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Reinforcement Learning of Multi-robot Task Allocation for Multi-object
Transportation with Infeasible Tasks
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Abstract— Multi-object transport using multi-robot sys-
tems has the potential for diverse practical applications such
as delivery services owing to its efficient individual and
scalable cooperative transport. However, allocating trans-
portation tasks of objects with unknown weights remains
challenging. Moreover, the presence of infeasible tasks (un-
transportable objects) can lead to robot stoppage (dead-
lock). This paper proposes a framework for dynamic task
allocation that involves storing task experiences for each
task in a scalable manner with respect to the number of
robots. First, these experiences are broadcasted from the
cloud server to the entire robot system. Subsequently, each
robot learns the exclusion levels for each task based on those
task experiences, enabling it to exclude infeasible tasks and
reset its task priorities. Finally, individual transportation,
cooperative transportation, and the temporary exclusion of
tasks considered infeasible are achieved. The scalability and
versatility of the proposed method were confirmed through
numerical experiments with an increased number of robots
and objects, including unlearned weight objects. The effective-
ness of the temporary deadlock avoidance was also confirmed
by introducing additional robots within an episode. The pro-
posed method enables the implementation of task allocation
strategies that are feasible for different numbers of robots
and various transport tasks without prior consideration of
feasibility.

I. INTRODUCTION

In recent years, multi-robot transportation tasks have
attracted considerable attention in various fields such
as delivery services, factory logistics, search and rescue,
and precision agriculture. Systems in which multiple
robots are controlled via a cloud server to execute
various transportation tasks within facilities have been
developed. These multi-robot systems achieve efficient
transportation because each robot can cover a wide area
independently [1] (Fig. 1 (a)). In addition, scalability is
realized by enabling multiple robots to cooperate with
each other when transporting objects that individual
robots find infeasible [2]-[5] (Fig. 1 (c)). Furthermore,
distributed control improves the resilience of robots by
facilitating the seamless addition of robots to the system.

Multi-robot task allocation (MRTA) is important for
achieving multiple transportation tasks with multi-robot
systems [1], [6]. Garkely et al. (2004) [1] categorized
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Fig. 1. Multi-object transport using a multi-robot system. (a)
Robots independently perform actions when they can carry the
selected objects. (b) Deadlock occurs when robots are unable to
cooperatively carry the selected object. (¢) Robots employ deadlock
avoidance strategies and cooperate with each other to carry heavy
objects. (d) After the introduction of three additional robots into
the system, the robots cooperatively carry the object that was
previously unable to be carried.

MRTA approaches into centralized algorithms [7], [8],
distributed algorithms [9], and hybrid algorithms that
combine centralized and distributed approaches, such as
auction-based methods [10]-[12].

Recently, several approaches based on multi-agent
reinforcement learning (MARL) [13] have been proposed
[14]. However, MARL remains challenging because of
the partial observability of each robot and the simul-
taneous learning of policies for each robot [13], [15];
therefore, the approach involving centralized training
and decentralized execution (CTDE) is often used [16],
[17]. The CTDE approach has demonstrated scalability
for systems with various numbers of robots that need to
perform diverse tasks [14], [18]. Furthermore, cooperative
actions can be performed by learning communication
between robots [14], [19].

Naturally, there are objects that cannot be transported
(infeasible tasks) by all robots (Fig. 1 (b)), and there
may be no prior information about them. In conventional
methods [1], the cost and task completion probability
for each task must be specified explicitly. In addition,
when the method [14] based on MARL is applied to task
allocation in an environment in which infeasible tasks
exist, all robots are connected to the infeasible tasks,
causing a stoppage (deadlock) in the robot movements.

To avoid deadlocks, it is necessary to exclude infeasible
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tasks from task allocation. However, when additional
cooperative robots are introduced, the tasks become
feasible, as shown in Fig. 1 (d), and it is desired to
release the exclusion. Therefore, a mechanism is required
to temporarily exclude the allocation of tasks that have
already been allocated.

In this paper, we propose a framework for dynamic
task allocation that enables a multi-robot system to
continue executing tasks even when there are infeasible
tasks among the transportation tasks. Specifically, a
cloud server stores the task experiences in a scalable
manner with respect to the number of robots and
broadcasts them to the entire robot system. In our
proposed method, each robot learns the exclusion level
for each object based on the task experience and other
information. The task priorities [14] are reset using an
output gate based on the task experience and exclusion
levels. Consequently, individual transportation, cooper-
ative transportation, and the temporary exclusion of
tasks that were considered as infeasible were achieved.
Finally, we validated the performance of our proposed
method in terms of success rate and transportation
time by performing numerical experiments with a larger
number of robots and objects compared with the training
experiments, as well as with untrained objects and a
varying number of robots.

