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ABSTRACT

Project objectives can often be achieved in many different
ways. The tasks involved can be done by different people at
different locations, can be sub-divided into subtasks in mul-
tiple ways, can be done synchronously or asynchronously,
collocated or distributed. Different options lead to different
timing considerations, risks, costs, durations and quality of
outcomes. Allocating people and resources to tasks is diffi-
cult. We discuss why the problem is computationally hard,
and present an overview of a system to help users manage
their tasks. We discuss the lessons learned from extensive
simulation evaluations and a field test.
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INTRODUCTION

An important aspect of distributed team work is to determine
which tasks to do, who should do them, when and where.
Teams often have many options for organizing themselves
and their work, with different options leading to different
work plans with different durations, costs, risks, and quality
of outcomes.

Our work focuses on systems to help a team of users man-
age their joint tasks so that they can efficiently adapt their
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plans and schedules as work proceeds. Our system, called
Criticality Sensitive Coordination (CSC) [5, 4], uses observ-
able events and user input to monitor activity progress, and
proposes options to repair plans and schedules to cope with
delays, failures, new tasks, and new opportunities.

We envision a future where the costs and benefits of differ-
ent collocation arrangements ranging from no collocation to
radical collocation can be quantified and modeled. In such
a world, teams would be faced with a large range of op-
tions for organizing their work. A system like CSC can help
teams make best use the opportunities offered by collabora-
tion technology.

In this paper, we focus on the lessons learned after work-
ing on this problem for three years. This work was part
of the DARPA COORDINATORS program, which funded
three different approaches to the problem. DARPA ran com-
petitive evaluations on simulated scenarios at the end of each
year, and conducted a field exercise with real users at the end
of the third year. CSC won the competitive evaluations in the
first two years by a large margin (the last year results have
not been made public yet) and also was the best system in
the field evaluation.

Next section introduces an example to illustrate the problems
that we address in our work, and to connect our work to
the goals of the workshop. Next, we describe the modeling
framework, closing with a discussion of the lessons learned.

EXAMPLE

We introduce a small example to illustrate different colloca-
tion options that may arise in a project. Consider a design
project that involves the design of two components A and B.
Joe, the lead designer is in Los Angeles, and Sue and Mary
are in Washington. Joe, the lead designer can complete the
design by himself. Sue and Mary can design component B.
Figure 1 shows three collocation possibilities.

Distributed: Joe designs component A in Los Angeles tak-
ing 8 units of time. Either Sue or Mary can design com-
ponent B in Washington taking either 10 and 12 units of
time respectively. They use modern CSCW technology
support to work on their designs.

Los Angeles: in this scenario, Mary could travel to Los An-
geles and complete the design with Joe, or Joe could do
the whole design himself. Sue is unable to travel so she
cannot participate in the collocated design. The design
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1: Collocation possibilities

times are reduced because the designers are collocated
and can work more effectively.

Washington: in this scenario Joe travels to Washington. Be-
cause Joe is away from his office he cannot work as ef-
fectively as he would in Los Angeles, and consequently
takes 6 units of time to complete the design of component
A, instead of the 5 units he would take in Los Angeles.
Either Sue or Mary can participate in the design of com-
ponent B. The completion times are shorter than in the
distributed case because the designers can work more ef-
fectively while collocated.

The collocation options seem more attractive given that the
design times are reduced, and presumably the quality of the
design would be best. However, while designers travel they
cannot perform any useful activity and the cost must be added
to the cost of the project. If this design was the only activity
that these people are performing, it would be relatively easy
to determine the best scenario.

In a real scenario, there would be more people and many
more activities, there would be uncertainty in the duration
of the activities given that problems may occur, priorities
and availability could change, and new activities may arise.
For example, a winter storm may abruptly increase the cost
of travel. Managing the trade-offs becomes difficult, and
should be done continuously as the situation changes.

MODEL

A system to help a team of users manage their activities
takes two types of inputs. The first is a continuously evolv-
ing model of the activities that the team needs to perform.
Our modeling framework uses CTAEMS [1], a variant of
TAEMSJ3]. The main concepts in this framework are:

Agents represent the entities that can operate on the envi-
ronment. In our case the agents represent people.

Locations represent places where work can take place. Agents
can travel between locations.

Methods represent the primitive actions that agents can per-
form. Methods model the individual differences among
users, and specify probability distributions for duration,
cost, quality and outcome for each activity that a user can
perform.

