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Abstract

In this article we address the multi-robot task allocation prob-
lem, where robots must cooperatively assign themselves to
accomplish a set of tasks. We consider the colony mainte-
nance problem as an example, where a team of robots are
tasked with continuously maintaining the energy supply of a
central colony. We model this as a global game, where each
robot measures the energy level of the colony, and the cur-
rent number of assigned robots, to determine whether or not
to forage for energy sources. The key to our approach is in-
troducing a negative feedback term into the robots’ utility,
which also eliminates the trivial solution where foraging or
not foraging are strictly dominant strategies. We compare our
approach qualitatively to existing an global games approach,
where a positive positive feedback term admits threshold-
based decision making that encourages many robots to for-
age. We discuss how positive feedback can lead to a cascad-
ing failure when robots are removed from the system, and we
demonstrate the resilience of our approach in simulation.

Introduction
As we continue deploying robots in real outdoor environ-
ments, there is a growing interest in using robots for remote
sensing (Naderi et al. 2022), environmental data collection
(Dunbabin and Marques 2012), and ecological monitoring
(Notomista, Pacchierotti, and Giordano 2022). These appli-
cations require a robust, resilient, and flexible approach to
long-duration autonomy, and the there has been a signif-
icant research effort toward ecologically-inspired robotics
(Egerstedt et al. 2018; Beaver and Malikopoulos 2021) to
deal with the messy uncertainties of real-world deployment.

The focus of this work is to explore a global games-
inspired strategy for the colony maintenance problem, where
robots must periodically perform a maintenance tasks, e.g.,
inspection, charging, and energy harvesting, to maintain an
autonomous colony in a remote location. This work also
considers the presence of a human agent, who may recruit
a subset of the colony’s robots as part of an external non-
maintenance task. This requires the system to efficiently al-
locate robots to tasks in a way that is robust to the removal of
individuals and can quickly adapt to changes in the uncertain
environment.

Copyright © 2025, Association for the Advancement of Artificial
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This work falls broadly in the domain of Multi-Robot
Task Allocation (MRTA). MRTA is one of the most chal-
lenging open problems in mutli-robot systems research
(Khamis, Hussein, and Elmogy 2015); despite the great
number of MRTA algorithms, critical components, such as
dynamic task allocation and the use of heterogeneous robots,
present a significant open problem in the literature. This
work considers a single task robot + multiple robots per task
(ST-MR) formulation (Chakraa et al. 2023) of MRTA, where
the robots are dynamically allocated to a task that has its own
time-varying dynamics.

In general, MRTA requires solving a combinatorial opti-
mization problem to assign robots to tasks, and this does not
lend itself to the kind of reactive, robust, and resilient formu-
lation required for dynamic allocation. This is apparent in a
recent MRTA survey article (Chakraa et al. 2023), which es-
timates that at least 75% of the MRTA literature requires ei-
ther 1) multiple rounds of coordination between robots or 2)
offline computation of a static strategy. This requires either a
centralized authority to solve a complex mixed-integer opti-
mization problem, or it necessitates multiple rounds of com-
munication until all robots reach a consensus on the task as-
signment. As a consequence, any change in the system (e.g.,
the addition or removal of robots) requires the assignment to
be re-computed.

While there have been advances in robot allocation for
dynamic systems (Notomista et al. 2019), game-theoretic
approaches make up only about 4% of published solutions
(Chakraa et al. 2023). All but one of these approaches use
game theory to generate coalitions (Martin et al. 2023),
which are then assigned to tasks using traditional integer
optimization-based methods. In fact, only (Kanakia, Touri,
and Correll 2016) uses global games for multi-robot task al-
location.

In a global game, robots in the system measure a global
signal (or stimulus) corresponding to a task, e.g., the amount
of energy available in a battery array, or the intensity of
a fire in a fire-fighting task (Kanakia, Touri, and Correll
2016). It has been proven that, under reasonable conditions,
a threshold-based strategy exists and is a Bayesian Nash
Equilibrium (Kanakia, Touri, and Correll 2016; Mahdavi-
far et al. 2018). This implies that robots simply compare
their measurement of the global signal to an internal thresh-
old, and assign themselves to the task when the threshold
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is exceeded. A qualitatively similar approach was used in a
biologically-inspired colony maintenance problem (Krieger
and Billeter 2000), without the formalism of global games.