The contributions of this study are as follows:

o We propose a task alloation framework with infea-
sible tasks comprising task experiences broadcasted
from the cloud server and task exlusion levels
learned by structured policy models.

e The proposed framework differs from conventional
MRTA approaches that require the specification
of the cost and task completion probability, in
that it can temporarily exclude infeasible tasks
without prior information until additional robots are
introduced.

o We confirm that the proposed method successfully
completes feasible tasks while excluding infeasible
tasks, even in numerical experiments that differ
from the training experiments, including an episode
where additional robots are introduced within the
episode.

The remainder of this paper is structured as follows:
Section II presents related work, Section III explains
the problem setting, Section IV introduces the proposed
method, Section V evaluates the performance of the
proposed method through numerical experiments, and
Section VI concludes the paper.

II. Related Work
A. Combinatorial Optimization

Task allocation can be formulated as a combinatorial
optimization problem that aims to minimize the total
travel distance, and can be solved using methods such
as the Hungarian algorithm [7] or integer linear pro-
gramming [8]. However, combinatorial optimization is an

NP-hard problem. Moreover, efficient solution methods
are needed for problems with a large number of tasks
and robots. Therefore, Q-learning based reinforcement
learning [20] and clustering methods [21] combined with
optimization have been proposed in recent years.

These methods require that the necessary resources
(number of robots) are provided for each task. However,
this information is not always available in advance. In
addition, the task may not be executable with the current
resources.

B. Bio-inspired Approach

Metaheuristic methods [22]—[24], which were inspired
by biological systems and natural processes, such as the
division of labor in social insects, have been used to
solve MRTA problems [6]. A commonly used approach
is the threshold model [22], [23], in which each robot
selects tasks using activation thresholds and a stimulus
associated with each task based on local information.
These methods are flexible and can be adapted to
different conditions with varying number of robots and
tasks. However, infeasible tasks may be allocated to
robots, which can lead to decreased efficiency.

C. Auction Approach

The auction algorithm is a commonly used method
for task allocation among multi-robots [1], and has
been studied using both centralized and decentralized
approaches. With the centralized approach [25], an
auctioneer allocates tasks to bidders. In contrast, Choi
et al. (2009) [11] proposed a decentralized auction-based
algorithm without an auctioneer. With this method,
tasks are allocated based on a consensus algorithm that
involves local communication among bidders (robots).
However, their method focused on problems in which a
single robot could execute each task.

Braquet and Bakolas (2021) [12] addressed a problem
similar to that in our research. It focuses on the cases
in which multiple robots are required for each task.
Their method employed a consensus algorithm that is
similar to that of Choi et al. (2009) [11] to estimate
the lists of selected tasks, winning bids, and completed
allocations. The robots allocate tasks to the robot with
the highest bid among the unallocated robots based on
the list of completed allocations. However, this method
requires the probability of completing each task, which
becomes computationally challenging when dealing with
objects for which the resources required for completion
are unknown.

D. MARL Approach

Previous studies [26]-[31] have focused on task allo-
cation problems using MARL. These methods formulate
task allocation as a Markov decision process and learn
policies using learning algorithms, such as MADDPG
[16]. However, these methods are designed for a fixed
number of agents and tasks, rendering them ineffective
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under different conditions. To address this issue, policy
models that only obtain neighboring agents and tasks
have been utilized [14], [18]. In particular, a framework
for task allocation in the presence of an unknown
number of robots required for cooperative transportation
was proposed in previous studies [14]. This proposed
framework utilizes dynamic priorities for each task and
global robot communication. However, if the tasks do not
have sufficient resources (number of robots), the robots
may encounter a deadlock scenario until the introduction
of additional robots.

Our proposed framework, which is similar to the
approach proposed by Shibata et al. (2022) [14], uses
dynamic priorities, but in contrast to their method, it
incorporates the learning of dynamic exclusion levels
to exclude infeasible tasks. Dynamic exclusion levels
are used in the output gate, which temporarily resets
dynamic priorities. Therefore, if a robot encounters a
deadlock with a specific object, the priority of that task
is reset. In addition, when more cooperative robots are
introduced, the reset for that object is released, enabling
the robots to again be transported cooperatively.