Tasks represent high level level procedures for accomplish-
ing objectives. Tasks are decomposed into subtasks, and

the leaves of the task hierarchy are the methods. The task
hierarchy is an AND-OR tree so it supports the represen-
tation of multiple options for performing tasks. The task
model also includes accumulation functions that specify
how quality, cost and duration flow up the tree (e.g., max-
imum, minimum, sum). The task model also includes sup-
port for modeling synchronized activities.

Relationships also referred to as non-local effects (NLEs)
represent dependencies between nodes (tasks or methods)
in the task hierarchy. The relationships supported are en-
ables, disables, facilitates and hinders.

The models are dynamic. Users can define new tasks, meth-
ods and relationships as the situation evolves and can also
adjust the deadlines, durations, qualities, etc. as appropriate.
The task hierarchy in Figure 1 follows this model.

The second type of input is concerned with monitoring exe-
cution progress. In order to adjust plans and schedules, the
system must be told when activities start and end, and where
the agents are located. CSC provides screens to allow users
to input this information, and also offers the ability to con-
nect external sensing capabilities to automatically collect in-
formation about the status of activities. For example, in our
disaster relief application the system uses GPS to detect the
location of agents, and users are only required to tell the sys-
tem when they complete an activity.

An important tool in the collaboration domain is a distributed
activity manager that helps a distributed team manage mul-
tiple collaboration options (collaborative modeling of col-
laboration). The goal of CSC is to use these inputs to pro-
duce recommendations about who should do what, when and
where. The algorithms that CSC uses to compute its recom-
mendations are described in other publications [35, 4].

MULTI-USER ACTIVITY COORDINATION IS HARD
Multi-user activity coordination superficially looks like tra-
ditional scheduling problems in that the problem could be
viewed as one of computing the best schedule for each user.
There are several aspects of the multi-user coordination prob-
lem that go well beyond the capabilities of traditional schedul-
ing systems.

Uncertainty and Dynamism

Human activities are inherently uncertain. The durations of
tasks and travel are uncertain, and so are the outcomes. Ac-
tivities may fail and may need to be redone. In addition, new
activities crop up all the time, and priorities and resources
change.

Traditional scheduling techniques, and traditional schedule
models (e.g., MS Project) cannot cope with uncertainty. Un-
certainty and dynamism lead to many possible futures, caus-
ing a combinatorial explosion that makes it impossible to
solve optimally problems with only dozens of activities.

Distribution and Partial Observability
An activity management system can be centralized or dis-
tributed. In the centralized approach, all models and user



inputs are sent to a central server that computes recommen-
dations that it sends to users. The main problems with the
centralized approach are scalability to many users and activ-
ities, and the ability to support intermittent connectivity.

In the distributed approach, each user is assigned an agent
who manages the activities for a single user, and coordinates
with other agents to compute solutions appropriate for the
whole team. The difficulty in the distributed approach is
that agents must make decisions based on partial informa-
tion, making it difficult to compute globally good solutions.

Bounded Computation and Communication

The dynamic aspects of the problem imply that users want to
see recommendations soon after they make changes. It is in-
feasible to compute for minutes because the system should
be interactive. Bounded communication, especially if the
system is running on small portable devices, further lim-
its the algorithm options to share data among agents. We
are faced with a large scale intractable problem where some
level of solution must be given to users within seconds. It is
not an option to run a massive computation off-line to com-
pute the “best” schedule.

Optimization

Activity coordination is an optimization problem where we
want to maximize the utility of the coordinated actions. Un-
fortunately, it is very difficult to define an appropriate global
utility function that reflects the utility of all stake-holders.
Our current work defines an objective function based on a
measure of quality assigned to individual activities. The goal
becomes to optimize the total quality accumulated at the root
task subject to the constraints on the activities and resources
available. Even this simple notion of utility yields intractable
problems.

LESSONS LEARNED

Avoid Failure

When faced with a difficult optimization problem it is tempt-
ing to write heuristics to support some kind of heuristic search.
The hope is that even if the heuristic is not accurate, the re-
sult steers the system towards good solutions.

