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Highlights
What are the main findings?

o  The proposed decentralized reinforcement learning algorithm, integrated with the
PPO and a LSTM-attention fusion network, eliminates reliance on a global scheduler
and addresses sparse reward instability, achieving 100% task success rate across
diverse scenarios.

e The Cascaded Commitment Timeout (CCT) mechanism effectively prevents training
deadlocks, while the fusion network captures temporal and collaborative dependen-
cies, enabling zero-shot generalization and superior robustness against UAV failures
and dynamic tasks.

What are the implications of the main findings?

e  Theoretical Implication: This study enriches the family of distributed multi-agent
task allocation methods, providing a viable framework for addressing deadlock and
temporal dependency challenges in reinforcement learning-based scheduling.

e  Practical Implication: The algorithm’s high robustness and zero-shot adaptability
make it suitable for real-world applications like low-altitude logistics and emergency
rescue, supporting flexible scaling of UAV fleets and task volumes.

Abstract

To address the challenges faced by heterogeneous Unmanned Aerial Vehicle (UAV) systems
in complex task allocation, including over-reliance on centralized scheduling, training
deadlock, inadequate capture of temporal collaboration, and unstable training under
sparse reward conditions, this paper proposes a distributed task allocation algorithm
based on reinforcement learning. The algorithm adopts a decentralized decision-making
architecture, which enables the autonomous formation of UAV collaborative groups without
the need for a global scheduling center. A cascaded submission timeout mechanism is
introduced to prevent training deadlock; the combination of Long Short-Term Memory
(LSTM) and attention mechanism is employed to accurately model temporal correlations
and collaborative dependencies; and the Proximal Policy Optimization (PPO) algorithm is
leveraged to optimize the training stability under sparse reward conditions. Experimental
results demonstrate that the proposed algorithm achieves a 100% task success rate in
scenarios of different scales, and its key metrics, including makespan, time cost and waiting
time, are significantly superior to those of mainstream baseline methods such as the
Genetic Algorithm (GA) and the Hungarian Algorithm (HA). Moreover, the algorithm still
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maintains excellent robustness under the conditions of UAV failures, parameter variations,
and dynamic task perturbations. This method supports zero-shot generalization for any
number of UAVs and tasks and provides an efficient and reliable solution for the real-time
collaborative scheduling of heterogeneous UAV systems.

Keywords: UAYV; task allocation; reinforcement learning; encode; Proximal Policy Optimization

1. Introduction

With the rapid development of the low-altitude economy and intelligent logistics,
heterogeneous Unmanned Aerial Vehicle (UAV) systems demonstrate irreplaceable value
in complex scenarios, such as search and rescue operations [1,2], environmental moni-
toring [3,4], and material delivery [5,6], by virtue of their superiorities, including strong
collaborative capability, high fault tolerance, and excellent capacity for processing complex
tasks. For instance, in search and rescue scenarios, reconnaissance UAVs locate survivors,
relay UAVs maintain communication coverage, and delivery UAVs transport first-aid
supplies; the collaboration of the three can significantly improve rescue efficiency [7]. In
space exploration, multi-type UAVs can divide labor to complete environmental detection,
sample collection, and data transmission tasks [8]. In medical scenarios, UAV teams can
realize the coordinated operation of medication delivery and patient vital sign monitoring
in remote areas [9]. The absence of any type of UAV in the above scenarios makes it impos-
sible to carry out the tasks, which imposes stringent requirements on the task assignment
and scheduling of UAVs. Such task assignment problems are typically modeled as the
Generalized Assignment Problem (GAP) [10]. As a classic NP-hard problem, the scale of its
solution space grows exponentially with the complexity of the problem, making it difficult
to achieve optimal solutions.

In current research, centralized methods such as Mixed Integer Programming
(MIP) [11] can obtain theoretical optimal solutions, but their computational time con-
sumption grows exponentially with the problem scale, which fails to meet the requirements
of real-time scheduling. Although heuristic algorithms [12] and distributed auction al-
gorithms [13] feature high computational speed, these methods need to be constructed
based on prior knowledge, and their inference processes rely on search and iteration. When
solving large-scale problems, they suffer from low solution quality and poor efficiency,
they are difficult to model complex collaborative dependencies, and they have limited
generalization ability. Existing learning-based methods [14] eliminate the need to manu-
ally formulate rules based on prior knowledge; pre-trained models can solve problems in
constant time, which greatly improves the solution efficiency. However, the application
of learning-based methods to the task assignment of heterogeneous UAVs still faces the
following challenges:

(1) Dependence on centralized decision-making: Most existing learning-based algorithms
adopt a centralized architecture and require a global scheduling center to coordinate
task assignment. This is prone to single point of failure, communication bottlenecks,
and high latency in distributed environments, which cannot adapt to the demand for
autonomous deployment of UAVs.

(2) Training deadlock problem: In multi-agent reinforcement learning (MARL), collab-
orative competition among UAVs is likely to lead to decision cycles or deadlock
phenomena caused by resource contention. Especially in large-scale heterogeneous
scenarios, the lack of effective distributed prevention mechanisms impairs the reliabil-
ity and efficiency of the algorithm.

https://doi.org/10.3390/drones10030220


https://doi.org/10.3390/drones10030220

Drones 2026, 10, 220

30f33

(3) Insufficient capture of temporal correlation and collaborative dependencies: Tradi-
tional neural networks are difficult to effectively model the temporal information in
dynamic task sequences and the complex collaborative relationships among UAVs,
resulting in poor generalization ability of the algorithm in variable-scale scenarios
and failure to achieve zero-shot adaptation.

