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a b s t r a c t

This paper introduces a mathematical framework for the study of resource allocation problems involving
the deployment of heterogeneous agents to different teams. In this context, the term heterogeneous is
used to describe classes of agents that differ in the basic functions they can perform (e.g., one type of
agent searches for targets while another type engages those targets). The problem is addressed in terms
of optimization using concepts from economic theory and the proposed algorithmwas designed to ensure
asymptotic stability of the optimal solution.

© 2008 Elsevier Ltd. All rights reserved.
1. Introduction

The field of cooperative control has the lofty aim of enabling
a group of autonomous agents to either accomplish an objective
in a more efficient manner than they could as individuals or do
complex tasks that a single agent could never performalone. One of
the main goals of cooperative control is to establish organizational
frameworks inwhich the capabilities of these groups aremore than
just those of their component agents, and there are a number of
proposed applications for this type of research such as autonomous
military robots and flexible manufacturing systems (Beard &
McClain, 2003; Frazzoli & Bullo, 2004; King, Kuwata, Alighanbari,
Bertuccelli, & How, 2005; Lum, Rysdyk, & Pongpunwattana,
2006; Moore & Passino, 2008; Scheutz, Schermerhorn, & Bauer,
2005). Nonetheless, all of these applications involve the key
ingredients of either distributed action and/or distributed decision
making and make use of the principle of comparative advantage.
The concept of comparative advantage comes from the field of
economics (Ricardo, 1996, originally published in 1817) and is
essentially an observation of the fact that since people possess
different natural talents it is to their advantage to specialize in
the tasks they perform well and trade their services for those of
others instead of attempting to meet all their needs themselves.
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By doing so, a society can produce much more than they would
be able to without cooperating in this way. Just as human society
consists of diverse individuals, many envisioned systems from the
cooperative control field incorporate different types of agents and
so they should be able to exploit those differences in order to
improve the performance of the group. This, of course, depends on
the development of proper algorithms for interaction between the
agents, much in the sameway that tools such asmoney and legally
enforceable contracts provide a reliable basis for human economic
interaction.
To date, many cooperative control problems have focused

on groups of homogeneous agents (i.e., each agent has the
same physical manifestation and/or computing ability) (Beard &
McClain, 2003; Frazzoli & Bullo, 2004; Moore & Passino, 2008).
In these setups the differences between the agents are entirely
related to their current state (most commonly just their position
in the environment) and thus an agent’s comparative advantage
for certain tasks may vary over time as its state changes. For
instance, in a group of mobile robot agents the speed or ability
of an agent to accomplish a certain task will usually depend
on its distance to that task (relative to the other agents) and a
commonproblem is to decide how the agents should be assigned to
various tasks in order to optimize some performancemeasure (e.g.,
minimize total mission time, maximize rate of task completion,
etc.). Other, more sophisticated, cooperative control scenarios will
involve a group of heterogeneous agents in which the dynamics
or capabilities of the individual agents may differ (King et al.,
2005; Lum et al., 2006; Scheutz et al., 2005). Teams of military
robots, for example, may consist of both ground and air vehicles
and these may differ not only in their ability to maneuver through
their environment but also in the functions they are able to
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perform. To date, it appears that most attempts to tackle problems
involving heterogeneous agents have focused primarily on using
combinatorial optimization techniques in order to generate agent-
task assignments (Alighanbari, Kuwata, & How, 2003; King et al.,
2005). While a valid approach for many problems, this sort of
method suffers from the need for excessive computational power
as the size of the problem increases.
An area of research involving heterogeneous agents that has

