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Abstract— Task allocation in UAV swarms is increasingly
challenging due to task complexity, communication limits, and
algorithm robustness. Combining reinforcement learning with
task allocation offers promise but often ignores the conflict
between task conflicts and communication overhead, causing
exploration and stability issues. This paper proposes Task
Allocation with Communication Coordination (TACC), which
learns a gated mechanism to balance communication efficiency
and allocation reliability. TACC is modeled as a POMDP
with adaptive gating actions and shared rewards for task
conflicts, and an asynchronous experience aggregation method
is designed for CTDE. We further introduce Multi-Objective
Constrained Policy Optimization (MOCPO), which applies con-
strained policy optimization via a Lagrangian loss to stabilize
training and improve convergence. Finally, sim-to-real experi-
ments are conducted in the HIL environment, and the results
demonstrate the optimal trade-off achieved by the proposed
method and its overall state-of-the-art approaches. Ablation
studies and hyperparameter experiments further validated the
stability of MOCPO. Specifically, the communication strategy
is effectively deployed in the RK3588 SOC, and the flight
experiment demonstrates the superior scheduling outcomes of
TACC within the ten-UAV swarm in the search and rescue.

I. INTRODUCTION

Multi-agent task allocation is nothing new, but the swarm
boom in recent years has activated it again [1], [2]. As an
important application of multi-agent theory, swarms endow
multi-agent systems with new characteristics, such as flex-
ibility, locality, and autonomy [3], [4], which makes them
highly valued in engineering and presented in various forms,
such as the UAV swarm or other agents with individual
dynamics. Task allocation is becoming increasingly complex
due to the complexity of tasks, the limitations on commu-
nication, and the robustness of the allocation algorithm [5],
[6]. In addition, Multi-agent task allocation is NP-hard, and
a variety of approximate methods have been developed to
efficiently produce solutions to this problem [7], [8].

Based on the distribution of task-related computations in
multi-agent systems, allocation methods can be categorized
into centralized and distributed approaches. Compared to
centralized methods, distributed methods have advantages in
terms of communication overhead, single-point computation,
and global robustness. The distributed method periodically
iterates through two stages: computation and communica-
tion [9], [10]. In the computation stage, the agent selects
appropriate tasks by independently utilizing the sequential
greedy algorithm (SGA) to build a task sequence. In the
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communication stage, agents obtain allocation information
maintained by others through communication and then use
consensus conflict resolution rules to achieve global agree-
ment [11], [12], [13], [14]. Unfortunately, due to factors such
as interdependence among tasks, resource constraints, and
dynamic environmental changes, the task allocation problem
presents a vast solution space and a complex optimization
process, which makes traditional methods unable to conduct
an exhaustive search or global optimization of the solution
space within a limited time.

Multi-agent reinforcement learning (MARL) can update
strategies in real-time based on environmental feedback, with
each agent continuously adjusting its behaviour according
to local observations to cope with new tasks or changing
scenarios, making distributed task allocation more real-time
and robust in dynamic and uncertain environments [15]. The
sub-phase-based method designs MARL separately for the
two-stage process of distributed task allocation, aiming to
learn computation or communication strategies. This method
has good interpretability due to its consideration of the
specific process of task allocation. For the computation stage,
a heuristic computational policy is learned to swiftly con-
struct allocations that maximize the global reward [16]. For
the communication stage, communication-related strategies,
such as transmission loss, protocol parameters, and com-
munication timing, are learned to minimize communication
overhead in the task allocation process [17], [18]. Since the
distributed task allocation requires consensus among agents,
its robustness and timeliness heavily depend on commu-
nication, which is often affected by environmental factors
such as complex terrain or electromagnetic environment,
resulting in various degrees of error, packet loss, delay,
and even interruption, which frequently leads to message
retransmission, delaying the allocation process. Therefore,
communication-related strategy learning holds more promis-
ing prospects for distributed task allocation, and it can
be independently designed without considering algorithms
and protocols compared to computation strategy learning,
offering better generalization capabilities and applicability.

Nevertheless, existing research has overlooked the struc-
tural conflict between task conflicts and communication
overhead, which leads to significant challenges in explo-
ration and training instability. In multi-agent reinforcement
learning, Constrained Multi-Agent Reinforcement Learning
(C-MARL) guides the direction of policy updates by intro-
ducing a constraint mechanism, balancing structural conflicts
among multiple optimization objectives during the training
process. To this end, this paper proposes a C-MARL method
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with constrained policy optimization that coordinates asyn-
chronous communication timing while balancing multiple
objectives, thereby enhancing the effectiveness of task allo-
cation in adapting to realistic communication environments.