While the threshold-based solution of global games is ap-
pealing, we demonstrate in this work that the standard ap-
proach is neither resilient nor adaptive in the MRTA con-
text. Global games are well-suited for one-shot assignments
(i.e., the assignment is decided once at the beginning) as
discussed in (Kanakia, Touri, and Correll 2016). However,
one-shot games cannot adapt to changes in the global signal
(stimulus), and they are not robust to the addition or removal
of robots during task completion. To summarize, the contri-
butions of this article are as follows: (i) a global game-based
framework for the assignment of robots to a dynamic task,
(ii) an analysis of how negative feedback in the robot’s ob-
jective makes the system resilient to the removal of robots
by a human, and (iii) a discussion of how positive feedback
in the global game can lead to the trivial equilibrium where
either all or none of the robots forage. We note that these are
particularly useful for long-duration autonomy tasks, where
the robots ought to expend as little energy as possible while
handling tasks as they arise in the environment.

The remainder of the article is organized as follows. We
first present the colony maintenance global game and list our
working assumptions. Then, we analyze the Nash equilib-
rium of the global game, and we discuss the implications of
feedback on the resilience of the system. Then, we present
simulation results to demonstrate the performance and re-
silience of our solution, before finally discussing conclu-
sions and future work.

Problem Formulation
We consider the problem of maintaining an autonomous
colony using a team of N robots under a global games
framework. We model each robot as a single integrator op-
erating in a planar environment,

ṗi = vi, (1)

where i indexes the robot and pi,vi ∈ R2 are the state (po-
sition) and control input (velocity), respectively.

Our goal is to assign the robots to a number of tasks in the
environment. These tasks can be state and time-varying, and
their dynamics are unknown a priori. Inspired by (Krieger
and Billeter 2000), we consider an examplar task to main-
tain the energy level of a centralized colony by foraging for
energy sources. The robots achieve this by randomly search-
ing the environment, where energy sources may include fuel,
combustibles, or organic material. We describe the energy
level of the colony with a real-valued signal,

s(t) ∈ [0, 1]. (2)

The signal s(t) is a time-varying function that measures the
percentage of energy left in the system, for example, by mea-
suring the voltage of a battery array or the mass of fuel in a
tank. The signal has possibly unknown dynamics, and its ex-
act implementation is application dependent. For example, a
package delivery task may use the number of packages as
a signal, whereas a maintenance task may have the signal
increase with time between inspections.

Our goal is to allocate robots to the foraging task to ensure
that the energy level remains above zero, i.e.,

s(t) ≥ 0. (3)

We also consider the presence of a human colonist, who can
recruit a number of the foraging robots for an external task.
The human colonist may recruit any robots that are idle, ac-
tively foraging, or some combination of the two.

In a traditional robot-task allocation problem, it may be
practical to have the colony act as a centralized controller
that uses the signal s(t) to determine which of the N robots
should forage for energy sources at each time-instant. How-
ever, this is effectively a mixed-integer program (Chakraa
et al. 2023), which can quickly grow intractable for systems
with many robots. This complexity is compounded by the
presence of a human, which will require the assignment to
be recomputed whenever foraging robots are removed. In-
stead, we propose a global game, where each robot measures
the global signal s(t) and the number of foraging robots
(both known by the colony) in order to determine whether it
should forage for energy sources. While this requires some
centralized information about the signal level, our approach
explicitly avoids the large integer program associated with
traditional task assignment. We also emphasize that, with
an eye toward more general MRTA problems, we explicitly
avoid the trivial solution where a single threshold on s(t)
determines whether all robots or no robots forage.

We approach this problem from the perspective of mecha-
nism design, i.e., we design the utility functions of the robots
to ensure the Nash equilibrium of the induced game has the
desirable properties discussed above. First, we start with the
description of a strategic form game (Chremos, Beaver, and
Malikopoulos 2020).