received less attention than those already mentioned views the
individual agents as resources which must be properly allocated
to different tasks in order to maximize their effectiveness. In a
control hierarchy this is the level above the one concerned with
the actual execution of particular tasks (i.e., the level previously
discussed) and is not so much about what to do with a certain
group of agents as it is about creating these groups in the first place.
This team formation problem has been addressed by some authors,
but tomake the problemmathematically tractable they are usually
forced to resort to the simplifying assumption that each agent can
be represented by a single relative value (Finke & Passino, 2007).
For example, an agent that travels twice as fast or can accomplish
tasks at twice the rate as another agent would have two times as
much value. Alternatively, theremay be a certain benefit associated
with an agent-team assignment, but again for simplicity the fact
that this benefit may depend on which other agents are assigned
to that team is mostly ignored so that various algorithms for the
standard assignment problem (Bertsekas& Tsitsiklis, 1997a) can be
applied. So, while these simplifying assumptions may make sense
for someproblems, they fail to adequately addressmany important
scenarios. Consider, for example, a hunter-killer scenario in which
two types of military robots must work together to identify and
destroy enemy targets. In this scenario the hunter robot would be
a lighter, faster vehicle in charge of finding and confirming targets
which a more heavily armed but less nimble killer robot would
then attack. If the battlefield is large it willmost likely be organized
into smaller sectors and the goal would be to determine the proper
assignment of hunter and killer vehicles for each sector (given
a fixed number of available vehicles of each type). This problem
can become very complex because of the coupling between all the
factors involved. The correct number of hunter vehicles for a sector
will depend on the rate potential targets appear, what fraction of
those are actual enemy targets, and howmany killer vehicles are in
the sector to handle the identified targets. Conversely, the correct
number of killer vehicles depends on how fast enemy targets
are being identified which depends in turn on the rate potential
targets appear and how many hunter vehicles are in the sector to
investigate those targets.
These types of team formation problems have also been

addressed in the field of behavioral ecology where, from an
evolutionary perspective, the division of labor and the emergence
of teams in an animal society may be viewed as the outcome
of the allocation process of its working force (e.g., in honey
bees where the hive must allocate its foraging workforce by
determining the proportion of explorers, employed foragers, and
resting bees (Anderson & Franks, 2001)). Thus, the team formation
problem may be formulated as an optimization process, where
each animal adopts a strategy (e.g., a type of task) that optimizes
its fitness in the sense that a unilateral deviation from this strategy
would result in fitness degradation, thereby relating to a notion
called the ideal free distribution (IFD). The IFD characterizes an
equilibrium distribution where all animals achieve equal fitness,
and no animal can increase its fitness by unilateral deviation from
one strategy to another. In particular, the IFD is optimal in the sense
that it is a Nash equilibrium and an evolutionarily stable strategy
(ESS) (Cressmann & Křivan, 2006).
In the past decadesmanymodels based on the IFD concept have

been developed, trying to explain how different animal groups be-
have in different environments. In social foraging by honey bees,
for instance, the hive achieves an IFD-like distribution with the
allocation of foragers being approximately proportional to nectar
source relative profitability despite the fact that each bee acts only
on local knowledge of the available nectar sources (Seeley, 1995).
Similarmodelswhich characterize the dynamic allocation of the la-
bor force and how honey bees ‘‘organize’’ themselves through sim-
ple local rules have been introduced and validated (see Passino and
Seeley (2008) and references therein). Understanding how optimal
distribution patterns can be achieved by a group driven only by lo-
cal rules allows us to overcome excessive computational power re-
quirements which inhibit combinatorial optimization techniques
to solve large-scale problems. Here, we develop a similar bio-
inspired approach in thatwe define specific local ruleswhich guar-
antee that the group as a whole achieves an optimal distribution.
We will use a generic terminology for IFD concepts, one that is ap-
propriate for biology and engineering. In what follows, habitats,
food sources, resource sites, areas, etc. are referred to as tasks and
the term resource is associated with entities capable of physical
motion such as animals, vehicles, robots, or aircraft. Our frame-
work can be viewed as a generalized IFD model which allows us
to study not only the distribution of a set of resources over a given
set of tasks, but also takes into account that multiple types of re-
sources may influence every task differently.

