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Abstract— This paper explores the heterogeneous task al-
location problem in Multi-robot systems. A game-theoretic
formulation of the problem is proposed to align the goal of
individual robots with the system objective. The concept of
Nash equilibrium is applied to define a desired solution for the
task allocation problem in which each robot can allocate itself to
an appropriate task group. We also introduce a market-based
distributed mechanism, called DisNE, to allow the robots to
exchange messages with tasks and move between task groups,
eventually reaching an equilibrium solution. We carry out
comprehensive empirical studies to demonstrate that DisNE
achieves near-optimal system utility in significantly shorter
computation times when compared with the state-of-the-art
mechanisms.

I. INTRODUCTION

Recent advances in AI have enabled autonomous robots
to replace humans when conducting challenging tasks in
hazardous circumstances. For some complex tasks, a single
robot may be limited by its own capacity with multiple robots
working together leading to better outcomes. For example,
in target tracking, the more sensors working together coop-
eratively to collect information from different directions, the
more accurately a target can be pinpointed. Situations like
this, where a group of robots work cooperatively in order
to perform a collective behavior are referred to as Multi-
robot systems (MRS). One of the most important aspects in
multi-robot systems is task allocation [1]–[3].

According to Gerkey [4], multi-robot task allocation prob-
lems can be classified into: 1) Single-task robots (ST): each
robot can perform at most one task at a time, 2) multi-
task robots (MT): some robots are capable of performing
multiple tasks simultaneously, 3) Single-robot tasks (SR):
each task is required to be completed by exactly one robot,
and 4) multi-robot tasks (MR): some tasks require multiple
robots to complete. In this paper, we focus on the ST-MR
(single-task robots and multi-robot tasks) problems. Many
real word applications can be mapped into such a category.
For instance, in large-scale disaster rescue operations, each
rescue robot can only assist one survivor at a time and
each survivor often requires to be rescued cooperatively
by multiple robots with different functions (e.g., police or
firefighters free the survivor while the paramedics attend to
the injuries).
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For large-scale ST-MR allocation, the number of tasks and
robots can be very large and it is impractical to use a cen-
tralised task allocation solution with complex communication
requirements. This imposes significant challenges in terms
of scalablilty and robustness for the design of task allocation
mechanisms. Firstly, the computational complexity of finding
the optimal allocation solution increases exponentially with
the number of tasks and robots [5]. Moreover, due to the
communication bottleneck, the designed mechanisms have
to be robust enough to tolerate communication failures and
interruptions.

Related work: Depending on the robots decision-making
framework, allocation mechanisms can be either centralised
or decentralised. Centralised approaches often require a robot
to have a global view of the whole system to make an
allocation decision. For example, in [6], the reaction function
was proposed to characterise the costs to robots. Robot cost
is the smallest sum of travel and wait times needed for the
robot to visit all targets assigned to it. A central planner
robot was employed to allocate tasks to robots based on the
robots reaction functions. The design of these centralised
systems are usually simple. However, they typically have
high communication requirements as all robots are linked to
a central planner. Furthermore, they also intrinsically suffer
from a single point of failure (i.e., lack of robustness).

On the other hand, in decentralised approaches robots
make their own individual decision under some designed
coordination mechanism. The designed mechanisms must be
scalable, robust and require low communication demands
in order to work in large-scale scenarios. There is a large
body of research on distributed multi-robot coordination [7]–
[10]. Rajiv [11] formalised distributed robot coordination
into a constraint optimisation problem (DCOP) and studied
the performance of two local search mechanisms, DSA (Dis-
tributed Stochastic) and MGM (Maximum Gain Message).
In particular, MGM requires full communication between
robots to guarantee monotonicity. While, in DSA all robot
movements are subject to some pre-defined probability, and
thus, cannot avoid conflicts between robots that lead to
undesired outcomes. Antidio [12] introduced the concept of
service for the ST-MR problem. A distributed algorithm was
proposed. The basic idea being that a robot can ask for
services from other robots when it is unable to execute a task.
However, this algorithm also relies on full communication
between robots. The state-of-the-art mechanisms for sovling
the ST-MR problem are Max-Sum and its variations. This
class of mechanisms are based on factor graphs [13]–[15],
where both robots and tasks are considered as nodes, and
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communication between robots and tasks occur through the
edges/connections between them. Robots make decisions on
which task to work on based on local information sent from
the tasks. Nevertheless, most existing work still leaves the
robots with the problem of searching a combinatorial search
space for an optimal strategy.