(4) Unstable training under sparse rewards: Learning-based methods have low sample
utilization in sparse reward environments; the policy optimization process is suscep-
tible to noise interference and features slow convergence, which cannot ensure the
rapid generation of near-optimal solutions in large-scale problems.

To address the above challenges, this paper proposes a distributed task assignment al-
gorithm for heterogeneous UAVs based on improved reinforcement learning. The algorithm
adopts a decentralized decision-making architecture and does not require a centralized
scheduling unit; it avoids training deadlocks through a cascaded submission timeout mech-
anism and captures temporal correlation and collaborative dependencies by combining the
Long Short-Term Memory (LSTM) network with the attention mechanism; it achieves stable
and efficient policy training based on the Proximal Policy Optimization (PPO) algorithm,
ensuring the rapid generation of near-optimal solutions in large-scale scenarios.

In summary, the main contributions of this paper are as follows:

1. A decentralized reinforcement learning framework is designed, which allows UAVs
to independently make decisions on task selection and collaborative group formation.
It adapts to the requirements of distributed deployment and enables collaborative
operation without a global scheduling center.

2. A cascaded submission timeout mechanism is proposed, which realizes fully dis-
tributed deadlock prevention through local dynamic countdown. This mecha-
nism reduces the deadlock rate to an extremely low level without increasing
communication overhead.

3. AnLSTM + attention fusion network is constructed to simultaneously model UAV
task collaborative dependencies and temporal correlations. It supports zero-shot
generalization for an arbitrary number of UAVs and tasks, and it is adaptable to
scenarios of different scales.

4. A training mechanism under sparse reward conditions is designed based on the
PPO algorithm. Through the clipped probability ratio and multi-round sampling
advantage estimation, the sample utilization efficiency and training stability are
improved, ensuring efficient policy convergence.

The remainder of this paper is organized as follows: Section 2 reviews the related work;
Section 3 describes the problem model and constraints in detail; Section 4 elaborates on
the specific design of the proposed algorithm; Section 5 verifies the algorithm performance
through experiments; and Section 6 concludes the full paper and prospects future work.

2. Related Work

This section reviews the research status of UAV task assignment problems and intro-
duces the research on task assignment based on reinforcement learning.

2.1. UAV Task Assignment Problems

UAV task assignment is a core research direction of multi-agent cooperative systems,
whose primary objective is to realize the optimal allocation and efficient scheduling of re-
sources according to task requirements and the inherent capability characteristics of UAVs,
thus ensuring the high-quality completion of tasks under given constraints. This research
is widely applied to practical scenarios such as search and rescue [15], environmental mon-
itoring [16], material delivery [17], agricultural production [18], and disaster response [19].
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It needs to address complex challenges brought by task diversity, environmental dynamics,
UAV heterogeneity, and collaborative dependence, and serves as a key link to improve the
operational efficiency and application value of UAV swarms.

According to the number of UAVs required for task execution, UAV task assignment
can be divided into single-UAV tasks and multi-UAV tasks. Optimization objectives are
the core guide for task assignment, with common objectives including time optimization,
resource optimization, efficiency optimization, and cost optimization. In practical scenarios,
optimization objectives are often multi-objective coordination, which requires a trade-off
among multiple objectives.

Based on the above core elements and classification system, the existing UAV task
assignment methods have formed three mainstream technical routes, each with its own
applicable scenarios and technical characteristics.

2.1.1. Mathematical Programming Methods

Mathematical programming methods aim at achieving the global optimum. By estab-
lishing a unified optimization framework to integrate all UAV and task information, they
solve the resource allocation scheme and can achieve high solution quality in small and
medium-sized scenarios. Mixed Integer Programming (MIP) [20] is a typical representative
of mathematical programming methods, which can accurately model task decomposition,
scheduling sequence, collaboration constraints, and various complex constraint conditions,
as well as solve the global optimal solution through mathematical programming methods.
Reference [21] studies the use of two Mixed Integer Linear Programming (MILP) models,
where the first is used for the clustering problem and the second for the distribution route
problem. Reference [22] adopts the Mixed Integer Nonlinear Programming (MINP) prob-
lem to reduce the energy consumption of multiple UAVs. As another centralized allocation
method, Reference [23] proposes a fast energy-saving strategy based on the Hungarian
Algorithm to minimize unnecessary idle time between phases.

2.1.2. Heuristic Methods

Heuristic and evolutionary algorithms [24] quickly solve the approximate optimal
solution by simulating biological group behavior or iterative search mechanisms and
balance efficiency and solution quality in moderately-sized scenarios. Such algorithms do
not require the establishment of complex mathematical models; instead, they efficiently
search for feasible solutions in the solution space by designing coding methods, fitness
functions, and evolutionary operators suitable for the task allocation problem, thus avoiding
the high computational complexity of traditional mathematical programming methods.
Reference [25] explores the task allocation problem of heterogeneous UAV alliances in
coordinated attacks on dynamic targets and proposes a Multi-Genotype Genetic Algorithm
(MGGA) with customized crossover and mutation operators. While maintaining the overall
alliance performance, MGGA effectively optimizes the task allocation of heterogeneous
UAV alliances. Reference [26] proposes a Multi-Objective Multi-Swarm Adaptive Ant Lion
Optimizer (MMSALO), which increases the randomness and diversity of ant activities
around ant lions. The results show that MMSALO exhibits superior performance in solving
multi-task, multi-constraint task allocation problems of UAV swarms. Reference [27]
proposes a Multi-Discrete Wolf Pack Algorithm (MDWPA), which solves the UAV task
allocation problem in complex environments by discretizing wandering, calling, besieging
behaviors, and new individual supplement. The results show that the MDWPA performs
excellently in terms of accuracy, robustness, and convergence rate.
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2.1.3. Learning-Based Methods