Definition 1. A finite normal-form game is a tuple

G =
(
I,S, ui

)
,

where

• I = {1, 2, . . . , N} is the finite set of players,
• S is the set of strategies, and
• ui, i ∈ I is the utility function for each player.

Note that the set of strategies in Definition 1 is a collection
of binary variables, where 1 corresponds to foraging and 0
corresponds to idling at the colony. To make Definition 1
consistent with the global games literature (Morris and Shin
2001), we employ the following change of coordinates for
the signal s(t),

θ(t) := 1− s(t). (4)

Intuitively, θ(t) corresponds to the “urgentness” of the for-
aging task, and we seek to ensure θ(t) ≤ 1.

Remark 1. In general, we require the utility function

ui(a, n, θ) → R

to be, (i) strictly increasing in θ and (ii) strictly decreasing
in n. These properties are sufficient to generalize our results
that follow.
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As an illustrative example, we define a utility function for
each robot, which we use to control the system behavior,

ui(a, n, θ) = −(n+ a)ca + a
(
κ+ λe−(n+1) + θ

)
, (5)

where a ∈ {0, 1} is the decision of the robot, n is the num-
ber of other robots assigned to the task, ca is the cost of as-
signing a robot to forage, and κ, λ are constant coefficients
that control the shape of the utility function. This is based on
the example presented in (Kanakia, Touri, and Correll 2016),
with minor modifications to satisfy Remark 1.

The intuition behind the utility function (5) is as follows:
the first term penalizes each robot by a fixed cost ca; this
represents the nominal energy required for foraging. The
second term is the incentive for individual robots to for-
age. There is a constant reward κ, the signal θ(t), and an
exponential term that decreases with the number of other
robots that are foraging. The first two constants act as a re-
ward for foraging, and the exponential is a negative feed-
back term that stops foraging from being a strictly dominant
strategy. To make our mechanism consistent with our signal
θ ∈ [0, 1], we impose the following working assumptions.
Assumption 1. The scalar κ satisfies ca − κa ≤ 1.

Assumption 2. The scalar λ satisfies 0 < λ ≤ e(ca − κ).

These are technical assumptions about the game to ensure
there isn’t a trivial solution, i.e., a mixed Nash equilibrium
must exist. These assumptions are specific to the mechanism
(5) and the domain of our signal s(t), but they are straight-
forward to generalize when the utility u is monotonic in n
and θ by following our analysis.

Solution Approach
We follow the notation of (Morris and Shin 2001) for our
solution approach. First, we define the marginal utility for
each robot i,

πi(n, θ) = ui(1, n, θ)− ui(0, n, θ)

= −ca + κ+ λe−(n+1) + θ, (6)

which captures the benefit of switching from a = 0 (idle) to
a = 1 (forage). As all robots are homogeneous, we drop the
subscript i for the remainder of the article.

The fact that π(n, θ) is decreasing in n is a significant de-
parture from the existing approaches (Morris and Shin 2001;
Kanakia, Touri, and Correll 2016; Mahdavifar et al. 2018).
Having π be non-decreasing with respect to n is a funda-
mental feature of global games in the economics literature
(Morris and Shin 2001). This creates positive feedback; any
robot taking the action a = 1 increases n, which further
increases the marginal utility π for all robots. The increase
in π leads to more robots taking the action a = 1, until all
robots are foraging in the environment. This is particularly
useful, for example, when modeling a bank run or debt crisis
(Morris and Shin 2001).

In contrast, we propose that π(n, θ) should decrease in
n, which creates negative feedback. Any robot taking the
foraging action a = 1 increases n, which decreases π and
makes foraging unattractive to other robots. As we discuss

at the end of this section, this negative feedback makes our
approach resilient to the removal of robots by a human. De-
spite this key difference, our approach shares many traits
with standard global games, and we present these in the fol-
lowing results. We start with two standard definitions, spe-
cialized to our problem.
Definition 2 (Strictly Dominant Strategy). The action a∗ is
a strictly dominant strategy for a given θ if and only if

u(a∗, n, θ) > u(a′, n, θ), (7)

for all n and a′ ̸= a∗.
Definition 3 (Mixed Strategy). A mixed strategy for a given
θ is a probability distribution over a support δ ⊆ S such
that,