The evaluation results obtained during the first and second
year evaluations suggest that this is not a good approach.
The problem is that the structure of activities produces a very
complex non-linear objective function. The non-linearities
arise from the and/or task decompositions, the enables and
disables relationships and deadlines. The consequence is
that a failure in one activity may cascade causing many other
activities to fail so that certain small failures can cause sig-
nificant disruptions. Our CSC system is specifically designed
to avoid failure by using metrics to detect markers for many
types of failure. We call such metrics criticality metrics.
For example, the backbone metric is associated with every
node in the task hierarchy, and it measures the fraction of a
root task that will fail if that specific node fails. The back-
bone of a root task is 1.0 because if it fails, a root task fails.
The backbone is propagated using message passing down

the AND/OR tree and backwards via enables links through-
out the whole network. The backbone of the children of an
AND node is equal to the backbone of the parent, but the
backbone of the children of OR nodes decreases because all
children must fail for the parent node to fail. In the end, it
is possible to detect activities whose failure will have drastic
consequences even though the node may belong to an agent
who cannot see the whole network.

The CSC system uses several such criticality metrics, and
uses a very simple algorithm for suggesting activities to the
user. When a user becomes free, it uses a decision tree based
on criticality metrics to select one of the activities that the
user could start immediately. The system uses quality only
as a tie-breaker when the criticality metrics are low. The
CSC system does not do forward planning whatsoever.

The surprising result is that using this approach, CSC outscored

the competing approaches [7, 6] by a large margin. In the
second year evaluation, CSC obtained the best score on all
but 12 of the 448 evaluation scenarios created by an inde-
pendent evaluation team.

The lesson is that in computationally difficult problems a lot
of milage can be gained by simply avoiding failure. An addi-
tional benefit is that users are likely to lose trust on a system
that sometimes leads to bad outcomes even if in general it
leads to good outcomes.

Explainable Results

Users need simple, concise justifications for the advice they
get from systems. They have no time or patience to absorb
complex arguments. Optimization systems often use com-
plex algorithms or extensive search that find clever solutions
involving long chains of reasoning. It is often hard to extract
concise justifications from such long chains of reasoning.

Our criticality metric approach lends itself to concise expla-
nations. Each criticality metric is designed to avoid particu-
lar failure modes, and it may suffice to tell users that a par-
ticular scheduling decision was done to avoid or alleviate a
particular failure mode. For example, if the backbone value
for an activity is high, the explanation is that it helps to keep
options open for a specific high level task. Such a first order
explanation may be enough for users, and if they request it, a
second order explanation can be extracted to show the chain
of backbone propagation where values are highest.

We don’t yet have empirical evidence to validate this claim
with end users. However, we have visualizations of our sys-
tem that show the criticality metrics [2]. Using these visual-
izations we have been able to cut down the time to diagnose
system behavior from hours to minutes. The visualizations
are still too complex to be usable by end users, but they pro-
vide a first step towards intuitive explanations.

Mixed Initiative

A mixed initiative system allows users to influence the so-
lutions that the system produces. This is crucial in systems
like this one where the objective function that the system



optimizes may not match the true utility function of the end
users. The difficult question is to determine what level of
input is appropriate for users to give.

Our experience indicates that a way to address this question
is to divide decisions into strategic and tactical decisions.
Users make the strategic decisions and the systems deter-
mines the tactical decisions to make implement the strategy.

CSC was used in a disaster recovery field exercise. In this
scenario several towns suffered damage following a disaster.
Surveys had to be done to assess damage. Injured had to be
rescued and taken to medical facilities and utilities (power,
gas and water) had to be restored. The rescue team had in-
dividuals with different skills. Services to clinics had to be
restored before they could be used to assist injured, and it
was necessary to travel to warehouses to fetch repair parts.
Many repairs could be handled better (faster repair, no fail-
ure) if several repair people collocated and worked on the
repair simultaneously. The amount of damage was such that
it was not possible for users to rescue all injured and restore
all utilities in the two hours allocated for the exercise. Points
were allocated for rescuing injured and restoring services.
Different points were allocated to different towns.

Three separate technologies were evaluated in this field ex-
ercise. There were three separate rescue teams, each using
one of the technologies. One rescue team used tablet com-
puters running the CSC software, and each member of the
team was instructed to follow the advice of the computer.
The second rescue team also used tablet computers running
different software. The third rescue team was asked to coor-
dinate using radios and no computer support.

Two separate scenarios were used. In the first scenario the
team using the CSC technology came in first, the radio team
was second and the other computer technology was third.
In the second scenario the radio team was first, CSC was
second and the other computer technology was third.