Learning-based task assignment methods have gradually become a research hotspot
in UAV task assignment by virtue of their data-driven decision-making advantages [28].
By training learning decision-making policies, such methods can quickly generate scenario-
adaptive allocation schemes during the deployment phase, which greatly improves the
real-time response capability and is particularly suitable for large-scale and dynamically
changing complex scenarios. Their core advantages lie in strong generalization ability,
which can adapt to unseen task and environmental scenarios, and fast decision-making
speed that meets the requirements of real-time scheduling. Liu et al. [29] introduced
the Specific Multi-Agent Deep Deterministic Policy Gradient (SMADDPG) algorithm for
UAYV task planning in 3D dynamic environments. In simulation experiments with six and
12 UAVs as the agent scale, the SMADDPG outperforms the Deep Deterministic Policy
Gradient (DDPG) and Multi-Agent Deep Deterministic Policy Gradient (MADDPG) in
terms of task completion efficiency, convergence speed, and success rate. It can effectively
cope with dynamic situations and maintain a high task success rate in both static and
dynamic environments. Dai et al. [30] explored the use of three methods—auction-based
method, vacancy chain method, and Deep Q-Network (DQN)—for task assignment in
multi-UAV exploration and destruction missions, aiming to minimize travel costs and
improve task assignment performance. Ref. [31] developed an improved reinforcement
learning algorithm to enhance the convergence accuracy of the algorithm, which introduces
the transfer learning theory. After finding a similar UAV task assignment model in the
policy library, the algorithm transfers the training parameter results of the previous source
tasks to the new model through transfer learning.

In general, mathematical programming methods have advantages in solution quality
but are insufficient in scalability; heuristic methods can quickly obtain approximate optimal
solutions but tend to fall into local optima; learning-based methods show potential in
large-scale scenarios but still need to solve the problems of collaborative modeling and
generalization. Although existing studies have proposed various solutions for different
scenarios, there is still room for improvement in aspects such as the formation of dynamic
collaboration groups of heterogeneous UAVs, real-time scheduling in large-scale scenarios,
and global optimization under complex constraints, which are also the core entry points of
related research.

2.2. Task Allocation Based on Deep Reinforcement Learning

In recent years, Deep Reinforcement Learning (DRL) [32] has demonstrated remark-
able advantages in complex task assignment problems, especially in scenarios with dynamic
changes, uncertainties, and high-dimensional state spaces. By enabling agents to learn opti-
mal policies through interaction with the environment, DRL performs exceptionally well
in UAV task assignment and resource management problems, achieving real-time policy
adjustment, optimized resource utilization, and collaborative decision-making without
relying on handcrafted rules or prior models. Compared with traditional optimization
methods, DRL can more effectively handle complex factors such as fluctuations in task
priorities and environmental interferences in dynamic heterogeneous systems, thereby
improving task completion efficiency and system performance.

Liu et al. proposed a dynamic task planning method with a two-layer optimization
mechanism, DAWN [33]. This method adopts DRL to solve the problem of minimizing
the global flight path and energy consumption and introduces a trust network into local
path planning to balance regional coverage and energy consumption. Eser et al. proposed
a gossip consensus-based auction algorithm, Harmony DTA [34]. This algorithm inte-
grates a two-stage auction mechanism with DRL and realizes consensus among agents
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through the gossip protocol, minimizing the total system cost and task execution delay
in communication-constrained environments. Li et al. proposed a DRL framework based
on an encoder—decoder architecture [35]. This framework reconstructs the traditional
Pickup and Delivery Problem (PDP) into a Capacitated Multi-depot Open-loop Pickup
and Delivery Problem (CMOPDP) with heterogeneous starting points, explores the con-
straint relationships among nodes via a heterogeneous attention mechanism, maximizes
the matching degree between UAVs and task nodes using a dual-decoder structure, and
introduces an entropy reward to enhance the exploration capability and prevent the model
from falling into local optima. Abou Houran et al. modeled task assignment as a Capac-
itated Vehicle Routing Problem (CVRP) [36]. This method employs an attention model
as the core architecture of DRL, generates optimized paths through an encoder—decoder
structure, and trains the model using a policy gradient algorithm, with the objective of
minimizing the maximum travel distance of all UAVs. Yan et al. proposed a method
combining hierarchical coalition formation game with DRL, MCC-RMCEF [37]. This method
first decomposes large-scale UAV swarms into sub-swarms through Multidimensional
Contribution Clustering (MCC) to reduce decision-making complexity and then adopts an
Overlapping Coalition Formation (OCF) game model combined with the marginal utility
preference criterion and random exit mechanism to realize the distributed task assignment.
Wan et al. unified the modeling of task assignment and path planning as a Markov Decision
Process (MDP) problem [38]. Based on multi-agent reinforcement learning, this method
designs individual and collaborative reward mechanisms to balance the exploration and
exploitation behaviors of agents and optimizes the jamming effect of directional antennas
in scenarios with uncertain target positions and existing no-fly zones.