Contributions: To address these challenges, we propose a
novel market-based coordination mechanism to tackle large-
scale ST-MR task allocation problems. The main contribution
of this paper is as follows:

1) inspired by game theory [16], [17], we formulate the
ST-MR problem into a task allocation game. We define
the strategies and payoffs to the robots such that the
goal of an individual robot is coincident with system
optimisation, and thus, every robot aims to make the
maximum marginal contribution to system performance.

2) through the above formulation, we can apply the con-
cept of Nash equilibrium to describe a desired solution
characteristic, where no single robot can make a better
marginal contribution by joining another task group, i.e.,
performing another task instead.

3) We further introduce a flexible and efficient market-
based mechanism DisNE to support interactions among
robots and tasks, guiding them to make movements
that eventually converge in a Nash equilibrium. DisNE
possesses anytime and monotonically This guarantees
DisNE can return a valid and current best solution even
if it is interrupted before its termination.

II. PROBLEM DESCRIPTION

Consider a population of m robots allocated among n
tasks. R = {r1, · · · , rm} represents the set robots and T =
{t1, · · · , tn} represents the set of tasks. G = {G1, · · · , Gn}
is an allocation solution where each Gj ∈ G is the group of
robots that is attached to task tj according to G (Gj ⊆ R).
Note that, the groups in a valid allocation G are disjoint,
meaning, ∀Gj , Gh ∈ G and j 6= h,Gj ∩ Gh = ∅. Many
real word multi-robot problems have spatial and temporal
constraints, and thus, some tasks might not be feasible for
some robots. We model these as constraints, and for each
ri ∈ R, Tri (Tri ⊆ T ) is the set of tasks that ri can perform.
Similarly, for each tj ∈ T , Rtj is the set of robots who can
perform tj .

For a task tj and the associated group Gj , Uj(Gj) ∈ R
is the task utility of tj achieved by the corresponding task
group Gj . Task utilities are assumed to be independent, so
system utility Φ is the sum of individual task utilities. In
task allocation, the goal is to find an allocation solution that
maximise the system utility.

max
G∈O

Φ(G) = max
G∈O

∑
Gj∈G

Uj(Gj) (1)

where O denotes the set of all possible allocation solutions.

III. GAME THEORETIC FORMULATION AND
EQUILIBRIUM SOLUTION

Consider a ST-MR allocation problem with n tasks and
m robots, the allocation objective is to maximise system

utility. We formulate the ST-MR allocation problem into
a task allocation game. We can then apply the concept of
Nash equilibrium in the allocation game to model the desired
characteristic of a solution.

Strategy

Each robot ri has |Tri |+1 strategies, strategy 0 to strategy
|Tri | (| ? | denotes the cardinality of the set). Strategy 0
indicates the robot does not perform any task, (i.e., joins
dummy group G0) and strategy j > 0 means the robot
performs task tj (i.e., joins Gj).

For convenience, we also extend the representation of an
allocation solution to G = {G0, G1, . . . , Gn}, with G0 being
the dummy task group.

Payoff

The payoff to a robot ri playing strategy j (e.g., joining
Gj), is its marginal contribution to task tj , denoted by
σj(ri, Gj), i.e., the difference in task utility when robot ri
is and is not in Gj .