2. Problem statement

2.1. Basic problem

This section uses the terms tasks and resources. Resources are
the individual agents (which are of varying type) and tasks can
be any well defined purpose to which a team of agents can be
assigned. The tasks are numbered from 1 to n and the different
resource types are numbered from 1 to m. This paper assumes
that the number of resource units of each type is large enough to
approximate the amount of a specific resource applied to a specific
task as a continuous variable (as in Bertsekas and Tsitsiklis (1997b)
and Burgess and Passino (1998)). LetR = [0,∞)m be the space of
all possible resource combinations that could be applied to a task
and let ri = [ri1, . . . , rim]> ∈ R be the resource vector applied
to task i (where rij is the amount of a resource type j applied to
task i). Let ∆c ⊂ Rn denote the m(n − 1) dimensional simplex
defined by the equality constraint

∑n
i=1 ri = c , where c is a vector

[c1, . . . , cm]> ∈ R and cj ≥ 0 denotes the total available amount
of resource j. Let the performance of the application of resource
allocation ri to task ibe givenby theutility function fi : R→ [0,∞)
and let the total utility function f : Rn

→ [0,∞) be equal to∑n
i=1 fi. Letting r = [r

>

1 , . . . , r
>
n ]
>, the objective is to maximize

f (r) subject to r ∈ ∆c .

2.2. Conditions on utility functions

Based on some reasonable assumptions common in economic
theory, this paper will require each utility function fi to satisfy
three conditions. First, adding resources to a task must always
increase the produced utility (i.e., for any x, h ∈ R, fi(x + h)
> fi(x)). Second, each fi must be continuously differentiable on
all of R. Finally, each fi satisfies a condition of decreasing average
returns with respect to increasing magnitudes of resource additions
or exchanges. This condition is a generalized version of the law of
diminishing returns (Färe, 1980;Menger, 1979) and inwords states
that adding or exchanging resources in any fixed proportion results
in a lower average utility increase as themagnitude of the resource
change increases. Mathematically,
fi(ri + ah)− fi(ri)

a
>
fi(ri + bh)− fi(ri)

b
, ∀ri ∈ R,

∀h ∈ Rm,∀a, b ∈ R : b > a > 0 and ri + ah, ri + bh ∈ R. (1)
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To look at this requirement another way, use the algebraic
substitutions r = x, h = y−x

b , and θ = 1 −
a
b , and rewrite (1) as

fi(θx+ (1− θ)y) > θ fi(x)+ (1− θ)fi(y), ∀ x, y ∈ R,∀ θ ∈ (0, 1)
to see that (1) is equivalent to saying each function fi is strictly
concave on R. This is a useful property because it means that the
total utility function is also strictly concave and thus must have a
uniquely defined maximum on∆c .

2.3. Optimality conditions

For convenience, let sij(ri) be equal to the partial derivative of
fi with respect to resource j evaluated at the resource vector ri. In
economics, sij is referred to as themarginal utility function of task i
with respect to resource j (the notation sij is used here to emphasize
the connection to the suitability functions of Finke and Passino
(2007)). Because of the conditions placed on the functions fi, the
functions sij are continuous on R, strictly decreasing, and non-
negative (so sij is bounded onR as well). Tomake the later analysis
tractable, this paper assumes that each function sij is Lipschitz
continuous on R (thus imposing an additional constraint on fi).
Since f is strictly concave it follows from Bertsekas (1995) that the
optimal point of f given resource constraint c , denoted as r?, is the
only point belonging to the set
∆?c = {r ∈ ∆c | ∀ i, k ∈ {1, . . . , n},∀ j ∈ {1, . . . ,m},

sij(ri) < skj(rk)⇒ rij = 0}. (2)
In words this means that when r = r? it must be the case that
every taskwith a positive amount of a resource jwill have the same
marginal utilitywith respect to that resource and that thismarginal
utility must be at least as great as that for any task completely
without resource j.