3. Problem Formulation

For the researched heterogeneous multi-UAV task allocation problem, this paper
constructs a decentralized sequential decision-making model supporting global commu-
nication. Heterogeneous UAVs of different types are deployed from their respective ini-
tial bases of belonging categories and select subsequent task targets via an autonomous
decision-making mechanism after the termination of current task execution. This model
operates continuously with the decision—-execution—feedback cycle as the basic unit until
the completion of the global task cycle and the return of all agents to their corresponding
initial bases; ultimately, each agent generates a unique task path.

To ensure the collaborative efficiency among UAVs, a sequential decision-making
mechanism based on historical interaction information is designed in this paper: when a
UAV conducts the next round of task selection, it can retrieve in full the historical action
trajectory data of other UAVs. The specific implementation logic is as follows: after a
UAV determines its subsequent task, it broadcasts two core pieces of information to all
other agents through the global communication link—its own target coordinates and
the remaining execution requirements of the task. The termination of the execution of a
certain task will trigger an update of the decision phase, at which point the UAV coalition
participating in the task collaboration must synchronously initiate the next round of the
task screening process.

3.1. Heterogeneous UAV System Model

This paper introduces the type-feature model proposed in Reference [39] as the core
characterization framework for the heterogeneous UAV system. The core logic of this
model is that the heterogeneous UAV system (HUS) consists of multiple types of hetero-
geneous UAVs, and each type of UAV is equipped with an exclusive skill feature vector
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to accurately characterize its inherent skill endowments and capability boundaries. The
specific definitions are as follows:

Definition 1. UAV type set: Let the UAV type set be K = {kq, ko, ..., km}, where m denotes the
number of UAV types.

Definition 2. UAV set: Let the UAV set be U = {uy,uy, ..., un}, where n denotes the total
number of UAVs. For the i-th type of UAV k;, it contains n; UAVs, satisfyingn = Y | n;.

Definition 3. Single UAV skill characterization: UAVs of the same type, ki, have identical
feature vectors. For any UAV, uj, in type k;, its feature vector is Vy = Vg = |V1j, Vo), - - .,Vdj] ,
where d € Z represents the number of unique skills (corresponding to specific functions such as
reconnaissance, relay, and delivery), and v € N denotes the capability value of the UAV for the
corresponding skill—1 indicates possession of the skill, and 0 indicates non-possession.

When multiple UAVs form a cooperative group, the comprehensive skill feature vector,
v, of the swarm is obtained by performing an element-wise summation operation on the
skill feature vectors of all UAVs in the group. The core function of this comprehensive
vector is to quantify the overall skill supply capacity of the collaborative swarm, providing
a quantitative basis for the matching verification of task skill requirements.

3.2. Task and Environment Definition
3.2.1. Spatial and Position Model

Base station: the initial and final return positions of all UAVs are the base stations
corresponding to their affiliated types. Let the base station set be B = {bj,bs,...,bm},
where b; denotes the position of the base station for the i-th type of UAV.

Task set: the task set is denoted as T = {tl,tz, ... ,tp}, where p represents the
total number of tasks. All tasks are spatially distributed in a normalized 2D region
[0,1] x [0,1] C R2.

The positions of base stations and tasks are all represented by coordinates (x4, yi),
wherei € BUT.

3.2.2. Task Requirement Model
Each task, t;, is associated with two core parameters:

Feature requirement vector: ry = {rlj,rzj, e T, where 1; € 7%, denotes the mini-
mum skill capability required to complete the task.

Execution duration: q, € R represents the continuous time required to complete the
task after all UAVs of the cooperative group arrive at the task location.

The necessary and sufficient conditions for task initiation are:

The feature vector of the cooperative group, C, meets the task requirements, i.e.,
Ve > Iy

All UAVs in the cooperative group have arrived at the task location and remain on
site for the entire task execution duration.

3.2.3. Graph Structure Modeling

To simplify the spatial correlation and state description of tasks and UAVs, two types
of graph structures are defined:

Task-Base Station Graph, Gy = (Vs, Es): the vertex set, Vs = BUT, covers all base
stations and tasks; the edge set, Es, contains connections (vi, vj) between all vertices
(Vvi # vj,vi,vj € V), and the edge weight is the Euclidean distance between two vertices,
which is used to calculate the UAV flight time.
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UAV State Graph, G, = (Vy, Ey): the vertex set, Vy,, consists of all UAVs; the edge set,
E,, contains connections between all UAVs, and the edge attributes are state information
such as relative positions, skill complementarity, and historical interaction records among
UAVs, which are applied to decision-making for cooperative group formation and temporal
dependency modeling.

3.3. UAV State and Objective Function
3.3.1. State Definition

This paper designs that each UAV is always in one of the following three states:

Waiting state: arrived at the task location and waiting for other UAVs of the cooperative
group to arrive for task initiation.

Execution state: participating in task execution and satisfying the task initiation
conditions.

Flight state: flying from the current task location/base station to another task loca-
tion/base station.

The full task cycle of each UAV is defined as the cumulative duration from departing
from its affiliated base station to completing all assigned tasks and returning to the base
station. In view of the temporal dependency characteristics of UAV decision-making (e.g.,
historical flight trajectories and past collaboration records affect the current task selection
strategy), the model input adopts a complete state sequence instead of an instantaneous
state at a single moment.

3.3.2. Objective Function

The optimization objective of this paper is to minimize the makespan, i.e., the maxi-
mum value among the full task cycles of all UAVs. Let the flight route of each UAV, u;, be
d)ui = (b, ty, t2, . .., bt), where by is the base station of the type to which the UAV belongs,
and ty, tp, ... are the tasks it participates in executing. The objective function is shown in
Equation (1):

minmax TotalTime(¢,, ) (1)
O u;eU !