σj(ri, Gj) = Uj(Gj)− Uj(Gj\{ri}) (2)

Note that, ∀ri ∈ R, if j = 0 (i.e., ri joins dummy group
G0), σ0(ri, G0) = 0.

In the game formulation, each robot aims to select the
task/strategy that gives it the best payoff. A robot will change
strategy (i.e., move to another task group) at anytime, if doing
so provides it a better payoff, until, the allocation reaches an
equilibrium:

Definition 1 (Nash equilibrium): An allocation solution G
is a Nash equilibrium, if and only if, no robot can gain a
better payoff (i.e., make a higher marginal contribution) than
that in G, when other robots play their current strategy (i.e.,
stay in their current task groups).

When a robot changes its strategy by moving from one
task group to another, its marginal contribution could be
different. Prompted by this, movement value can be con-
ceptualised to measure the gain/loss a robot achieves from
its strategy change. By an abuse of notation, let G(i) be the
index j of the task group that contains robot ri according to
the allocation solution G. That is, if G(i) = j then ri ∈ Gj .

Definition 2 (Movement value): The movement value,
written as mvij→h, for a robot ri moving from its current
task tj to another task th (i.e., leaving Gj to join Gh),
forming G′h = Gh ∪ {ri}, is the difference between its
marginal contribution to task th (in G′h) and to tj (in Gj):

mvij→h = σh(ri, G
′
h)− σj(ri, Gj), G′h = Gh ∪ {ri} (3)

Obviously, when j = h, mvij→h = 0.
Remark 1: Due to the movement of ri, the structure of

the task groups for tj and th (i.e., Gj and Gh) is changed.
Therefore, changes in the marginal contributions of the other
member robots in Gj and Gh are also triggered. Although,
the marginal contribution of robot ri to the dummy task is
always zero, regardless of its group structure.

Remark 2: The movement value mvij→h, for robot ri
moving from task group Gj to Gh, is the gain in payoff
ri can obtain.
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Proposition 1: Given an allocation solution G, the move-
ment value mvij→h for robot ri leaving its current task group
Gj (j = G(i)) to join another task group Gh, is the change
in overall system utility, caused by the change of utilities in
tasks tj and th.

Proof: Due to such a movement, allocation solution G′
with G′j = Gj\{ri} and G′h = Gh ∪ {ri} is formed.

Φ(G′)− Φ(G) =
(
Uh(G′h) + Uj(G

′
j)
)
− (Uh(Gh) + Uj(Gj))

= (Uh(G′h)− Uh(Gh))−
(
Uj(Gj)− Uj(G

′
j)
)

= σh(ri, G
′
h)− σj(ri, Gj) = mvij→h

Corollary 1: An allocation solution G is a Nash equilib-
rium, if and only if, ∀ri ∈ R, and ∀th ∈ Tri , mvij→h ≤ 0,
where j = G(i).

Remark 3: Given a set of tasks and robots, there might
exists more than one Nash equilibrium allocation solutions.
A Nash equilibrium is not necessarily the optimal solution.
Nonetheless, as demonstrated through a comprehensive set of
experiments, the quality of the a Nash equilibrium solution
achieved through a greedy strategy is as good as the state-
of-the-art algorithms.

IV. THE PROPOSED DISNE MECHANISM

In this section, the DisNE mechanism is introduced.
DisNE is a market-based multiple-round mechanism. Each
task is governed by a manager who is in charge of com-
municating with the robots. Note that, for simplicity, robots
do not communicate with the dummy task. In each round,
each robot can propose to leave its current task group
and join another based on the potential improvement to its
current payoff (i.e., the movement value). Such that robots
allocate/reallocate themselves to tasks and system utility
monotonically increases towards a Nash equilibrium. The
flow diagram of each round is shown in Fig 1.