II. PRELIMINARIES

A. Distributed Task Allocation Considering Communication
Processes

1) Task Allocation Problem Description: To formalize the
task allocation problem, let U = [uj,up,...,u,| be the set
of n agents and K = [k,kz,... k| be the set of m tasks.
Each agent u; selects candidate tasks from K to form a task
list p;. The goal of task allocation is to assign tasks to all
agents without conflicts to maximize the global reward J:

n |pjl
J=max{} Y c;x(p;)} (1)

j=lk=1
Where the reward of task k in the task list p; is defined as
cjk(p;)- The goal of task allocation is to maximize the global
task reward, which is the sum of rewards for tasks allocated
to all agents. The number of tasks allocated to agent u; (u;
can be simplified to j) is |p;|. Constraints related to the task

allocation problem are as follows:

Ipjl <N;,  Vie{l,...n}
piNp;=0, Vj#ie{l,....n} )
Uip €K, Vjze{l,...,n}

Where the first constraint ensures that the maximum capacity
of agent u; is N;. The second constraint ensures that each
task is allocated to at most one agent, or not allocated at all,
to avoid exceeding the capacity of any agent. The validity
of the allocation is guaranteed by the third constraint, which
states that any combination of allocations must be a subset
of the task set K.

2) Two-Stage for the Distributed Method: Compared to
synchronous task allocation, asynchronous methods have
more advantages in practical engineering applications as they
reduce extra data transmission and waiting time. This paper
studies a process based on an asynchronous task allocation
algorithm, where agents iteratively undergo two phases:
computation and communication[19]. During the computa-
tion stage, each agent independently runs a distributed task
allocation algorithm to select appropriate tasks while storing
task allocation information received from other agents. Once
the received information is updated, an agent will move
directly to the next stage without waiting for others. In the
communication stage, agents use the obtained information
and consistent conflict resolution rules to ensure that the
allocation results among the nearest agents remain consistent.

III. APPROACH

A. Multi-Agent Reinforcement Learning Environment for
Task Allocation with Communication Coordination

As discussed earlier, the effectiveness of distributed task
allocation is closely tied to the underlying communication

process [20], [21]. By learning communication strategies
that coordinate transmission timing, agents can adapt to
challenges such as terrain-induced occlusions and electro-
magnetic interference, thereby reducing dependence on unre-
liable links [22], [23]. This framework is referred to as Task
Allocation with Communication Coordination (TACC). To
enable policy learning, we design a Multi-Agent Reinforce-
ment Learning (MARL) environment based on the Partially
Observable Markov Decision Process (POMDP), where the
core components are defined as follows:

Observation. We define the local observation of agent j
at local step t as o, where each observation component is
defined as follows: Referring to the work by [23], we use
the Bron-Kerbosch feature (BK) feature, value of message
(VoM) feature, and normalized time step, and introduce the
channel access feature, which are collectively used as the
agent’s observation of the current communication state.

Action. We define the action of agent j at time step ¢ as
aj, which is defined as communication strategy based on the
gating mechanism, allowing the agent to choose the timing
for data transmission adaptively. At time step ¢, agent j inputs
its local observation o;, into the policy network to obtain
the communication action a;, € {0,1}, which determines
whether a message should be sent. When a;, = 0, the agent
does not transmit. Conversely, the agent chooses to transmit.

State Transition. We view one round of the communica-
tion and computation process in task allocation of agent j
as a time step ¢;. During this step, the allocation algorithm
undergoes one iteration consisting of one computation and
one communication stage. In the computation stage, the
agent removes conflicting tasks based on consistency conflict
resolution rules and inserts new tasks to update the task
allocation results. In the same time slot 7;, some agents
that have completed their computations form the set of the
available agent, denoted as u C U. The action set a, 7; of all
available agents is retrieved and utilized to identify the data
transmission at 7;. In the communication stage, the TDMA
protocol automatically allocates time slots to all agents who
need to communicate. The next global state Sz, are obtained
through the state transition function .7 (S7,, | ,a..1;).