In Equation (1), ® = {¢y,, Py, ---, Py, } denotes the set of flight routes for all
UAVs, and TotalTime (¢, ) represents the total operating time of UAV, u;, along the flight
route ¢y, .

4. Proposed Method
4.1. Reinforcement Learning Task Allocation Framework Based on Decentralized Decision-Making

This paper proposes a reinforcement learning architecture based on decentralized
decision-making to tackle the heterogeneous UAV task assignment problem. With the PPO
algorithm as its core training framework, this architecture consists of two core network mod-
ules: the policy network is responsible for outputting the probability distribution of action
selection, and the value network undertakes the fitting and estimation of the value function.
To improve training stability and convergence efficiency, both networks incorporate the
clipped importance sampling mechanism and entropy regularization technique.

The architecture realizes autonomous collaboration and task assignment of UAVs
through a collaborative mechanism of asynchronous decision-making and global state
sharing: no centralized scheduling center is required, and each UAV acts as an independent
decision-making unit, sharing key state information via the global communication link
to independently complete task selection and the formation of collaborative clusters. In
the training phase, the training convergence problem in sparse reward environments is
addressed by virtue of the clipped objective function and multi-round sampling advantage
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estimation method of the PPO algorithm. In the execution phase, UAVs asynchronously
trigger the decision-making process based on the progress of task execution and adapt to
the differentiated skill requirements of tasks through the formation and disbandment of dy-
namic collaborative clusters, ultimately achieving the optimization objective of minimizing
the maximum task cycle.

The core workflow of the architecture is as follows: in the initialization phase, all
UAVs are deployed at the dedicated base stations corresponding to their respective types;
after a UAV completes its current task or takes off from the base station, it independently
triggers the next round of decision-making for task selection; upon the completion of
decision-making, the UAV immediately broadcasts its target position, the remaining re-
quirements of the selected task and its historical state sequence to the entire domain; the
asynchronous decision-making mode is adopted, and an asynchronous decision-making
pattern is naturally formed due to differences in task execution duration, with a random
permutation strategy applied to the decision-making order of UAVs within the same col-
laborative cluster; finally, the decision-making process is terminated when all tasks are
completed and all UAVs return to their respective positions.

4.1.1. Observation Space Design

Considering the temporal dependency characteristics of UAV decision-making,
the observation of UAV at time, t, is defined as a temporal state sequence, sy =
(T U ME L b - {TH UE, MY}, where L is the temporal window length (set
to 6 in this paper), covering the state information of the most recent six steps. The obser-
vation at each step consists of three parts: task features, UAV interaction features, and
decision mask:

(1) Task features, T! € R(Pt1)*d1 have a dimension of d; = 5 + 2d (d is the number of
skills). Each row corresponds to the state of a task or a base station, specifically ex-
pressed as [rtm, AXtm, AY 1 texeem, tlightm/ donem} , where ryy, = r, — v denotes the
remaining skill requirement of task m;, with r,, being the initial requirement and v¢
the skill supply of the current collaborative swarm; Axim = Xm — Xu, AV = Y — Va
are the relative coordinates between the task and the UAV; tgionim is the estimated
flight time for the UAV to reach the task; and doney, € {0,1} indicates whether the
task is completed (1 for completed). All parameters, such as remaining requirements
and execution duration corresponding to base stations, are set to 0, with only spatial
coordinate information retained.

(2) UAV features, U} € R™*% have a dimension of d; = d + 6. Each row corresponds
to the state of a UAV vy relative to the observing UAV u;, specifically expressed

as |:Vj, tremaining, AXju, ij,u, task_status]} . Among them, vj denotes the skill feature
vector of UAV u; with a dimension of d, corresponding to the quantitative capability
values of skills such as reconnaissance and relay; tremaining € R1%3 is the remaining
state time vector of UAYV, uj, which is a vector of the remaining execution time,
remaining flight time, and waiting time in sequence; Ax; y is the relative coordinate of
UAV, y;, relative to the observing UAV, u, on the x-axis, calculated as AXjy = Xuj — Xu;
ij,u is the relative coordinate of UAYV, u;, relative to the observing UAV, u, on the
y-axis, calculated as AY;y = Yy — Yy task_status; € {0,1} indicates the current task
state associated with UAYV, uj, where 0 means open and 1 means that the task is
in execution.

(3) Decision mask, MY, is a binary mask indicating whether a task is open to the agent,
subject to decision constraints.
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4.1.2. Action Space

Let the parameterized decentralized neural network be denoted as 6, which outputs
the action probability distribution, 7g (a|s{') = 7o (Tt = p|s}'), based on the temporal ob-
servation sequence, si, of the UAV, wherej € {0,1,..., P} represents action options, with
0 corresponding to returning to the base station and 1 to P corresponding to each task
node respectively; completed tasks, ongoing tasks, and filtered tasks are all excluded from
the action space through the decision mask, M}'; a random sampling strategy is adopted
to extract actions from the probability distribution in the training phase; in the inference
phase, a greedy strategy can be used to select the action with the maximum probability or a
Boltzmann weighted random strategy to balance exploration and exploitation.