3. Discrete event system algorithm

In this section we present an algorithm to solve the problem
of Section 2 based on a discrete event system (DES) framework.
In this algorithm resources are transferred in discrete quantities
and at discrete time instants. The algorithm is analyzed using
the modeling methodology and the stability theories presented
in Burgess and Passino (1998), albeit in abbreviated form. Resource
transfers will happen at discrete points in time t = 0, 1, 2, . . . and
the algorithm is defined by the following two rules governing those
transfers:
(1) Only one transfer of one particular resource will occur at each
time step (a transfer of one resource type j from one source
task i to one destination task k). For convenience let α(t) be
the triplet (i, k, j) for the transfer occurring at time step t . For
this work, α(t) = (i, k, j)must satisfy the following conditions
at each time t:

skj(rkj(t))− sij(rij(t)) ≥ sk′j′(rk′j′(t))− si′j′(ri′j′(t)),

for all i′, k′ ∈ {1, . . . , n} and all j′ ∈ {1, . . . ,m}. (3)

Meaning the largest marginal utility difference in the system is
addressed at each time step.

(2) Let uj(t) ≥ 0 denote the amount of resource j passed from task
i to task k at time t , and let u(t) be a vector inR with uj(t) as
the jth entry and all other entries equal to zero. The size of uj(t)
must satisfy

sij(ri(t)− u(t)) ≤ skj(rk(t)+ u(t)) (4)

and one of the two following conditions:

skj(rk(t)+ u(t))− sij(ri(t)− u(t))
≤ γikj(skj(rk(t))− sij(ri(t)))

for some fixed γikj ∈ [0, 1) (5)

uj(t) = rij(t). (6)
Meaning that the marginal utility difference between task i
and k w.r.t. resource type j cannot reverse sign and either that
difference must be reduced by at least a certain proportion or
task imust give all of its resource type j to task k.

Theorem 1. The point r? is an equilibrium of the DES model and has
a region of asymptotic stability equal to∆c .

Proof. To prove stability of this algorithm we will use the
candidate Lyapunov function V (r) = f (r?) − f (r) =∑n
i=1

(
fi(r?i )− fi(ri)

)
. By definition V (r) is strictly convex so it

must be that V (r) = 0 if and only if r = r? and so Theorem
7.12 of Miller and Michel (1982) guarantees the existence of
a class K function of r>r that bounds V (r) from below. Also,
since each fi has continuous and bounded partial derivatives it
must be that V (r) is Lipschitz continuous, so there must exist
some constant L allowing us to choose Lr>r as an upper bound
on V (r). Thus V (r) is positive definite and decrescent on ∆c .
Having confirmed the validity of V (r) as a Lyapunov function,
now fix t and analyze the difference in V (r) between time steps
letting (i, k, j) = α(t). Define 1V (r(t)) as V (r(t + 1)) −
V (r(t)) = fi(ri(t)) − fi(ri(t + 1)) + fk(rk(t)) − fk(rk(t + 1)).
Since all marginal utility functions are Lipschitz continuous there
exists a constant L such that |sij(x)−sij(y)| ≤ L|x−y|. Because only
one resource type is being exchanged per time step and because
the individual utility functions are strictly increasing w.r.t. their
arguments, simple geometric arguments result in bounds on the
two basic terms of1V (r(t)) as follows,

fi(ri(t))− fi(ri(t + 1)) =
∫ ri(t)

ri(t)−u(t)
sij(σ )dσ

< uj(t)sij(ri(t + 1))−
[sij(ri(t + 1))− sij(ri(t))]2

2L
(7)

fk(rk(t + 1))− fk(rk(t)) =
∫ rk(t)+u(t)

rk(t)
skj(σ )dσ

> uj(t)skj(rk(t + 1))+
[skj(rk(t))− skj(rk(t + 1))]2

2L
(8)

which means 1V (r(t)) can be bounded from above by a function
of r(t) and r(t + 1),

1V (r(t))

< −

(
[sij(ri(t + 1))− sij(ri(t))]2 + [skj(rk(t))− skj(rk(t + 1))]2

2L

+ uj(t)[skj(rk(t + 1))− sij(ri(t + 1))]
)
. (9)

There are two cases to consider, (a) uj(t) = rij(t) or (b) uj(t) <
rij(t). In the first case it is not guaranteed to have any particular
decrease in skj − sij between time step t and t + 1. In the second
case, the second term of (9) can be ignored because skj(rk(t + 1))
− sij(ri(t + 1)) could be equal to zero, so it is the case that