Reward Function. We introduce a cooperative relation-
ship to coordinate communication timing and define the
reward function, which can be achieved by constructing a
shared goal among the agents based on the communication
strategy of the gating mechanism. To this end, we sum the
changes in the task conflicts across all agents to form a global
shared reward.

ry = Z (Apjr, —Apjg,,) @)
j=1

Where Apj 1, — Apj 1, , represents the change in the average
task conflicts for agent j during time slots T;1 —T;. Ap; 7,
represents the average task conflicts between agent j and the
others at the time slot 7;:

n
Apjz =Y [pjnNperl/n 4
k=1
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Where p; 7, represents the task list of agent j, and pgr
represents the task list of another agent k. The more task
conflicts in the environment, the larger the value of Ap; 7.
To simplify notation, we define the reward rg; at global time
slot 7; as r; at the corresponding local time step ¢.
Transmission Constraint. In TACC, we extend the orig-
inal POMDP by incorporating the minimization of com-
munication overhead as an additional objective in policy
optimization and introduce the transmission constraint to
stabilize policy updates, reducing redundant communication
in task allocation. The transmission constraint establishes a
threshold for communication bandwidth in the gated strategy,
which represents the minimum communication overhead
required to achieve conflict-free task allocation. Firstly, the
transmission constraint is described as the communication
overhead incurred by an agent based on the maximum
transmission probability pg,, within a task allocation round:

U]

Csup = psupEjGU,l[Z ZEj,t] (%)
j=01=0

Where the Ejcy;, [Z‘j(il() Y 2oEj,] represents the average
bandwidth required of data sent by each agent over a step,
which can be estimated using statistical metrics. Next, the
maximum transmission probability pgy, can be derived from
the relevant parameters of TDMA and Shannon’s theorem
[24]:

. 8TZ
Psup = Cllp( 0 1) (6)

10-31log(2xAG2)N(N — 1)Ld’
where T represents the maximum number of time slots, d
represents each time slot has an occupancy time, Z represents
the maximum amount of data that can be transmitted per
time slot, and L represents the number of symbols that Each
message contains.

B. Asynchronous Experience Aggregation Method

In the CTDE, we need to collect training data from each
agent, including interaction data between the agents and the
environment, such as states, observations, actions, rewards,
etc. Then, the interaction data is concatenated in chronologi-
cal order into trajectories. All agents simultaneously make
decisions and collect interaction data in the synchronous
environment. As shown in Fig. 1(a), the integrated trajectory
collected by agents #1, #2 and #3 are:

[(50,01,0,02,0,03,0,a1,0,42,0,430),

sy (Smol,mOZ,m03,naal,na02,naa3,n>]~

)

However, most realistic real-time cooperative tasks require
that agents act without waiting for other agents to avoid
disastrous consequences. Existing methods adapt the original
MARL designed for synchronous scenarios to implement
training in asynchronous environments, and these methods
can be categorized into three types. The padding method
transforms asynchronous interaction data into synchronous
ones via padding blank slots to apply existing MARL. As
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Fig. 1. illustration of different asynchronous MARL methods. Blue/yellow
circles depict collected decision data. White ones depict padding actions.
(a) Trajectory data collected by the Agent #1, #2, and #3 in a synchronous
reinforcement learning environment. (b) Agent #1 and Agent #3 pad the
decision data for the time slot 7>. (c) Agent #1 discards the decision at
time slot 7. (d) Agent #1 and Agent #2 concatenate the decisions from
time slot 77 and 1, into time slot T3.

shown in Fig. 1(b), agent #1 and agent #3 are not making
decisions in the time slot 75, the placeholder actions a ,
and ag,z are padded. The discarding method makes agents
collect data of other agents only when they make decisions
but discard the data of others while executing their actions.
As shown in Fig. 1(c), agent #1 ignores the actions of other
agents, resulting in a blank action at the time slot 7,. The
splicing method splices asynchronous interaction data from
different agents into data at the same time step. As shown
in Fig. 1(d), the interaction data of agent #1 and agent #2
are naturally spliced at time slot 73. The trajectories of agent
#1, #2, and #3 are respectively written as follows:

[(s0,01707a170), (S] ,0171,(1171), ]
[(50,02,0,a20), (52,022,a27),...] ®)
[(s0,03,0,a30), (53,033,a33),...]

In comparison, the splicing method directly combines
interaction data collected from different agents with minimal
processing. Therefore, we adopt the splicing method for use
in the TACC framework.