4.1.3. Reward Function

To optimize both the makespan and skill waste simultaneously, a sparse reward
function is designed in this paper, which is only calculated at the end of the training
episode and expressed as Equation (2):

R(®)=-T-W )

In Equation (2), T denotes the makespan; W is the Average Ability Wastage Rate,
calculated as shown in Equations (3) and (4):

1P
i=1
a 106
72:101% T, ifve >
Wi = Yioi 1ty (4)

m, otherwise

In Equation (4), v, is the feature vector of the collaborative group executing task, t;,
and 1 = 10 is set to balance the magnitude scale of T and W. In addition, a training timeout
threshold, Tjymit = 100, is set: if the episode is not completed within the timeout, it is judged
as a training failure, and the current episode is terminated.

4.2. Cascaded Commit Timeout Mechanism

In the research scenario of this paper, tasks dynamically switch among four states: the
idle state (no UAVs are at the task location or en route to it), the incomplete state (the UAV
cluster at the task location fails to meet the skill requirement threshold), the execution state
(the skill supply of the UAV cluster meets the standard and the task proceeds normally),
and the closed-loop state (the task is fully completed). The core requirement of minimizing
the maximum task cycle dictates that UAVs process multiple tasks in parallel as much
as possible. However, it is found in the actual training that UAVs are prone to decision
bias, excessively pursuing the maximization of the number of parallel tasks and blindly
initiating a large number of tasks without sufficient UAVs with corresponding skills to
form effective collaborative clusters. Such extremely decentralized behaviors often trigger
system deadlocks, resulting in the abnormal termination of training episodes, the failure
of the team to obtain valid training experience, and severe damage to the stability and
convergence of the training process.

To completely eradicate training deadlocks caused by excessive task decentraliza-
tion and meanwhile avoid the centralized dependence on the number of globally open
tasks, this paper proposes a fully distributed deadlock prevention scheme—the cascaded
submission timeout mechanism. The core idea of this mechanism is as follows: after a
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UAV selects and announces the execution of a certain collaborative task, it immediately
enters the pre-submission phase and initiates a local dynamic countdown, T, for itself.
If all the required heterogeneous UAVs for the task are successfully gathered before the
countdown ends, the task is officially submitted, and its execution starts; otherwise, the
UAV voluntarily abandons the current task and re-enters the task selection phase. Since
each UAV makes timeout judgments only based on local information, no central coordina-
tion node is required for the entire mechanism, thus achieving true zero-communication
deadlock prevention.

The specific process of the mechanism is as follows:

1. When a UAV, u, selects a task, Tj, at time, t, it immediately broadcasts a statement to
the environment that it has pre-occupied a position for the task and initiates a local timer:

T=o0xdi+p x (k—=1) Xty )

In Equation (5), d; is the estimated flight time of UAV i to the task location, tys
is the historical average gathering time for this type of task, and o« = 1.5, § = 1.2 are
empirical coefficients.

2. Within the time window, [t, t+ T;), if task, Tj, successfully gathers k UAVs with
corresponding capabilities, all relevant UAVs commit simultaneously and the task is
officially executed.

3. If any capability is still missing when the timer expires, UAV i immediately performs
a local rollback: it cancels the pre-occupation of Tj, receives a small timeout penalty reward,
I'delay = —0.2, and re-enters the task selection phase.

4. To further accelerate convergence, the timeout penalty is set to —0.5 (a relatively
large value) in the early stage of training and decays exponentially to —0.1 with the number
of training rounds.

The cascading effect of the CCT mechanism is reflected in the following: once a UAV
is the first to abandon the task pre-lock due to timeout, other UAVs waiting for the same
task will successively trigger timeouts in subsequent steps due to the lack of collaborative
swarm members, thus quickly breaking down potential deadlock loops. Theoretically, the
CCT mechanism can naturally constrain the number of tasks in the pre-lock state at the
same time in the system within the O(n) range (n is the total number of UAVs), and this
is realized entirely through local decision-making without any global coordination. The
proof is given as follows:

Let the total number of UAVs be . Each UAV acts as an independent decision-making
unit and can only initiate a pre-lock on one task at any time instant.

Let N, denote the number of tasks in the pre-locked state simultaneously in the system.
A necessary condition for a task to enter the pre-locked state is that at least one UAV sends
a pre-lock request to it.

Based on the above two premises, the bound of the number of pre-locked tasks, Np, is
derived as follows:

From the condition that each UAV can pre-lock only one task, it can be concluded
that n UAVs can initiate at most one pre-lock request for each of n different tasks at the
same time.

From the necessary condition that a task can be pre-locked only if at least one UAV
initiates a pre-lock on it, each pre-locked task occupies the pre-lock resource of at least
one UAV.

Therefore, the number of simultaneously pre-locked tasks in the system must not
exceed the total number of UAVSs, satisfying the core constraint: N, < n.
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According to the standard definition of algorithmic complexity: if the upper bound
of a variable is a linear function of the problem size, the scale constraint of the variable is
O(n), where n denotes the core problem size.

In this paper, the total number of UAVs, 1, is the core size of the heterogeneous UAV
task assignment problem. The above derivation has proved that the strict upper bound
of the number of pre-locked tasks, Ny, is 1, i.e., there exists a constant, ¢ = 1, such that
Np < c-nholds for all UAV numbers, n.

Thus, it can be proved that the CCT mechanism constrains the number of simultane-
ously pre-locked tasks in the system to the O(n) level.