III. Problem Setting

Consider transporting M objects of different weights
located at z1,--- ,zy € R? with N robots to the corre-
sponding goals z,---, 2z}, € R% (Fig. 1). This belongs
to single-task robot, multi-robot task, and instantaneous
assignment (ST-MR-IA) problem that is categorized by
Garkely et al. (2004). From a practical viewpoint, the
weights of the objects are unknown and there may be
objects that cannot be transported. In this study, the
transport task aims to efficiently transport all feasible
objects using all robots as quickly as possible.

The study focuses on the allocation of objects to
robots. Robots move to reach the allocated objects in
the shortest time possible. If the number of robots |C]
connected to object [ is greater than the weight of w;, the
object [ is transportable: namely, supposedly robots are
homogeneous. Here, C; = {i € {1,--- , N}|||zi—zi]]2 < 0}
is the set of robots connected to object I, x; € R? is the
position of robot i(= 1,---,N), and the small positive
constant ¢ is a distance threshold. When considering
cases where the robots are heterogeneous, it is necessary
to consider not only the number of connected robots ||
but also the transport performance of each robot.

This study made the following assumptions:

e The cloud server can always obtain the latest infor-
mation (global information) about the robots and
objects.

e When cooperating with other robots is necessary,
each robot can obtain global information via the
cloud server.

IV. Method

The weights of the objects are unknown, and there
may be objects that cannot be transported; hence, the

1

Robot i } . + Robotj
Task Task i» Task ; Task )
Exclusion fl' Priority ¢ll 4_)! Priority ¢]- Exclusion g"j
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Fig. 2. Abstracted framework of the proposed dynamic task allo-

cation, which includes handling infeasible tasks. Task experiences
E that are scalable with the number of robots N, are broadcasted
from the cloud server to each robot in order to learn task exclusion
levels (; and task priorities ¢;. Subsequently, robots shares their
information between all robots when cooperating is necessary.

simple allocation of tasks to the robots in advance
would result in a deadlock. Therefore, we propose the
framework shown in Fig. 2. The framework consists of
three parts for the object I; the cloud server stores the
total number of robots connected to object [ by time ¢
as global information (called task experience F)); each
robot i € {1,--- , N} has a task exclusion level ¢! for each
object I € {1,--- , M} in addition to the task priority
@' to temporarily reset the task priority using E; for
le{l,---,M} from the cloud server.

A. Task Experience

The cloud server stores the task experience, for object

L
mw= [ <<1—oo<|vz<];_>|>>~|Cz<T>> ()

where v; € R? represents the velocity of object I, og
is the step function with a threshold of 0, and « is a
positive constant. Note that FE; does not increase in t
while the object is moving (Jv;(¢)| # 0). Furthermore, to
make the value scalable to the number of robots, it is
normalized by N.

B. Dynamic Task Exclusion

To obtain exclusion levels that are scalable with
the number of objects M, robot ¢ utilizes a partial
observation o;:

0; = [m:7¢ib1, ’¢éu<’
T B B @ Bl Bl
zl—irl’z;;l—r7vl—£17..' ’zl—irK7z;;KT7vl—irK7
Elu’ 7EliK]T’ (2)
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which contains K (< M) nearest robots j € NFRobot .=
{jir, - ,jix}, objects I € NFod {lin, -, lix },
and task experience E; for the nearest objects. It is
crucial for the MARL approach to restrict observation
to partial ones within the CTDE. A limited number of
nearest robots and objects may reduce the effectiveness
of centralized training.

Robot ¢ learns a static policy network model with the
target exclusion level, for [ € NFoad,

¢ =7t (00). (3)

as output. For other objects, the current exclusion levels
¢! are set. In other words, the target exclusion levels for
all objects I(= {1,---, M}) are set as follows:

l*
o fdr renke
i l

i

otherwise

The exclusion levels can be set in a decentralized
execution manner using the partial observations.

Furthermore, for objects [ ¢ ./\fiLoad that are outside
the K (< M) nearest neighbors of robot 4, a mechanism
is introduced to share the exclusion levels with other
robots via the cloud server at time when o(8;). The
timing is obtained by learning a static policy network
model, which is denoted as follows:

B = nl(0:) € [0,1]. (4)

The timing is also determined in a decentralized execu-
tion manner using the partial observations.