E
[
u(a, n, θ)

]
= E

[
u(a′, n, θ)

]
, (8)

for all a, a′ ∈ δ.
Lemma 1. The induced game has a strictly dominant strat-
egy equilibrium for values of θ satisfying,

θ ∈
(
−∞, ca − κ− λe−1

]⋃[
ca − κ,∞

)
. (9)

Proof. First we bound π(n, θ) by picking the extreme values
of n ∈ [0,∞),

−ca + κ+ θ ≤ π(n, θ) ≤ −ca + κ+ λe−1 + θ. (10)

When the lower bound of π is positive, this implies that the
optimal solution is to play a = 1 (forage) regardless of the
behavior of other robots. Similarly, when the upper bound of
π is negative, the optimal strategy is to play a = 0 (do not
forage) regardless of the behavior of the other robots. These
are strictly dominant strategies by definition.

Theorem 1. For every value of

θ ∈ (ca − κ− λe−1, ca − κ), (11)

the Nash equilibrium is achieved with a mixed strategy that
satisfies

π(n, θ) = 0. (12)

Proof. By construction, the marginal utility satisfies

π(0, θ) < 0

π(∞, θ) > 0

for all values of θ under the premise of Theorem 1. By con-
tinuity of π in n, there is some n∗ such that

π(n∗, θ) = 0.

The strict monotonicity of u in n implies that n∗ is unique,
and thus n∗ corresponds to a unique Nash equilibrium. By
definition, the equilibrium cannot be a strictly dominant
strategy, and thus it must be a mixed strategy.

We note that, while it appears counter-intuitive to have n∗

be a non-integer number of robots, this is a natural conse-
quence of following a mixed-strategy. As we discuss in the
following section, n∗ is the expected value for the number of
robots to forage, which is a non-integer number in general.

13599



θ

π(n, θ)

n = 0

n → ∞

1

Figure 1: The marginal utility of our proposed mechanism.
Robots do not consider the actions of others when θ falls
beyond the shaded green area.

Remark 2. When the inequalities of Assumptions 1 and 2
are strict equalities, the game has mixed-strategy Nash equi-
librium for values of θ satisfying,

θ ∈ [0, 1]. (13)

To improve the robustness of the system, the bounds of
Remark 2 can be tightened by considering strict inequalities.
This implies a smaller set θ ∈ [θ, θ] ⊂ [0, 1], outside of
which the strictly dominant Nash equilibrium exist.

The shape of our marginal utility function (6) is presented
in Fig. 1 for our proposed mechanism. The payoff π(n, θ)
is plotted against the signal θ for the case described by Re-
mark 2. The top and bottom dashed lines correspond to the
minimum and maximum value of π(n, θ) as described by
Lemma 1, and the entire shaded region corresponds to val-
ues of θ where a mixed strategy Nash equilibrium exists.
Our proposed mechanism’s marginal utility, depicted in Fig.
1, has a number of interesting implications for the behavior
of the system.

Remark 3. If the utility u is independent of n, i.e., there is
no feedback with respect to the number of robots, then the
system has a unique θ∗ where the system switches between
the two dominant strategies.

Remark 3 is clear by substituting λ = 0 into the bounds of
Lemma 1. In this case the upper and lower bounds of π(n, θ)
converge, and the parallel lines in Fig. 1 become co-linear.
While this may seem like a trivial result, it demonstrates that
having feedback with respect to the number of active robots
in the marginal utility function (6) plays a critical role in
regulating the behavior of the system.

Remark 4. If θ(t) increases continuously, then making the
cost ca heterogeneous between robots while fixing λ and κ
implies that more capable robots will always begin foraging
before less capable robots.

The proof of Remark 4 comes from the fact that in-
creasing the cost ca directly increases π(n, θ) by the same
amount. Let π1 < π2, where π1 is a robot with a lower cost

ca (i.e., it is more capable) and π1(0, 0) = 0. Then, there
always exists some value of θ ∈ (0, 1) such that

π1(n, θ) > 0 > π2(n, θ). (14)

Thus, as θ increases continuously, the marginal utility of π1

will become positive before π2, and the more capable robot
will be assigned to the foraging task.