C. Multi Objective Constrained Policy Optimization

Within the POMDP framework, TACC’s goal is cast as
a multi-objective MARL task, which can be equivalently
viewed as a constrained MARL problem with multiple
constraints. Two leading solution families exist: the primal-
dual method and constrained policy optimization [25]. In
TACC, we apply constrained policy optimization directly
to the policy gradient via a Lagrangian loss, stabilizing
gated communication early in training and boosting sam-
ple efficiency and convergence. To operationalize this, we
merge constrained policy optimization with proximal policy
optimization, yielding our novel MARL algorithm, MOCPO.
The detailed MOCPO implementation follows:
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Fig. 2. The architecture of MOCPO: (a) Asynchronous data collection

by splicing agents’ trajectories; (b) CTDE framework with processed data
for centralized training, where a Lagrange multiplier regulates actor loss;
(c) Penalty network optimizes the Lagrange multiplier from distributed
execution experiences.

Algorithm 1 Multi-Objective Constrained Policy Optimiza-

tion Algorithm

Initialize: Central critic network 6., Central actor net-
work Oyc10r, penalty network 6p,c,q;y and Lagrangian
multiplier A.

1: for each training episode eps do

2: S =S80, =0 for each agent i

32 fort=1+T;do

4 for all available agent j do

5: Vit = vr (OjJ)

6

7

8

9

Ocritic
v;.t = ejf,e,wh). 0jt)
Sample a;; from (o0 ,)
end for
: Execute the joint action (ajs,aay,...,dn;)
10: Get reward r;, and next state S;,
11: S = S1+1
12:  end for
13:  Add episode to replay buffer (vj,,,v’j’”oj_,,,ajvt,rjy,)
14:  Splicing interaction data from different time slots
using splicing methods
15:  Calculate the constraint value of communication band-
width cg,, with (18)

16:  Compute the Lagrangian loss L(8,A) =
A;léi(oj,taaj,z) — APy (0)1:aj1)

17:  for training batch d in batchs do

18: fort=1to T do

19: Update central critic network 6. with (26)

20: Update central actor network 8., with (28)

21: Update penalty network 6,411, With (29)

22: Compute the Lagrangian multiplier A, = (4, —

M (_V/j,t +Csup)) ™

23: end for

24:  end for

25: end for

1) Optimization Algorithm: The idea of MOCPO is to
introduce transmission penalties during the optimization of

communication strategies to stabilize the training gradient,
balancing task conflicts and communication overhead by
iteratively updating the Lagrangian multipliers. On this ba-
sis, MOCPO maximizes the reward while simultaneously
limiting the constraints of transmission cost, updating the
parameters within the constrained policy domain. To this end,
the optimization problem of communication strategy in the
algorithm can be written as:

meix.](ek) = ESNPEGk [Angk (0j1,ajy)]

o 9)

S.t. C(Bk) = ESNP”Gk [Z ’)/aj,tEj";} < Csup -
=0

Where Anek represents the advantage value of the observation
action pair (0;;,aj;) of agent j under the policy function
7. Due to the difficulty in directly solving this problem,
we approximate the function by first-order expansion of the
optimization objective and cost constraints using Taylor’s
formula. Using first-order Taylor expansion, we can obtain
formal representations of the objective function and con-
straint function:

E Az, |~ E [Az, 1+ Vol (6;) AO

SNPnsk

Esznek [Z y’ajy,Ej_,,} ~ ESNP”ok [Z )/ajJEj,t] +VC (Gk)T A
t=0 =0

(10)

In the formula, the constant term is omitted as it does not

affect the parameter solution. We define b := VgJ (6;) as the

gradient vector of the advantage function, g:= VgC (6;) as

the gradient vector of the constraint function, and € as the

current remaining “constraint margin”, where € := cgyp —
C (6y). The optimization problem can be written as:

7o, SNPnek To,

maxpxg b'AB

s.t. g'AB<c¢ an

By introducing the multipliers A, we construct the La-
grangian function for this problem:

L(AB,A)=b" A8 +2A(g"AO —¢). (12)

At this point, the problem is transformed into an uncon-
strained optimization problem, and the goal of the agent be-
comes to maximize the Lagrangian function value L(AO,1).
Due to the difficulty in calculating A@* through the optimal
A value, we approximate AG* using gradient descent:

A" = —1(b+Ag) (13)

Where 7 is the step size for policy gradient update, and A6*
can be adaptively solved using the Adam optimizer [26]. For
the policy network 6., the parameters are optimized by
minimizing the Lagrangian loss L(6,1),

i
0j1,0j1~T, [A%éf (Oj,nflj,z) _APﬂek (0]'7“‘1]'«1)]
(14)

Oactor < argmax £

actor
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Where Afr[é” represents the advantage value of the current
action state pair, and Pﬂek represents the penalty value for
the communication overhead of the agent under the current
policy. To avoid excessive differences in policy distribution
before and after parameter updates, we introduce the KL
divergence as a weight factor w for the advantage value,
and set an upper bound for the advantage value through a
truncation method. Together, these two factors limit the range
of policy gradient values to ensure stability during policy
updates.