1V (r(t))

< −
[sij(ri(t + 1))− sij(ri(t))]2 + [skj(rk(t))− skj(rk(t + 1))]2

2L
(10)

Using the inequality a2+b2 ≥ 1
2 (a+b)

2, condition (5), anddefining
γ = maxi,k,j γikj, manipulation of (10) yields

1V (r(t)) < −
(1− γ )2

4L
[skj(rk(t))− sij(ri(t))]2. (11)

In order to address the stability of the system, note that the
inequality (9) shows that V (r(t)) is a non-increasing functionw.r.t.
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time and since V is bounded from below (by zero) there must exist
a scalar q ≥ 0 such that V (r(t)) → q as t → ∞. If q = 0 then
because V is continuous and zero only at the global optimum it
must be that r(t) converges to r? and the theorem holds. Assuming
q > 0, then because V is continuous, r(t) converges to an ω-limit
set Ω(r(t)) which is a subset of the level set Sq = {x ∈ ∆c :

V (x) = q}. Take any point r inΩ(r(t)) (i.e., so that V (r) = q > 0)
and show that there exists a time index t such that V (r(t)) < 0,
which contradicts the fact that V (r(t)) ≥ 0 for all t and thus
proves that q = 0 and r(t) → r?. Now, since r ∈ Ω(r(t)) there
exists, by definition, an infinite sequence of times T ⊂ N such
that {r(t)}t∈T → r . Since all the marginal utility functions are
continuous it is also the case that

{skj(rk(t))− sij(ri(t))}t∈T → skj(rk)− sij(r i) ∈ R (12)

for all task–task-resource combinations (i, k, j). Let us define a set
A = argmax(i,k,j) skj(rk) − sij(r i) (i.e., the set of all task–task-
resource combinations having the maximum positive marginal
utility difference at r). As a consequence of (12) and Rule 1 of the
algorithm there must exist a time index τ such that α(t) ∈ A for
all t ∈ T ∩ [τ ,∞) = T1. Let us take one triplet α ∈ A such that
T2 = {t ∈ T1 : α(t) = α} is an infinite set. From this point on let
the indices i, k, and j be those of the triplet α. Let T2 be partitioned
into two sets TA and TB such that for all t ∈ TA the condition (5)
holds and for all t ∈ TB it does not. Consider first what happens
at time indices in TA. Since r 6= r? and because of the choice of α
it is the case that skj(rk) − sij(r i) = δA > 0 and accordingly that
{skj(rk(t)) − sij(ri(t))}t∈TA → δA. Thus there exists a time index τA
such that skj(rk(t))− sij(ri(t)) ≥ 1

2δA for all t ∈ TA ∩ [τA,∞) = T
′

A.
Since condition (5) holds for all t ∈ TA, it must be that (11) applies
for all t ∈ T ′A. Accordingly,

1V (r(t)) < −
(1− γ )2

4L
[skj(rk(t))− sij(ri(t))]2

≤ −
(1− γ )2

4L

(
δA

2

)2
(13)

which is to say that after time index τA, every resource transfer that
occurs at times in T ′A results in a decrease in V (r(t)) that is bounded
away from zero by a fixed constant. Finally, considerwhat happens
at time indices in TB. As stated, at these times condition (5) does not
hold, and as a consequence of this it is the case that (a) uj(t) = rij(t)
and (b) skj(rk(t)+u(t))−sij(ri(t)−u(t)) > 0. In this case∆V (r(t))
may be bounded from above by the second term of (9), i.e.,

1V (r(t)) < −rij(t)[skj(rk(t)+ u(t))− sij(ri(t)− u(t))]. (14)

Because (14) is a continuous function of r(t) it is true that at times
t ∈ TB it converges to the value−r ij[skj(rk+ ū)− sij(r i− ū)], where
ū in this case is theR vector with r ij as the jth entry and all other
entries equal to zero. Since the above quantity is negative, for any
δB > 0 such that−δB > −r ij[skj(rk + ū)− sij(r i − ū)] there exists
a time index τB such that for all times t ∈ TB ∩ [τB,∞) = T ′B,
1V (r(t)) ≤ −δB. Now, sinceV (r(t)) is non-increasing at each time
t , and since

