiance in dangengs areas, providing
real-time video for forward operating forces. While our domain of interest is
teams of WASMs, the issues that need to be addressed have céoanalogies in
a variety of other domains. For example, coordinating resorces for disaster re-

sponse involves many of the same issues[5], as does intadliy manufacturing[17]
and business processes.



3 Coordination Meta-Reasoning

In a large scale team, it will typically be infeasible for a human (or humans) to
monitor ongoing coordination and pre-emptively take actions that improve the
overall coordination. This is especially the case becausené complete state of
the coordination will not be known at any central point that ¢ an be monitored.
Each team member will have some knowledge of the overall sysin and human
users can certainly be given more information, but the commuication required
to have the complete coordination state continuously knownby any team mem-
ber are unreasonable. In fact, even if complete state were nde available to a
human, we believe it would be too complex and too dynamic for he human to
reasonably make sense of. Hence, the team must, in a distribed way, identify
situations where human input may improve coordination and eplictly transfer
responsibility for making that decision to a human.

Due to the computational complexity of optimal decision-making, coordina-
tion of large teams is typically governed by a set of heuristts. The heuristics may
be developed in very prinicipled ways and be provably near ofimal in a very
high percentage of situations that will be encountered. Howver, by their nature,
heuristics will sometimes perform poorly. If these situatons can be detected and
referred to a human then overall performance can be improvedHowever, this
is somewhat paradoxical, since if the situations can be redibly and accurately
identi ed then, often, additional heuristics can be found to perform well in that
situation. Moreover, performance based techniques for id#ifying coordination
problems, i.e., reasoning that there must be a coordinatiorproblem when the
team is not achieving their goal, are inadequate, because isome cases, optimal
coordination will not allow a team to achieve its goal. Hencemeta-reasoning
based on domain performance will say more about the domain thn it will about
the coordination.

Typical approaches to multiagent coordination do not explicitly represent the
individual tasks required to coordinate a group. Instead, the tasks are implicitly
captured via some protocol that the group executes to achies coordination. This
implicit representation makes meta-reasoning di cult bec ause speci c issues can
be di cult to isolate (and even more di cult to rectify.) By e  xplicitly represent-
ing individual coordination activities as roles, it is more straightforward to reason
about the performance of those tasks[14]. Individual coorohation tasks, such as
allocating a resource or initiating a team plan, represente as explicit roles, can
be monitored, assessed and changed automatically, sincedis are decoupled from
other coordination tasks.

In practice, autonomously identifying coordination problems that might be
brought to the attention of a human expert is imprecise. Rather than reliably
nding poor coordination, the meta-reasoning must nd potentially poor coor-
dination and let the humans determine the actually poor coodination. (In the
next section, we describe the techniques that are used to ense that this does
not lead to the humans being overloaded.) Notice that while ve allow humans to
attempt to rectify problems with agent coordination, it is ¢ urrently an open ques-
tion whether humans can actually make better coordination decisions than the



agents. To date, we have identi ed three phenomena that may e symptomatic
of poor coordination and bring these to the attention of the human:

{ Unlled task allocations. In previous work, meta-reasoning identi ed unallo-
cated tasks as a symptom of potentially poor coordination[#]. When there
are more tasks than team members able to perform tasks, someilwneces-
sarily be unallocated. However, due to the sub-optimality d task allocation
algorithms?, better overall performance might be achieved if a di erent task
was left unallocated.

When a role cannot be allocated, three things can be done. Fit, the role
allocation process can be allowed to continue, using commication resources
but getting the role allocated as soon as possible. Secondhé role allocation
process for the role can be suspended for some time, allowitige situation

to change, e.g., other roles completed. This option uses lescommunication
resources but potentially delays execution of the role. Thidly, the role and

its associated plan can be cancelled. Choosing between theeghree options
is an ideal decision for a human since it requires some estirtea of how the
situation will change in the future, something for which human experience
is far superior to an agents. If a human is not available to mak a decision,
the agent will autonomously decide on suspending the allod&n of the role

for some time, letting the role allocation continue.

{ Untasked team membersWhen there are more team members than tasks,
some team members will be untasked. Untasked physical team embers
might be moved or recon gured to be best positioned for likey failures or
future tasks. Potentially, the team can make use of these tea members to
achieve goals in di erent ways, e.g., with di erent plans using more team
members, or preempt future problems by assigning untaskedeam members
to preventative tasks. Thus, untasked team members may be syptomatic of
the team not e ectively positioning resources to achieve curent and future
objectives.