Based on the above, robot ¢ updates the exclusion
levels for all objects I(= {1,---,M}) using a consensus
protocol via the cloud server:

G = ke(d; = G) + ko (BN (max G = ¢). - (5)
Here, k¢ is a positive constant,

x> 0.5
otherwise

is a step function with a threshold of 0.5 for variable
z € 10,1].

C. Integration with Dynamic Task Priority

FEach robot sequentially allocates objects using dy-
namic priorities [14].

Similar to the exclusion levels, to achieve scalable
learning with a number of objects M, robot i sets the
target priorities of all objects I(= {1,---, M}) as follows:

. ¢i*’ le ./\/'iLoad
CA =
l
‘ ¢i?

otherwise
where ¢! is the current priority of robot i for object [;
in addition, robot ¢ learns the target priorities (;Sé* for
K(< M) neighboring objects | € NF°2d using a policy
network model as follows:

¢f" = (00). (6)

Cloud Servea“r Task Experience h

E

0; i Dynamic

Task Exclusion
couEat>—

Local
Information

X, Z, vy,

SR

Policy Network

Pi

X—> 7

Output gate

Task Priority

Fig. 3. Block diagram of multi-robot task allocation with infeasible
tasks. The output gate plays a role in integrating dynamic task
exclusion and dynamic task priority.

Cooperation with robots that are not located nearby
is required for handling heavy objects. Therefore, similar
to the exclusion level, when the required timing is

o(a;), robot ¢ updates the priorities for all objects
I(={1,---,M}) using a consensus protocol via a cloud
server:
) N
¢t = ky(ch — &) + koo () Y (¢} (7)
j=1

Here, k4 denotes a positive constant. In addition, the
timing for sharing priorities with other robots is obtained
by learning a static policy network as follows:

a; = ;' (0;) € [0,1], (8)

The exclusion level ¢! in Equation (5) is integrated
with priority ¢! in Equation (7) using the output gate, as
shown in Fig. 3. The integration is expressed as follows:

o= (1-0(c)-o(B)) L. 9)

Here, o, is a step function with the threshold of a small
positive constant e. If object [ satisfies ¢! > 0.5 and
E; > e, transportation is determined to be infeasible
with the current resources, and its priority is reset.
Finally, robot ¢ selects the object with the highest

priority among priorities ngSi (I =1,---,M) after the
output gate in Equation (9):
I = argmax ¢

1€{1,2, ,M}

Furthermore, the priorities of the objects that have
reached their goals or are being transported by other
robots are set to 0. In addition, if an object is already
allocated and is being transported, the update of all
priorities is stopped.

D. Policy Optimization

As shown in Fig. 3, a static policy network model
consisting of Equation (3), (4), (6), and (8), for the robot

a; = mi(0;). (10)



is learned. Here,

T
_ lin ™ Lir ™ Iin* lirk ™
a; = (bil7"'7¢1‘K7ai7<¢1a"'7CiKaﬁi .

In this study, the MADDPG algorithm [16] was used to
perform the centralized training of the policy network
model of Equation (10). The algorithm used the MARL
settings using Markov decision processes (partially ob-
servable Markov games), i.e., states of all robots, objects
and the task experience for all objects are denoted as

T T

s =[x, xy,
¢%’... 7¢{Vf7... ,¢}V7... 7¢Jz\vl>
z1T7~-~ =Z1T47U1Ta"' 71,;[7
El,"',EM]T,

and for any time series of states and actions, s(7) and
a;(7) forall 7 € {t+1,---,0} and i, the state transition
probability satisfies Markov property as follows:

Pls(t+1) | s(t),as(t),- -
=P[s(t+1) | s(7),a1(7), -

;an(t)]
yan(7),vT € {t,---,0}].

The goal positions were not included into the states, the
same goes for the task exclusion levels. The initial posi-
tions of all robots and objects are determined randomly
by the uniform distribution, and the goal positions zj
are fixed.

We use the reward for transporting objects as follows:

M
r=> (P +Avill2),
1=1
that is same to [14]. Where P, is 1 if ||z, — 2z/||2 < 0,
otherwise P; is 0. A is positive constant.

V. Numerical Experiment

In this section, we present the results of numerical
experiments on multiple object transportation tasks.
The performance of the proposed method was evaluated
under different settings by varying the number of robots
and objects. The performance was also compared with
three ablation studies that removed either the dynamic
exclusion or FE inputs, or both, from the proposed
method.