∑
t∈T ′A∪T

′
B

1V (t) < −

∑
t∈T ′A

(1− γ )2

4L

(
δA

2

)2
+

∑
t∈T ′B

δB

 (15)

is unbounded it must be that at some finite time index t it will
be the case that V (r(t)) < 0. Since V (r) is non-negative for all
r ∈ ∆c , this is a contradiction. Hence q = 0 and r(t) → r?.
Because V is positive definite and decrescent on∆c and decreases
monotonically to zero the system is asymptotically stable in that
region (Burgess & Passino, 1998). �
4. Conclusions and future directions

This paper has introduced a new optimization problem
formulation in cooperative control involving team formation using
agents of more than one fundamental type. An algorithm was
developed that can be used to solve this problem under certain
assumptions and it was analytically proven that this algorithm
converges to the optimal team formation. The assumptions of this
paper are commonly made in problems of this type, but they
are not very representative of real world scenarios, particularly
the assumptions of zero communication delays and continuous
resource variables. Thus the algorithm presented here is only
a first step in a potentially large area of research. However,
using a discrete resource model complicates the problem in that
the optimal formation may not be reachable (see Bertsekas and
Tsitsiklis (1997b) and Burgess and Passino (1998) for example) and
because the concept ofmarginal utility becomesmore complicated
without the use of derivatives. It would also be prudent to
consider models that involve decentralized decision making and
the communication delays and or noise (e.g., estimation error) that
occur in those scenarios, although adding these features greatly
complicates the analysis of these models.

References

Alighanbari, Mehdi, Kuwata, Yoshiaki, & How, Jonathan P. (2003). Coordination and
control of multiple UAVs with timing constraints and loitering. In American
control conference (pp. 5311–5316).

Anderson, Carl, & Franks, Nigel R. (2001). Teams in animal societies. Behavioral
Ecology, 12(5), 534–540.

Beard, Randal W., & McClain, Timothy W. (2003). Cooperative path planning for
timing-critical missions. In American control conference (pp. 296–301).

Bertsekas, Dimitri P. (1995).Nonlinear programming (2nd ed.). Belmont,MA: Athena
Scientific.

Bertsekas, Dimitri P., & Tsitsiklis, John N. (1997a). Introduction to linear optimization.
Bellmont, MA: Athena Scientific.

Bertsekas, Dimitri P., & Tsitsiklis, John N. (1997b). Parallel and distributed
computation: Numerical methods. Bellmont, MA: Athena Scientific.

Burgess, Kevin L., & Passino, Kevin M. (1998). Stability analysis of discrete event
systems. New York, NY: John Wiley and Sons.

Cressmann, Ross, & Křivan, Vlastimil (2006). Migration dynamics for the ideal free
distribution. The American Naturalist , 168(3), 384–397.

Färe, Rolf (1980). Lecture notes in economics andmathematical systems: Vol. 176. Laws
of diminishing returns. New York, NY: Springer-Verlag.

Finke, Jorge, & Passino, KevinM. (2007). Stable cooperative vehicle distributions for
surveillance. ASME Journal of Dynamic Systems, Measurement, and Control, 129,
597–608.

Frazzoli, Emilio, & Bullo, Francesco (2004). Decentralized algorithms for vehicle
routing in a stochastic time-varying environment. In 43rd IEEE conference on
decision and control (pp. 3357–3363).

King, Ellis, Kuwata, Yoshi, Alighanbari, Mehdi, Bertuccelli, Luca, & How, Jonathan
(2005). Coordination and control experiments on a multi-vehicle testbed. In
Proceedings of the American control conference (pp. 5315–5320).

Lum, Christopher W., Rysdyk, Rolf T., & Pongpunwattana, Anawat (2006).
Occupancy based map searching using heterogeneous teams of autonomous
vehicles. In Proceedings of the AIAA guidance, navigation, and control conference.