Remark 3 emphasizes the importance of a feedback term
where the number of foraging robots affects the marginal
utility of all other robots. Furthermore, Remark 4 demon-
strates the our proposed approach has expected and intuitive
behavior for systems with heterogeneous robots. Finally, we
present two results that describe the resilience of our system
with respect to the addition or removal of robots by a human.

Lemma 2. When a human recruits k < N robots for an
external task, the upper threshold θ ≤ θ, where foraging
becomes a strictly dominant strategy, decreases.

Proof. The lower bound on π(n, θ) is approximated for a
large swarm of robots where n → ∞. For any finite N , the
lower bound on π(n, θ) is increased and brought closer to
the upper bound. This shifts the bottom dashed line of Fig. 1
up, which moves its y-intercept to the left. This corresponds
to a decrease in the upper threshold θ.

Lemma 3. When a human recruits a robot that is foraging,
the marginal utility π(n, θ) increases for all robots.

Proof. Lemma 3 follows from π(n, θ) decreasing in n.

These results demonstrate the resilience of our global
games formulation. Lemma 2 implies that by removing
some robots from the system, the threshold where the system
tips to an “all robots forage” dominant strategy equilibrium
decreases. In other words, as the energy level approaches
zero, more robots will begin to forage to compensate for
those removed by the human.

Similarly, Lemma 2 implies that robots from the colony
have an incentive to replace any foraging robots that are re-
cruited by the human. This points to an intuitive and resilient
system behavior: send a higher fraction of robots to forage
as the number of robots decreases. This is in contrast to ap-
proaches using traditional global games, as we discuss next.

Remark 5. For a traditional global game where π increases
with n, Lemmas 2 and 3 are inverted, i.e., recruiting robots
raises the lower bound θ ≤ θ, and recruiting foraging robots
reduces π(n, θ).

Remark 5 implies that using traditional global games for
MRTA is particularly challenging. First, as the number of
robots is decreased, it becomes less likely that robots will
forage while the energy levels are high. Critically, if a hu-
man recruits too many robots that are foraging, the marginal
utility π(n, θ) will decrease. This could lead to a situation
where, if too many foraging robots are removed, all re-
maining robots remain idle in the colony–leading to a catas-
trophic cascading failure of the entire system!

Finally, we derive the mixed strategy that determines
whether an individual robot should forage or remain idle in
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Idle Forage

π
(
n, θ(t)

)
> 0

return with energy source

Figure 2: Switching system that describes the behavior of
the robots. Each robot is idle until the marginal utility of
foraging is positive, and they continue to forage until they
return with an energy source.

the colony. To ensure the robots have sufficient time to for-
age (i.e., robots don’t rapidly switch between foraging and
idling), we implement action hysteresis, where a foraging
robot will continue foraging until it finds and returns an en-
ergy source to the next. Meanwhile, all idle robots compute
their optimal action via (6) using the current values of s(t)
and n. The behavior of the robots is summarized as a switch-
ing system in Fig. 2.

Let n∗ and θ∗ be the current number of foraging robots
and energy signal value, respectively. If π(n∗, θ∗) ≤ 0 be-
cause n∗ is sufficiently large, then all idle robots remain
idle. Otherwise, if π(n∗, θ∗) > 0, each idle robot randomly
chooses to begin foraging with probability p. The probability
of any individual robot switching to the foraging behavior is
a Bernoulli random variable, and thus the probability of of
any k robots foraging follows a Binomial distribution. The
expected number of robots n′ that start foraging is,

E
[
n′
]
= (N − n∗)p. (15)

After all robots select their action, the expected total number
of foraging robots is,

E
[
n
]
= n∗+E

[
n′] = n∗+(N −n∗)p = N p+n∗(1−p).

Substituting this into the marginal utility (6) yields,

E
[
π(n, θ)

]
= −ca + κ+ λ e−(N p+n∗(1−p)+1) + θ. (16)

By definition, setting E
[
π(n, θ)

]
= 0 and solving for p de-

fines the mixed Nash equilibrium.

p =
−ln

(
ca−κ−θ

λ

)
− n∗ − 1

N − n∗ . (17)

Note that this yields an expected number of robots,

E
[
n
]
= −ln

(ca − κ− θ

λ

)
− 1, (18)

which satisfies the Nash equilibrium of Theorem 1. Note
that the natural logarithm in (18) comes from the exponen-
tial term in (5). Selecting a different monotonic function of
n in the utility function (5), e.g., ln(n + 1) or linear in n,
influences the rate at which robots begin foraging.