Each task 
that received 
proposal(s) 
select one 
best robot

ANNOUNCEEach task 
calculates 
𝝈𝒋(𝒓𝒊, 𝑮𝒋)

Each robot 
calculates 𝒎𝒗𝒋→𝒉 

𝒊

INSTRUCT Each robot that 
satisfies moving 
condition 

Selected task

Fig. 1: The flow diagram of each round

A. The DisNE mechanism

In each round of the DisNE mechanism, there are four
steps involved: ANNOUNCE, PROPOSE, INSTRUCT, and
NOTIFY.
• ANNOUNCE. In this step, each task tj calculates the

marginal contribution that every robot ri ∈ Rtj provides
to its group based on Equation 2. Then, tj announces
to each of the robots in Rtj the corresponding marginal

Mechanism 1: DisNE.
Step: ANNOUNCE Initialised by each task tj ∈ T when

round=1; or each task tj that has changed group structure
when round ≥ 2.

1: for ri ∈ Rtj do
2: Computes σj(ri, G′j), G

′
j = Gj ∪ {ri}

3: Announces σj(ri, G′j) to ri
4: end for
Step: PROPOSE Initialised by each robot ri ∈ R.
5: for th ∈ Tri do
6: Calculates mvij→h, j = G(i)
7: end for
8: if max

th∈Tri

mvij→h > 0 then

9: pvi ← max
th∈Tri

mvij→h

10: target-tasks← arg max
th∈Tri

mvij→h

11: Proposes to target-tasks, and tj if j 6= 0, with pvi.
12: end if
Step: INSTRUCT Initialised by each task tj that has re-

ceived proposal(s).
13: Selects the robot with the max pvi.
14: Sends accept to the selected robot and reject(s) to the

others.
Step: NOTIFY Initialised by each robot ri that satisfies

Definition 3.
15: Selects one accepted-target-task.
16: Sends confirm to the selected task, and tj if j 6= 0.
17: Moves to its selected target-task.

contribution. In the first round, every task completes
this process, from that point on, only the tasks that have
changed group structures complete this process. (lines
1–4, Mechanism 1: DisNE).

• PROPOSE. Upon receipt of announcement from the
tasks, each robot ri ∈ R re-calculates its movement
values for tasks in Tri according to Equation 3 (lines
5–7, Mechanism 1: DisNE). Then, ri explores possible
improvement to its payoff. If ri has a positive maximum
movement value (i.e., improvement can be made to
its payoff), it will make proposal(s). Let pvi be the
proposal value of robot ri, which is the maximum
movement value of ri, and let target-tasks be the tasks
to which ri has the maximum movement value. ri then
proposes pvi to the target-tasks, as well as its current
task tj (j = G(i)) if j 6= 0 (lines 8–12, Mechanism 1:
DisNE).

• INSTRUCT. Each task tj that received proposal(s)
selects the robot who proposed the maximum proposal
value max pvi

1. Then, tj sends the accept instruction
to the selected robot and the reject instruction to the
others (lines 13, 14, Mechanism 1: DisNE).

• NOTIFY. Robots decide whether or not to move based
on the following conditions:

1If the task receives the same maximum proposal value from more than
one robots, it randomly selects one.
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Definition 3 (Moving conditions): i) robot ri has not
been allocated, G(i) = 0 and it receives accept(s) from
its target-task(s). ii) robot ri has a current task tj ,
j = G(i) and j 6= 0 and it receives accepts from both
its target-task(s) and its current task tj .
Each robot ri that meets condition i): sends confirm
to an accepted-target-task. Each robot ri that meets
condition ii): sends confirm to both an accepted-target-
task and its current task tj . ri then moves to its selected
target-task2 (lines 15-17, Mechanism 1: DisNE).

After Step NOTIFY, DisNE then returns to the AN-
NOUNCE step. The process continues, until no robots make
proposal(s). This means that no robot has incentive to deviate
from its current task group, meaning that a Nash Equilibrium
has been reached.