There are currently two things that can be done when a team merher does
not have a task for an extended period: do nothing or move the gent to some
other physical location. Doing nothing minimizes use of theagent's resources,
while moving it around the environment can get it in better position for

future tasks. Again, this decision is ideally suited for human decision-making
because it requires estimates of future activities for whibh they can draw
upon their experience. If a human is not available to make a deision, the

agent will autonomously decide to do nothing.

{ Unusual Plan Performance Characteristics. Team plans and sub-plans, ex-
ecuted by team members to acheive goals and sub-goals will ycally have
logical conditions indicating that the plan has become unabievable or irrele-
vant[]. However, in some cases, due to factors unknown to orat understood

YIn simple domains, it may be possible to use optimal, typical ly centralized, task
allocation algorithms, but decentralized task allocation algorithms involving non-
trivial tasks and large numbers of agents will be sub-optima I.



by the team, plans may be unachievable or irrelevant withoutthe logical con-
ditions for their termination becoming true. In such cases,meta-reasoning
about the plan's performance can bring it to the attention of a human for
assessment. Speci cally, we currently allow a plan designeto specify an
expected length of time that a plan will usually take and bring to the at-

tention of the human plans that exceed this expected time. Weenvision
allowing speci cation of other conditions in the future, for example, limits

on expected resource use or number of failure recoveries.

When a plan execution does not meet normal performance metrs, there
are two things that can be done: cancel the plan or allow it to @ntinue.

Cancelling the plan conserves resources that are being useah the plan,
but robs the team of any value for successfully completing tke plan (if it

were possible.) If the agents knew the plan was unachievabléhey would

autonomously cancel it, so this meta-reasoning will only beinvoked when
there are circumstances outside the agents sensing or conmgirension that
are causing plan failure. Thus, in this case the humans are uqguely placed
to cancel the plan if it is indeed unachievable? Since the agent will have no
evidence that the plan is unachievable, if required to act atonomously, it

will allow the plan to continue.

Notice that when meta-reasoning nds some coordination pheomena that
may indicate sub-standard coordination the team does not sbp execution but
allows the human to take corrective actions while its activities continue. This
philosophy enables us to be liberal in detecting potential poblems thus ensuring
that most genuine problems are subsumed by the identi ed prdolems. However,
from the perspective of the humans, this can lead to being inndated with spu-
rious reports of potential problems. In the next section we pesent an approach
to dealing with this potential overload.

4 Transfer-of-Control Strategies

Coordination meta-reasoning decisions must be made in a tigly manner or the
value of the decision is lessened (or lost all together). Indct, we observe that
in some cases, timely decisions of a lower quality can have nm® positive im-
pact on the team than untimely high quality decisions. For example, if resources
are being wasted on an unachievable plan, time taken to cante¢he plan incurs
a cost, but to cancel a plan that is achievable results in the €am losing the
value of that plan. In this case, quality refers loosely to the likelihood an entity
will make an optimal or near optimal decision. To leverage the advantage of
rapid decision-making we have developed simple, autonomaumeta-reasoning.
Decision-theoretic reasoning is then used to decide whetihé¢o use slower, pre-
sumably higher quality, human reasoning to make a meta-reasning decision or
whether to use the simple, though fast agent reasoning. Addionally, the system

2 However, humans will not infallibly detect plan unachievab ility, either.



has the option to use adelaying action to reduce the costs of waiting for a hu-
man decision, if there is value in getting human input. A preplanned sequence
of actions either transferring control of a meta-reasoningdecision to some entity
or taking an action to buy time is called a transfer-of-control strategy. Transfer-
of-control strategies were rst introduced and mathematically modeled in [13].
An optimal transfer-of-control strategy optimally balanc es the risks of not get-
ting a high quality decision against the risk of costs incuried due to a delay
in getting that decision. Thus, the computation to nd an opt imal transfer-of-
control strategy takes as input a model of the expected \quaity" of each entity's
decision-making ability and a model of the expected costs icurred per unit time
until the decision is made. Additionally, the impact of any delaying action needs
to be modeled. In previous work, these models were used to dee a Markov
Decision Process that found the optimal strategy.

4.1 Transfer of Control Strategies

In this section, we brie y review mathematical model of transfer-of-control strate-
gies presented in [13]. A decisiond, needs to be made. There are entities, e;
... en, Who can potentially make the decision. These entities can & human users
or other agents. The expected quality of decisions made by ea of the enti-
ties, EQ = fEQgi (t) : R! Rg [, is known, though perhaps not exactly.
P=1fP,(t): R!Rg represent continuous probability distributions over the
time that the entity in control will respond with a decision o f quality EQY(t).