A. Simulation Setup

Starting positions of the participants were randomly
selected, and the target positions of each object were
fixed for each simulation (Fig. 4). The carrying capacity
of each robot was set to 1. By the inclusion of N robots
cooperating to transport the same object, it becomes
possible to transport an object with a weight of V.

In the training experiments (Training in Table I), N (=
3) robots and M (= 6) objects were used. The weights
of the objects were set to three types, including objects

®
° °
° 6 1@ @ ®
1

CIRO) D © o

® o
Bl OH2 #3 #4 #5  #6
| | ] = ] [m] ]

Fig. 4. Numerical environments with N = 6 robots and M =
10 objects. Each square represents a robot, each colored circle
represents an object, and each colored dot represents a goal of
transport. The number inside each circle represents the number
of robots needed to transport the object, and the number of each
square represents the robot’s ID.

that cannot be transported by N robots, with weights
w; € {1, N, N+1}. Among the six objects, three objects
had a weight of N 4 1, whereas the remaining three
objects were randomly chosen from weights of 1 and N
with a 50 % probability.

We used the MADDPG code [32] and set the sim-
ulation parameters listed in Table II. In the proposed
method, the numbers of neighboring robots and objects
for each robot were set to K = 2. The other parameters
were set as follows: k = 10, e = 1, kg = 0.2, ks = 0.2,
A = 60. These parameters were determined manually
throughout trial and error.

The validation experiments (refer to validations 1 and
2 in Table I) used N(= 6) robots and M (= 10) ob-
jects. Among these, two objects have an untransportable
weight of w; = N + 1(= 7), whereas the remaining
eight objects have weights of either {1,3} or {1,6}. The
proportion of objects with weights of 3 or 6 was selected
using {0, 50,100 %} probabilities, and 100 episodes were
run, with each episode consisting of 1,000 steps.

To evaluate the scalability and versatility of the
proposed method, we used the following two criteria:

o Success rate: The percentage of episodes in which all
objects reached their goals within the total number
of steps.

o Transportation time: The average number of steps
(seconds) until all transportable objects reached
their goals for the episodes in which they succeed
in transportation.

TABLE 1

Number of objects and robots in the experiments

Experiment Robot  Object Object weight
N M 1 3 4 6 7
Training 3 6 03] [03 3 0 0
Validation 1 6 10 08 [08 2 0 0
Validation 2 6 10 [0 8] 0 0 [08 2
Validation 3 3 — 6 10 1 4 0 5 0
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TABLE II

Simulation parameters.

Parameter Value
Sampling period [s] 1.0
Number of steps per episode 300
Number of episodes 50,000
Number of hidden layers (critic) 4
Number of hidden layers (actor) 4
Activation function (hidden) RelU
Activation function (output, critic) tanh
Activation function (output, actor) linear
Optimizer (critic) Adam
Optimizer (actor) SGD
Discount factor 0.99
Batch size 1024

1200 T T T T
122
'% 1000
5
; Ours
= 800 ———— Without DE and E | 7
s
3
£

400 1 1 1 1

0 100 200 300 400 500
Episodes (><105)

Fig. 5. Cumulative rewards of our framework using DP: Dynamic
Priority and DE: Dynamic Exclusion, and E: task experience of
objects.

Furthermore, in an additional validation experiment
(refer to Validation 3 in Table I), the number of robots
was varied from 3 to 6 during each episode to evaluate
the effectiveness of the proposed method.

B. Training Performance

The training performance of the proposed method
was evaluated based on the average cumulative reward
over 3 training runs. The results were compared with
those of a method that used only the dynamic priority
mechanism [14] without DE and FEj, as shown in Fig. 5.
Here, DE in the figure refers to dynamic exclusion. The
method without DE and Ej is identical to the framework
introduced in Shibata et al. (2022) [14].

The average cumulative reward of the method using
only the dynamic priority mechanism [14] was low
because the robots became stuck in a deadlock while
gathering around objects that could not be transported.

However, the proposed method achieved high cumula-
tive rewards and did not cause deadlocks. It is believed
that the output gate in Equation (9), which is controlled
by the dynamic exclusion in Equation (5), effectively
avoids deadlock.

C. Scalability and Versatility

Fig. 6 shows the validation results obtained when
increasing the number of robots and objects compared

I Ours
I Without DE
[ Without E
I Without DE and E
100 =
S 30 g 400
£ e k
% 40 g 200
S 20 =
= @
Z g
0 20
0 0.4 0.8 0 0.4 0.8
Probability of Probability of

heavy objects (w; = 3)
(a) Success rate

heavy objects (w; = 3)
(b) Transportation time

Fig. 6. Validation results of each learned distributed policy with
6 robots and 10 objects with weights of w; € {1,3,4}. Probability
of untransportable objects, w; = 4, is 0.2.