Azl (0j4,a) = min(® x Az, (0j4,a0), 15
clip(w,1 —¢,1+¢€) x Aﬂok (0jrajys))

Where o = DKL(TCek rs Tg,) and T, ., and 7y, represent the
policy distributions of the agent before and after updating,
respectively. For the evaluation network, we calculate the
training gradient under the condition of minimizing the mean
squared distance between the state value function V7 and the
global consistency reward r to update the evaluation network
parameters:

7

During the training process, Pﬂek obtains the penalty
value used to evaluate the communication overhead through
sampling, which is difficult to achieve gradient conduc-
tion in neural network training. Therefore, we construct a
penalty network 6,¢,411, t0 approximate P,,ek, which is used
to estimate the required bandwidth value Vg . (0j/) ~
E[Y,>yYa;:E;j;] for communication under different obser-
vations of the agent. The parameters of this network are also
calculated using the mean squared error distance:

Ocritic ¢ arg min EOjA,ﬁajA,Aan'gk [(Vn(oj,t) - (16)

critic

(0j.1) — aj,zEjJ)z]
a7
To achieve simultaneous optimization of multiple objec-
tives, we aim to maximize the advantage value while also
increasing the influence of A on the policy network updates
as much as possible. Therefore, during the training of policy
parameters, we obtain the gradient by differentiating A with
respect to the Lagrangian function L(6,A) to iteratively find
the optimal A*:

6penalty < arg min Eaj,,,aj_,NrL'[(Veﬂ |
‘penalty penalty

A1 = (A — TMVd(A))Jr

_9d(A) _ IL(8;,)
VAR) = =3 = ax  lo=; (18)
= —E[Z YajEj;]+ coup
=0

In practical implementations, —E[Y;>,Y'a;E;,| is sub-
stituted with the communication overhead Pﬁek (0js,aj;) of
the agent. Based on this method, we iteratively update the
policy network, evaluation network, penalty network, and
Lagrangian multiplier A through exploration in the policy
domain.

TABLE I
PARAMETERS OF SIMULATION

Parameter Value
Frame Length 22 ms
Number of Slots 64

Slot Length 345 s
Maximum Transmission Unit (MTU) 1000 bits

IV. SIM-TO-REAL EXPERIMENT
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Fig. 3. The HIL training and validation environment. (a) Ad-hoc network
is composed of virtual node, bridge node and actual node. Green represents
virtual nodes, orange represents bridge nodes, and blue represents actual
nodes. (b) SNOSP can simulate the communication topology and distributed
program operation of UAV swarm. (c) Validating the policy in the task
allocation of the actual UAV swarm.

A. Environment and Experimental Settings

Validating the performance of TACC, this paper builds a
hardware-in-the-loop (HIL) training and validation environ-
ment based on the work of [27], which is used to verify
the distributed task allocation of the UAV swarm. The HIL
environment is shown in Fig. 3, which is mainly composed
of a Self-organization Network Simulation Platform (abbre-
viated as SNOSP), Actual Physical Devices (abbreviated as
APD), Training Host (abbreviated as TH), etc. The SNOSP
mainly includes three types of communication nodes: virtual
nodes, bridge nodes, and actual nodes (Fig. 3(a)). The virtual
node is a simulated networking device built inside SNOSP
and runs the 5-layer protocols APD uses (Fig. 3(b)). The
bridge node is a node that connects SNOSP and APD,
whose physical layer protocol runs on external APD, while
the other 4-layer protocols run on SNOSP. The actual node
is APD outside SNOSP, where the information of external
TH is transmitted to the bridge node wirelessly. The HIL
network simulation system composed of N real nodes and
X virtual nodes can truly simulate the swarm networking
communication, and as such, the N 4+ X method has good
scalability of communication nodes (Fig. 3(c)).
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Fig. 4. Comparison of task conflicts, communication overhead, and convergence time under different MARL methods in 30-UAV scenarios.