We model the cost of delaying a decision until timet asfw :t! Rg. The
set of possible wait-cost functions isW . We assumeW (t) is non-decreasing and
that there is some point in time, , when the costs of waiting stop accumulating
(e, 8t ; 8W2W,;W(t)= W( ).

Finally, there is an additional action, with cost D¢, With the result of
reducing the rate at which wait costs accumulate. We call subh an action a
deadline delaying actionand denote it D. For example, a D action might be
as simple as informing the party waiting for the decision tha there has been
a delay, or more complex, such as reordering tasks. We modehe value of the
D by letting W be a function oft D ,que (rather than t) after the D action.

We de ne the set S to be all possible transfer-of-control strategies. The pro-
lem can then be de ned as:

De nition 1. For a decision d, selects 2 S such that8s°2 S;s’6 s;EUSt
EUdt

We de ne a simple shorthand for referring to particular tran sfer-of-control
strategies by simply writing the order that entities receive control or, alterna-
tively, Ds are executed. For example,
afred 8parney Dapamey 1S shorthand for a strategy where control is given to the
agent fred, then given to the agent barney, then does aDis performedq, and
nally given inde nitely to barney. Notice that the shorthand does not record
the timing of the transfers of control. In the following discussion we assume that
there is some agentA that can always make the decision instantly.



To calculate the EU of an arbitrary strategy, we multiply the probability of
response at each instant of time with the expected utility ofreceiving a response
at that instant, and then sum the products. Hence, for an arbitrary continuous
probability distribution:

z 1
EU = P> (t)EUZ (t) :dt 1)
0

where e. represents the entity currently in decision-making contrd.

Since we are primarily interested in the e ects of delayed reponse, we can
decompose the expected utility of a decision at a certain in&nt, Eugc (1), into
two terms. The rst term captures the quality of the decision, independent of
delay costs, and the second captures the costs of delay, i,JeEugct = EQY(t)

W (t). A D action a ects the future cost of waiting. For example, the wait cost
after performing a D att = at cost Deogt IS @ W(tD) = W( ) W (
Dvalue )+ W(to D value ) + Dcost-

To calculate the EU of a strategy, we need to ensure that the pobability
of response function and the wait-cost calculation re ect the control situation
at that point in the strategy. For example, if the user has cortrol at time t,
P- (t) should re ect the user's probability of responding at t. To do this simply,
we can break the integral from Equation 1 into separate terms with each term
representing one segment of the strategy, e.g., for a stratgy e A there would be
one term for whene has control and another for whenA has control.

Using this basic technique, we can now write down the equatios for some
general transfer-of-control strategies. Equations 2-6 a& the general EU equations
for the AA strategies A, e, eA and eDeA respectively. We create the equations
by writing down the integral for each of the segments of the stategy, as described
above. T is the time when the agent takes control from the user, and is the
time at which the D occurs. One can write down the equations for more complex
strategies in the same way.

In the case of the large team of WASMs, we currently use simplenodels of
EQY(t), W(t) and Ps (t). We assume that each human expert is equally capable
of making any meta-reasoning decision. In each case, wait sts accrue linearly,
i.e., the wait costs accured in the second minute are the samas those accrued
in the rst minute. We assume a Markovian response probabilty from the hu-
man, though this is a model that future work could dramatically improve. For
two of the three meta-reasoning decisions, we model the quia} of the agent's
autonomous reasoning as improving over time. This is not beawuse the reasoning
changes, but because the default response is more likely cect the more time
that passes. Speci cally, over time it makes more sense to tea role allocation
continue, since there has more likely been changes in the teathat allow it to
complete. Likewise, terminating a long running plan is morereasonable as time
passes, since it becomes more likely that something is actila preventing com-
pletion of the plan. However, notice that the rate at which the quality of the
autonomous reasoning for the long running plan increases isuch slower than
for the role allocation. EQ{,., (1) is highest for the long running plan, since



EU{ = EQA(0) W (0) )

EU? = R P. (1) (EQY(t) W (1)):dt+ (3)
Lpo(t) (EQYt) W (D)):dt

EUS = TP () (EQY(t) W (t):dt)+ (4)
eA — > e .