4.3. Network

This paper designs a fusion network intended to capture the complex interactive
relationships between heterogeneous UAVs and tasks, as well as the temporal dependencies
in the dynamic decision-making process, enabling UAVs to generate a task assignment
policy, g (alst), from a global perspective—where s; denotes the system state at time, t, and
a represents the task selection action—and simultaneously evaluate the value, V 4 (st), of the
current state. Adhering to the core logic of unified feature processing, temporal dependency
capture, and task-specific output, this network is structured as a three-stage architecture
with a shared backbone and dual-branch decoding. The shared backbone network serves
as the common feature extraction foundation for the Actor and Critic branches, consisting
of two components: a task-UAV context encoder and an LSTM Temporal Modeling Unit. It
undertakes the task of extracting fusion features from raw data and capturing temporal
dependencies in decision-making. Subsequently, the dual-branch structure of the decoder is
employed to realize the generation of task assignment policies and the evaluation of current
state value, respectively. The consistency and reusability of the preceding features are
maintained throughout the process, allowing the network to handle an arbitrary number
of UAVs and task instances in the inference phase. Endowed with generalization ability for
dynamic task environments, the network is suitable for the practical deployment scenarios
of heterogeneous multi-UAV task assignment. The overall network structure is illustrated

e © L

in Figure 1.

uav | [ uav-task
p L encoder |1/ epcoder t
P ' ) ” actor )
i Action
; _ _ . N distribution
[stm
| L, Y
-
E B 2 g » critic
value
i task task-uav
¢\ encoder /| encoder |

Figure 1. The overall network structure of the model.
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4.3.1. Multi-Head Attention with Gated Units

The basic component of the network used in this paper is a multi-head attention layer
with a gating mechanism; for the input query vector, hq, and key-value pairs, (hy, hy), they
are first mapped to a high-dimensional space through three learnable linear transformation
matrices, Wo, Wx, and Wy, to obtain the query matrix, Q, key matrix, K, and value
matrix, V:

Q K,V = Wghg, Wihy, Wyhy

In a single attention head, z, the calculation of the attention vector, o, follows the
rule of scaled dot-product attention, which multiplies the value matrix with the weights
normalized by the Softmax function, as shown in Equation (6):

T
o, = Attention(Q,, K, V,) = Softmax (Q\Z/Igz )VZ (6)

In Equation (6), d denotes the feature embedding dimension, set to 128 in this paper,
which is used to alleviate the problem of excessively large dot-product results in high-
dimensional spaces. Multi-head attention concatenates the outputs of Z independent
attention heads and completes feature fusion through another learnable matrix, W, to
obtain the final attention representation, as shown in Equation (7):

MHA (hg, hy, hy) = Concat(ay, oy, . .., az)Wo (7)

In Equation (7), Z is the number of attention heads, set to 8 in this paper; different at-
tention heads can capture feature correlations of different dimensions in the input sequence.
Finally, the output vector undergoes layer normalization and is fed into a feed-forward
layer with gated linear units to further enhance the nonlinear expression ability of features.

4.3.2. Encoder

This paper constructs a shared backbone network through an encoder, which consists
of three parts: a task encoder, a UAV encoder, and a cross-encoder. Its core objective is to
construct the local context of tasks and UAVs, as well as the cross-modal global context
between them. The composition of the network is as follows:

(1) Task encoder: in the task encoder, the original state features of all tasks, Tj;, are first
mapped to d-dimensional embedding vectors, ht, through a linear projection layer.
Subsequently, a multi-head self-attention layer encodes this embedding sequence to
obtain h/T = MHA (ht, hr, ht), thereby capturing the internal dependencies among
tasks such as spatial distribution and priority correlation. In addition, the encoded
task embedding sequence is masked to ignore invalid tasks, and the average value
is calculated on this basis to obtain the global task overview, HT, which serves as a
global snapshot of the current state of all tasks.

(2) UAV encoder: the UAV encoder processes the original state features of UAVs (e.g.,
position coordinates, load capacity, and remaining endurance), U, in the same way
as the task encoder: first mapping them to d-dimensional embeddings, hy;, through
a linear layer, and then obtaining the UAV swarm context, h{J = MHA (hy, hy, hy),
via multi-head self-attention encoding, enabling UAVs to implicitly exchange state
information and identify potential collaborative partners. Similarly, the average value
of the UAV embedding sequence is calculated to obtain the global UAV overview, hy.

(3) Cross-encoder: to learn the cross-modal correlation between tasks and UAVs, the
encoded task context, h/T, and UAV context, h,U, are input into two parallel cross-
attention layers: with the UAV context as the query and the task context as the key-
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value pairs, the UAV-task context, hbT = MHA (h{J, h/T, h/T> , is obtained; with the task
context as the query and the UAV context as the key-value pairs, the task-UAV context,
h/TU = MHA h/T,h/U,h/U) , is obtained. This process achieves the bidirectional fusion
of task and UAV features, providing unified cross-modal correlation information for
the policy output of the Actor and the value estimation of the Critic.

4.3.3. Temporal Modeling Unit

Since UAV task allocation is a sequential decision-making process, historical decisions
have a significant impact on current selections. Therefore, a Temporal Modeling Unit LSTM
is introduced between the encoder and the dual-branch output as a shared temporal feature
extraction module for the Actor and the Critic. This unit takes the current UAV-task fused
feature output by the encoder as input and simultaneously receives the LSTM hidden state
(ht_1,ct—1) at the previous moment. It updates and outputs the temporal-aware feature,
ht, and the new hidden state, (h;, ¢t), at the current moment through the Long Short-Term
Memory mechanism, as shown in Equation (8):

hy, (hy, ¢) = LSTM (hyp (i), (he_1, 1)) 8)

In Equation (8), h/UT(i) is the cross-modal feature of the i-th UAV. The dimension of the
LSTM hidden state is consistent with the feature embedding dimension, d, and a batch-first
structural design is adopted to adapt to the processing requirements of batch task allocation
instances.The network structure of the LSTM is shown in Figure 2.