Frequency Complexity Optimality
Proposed Repeated Linear Nash

Kriger et al. Repeated Constant Heuristic
Kanakia et al. One-Shot Constant Heuristic

MILP Repeated NP-Hard Global

Table 1: Qualitative comparison between assignment ap-
proaches. MILP is a general mixed-integer linear program;
Nash refers to the Nash equilibrium, which is globally opti-
mal for convex problems.

Simulation Results
We demonstrate the performance of our system in a simu-
lation environment inspired by (Krieger, Billeter, and Keller
2000) and developed in Matlab1. We also present a qualita-
tive comparison between our approach and related MRTA
solutions in Table 1. The key factors are how frequently
agents are assigned to tasks (one-shot or repeated), the com-
putational complexity of the assignment algorithm, and in
what sense, if any, the resulting assignment is optimal.

The colony is centered at the origin with a radius of 3
meters, and the entire domain has a radius of 30 meters. We
consider a team of N = 12 robots, and we place N = 6
energy sources randomly in the domain. To avoid clumping,
each energy source is placed within a 60◦ slice of the domain
at a random radius. As with (Krieger, Billeter, and Keller
2000), energy sources are immediately replaced after being
picked up by a robot.

The colony loses energy at a rate of 0.1 units/second
through trickle losses, robots consume energy at a rate of
0.01 units/second while moving, and each energy source
provides 5 units of energy. This implies that it is “cheap”
for the robots to forage, as they drain energy an order of
magnitude slower than the colony itself. We consider a total
energy level of J = 100 units. This ensures that the colony
will entirely run out of energy in 1, 000 seconds or less, and
returning an energy source only restores 5% of the total en-
ergy. Finally, we start the colony at J = 50 units of energy
to avoid an initial delay while θ is close to zero.

The robot behaviors are similar to those observed in
(Krieger, Billeter, and Keller 2000). An idle robot i attempts
to remain stationary by applying vi = 0. This ensures that
it does not drain energy while waiting to forage. Each robot
that is foraging follows two behaviors. (i) If the robot does
not sense any energy sources within its sensing horizon
h > 0, it moves to a coordinate stored in its memory. We
select this coordinate to create a random walk for the robot,
which we discuss in the following paragraph; (ii) if the robot
senses an energy source within its sensing horizon, it moves
to the energy source, picks it up, and returns it to the colony.

Each robot has onboard memory that is capable of stor-
ing a single coordinate in R2. We use the memory of each
robot to (i) return to the (noisy) last known location of en-
ergy sources, and (ii) perform a random walk. Similar to
(Krieger, Billeter, and Keller 2000), if the robot returns an

1The simulation code is available at: https://github.com/int-sys-
lab/foraging-global-games
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Figure 3: Snapshots of the simulation environment at t = 800 and t = 901, just before and after 6 of the 12 robots are removed
from the domain. Red and blue circles are robots, dashed circles denote the sensing radius, and straight lines point from a robot
to its stored memory location.

energy source to the colony and becomes idle, we clear the
coordinate stored in memory. Otherwise, if the robot contin-
ues foraging, then we store the original location of the en-
ergy source in memory and disturb it with zero-mean Gaus-
sian noise scaled by the distance between the colony and
the energy source. This emulates the stochasticity of using
odometry to return to the energy source location in (Krieger,
Billeter, and Keller 2000). If the memory of a robot is empty,
it picks a random location on the edge of its sensing radius
h to store in memory. Once the robot reaches the location in
its memory, it generates another random point at the edge of
its sensing horizon. This generates a random walk through
the domain with a step size of h m; we use h = 5 m for
this simulation. Once the robot identifies an energy source,
it stops the random walk, picks up the energy source, and
returns to the colony as described above.