B. Evaluation Metrics for the Distributed Method

The distributed method are primarily evaluated based on
task conflicts, communication overhead, and convergence
time.

(1) Task conflicts - ratio of the number of tasks assigned
to more than one agent to the total number of tasks. Then
task conflicts R, fiicrs i defined as:

Hk | Xjx% > 1}
=

Rconﬂiczs = (19)
Where {k|Y;xjx > 1} is the set of all tasks with more than
one allocation. m is the number of tasks required to allocate.

(2) Communication overhead - during the communication
stage of distributed task allocation, the average bandwidth
required for agent communication. The communication over-
head B,y erhead 1S follow as:

1 Tmax
Y B. (20)

max ¢—|

Boverheaa =

Where B; is the total bytes exchanged by all agents in step
t, tmayx represents the maximum number of steps.

(3) Convergence time - time taken for task allocation to
converge to a conflict-free allocation. This metric is defined
in terms of rounds of task allocation methods or rounds of
communication. The convergence time is the smallest step
t* such that

t* =min{t | €(t) = true }. (21)

Where €(t) is a boolean indicator that the allocation is
conflict-free after step ¢.

C. Training Performance

To verify the effectiveness of MOCPO, we collected
data and trained policies in task allocation scenarios with
30 networked UAVs. MACPO, HATRPO, and A2PO were
used as baseline methods, with MACPO and HATRPO
being state-of-the-art constrained multi-agent reinforcement
learning methods, while A2PO is an improved version of
MAPPO. Task conflicts, communication overhead, and con-
vergence time were used as evaluation metrics.

As shown in Fig. 4, the results confirm the best training
efficiency of the proposed method’s overall state-of-the-
art approaches.Compared to ACBBA, MOCPO reduces the
task conflict rate by 28.13%, and decreases the commu-
nication overhead and convergence time by 81.44% and
84.61% respectively, achieving an optimal trade-off among
multiple optimization objectives. However, the performance
of MACPO, HATRPO, and A2PO is unsatisfactory. The
task conflict of MACPO is excessively high (+520.77% vs.
ACBBA), and HATRPO incurs significant communication
overhead without reducing the conflict rate (+17.69% vs.
ACBBA). Meanwhile, A2PO has trained a suboptimal so-
lution that simultaneously reduces communication overhead
and convergence time to a certain extent (-36.59% and -
40.49% vs. ACBBA) while maintaining the task conflict
rate unchanged (+2.59% vs. ACBBA). The results demon-
strate the benefits of constrained policy optimization, which
ensures monotonic improvement and constraint satisfaction
of the communication strategy, leading to superior training
performance.

D. The Impact of The Asynchronous Experience Collection
and Concatenation

To assess the impact of asynchronous experience collec-
tion and concatenation, we trained communication strate-
gies using MOCPO-Padding and MOCPO-Discarding, which
only modified trajectory processing on top of MOCPO.
As shown in Fig.4, all three methods maintained low task
conflicts (1.66%, 2.27%, 1.95% vs. 2.31% for ACBBA),
but Padding and Discarding produced suboptimal solu-
tions. Compared with ACBBA, they reduced communica-
tion overhead by 29.03% and 36.59% and convergence
time by 30.14% and 36.30%. In contrast, the concatenation
method significantly lowered both communication overhead
and convergence time, likely because it accounts for other
agents’ strategies within each time step, enabling more
accurate credit assignment and improving sample efficiency
in MARL.

E. Ablation Study

The constrained policy optimization method enables
MOCPO to achieve multiple objectives during the train-
ing strategy, reducing task conflicts and communication
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Fig. 5. Search and rescue experiments with 10 UAVs, 20 survivors are located randomly, and are served in the order of their location in the assigned path.
Time scheduling for tasks is shown when ACBBA w/o communication policy (a) or ACBBA with communication policy (b) is applied for task scheduling.

overhead. To verify the impact of the constrained policy
optimization, we conducted ablation in the environment
with 30 agents. As shown in Fig. 4, the MOCPO without
optimization struggles to learn an effective communication
strategy, exhibiting only single-objective training results.
While the ablated MOCPO significantly reduces communi-
cation overhead and convergence time by up to 8§9.51% and
88.03% compared with ACBBA, task conflicts increase by
625.54%. Excessive task conflicts and high communication
overhead make it difficult for a UAV swarm to complete task
allocation, highlighting the importance of multi-objective op-
timization. The results demonstrate that the ablated MOCPO
is misdirected in its gradient updates due to single reward
feedback under conditions where communication constraints
are absent, making it challenging to train effective strategies
in a vast policy space.