T Ps(t)dt  (EQI(T) W (T))

EUSDeA = (5)
o P> (D(EQS(t) W (t)):dt+
TP ()(EQE(M) W ( )+ W( D vaue )
R W (t D vawe ) D cost ):dt +
TP ((EQA() W ( )+ W( D vaue )
W (T D vawe ) D cost):dt

Table 1. General AA EU equations for simple transfer of control strat egies.

it is a relatively decoupled decision that requires the expdise of the human,
whereas the other decisions are more tightly coupled with dier coordination
and involve more coordination expertise which the team can hve. Over time,
the autonomous reasoning to let an untasked agent stay wheré is does not
change, hence the autonomous model of the quality is a congtd Currently,
there are no deadline delaying actions available to the team

5 Agentifying Adjustable Autonomy

The coordination algorithms are encapsulated in a domain ilpendant proxy[18{
20, 14]. Such proxies are the emerging standard for implem¢ing teamwork be-
tween heterogeneous team members. There is one proxy for éaVASM and

one for each human expert. The basic architecture is shown ifrigure 2. The
proxy communicates via a high level, domain speci c protocd with either the

WASM or human to collect information and convey requests fran the team. The
proxies communicate between themselves to facilitate theaordination. Most of
the proxy code is domain independent and can be readily usedhinew domains
requiring distributed control. The current version of the code, known as Ma-
chinetta, is a substantially extended and updated version 6 the TEAMCORE



proxy code[19]. TEAMCORE proxies implement teamwork as described by the
STEAM algorithms[8], which are in in turn based on the theory of joint inten-
tions[21, 22].

In a dynamic, distributed system, protocols for performing coordination need
to be extremely robust, since the large numbers of agents enses that anything
that can go wrong typically does. When the size of a team is sdad to hundreds
of agents, this does not simply imply the need to write \bug-free" code. Instead
abstractions and designs that promote robustness are needeTowards this end,
we are encapsulating \chunks" of coordination in coordination agents Each co-
ordination agent manages one speci ¢ piece of the overall @zdination. When
control over that piece of coordination moves from one proxyto another proxy,
the coordination agent moves from proxy to proxy, taking with it any relevant
state information. There are coordination agents for each fan or subplan (Plan-
Agents), each role (RoleAgents) and each piece of informatin that needs to be
shared (InformationAgents). For example, a RoleAgent lools after everything to
do with a speci c role. This encapsulation makes it far easieto build robust co-
ordination. Since, the coordination agents actually implenent the coordination,
the proxy can be viewed simply as a mobile agent platform thatfacilitates the
functioning of the coordination agents. However, the proxes play the additional
important role of providing and storing local information.

Fig.2. Overall system architecture.

To integrate the meta-reasoning into a Machinetta controlled team, an addi-
tional type of mobile agent is introduced, called anadjustable autonomy mobile
agent Each adjustable autonomy mobile agent has responsibilityfor a single
piece of interaction with the humans. In the case of coordinion meta-reasoning,
an adjustable autonomy mobile agent is created when a proxy etects that a sit-
uation has occurred that requires meta-reasoning. To get th decision made,
the adjustable autonomy mobile agent creates and executestaansfer-of-control



strategy. The adjustable autonomy mobile agent exists unti a decision has been
made, either autonomously or by some human.

Information is collected by the proxy as mobile agents of vaious types pass
through to implement the coordination. Critically, inform ation agents move in-
formation about the current workload of each human expert tothe proxy of each
other human expert. These models currently contain a simplenumeric value for
the human's current workload, though more detailed models an be envisioned.
When an adjustable autonomy agent is created it can rst moveto the proxy of
any human expert to get the models it requires to create an opmal transfer-
of-control strategy. Note that these models will not always be complete, but
provide estimates of workload the agent can use to construca strategy. In some
cases, if the decision can easily be made autonomously, théjastable autonomy
agent will not move to the proxy of the human expert, because heir specic
availability is not important.

Importantly, as described above, simple reasoning for makig the meta-
reasoning decisions are encapsulated by the adjustable aatomy mobile agent
so that a decision can be made autonomously if human expertésis not readily
available or the decision is not su ciently important. For e xample, the reasoning
on unallocated roles is to let the role \continue" in an attempt to allocate it.

Figure 3 shows the interface for presenting decisions to huan experts. No-
tice, that while the speci c information about the informat ion is presented, con-
textual information is not. This is a serious shortcoming ofthis work to date and
a key area for for future work. Presenting enough context to #ow the human to
make e ective decisions will involve both getting the information to the expert
and, more challengingly, presenting it in an appropriate maner.