Menger, Karl (1979). Selected papers in logic and foundations, didactics, economics.
Dordrecht, Holland: D. Reidel Publishing Company.

Miller, Richard K., & Michel, Anthony N. (1982). Ordinary differential equations. New
York, NY: Academic Press.

Moore, Brandon J., & Passino, Kevin M. (2008). Decentralized redistribution for
cooperative patrol. International Journal of Robust and Nonlinear Control, 18,
165–195.

Passino, KevinM., & Seeley, Thomas D. (2008). Mechanisms and adaptation of social
foraging by honey bees. Draft manuscript.

Ricardo, David (1996). Principles of political economy and taxation (3rd ed.). Amherst,
NY: Prometheus Books. Originally published in 1817.

Scheutz, Matthias, Schermerhorn, Paul, & Bauer, Peter (2005). The utility of
heterogeneous swarms of simple UAVs with limited sensory capacity in
detection and tracking tasks. In Proceedings of the IEEE swarm intelligence
symposium (pp. 257–264).

Seeley, Thomas D. (1995). The wisdom of the hive: The social physiology of honey bee
colonies. Cambridge, Mass: Harvard University Press.



B.J. Moore et al. / Automatica 45 (2009) 711–715 715
Brandon J.Moore receivedhis Ph.D. in Electrical Engineer-
ing from The Ohio State University in 2007. He is currently
a postdoctoral researcherwith the Control SystemDepart-
ment of GIPSA-Lab at the Grenoble Institute of Technology
and is working on the Control of Networked Cooperative
Systems (CONNECT) project.

Jorge Finke received his Ph.D. in Electrical Engineering
from The Ohio State University in 2007. His primary
research interests include coordinated motion of multi-
agent systems and the applicability of game and control
theory to social analysis. He is currently a faculty member
in the Department of Manufacturing and Engineering
Sciences at JaverianaUniversity in Cali, Colombia. Formore
information, see: http://cic.puj.edu.co/~jfinke.
KevinM. Passino received his Ph.D. in Electrical Engineer-
ing from the University of Notre Dame in 1989. He is cur-
rently a Professor of Electrical and Computer Engineering
at The Ohio State University. He was the Director of the
OSU Collaborative Center of Control Science that is funded
byAFOSR andAFRL/VA. He has served as theVice President
of Technical Activities of the IEEE Control Systems Society
(CSS); was an electedmember of the IEEE Control Systems
Society Board of Governors; was the Program Chair of the
2001 IEEE Conf. on Decision and Control; and is currently
a Distinguished Lecturer for the IEEE Control Systems So-

ciety. He is co-editor (with P.J. Antsaklis) of the book ‘‘An Introduction to Intel-
ligent and Autonomous Control’’, Kluwer Academic Press, 1993; co-author (with
S. Yurkovich) of the book ‘‘Fuzzy Control’’, Addison Wesley Longman Pub., 1998;
co-author (with K.L. Burgess) of the book ‘‘Stability Analysis of Discrete Event Sys-
tems’’, John Wiley and Sons, 1998; co-author (with V. Gazi, M.L. Moore, W. Shack-
leford, F. Proctor, and J.S. Albus) of the book ‘‘The RCS Handbook: Tools for Real
Time Control Systems Software Development,’’ John Wiley and Sons, NY, 2001; co-
author (with J.T. Spooner, M. Maggiore, and R. Ordonez) of the book ‘‘Stable Adap-
tive Control and Estimation for Nonlinear Systems: Neural and Fuzzy Approximator
Techniques’’, John Wiley and Sons, NY, 2002; and author of ‘‘Biomimicry for Opti-
mization, Control, and Automation’’, Springer-Verlag, London, UK, 2005. For more
information, see: http://www.ece.osu.edu/~passino/.

http://cic.puj.edu.co/~jfinke
http://www.ece.osu.edu/~passino/

	Optimal allocation of heterogeneous resources in cooperative control scenarios
	Introduction
	Problem statement
	Basic problem
	Conditions on utility functions
	Optimality conditions

	Discrete event system algorithm
	Conclusions and future directions
	References