Remark 4: DisNE can work with any initial group con-
figuration (i.e., as a mechanism to improve an existing
allocation). If the initial allocation is an equilibrium, after the
step ANNOUNCE, no robot will propose and the mechanism
stops at the same equilibrium.

B. Illustration

Task
Capability

f1 f2 f3 f4 f5

t1 3 3 3 7 7
t2 3 7 7 3 3

(a) Capabilities required by tasks

robot
Capability

f1 f2 f3 f4 f5

r1 0 0 0 7 6
r2 4 3 8 8 4
r3 0 9 8 0 0
r4 4 9 0 7 0

(b) Competency values of robots

TABLE I: An example ST-MR problem

Consider a simply example for demonstration with task
requirements and robot capabilities shown in Tab Ia and
Tab Ib. Each fl represents a capability to be requested
or provided. "3" in Tab Ia indicates the task requests the
capability, "7" means it does not. Each number in Tab Ib
can be viewed as the competency value eli of the provided
capability fl of robot ri. Denote Ftj as the set of capabilities
tj requests. A simple task utility function3 is given by
the sum of the maximum competency values of the group
members:

Uj(Gj) =
∑

fl∈Ftj

max
ri∈Gj

eli (4)

The entire process of the proposed DisNE mechanism
is illustrated in Fig 2. In the beginning all robots are un-
allocated. Each table demonstrates the received marginal
contributions of robots ("MC.") and the movement values of

2If the robot receives more than one accepts from its target-tasks, it
randomly selects one.

3Note that DisNE does not limited to the use of this task utility function,
it can handle various types of task utility functions. For example, in rescue
scenario task utility function can be defined according to time budget.

robots ("MV."). Under the table, the arrow between a robot
and a task represents the messages exchanged. The number
next to an arrow indicates the proposal value of a robot and
accept or reject is the instruction the task gives to the robot.
The red arrow indicates the robot notifies its movement to
the task.
• In the first round: all the robots are in G0, so the

maximum movement value of all robots is positive. r1
has its maximum movement value mv10→2 = 13, so it
proposes to t2 with proposal value pv1 = mv10→2 = 13.
Similarly, r2 proposes to task t2 with pv2 = 16, r3
proposes to t1 with pv3 = 17, and r4 proposes to task
t1 with pv4 = 13. For tasks, t1 receives two proposal
values pv3 = 17 and pv4 = 13, and 17 is the maximum
proposed by r3. t1 then sends accept to r3 and sends
reject to r4. t2 receives proposal values pv1 = 13
and pv2 = 16, it then sends reject to r1 and accept
to r2. Therefore, robot r2 (respectively, r3) receive
accept from t2 (respectively, t1). Then, r2 notifies its
movement to t2 and moves to G2, r3 sends confirm to
t1 then moves to G1.

• In the second round: Both tasks t1 and t2 have their
group structures changed, so t1 and t2 re-calculate and
announce the marginal contributions of the correspond-
ing robots. In this round, only r1 and r4 have a positive
maximum movement value. r1 proposes to t2 with
proposal value pv1 = 2 and r4 proposes to t1 with
pv4 = 4. Both t1 and t2 receive one proposal, so they
all send accept. Then, r1 notifies t2 and moves to group
G2. r4 notifies t1 and moves to group G1.

• In the third round: t1 and t2 again re-compute and an-
nounce the marginal contributions. After each robot re-
calculates its movement values, no robots make further
proposal(s) as none of them have a positive movement
value. This indicates a Nash equilibrium solution has
been reached with G0 = ∅, G1 = {r3, r4}, G2 =
{r1, r2}.

C. Property

Theorem 1: Based on DisNE, the formed allocation so-
lution G is a Nash equilibrium.

Proof: DisNE naturally terminates when no robots
propose. In such a case, ∀ri ∈ R and ∀th ∈ Tri , mviG(i)→h ≤
0. Following Corollary 1, the formed solution G is a Nash
equilibrium.