Even though reasonably accurate models of the problem were
constructed, and the problem is essentially an optimization
problem, and developers had been working on the system
for three years, it was very difficult to do better than the ra-
dio team. We believe that the reason is that strategy plays a
more important role than tactics. The radio team was able
to fine-tune their strategy to each scenario, and furthermore,
was able to fine-tune their strategy during execution. They
made tactical mistakes due to the confusion that arises when
9 people are coordinating using radios, and each individual
had poor knowledge of the global picture. We suspect they
were able to mitigate some of these difficulties when individ-
uals collocated at the sites and were able to more efficiently
exchange information and formulate local plans.

The two computer systems use very different algorithms, but
the biggest difference is that CSC allowed the users define a
strategy. CSC allowed the users to split the rescue team into
sub-teams and allowed them to assign a separate itinerary for
each sub-team that specified the order for visiting the towns.

The system made the tactical decisions to determine what
repairs to attempt at each site, who should do them, in what
order, who should take injured to clinics, who should fetch
repair parts, who should fix broken vehicles and remove road
blocks. The reason that CSC lost in the second scenario is
that it made one flawed tactical decision that resulted in al-
most all users siting idle for about 10 minutes waiting for a
pre-requisite activity to be completed.

We draw two lessons from this experience. First, avoiding
failures is very important. Second, one can help the users
most by focusing on the details and leaving the hard strategic
decisions to the users. It is tempting to try to solve the whole
problem, but taking care of the distracting details is a good
first step towards helping them with hard problems.

What-If

Given that strategic decisions are so important, it is useful
for users to evaluate different strategies before committing
to one. Interestingly, each of the field exercise scenarios was
2 hours long, but we spent over 4 hours brainstorming to de-
velop the strategy for each scenario. Most of the discussion
focused on predictions on how the strategy would unfold to
predict potential flaws. Even though we had the ability to run
low fidelity simulations of our strategies, we did not trust
them because the stakes were too high. For example, the
second scenario had a single warehouse, and the sites were
divided into two clusters both of which were far from the
warehouse. This was a crucial feature of this scenario, and it
was below the level of fidelity of our simulations.

One lesson is that a high fidelity simulation is important to
support a reliable what-if capability. An even more impor-
tant lesson is that collocation is crucial when making the
high stakes strategic decisions.

REFERENCES

1. M. Boddy, B. Horling, J. Phelps, R. P. Goldman, R. Vincent,
A. C. Long, B. Kohout, and R. Maheswaran. CTAEMS
language specification: Version 2.04, 2007.

2. J.Jin, R. Sanchez, R. T. Maheswaran, and P. A. Szekely.
Vizscript: on the creation of efficient visualizations for
understanding complex multi-agent systems. In Intelligent
User Interfaces, pages 40-49, 2008.

3. V. Lesser, K. Decker, T. Wagner, N. Carver, A. Garvey,
B. Horling, D. Neiman, R. Podorozhny, M. N. Prasad, A. Raja,
R. Vincent, P. Xuan, and X. Q. Zhang. Evolution of the
GPGP/TAEMS domain-independent coordination framework.
Autonomous Agents and Multi-Agent Systems, 9(1-2):87-143,
2004.

4. R. Maheswaran and P. Szekely. Criticality metrics for
distributed plan and schedule management. In Proceedings of
the 18th International Conference on Automated Planning and
Scheduling, Sydney, Australia, September 2008.

5. R.T. Maheswaran, P. Szekely, M. Becker, S. Fitzpatrick,
G. Gati, J. Jin, R. Neches, N. Noori, C. Rogers, R. Sanchez,
K. Smyth, and C. VanBuskirk. Predictability & criticality
metrics for coordination in complex environments. In
Proceedings of the 7th International Joint Conference on
Autonomous Agents and Multiagent Systems, Estoril, Portugal,
May 2008.

6. D.J. Musliner, E. H. Durfee, J. Wu, D. A. Dolgov, R. P.
Goldman, and M. S. Boddy. Coordinated plan management



using multiagent MDPs. In Proceedings of the 2006 AAAI
Spring Symposium on Distributed Plan and Schedule
Management, March 2006.

. S. Smith, A. T. Gallagher, T. L. Zimmerman, L. Barbulescu,
and Z. Rubinstein. Distributed management of flexible times
schedules. In Proceedings of the Sixth International Joint
Conference on Autonomous Agents and Multi Agent Systems
(AAMAS 2007), Honolulu, HI, May 2007.