V. FLIGHT EXPERIMENT

FeiLong-1700
Hybrid-wing UAV

Ground Control

Mobile Ad-hoc Networks

Fig. 6. Fei Long-1700 UAV swarm executes distributed task allocation
algorithm in the search and rescue task.

A. The Configuration of the UAV swarm

To verify applications of TACC in the real-world UAV
swarm, we simulated a search and rescue mission scheduling
scenario and conducted a flight test with 10 UAVs. As shown
in Fig. 6, the UAV swarm consists of individual UAVs, each
being a hybrid-wing UAV (Fei Long-1700) equipped with a

collaborative controller and a communication terminal. The
collaborative controller is constructed based on the Rockchip
RK3588 SOC, which can carry task allocation algorithms
and small-scale neural networks through the Linux ker-
nel. The communication terminal is responsible for inter-
UAV communication within the swarm and air-to-ground
data transmission, enabling swarm information sharing and
telemetry data feedback. Under the construction of a sim-to-
real ad-hoc network, the ground station can connect with ten
UAVs through the communication terminal, enabling real-
time monitoring of aircraft parameter changes and flight
status.

B. The Search and Rescue Scenario

Distributed task allocation is often used for time-sensitive
tasks, where a shorter completion time typically yields a
higher reward. For instance, in a search and rescue scenario,
a group of agents should move to the assigned targets and
provide medical supplies, food, or transportation as soon as
possible [23], [13], [27]. In this task scenario, the task reward
can be represented by a time-discounted reward, where the
total reward of tasks assigned to agent j is:

LS
s =Y 09"e (22)
k=1
Where ¢ € (0,1] is a discount factor and ‘C}‘(p ;) is the time
when agent j arrives at task k along the allocated path p;.
¢y is the static reward for task k. The exponential function
computes the task reward:

G=e % (23)
Where the d is the distance traveled by agent j to arrive at
target k. Furthermore, We can compute the time r}‘ (p)):

(p)) =dw; ' + (& —1)8 (24)

Where v; is the speed of agent j, { € {1,2,...,N;} is the
order of targets and & is the time required for serving each
target.
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C. Time Scheduling of The Flight Experiment

We designed the flight experiment in a search and rescue
scenario to validate TACC’s efficiency under real-world task
allocation. In the experiment, the operational area is defined
as a square region no larger than 4 km on each side, and the
task reward is computed based on the UAV’s initial position,
speed, fuel level, and the task’s execution time, start time,
and deadline. In this setup, the UAV swarm must service
multiple tasks with strict deadlines to minimize missed tasks.
Furthermore, we set the collaborative controller to complete
communication and task scheduling within 0.5s and 1s.

The result shows that TACC completed the conflict-free
allocation of all tasks within 1 second. In contrast, ACBBA
only achieved conflict-free assignments for 17 tasks, illustrat-
ing that TACC’s timelessness is superior to ACBBA’s. From
the task path in Fig. 5(a), ACBBA generated thirteen path
conflict points within 0.5 seconds, four path conflict points,
and one unassigned point within 1 second. From the task
path in Fig. 5(b), TACC generated only one unassigned point
within 0.5 seconds and resolved all conflicts within 1 second.
These results indicate that TACC, compared to ACBBA,
transmitted more valuable messages through communication
policy coordinating within the same time slots, resulting
in superior scheduling outcomes when they optimize the
consistent time-sensitive reward function.

VI. CONCLUSIONS

This paper optimizes communication policies for asyn-
chronous distributed task allocation by formulating the prob-
lem as a POMDP with a transmission constraint to guide
exploration. We propose MOCPO, a MARL method us-
ing Lagrangian loss with transmission penalties to reduce
communication overhead and convergence time. Experiments
in a Hardware-in-the-Loop environment and sim-to-real se-
tups show that TACC outperforms state-of-the-art baselines
(MACPO, HATRPO, A2PO) and achieves superior perfor-
mance in search-and-rescue trials. Flight experiment further
confirms the effectiveness and timelessness of the proposed
TACC within the ten-UAV swarm in the search and rescue.
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