Theorem 2: The proposed DisNE mechanism guarantees
anytime monotonicity.

Proof: In each round, consider a group-pair (Gj−Gh)i
consists of task group Gj that has robot ri leaving, and task
group Gh accepts ri joining. Since each task group allows
either the joining or leaving movement of one robot, a group-
pair is linked with a single robot that has a positive movement
value. For the same reason, group-pairs are disjoint or
intersect on dummy task group G0. For each group-pair that
is disjoint with any other group-pairs, (j 6= h 6= 0), system
utility changed from the movement of robot ri, is not related
to any other task utility change apart from tj and th. For
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Robot r1 r2 r3 r4

MC. t2: 13 t1: 15; t2: 16 t1: 17 t1: 13; t2: 11
MV. t0: 0; t2: 13 t0: 0; t1: 15; t2: 16 t0: 0; t1: 17 t0: 0; t1: 13; t2: 11

Group formed:
G1:{r3}; G2: {r2}; 
G0: {r1, r4}. 

t1 t2

r1 r2 r3 r4

Round 1

Round 2

Round 3

No robots make proposal(s), an equilibrium solution has been reached.

Robot r1 r2 r3 r4

MC. t2: 2 t1: 4; t2: 16 t1: 17 t1: 4; t2: 0
MV. t0: 0; t2: 2 t0: -16; t1: -12; t2: 0 t0: -17; t1: 0 t0: 0; t1: 4; t2: 0

r1 r4

t1 t2

Robot r1 r2 r3 r4

MC. t2: 2 t1: 0; t2: 5 t1: 8 t1: 4; t2: 0
MV. t0: -2; t2: 0 t0: -5; t1: -5; t2: 0 t0: -8; t1: 0 t0: -4; t1: 0; t2: -4

Group formed:
G1:{r3, r4}; G2: {r2, r1}; 
G0: {}. 

Messages 
passed:

Messages 
passed:

Fig. 2: Illustration of the allocation process

each group-pair that intersects with other group-pairs on G0,
(j = 0 or h = 0), changed system utility from the movement
of robot ri is only related to the non-zero task. In both cases,
according to Proposition 1, the movement of each of the
robots independently increases system utility by mvij→h > 0.
Such that DisNE is able to guarantee monotonicity.

Theorem 3: The number of messages passing in DisNE
is polynomial.

Proof: For m robots and n tasks, assuming DisNE
runs for K rounds, in the worst case, there are m·n marginal
contributions announced by tasks in each round. Each robot
proposes to n tasks, so the number of proposals is m · n.
Thus, the instructions sent by tasks are m · n. Each robot
notifies to at most two tasks and the confirm messages are
2 ·m. Therefore, the worst case message passing of DisNE
is O(m4 · n3 ·K).

Indeed, the actual message passing in DisNE is far less
than the worst case. Only the tasks that have changed group
structures need to re-calculate and announce new marginal
contribution values. Moreover, only the robots with positive
maximum movement values will participate in the Steps after
ANNOUNCE.

V. EXPERIMENTS AND EVALUATION

This section presents the experiment results on the perfor-
mance of the proposed DisNE mechanism, in comparison
with the Distributed Stochastic Algorithm (DSA), as well as
the Branch-and-Bound Fast-Max-Sum (BnB-FMS).

A. Parameter setting

In the experiment, both task requirements and robots’
enclosed skills are randomly generated from 10 possible
capabilities. The competency values eli are random numbers
in the range [0, 10]. The function defined in Equation 4 is
used to calculate task utilities. For BnB-FMS, as in [15], we

set the number of rounds at |A| + |T |. Regarding DSA, the
predefined control parameter4 p is set at 0.7. The experiment
investigates the performance of different mechanisms on a
different number of tasks with |T | ∈ {100, 200, · · · , 1000}.
The number of robots is double the number of tasks |R| =
2 · |T |. Maximum density5 d is set at 4% of |T |, e.g., with
100 tasks, the maximum number of edges of a task or a
robot is 4. For each number of tasks, we randomly generate
1000 experiment instances. We set a time bound for each
experiment instance to 300 seconds, and all the mechanisms
will terminate and return the current constructed solution
upon reaching this time bound.