6 Preliminary Experiments

Objective evaluation of the approach described above is dicult for two rea-
sons. First, improvements in the performance of the team wil rely heavily on
the interfaces that present the decisions and related infanation to the human.
Such interfaces are not a focus of this work. More pragmatiddy, a simulation
run with a reasonable number of WASMs takes around 30 minutego run, hence
to run a meaningful set of experiments would take an large amont of human
time. Moreover, domain experts required to make such deciens are hard to
come by. While such experiments will eventually have to be ru to validate the
e ectiveness of this approach, our initial experiments do rot rely on human sub-
jects. Instead, the object of these experiments is to evalua how the underlying
algorithms work in nding potential team problems and deal with the possibility
that a human is not available to make these decisions when thearise. These
preliminary experiments form a basis for future experimens, involving actual
human subjects.

To remove the need for many hours of human input, the interfa@s were
augmented with code that made decisions as if they were madeylthe human.
These \human" decisions were made between ve seconds and twminutes after



Fig. 3. A view of the interface the human uses to make decisions. Three decisions are
shown. At the top is a decision whether to cancel a long runnin g plan. Below are two
unallocated roles from the same plan, for destroying a parti cular target.

control was transferred to the human. The experiments invoved a team of 80
WASMSs operating in a large environment. The primary task of the team was to
protect a manned aircraft by nding and destroying surface-to-air missile sites
spread around the environment. Half the team spread out acrss the environ-
ment searching for targets while the other half stayed near he manned aircraft
destroying surface-to-air sites as they were found near thaircraft. Plans were
simple, requiring a single WASM to hit each found target. If a target was not
hit within three minutes of being found, this was consideredabnormal plan ex-
ecution and meta-reasoning would be invoked. Meta-reasong was also invoked
when a WASM was not allocated to hit any target for ve minutes. These times
are low, but reasonable since the simulation ran at approxinately four times
real-time. Finally, meta-reasoning was invoked when no WAS was available
to hit a found target. Two human commanders were available tomake meta-
reasoning decisions (although, as discussed above there r@enot \real" human
commanders).

Six di erent scenarios were used, each diering the number 6 surface-to-
air missile sites. Each con guration was run ten times, thusthe results below
represent around 30 hours of simulation time (120 hours of ra-time). As the
number of missile sites increases, the team will have more tdo with the same
number of WASMSs, thus we can expect more meta-reasoning desibns.

Figure 4 shows that the total number of meta-reasoning deciens does in-
crease with the number of targets. Over the course of a simut#n, there are
around 100 meta-reasoning decisions or about one per agentowever, as Fig-
ure 5 shows, only about 20% of these get transferred to a humarThe large
number of decisions that are made autonomously is primarilypecause humans



Fig. 4. The number of meta-reasoning decisions to be made as the numier of targets
in the environment increases.

are not available to make those decisions. This suggests womay need to be
done to prioritize decisions for a user, to prevent high prigity decisions being
left to an agent, while the user is busy with low priority decisions. However, an
appropriate solution is not obvious, since new decisions aive asynchronously
and it will likely not be appropriate to continually change t he list of decisions the
human is working on. Finally, notice in Figure 6 that a large percentage of the
meta-decisions are to potentially cancel long running plas. The large number of
such decisions illustrates a need to carefully tune the metaeasoning heuristics
in order to avoid overloading the system with super uous degsions. However,
in this speci ¢ case, the problem of deciding whether to canel a long running
plan was the most appropriate for the human, hence the large prcentage of such
decisions for the human is reasonable.

Fig.5. The percentage of decisions trans-rig. 6. Ratios of di erent types of meta-

ferred to humans versus the percentageyeasoning decisions presented to the user.
made autonomously.

7 Conclusions and Future Directions

This chapter presented an integrated approach to leveragig human expertise to
improve the safety of a large team. Via the use of coordinatin meta-reasoning,
key decisions could be brought to the attention of human exp#gs allowing the



team to leverage their expertise. Transfer-of-control stategies ensured that mis-
coordination was not caused by delays waiting for human inptt The approach
was encapsulated in adjustable autonomy agents that are parnf the Machinetta
proxy approach to coordination. Initial experiments showed that the approach
was able to balance the need for human input against the poteial for over-
loading them. However, further experiments are required todetermine whether
humans actually make a system safer. In the future it is likey that special func-
tionality will be required in the operator interface to ensure mistakes are not
made that actually cause harm when the system would not haveHowever, im-
posing such constraints on the operator's interface will lad to new challenges.
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