Finally, to ensure safety, we use a linear control barrier
function (CBF) to enforce a minimum separating distance
between the robots (Notomista and Egerstedt 2019) and to
keep the robots within a 30 m radius of the colony . Thus,
each robot with index i solves the optimization problem,

min
ui

||ui − ud
i ||

subject to:

2||vi − vmax
pi − pj

||pi − pj ||
|| ≥ (Ri +Rj)

2 − ||pi − pj ||2,

where ud is the desired action as described above and Ri, Rj

are the collision radii of robots i and j. Note that this has
a straightforward extension to static and dynamic obstacle
avoidance. As a consequence, the foraging robots can occa-
sionally experience congestion while leaving the colony site.
Furthermore, the CBF may cause an idle robot to move out
of the way of a foraging robot, consuming energy.

We simulate the system over a time of 1800 seconds, and
we found that the utility parameters ca = 1, κ = 0.25,
λ = 5.5 gave a reasonable profile for the expected number of

robots (18) as a function of θ. To demonstrate the resilience
of our system, half of the N = 12 robots are recruited by a
human and removed from the system at t = 900. The state
of the system just before and after this event is presented in
Fig. 3. The green annulus represents the domain where en-
ergy sources are initialized, the white disk at the origin is
the colony, and the red and blue circles are the robots and
energy sources, respectively. Note that at t = 800, there are
7 idle robots in the colony. At t = 900 we randomly select
6 of the robots to remove; as described by Lemma 3, this
increases the marginal benefit of foraging, and only one idle
robot remains in the colony at t = 901.

The energy of the system is depicted in Fig. 4 over the
1800 second time interval. The red curve shows the current
energy stored in the central colony; to generate the black
curve, we integrate the energy cost of the foraging robots
through time. When a foraging robot returns to the colony
(i.e., when the black curve moves upward), the colony en-
ergy is decreased by an amount equal to the energy con-
sumed by the robot. This is analogous to the robots using
energy to navigate then recharging at the colony. The blue
vertical line at t = 900 corresponds to half the robots be-
ing removed from the domain. This appears to enhance the
performance of the system by reducing congestion.

Next, we present the number of robots foraging in Fig. 5.
The light blue shaded area represents the Nash equilibrium
calculated with (18), and the black curves show the number
of robots foraging at each time step. In general, the simula-
tion results tend to have more robots foraging than the Nash
equilibrium dictates. This is because of hysteresis in the for-
aging behavior (Fig. 2), where a robot cannot stop foraging
until it returns with an energy source. Thus, if fewer robots
than the Nash equilibrium begin to forage at a given time
step, there is a non-zero probability that additional robots
will begin to forage during subsequent time steps. However,
if more robots than the Nash equilibrium begin to forage,
there is no way for them to switch to the idle behavior un-

13602



Figure 4: Energy of the colony (red) and the total energy J
(black, dashed). The blue vertical line is the instant where
half the robots are removed from the system.

Figure 5: The expected, actual, and maximum number of
robots foraging during the simulation.

til they return to the colony with an energy source. We ex-
pect that adding stochasticity, e.g., noisy measurements of
the signal θ(t), will exacerbate this effect.

Conclusions
In this work, we have explored how global games can be
used to solve the multi-robot task allocation problem. We
discussed the idea of positive and negative feedback in
global games, and demonstrated how negative feedback can
stabilize the task assignment for a dynamic system where the
game is repeatedly played. In contrast, global games with
positive feedback are more appropriate for zero-shot games,
which does not provide the desirable resilience and robust-
ness properties of our solution. We demonstrated the capa-
bility of our approach to reach the Nash equilibrium using
a mixed strategy, and we demonstrated its resilience to the
removal of random robots by a human.

There are several compelling directions for future re-

search. Exploring the impact of robot heterogeneity on sys-
tem performance is one area that is under-explored. Includ-
ing multiple global signals that the robots must maintain
(e.g., foraging for energy sources and surveying an area) is
an active research direction. Designing the parameters of the
reward function to optimize system performance is another
compelling direction, as is learning optimal utility functions
and/or signal dynamics from data. Finally, identifying a bio-
logically feasible description for an ecological system, such
as hive site selection in bees, is an intriguing research topic.
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