(a) Achieved system utilities. (b) Running time comparison

(c) Execution round comparison (d) Number of messages passed

Fig. 3: Results bounded by the time constraint.

4p indicates the degree of parallel execution. Readers are referred to [18]
for detailed analysis on the performance of DSA with different p.

5d indicates the maximum number of tasks that a robot can choose and
the maximum number of robots that can join a task group.
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B. Experiment Results

With a small number of tasks (|T | ≤ 300), the achieved
system utilities show little difference among the different
mechanisms (see Fig. 3a). However, when the task number is
larger than 300, both the performance of DSA and BnB-FMS
decrease. Moreover, since the search space of BnB-FMS
increase exponentially with the density parameter d, it can
only run up to 400 tasks and 800 robots (d = 400 × 4% =
16). When |T | > 400 (resulting in d ≥ 17), it was unable
to complete even one round of message passing within the
time constraint, and thus, the results are not shown in Fig. 3.

Fig. 3b compares the running time of the mechanisms.
We can observe that DisNE requires significantly shorter
running time than that required by either BnB-FMS or DSA.
As mentioned before, BnB-FMS is not able to complete even
one round of computation and message passing within the
time constraint when there are more than 400 tasks (see the
average number of rounds for BnB-FMS in Fig. 3c) 6. The
running time of DSA quickly reaches the time bound (when
|T | = 400) as the number of tasks increases. This is because
when the density d increases, there is a higher probability
that more robots will change their strategies together in a
conflicting way, causing "thrashing". As a results, it typically
requires a lot more rounds before an equilibrium is reached.
This observation is consistent with the results shown in
Fig. 3c. In contrast, DisNE experiences minimum growth
in the number of rounds required. With 1000 tasks and 2000
robots, on average, DisNE obtains an equilibrium allocation
solution within 3 seconds and 14 rounds.

Fig 3d further examines into the number of messages
passing between agents and tasks in DSA and DisNE7. DSA
is a general multi-robot cooperation mechanism in which
message passing happens only at the beginning when tasks
announce marginal contributions. Then, robots either stay
unchanged or move to their preferred tasks. Even though in
DisNE the amount of message-passing in a single round
may be greater than that in DSA, in DisNE there are
considerably less execution rounds than in DSA (see Fig. 3c).
Therefore, the total amount of message-passing in DisNE is
significantly less than that in DSA.

VI. CONCLUSIONS AND FUTURE WORKS

This paper focused on ST-MR in large-scale heterogeneous
task allocation problems. A game-theoretic based formula-
tion was proposed in which each robot is aiming to achieve
the best strategy so that it makes the maximum marginal
contribution to system utility. The Nash equilibrium concept
was then applied to model a near-optimal solution in which
no single robot can improve system performance by moving
to another task group, given that all the other robots remain

6We tested over 50 randomly generated instances of 500 tasks, BnB-FMS
consistenly requires more than 700 seconds to complete a single round of
computation and message passing in all instances.

7We only compare the amount of message passing in both DSA and
DisNE. BnB-FMS follows a different communication mechanism and
message structure, and thus, not comparable with the other two. Also, most
of the computation in BnB-FMS lies on local optimisation computation
rather than message passing.

unchanged. An efficient distributed allocation mechanism,
called DisNE was proposed, to achieve a Nash equilibrium
solution. We ran comprehensive experiments and the results
demonstrate the proposed mechanism significantly outper-
forms the state-of-art mechanisms. Future work aims to
explore allocation problems where tasks are interdependent.
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