I Ours

[ Without DE

[ Without E

I Without DE and E

100 % 800

S £
= 80 £ 600
= E=1
g 60 2 400
2 40 g
S 5 2.200
a 2

0 L E o

0 0.4 0.8 0 04 08

Probability of
heavy objects (w; = 6)
(b) Transportation time

Probability of
heavy objects (w;, = 6)
(a) Success rate

Fig. 7. Validation results of each learned distributed policy with
6 robots and 10 objects with weights of w; € {1,6,7}. Probability
of untransportable objects, w; = 7, is 0.2.

to the learning phase, with the weights of the objects
remaining the same. For comparison, the results exclud-
ing the dynamic exclusion (DE) and E inputs from
the proposed method are shown in red and yellow,
respectively. When using only the dynamic priority
mechanism [14] without DE and E, there were cases in
which objects could not be transported because of dead-
lock occurrences with infeasible objects, resulting in a
success rate below 100 %. However, the proposed method
achieved successful transportation in shorter times than
the other methods under all conditions. Furthermore,
the proposed method reduced the transportation time
when there were fewer heavy objects. This indicates that
both individual and cooperative transportation occurred
simultaneously, depending on the composition of the
objects. These results demonstrated the scalability of the
proposed method.

Fig. 7 shows the validation results obtained when
increasing the number of robots and objects compared
to the learning phase, including the case where there
are unlearned weight values for the objects. Even for
objects with unlearned weights (= 6), the proposed
method successfully completed the transport tasks. This
demonstrates the versatility of the proposed method.
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Fig. 8. Validation results of proposed method with 10 objects and
after varying the number of robots from 3 to 6.

In Fig. 6 and 7, the policies obtained from the learning
of methods removing either the DE or E input from the
proposed method resulted in a significant decrease in the
success rate. For the method without DE (shown by the
red bars in the figures), even when the ratio of weights
3 to 6 is zero (i.e., all objects except for infeasible ones
can be transported individually with weight 1), deadlock
occurs because of the infeasible objects, and the success
rate does not reach 100 %. For the method without E
input (shown by the yellow bars in the figures), when the
ratio of weights 3 to 6 was 0, the success rate reached
100 %. However, when heavy objects are transported
cooperatively, the success rate decreases to 0 %. From
these results, it can be inferred that the removal of DE
results in the loss of deadlock avoidance functionality,
and the removal of the E input resulted in the loss of
cooperative transportation capability.

D. Effectiveness of Temporary Priority Exclusions

We confirmed the effect of temporarily resetting the
priority using output gates through an experiment (Val-
idation 3) in which robots were added within an episode.
Fig. 8 shows the results sampled during a 2, 000 s episode.
In Fig. 8 (a)—(c), 3 cooperating robots were able to

transport objects weighing up to 3 before encountering a
deadlock with objects weighing 6. In Fig. 8 (d)—(f), with
3 additional robots, all robots cooperate to transport all
objects weighing 6.

VI. CONCLUSIONS

In this study, we propose a framework for dynamic
task allocation in multiple transportation tasks where
the weights of the objects are unknown and there
are infeasible objects. In the proposed method, multi-
robots sequentially select objects using a dynamic task
allocation approach. To achieve scalability in terms of
the number of robots and objects, we learn the timing
for utilizing global information and the target priori-
ties of neighboring tasks based on partial observations.
We calculated dynamic priorities using an consensus
protocol. We also constructed target exclusion levels
and consensus protocols to temporarily reset priorities
using an output gate, thereby avoiding deadlocks caused
by infeasible objects. This construction enables task
allocation strategies to be executable without prior
consideration of the feasibility of the task. By performing
numerical experiments, we confirmed the efficiency of
task allocation through both individual and cooperative
transportation, which can be achieved even with an
increasing number of robots and objects (scalability), the
ability to allocate tasks to unlearned objects (versatility),
and the effectiveness of the temporary prevention of
deadlocks while the number of robots was insufficient
to execute the tasks.

Our proposed method assumes the use of a cloud server
to obtain the required global information. In the future,
we plan to implement the proposed method to validate
its feasibility in real-world environments.
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