Output ht
the symbol * denotes element-wise

multiplication, which is also referred to as the Long-term
Hadamard product. Memory Output
Long-term Memory >l
Input Ct

Hidden Layer
Input

Figure 2. The network structure of the LSTM.

@

Short-term
Memory Output
Input

4.3.4. Decoder

The decoder module adopts an Actor—Critic dual-branch structure, which shares the
preceding backbone network and temporal modeling features to realize task allocation
strategy output and state value evaluation respectively. It consists of the following parts:

(1) Policy Network
The policy network is the network structure of the Actor branch, whose core is to
generate the probability distribution of UAVs’ task selections. Its structure is shown
in Figure 3. First, extract the individual feature, hIUT(i), of the current decision-
making UAV i from the UAV-task context h,UT, concatenate it with the global task
overview, hr, and the global UAV overview, hy, and map it through a Multi-Layer
Perceptron (MLP) to obtain the current state feature with the dimension maintained
asd: hy = MLP(Concat(h/UT(i), hy, hr)). Then combine this state feature with the hy

https://doi.org/10.3390/drones10030220


https://doi.org/10.3390/drones10030220

Drones 2026, 10, 220

15 of 33

output by the Temporal Modeling Unit, feed it into a multi-head attention layer, and
introduce a binary mask, M;, and interact with the task-UAV context, h/TU, to obtain
the enhanced representation: h;i = MHA (h, h/TU, h/TU|Mi), where the mask, M;, is
used to constrain UAVs to select only valid tasks. Finally, take h;i as the query and
h/TU as the key-value pairs, calculate the attention scores through a Pointer Network,
and normalize them via the Softmax function to obtain the probability distribution of
the current UAV’s selections for all tasks, as shown in Equation (9):

g (alst) = Softmax (Attention(h;i, h/TU,h/TU)) 9)

state information

Multi-head
Attention
Layer

Pointer
network

.

action distribution

Figure 3. The network structure of the Actor.

This probability distribution supports stochastic sampling in the training phase

and greedy selection in the inference phase, realizing the action decision-making for
task allocation.

@)

Value Network

The value network is the network structure of the Critic branch, whose core is to

evaluate the value, V4, (st), of the current system state, s¢, providing a basis for the

calculation of the advantage function in reinforcement learning. Its structure is shown
;i, of the Actor branch

and fuses it with the global temporal feature, hy, output by the Temporal Modeling

!

Unit to obtain the state feature, h. = Concat (hai, h¢ ), containing local decision-

in Figure 4. The Critic branch utilizes the enhanced feature, h

making information and global temporal information. Then feed the aggregated
feature into a value head composed of two layers of fully connected networks, where
the middle layer adopts the ReLU activation function and the output layer is a
linear layer, to obtain the scalar value estimation of the current state, as shown in
Equation (10):

qu (St) = MLPitic (hcritic) (10)

In Equation (10), since h;i and h; are each of dimension d and concatenated together,

the input dimension of MLP it is 2d and the output dimension is 1, which directly reflects

the quality of the current state.
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Figure 4. The network structure of the Critic.

4.4. Training Algorithm

Aiming at the sequential decision-making characteristics and multi-agent collabora-
tion requirements of heterogeneous multi-UAV task assignment, this paper adopts the
PPO algorithm for policy training. The PPO algorithm [40,41] is a classic policy-gradient
reinforcement learning algorithm. It addresses the problems of unstable updates and easy
divergence in traditional policy-gradient algorithms by restricting the step size of policy
updates. At its core, PPO implements policy learning and state-value evaluation through
an Actor-Critic dual-network architecture, making it one of the mainstream algorithms for
solving sequential decision-making problems in both continuous and discrete action spaces.

In this algorithm, each UAV is modeled as an independent agent, and the training pro-
cess is theoretically framed by the Partially Observable Markov Decision Process (POMDP).
Policy learning and value evaluation are realized via the Actor-Critic network structure.
Specifically, the Actor network acts as the policy network, which takes the temporal ob-
servation sequence of UAVs as input and outputs the action probability distribution of
task selection to guide the agent to make optimal decisions. The Critic network serves as
the value network, which evaluates the quality of the current system state by fitting the
state-value function and computes the advantage function for policy updates of the Actor
network. The two networks work cooperatively to achieve stable policy optimization.

In multi-agent scenarios, all UAVs share the parameters of the Actor—Critic network,
and collaborative decision-making is realized through global state information interac-
tion. This implementation can effectively reduce training complexity and improve the
generalization ability of the policy.

To balance the bias and variance of advantage estimation, the Generalized Advantage
Estimation (GAE) method is adopted to calculate the action advantage value, as shown in
Equations (11) and (12):

T—t-1 |
Ar= Y (YN8 (11)
1=0
d¢1 = el + YV (Ser141) — Ve (Se41) (12)

In Equation (12), &;,1 denotes the temporal difference error, y € [0, 1] is the discount
factor for reward, and A € [0, 1] is the GAE smoothing parameter. This method yields an
unbiased advantage estimation, providing a reliable gradient signal for policy updates.
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The calculation of the cumulative reward, Ry, is shown in Equation (13):
Rt = At + Vq) (St) (13)

In Equation (13), R; reflects the cumulative discounted reward starting from time, t,
which is used for the supervised training of the value network.

To avoid training instability caused by excessively large policy update magnitudes,
PPO adopts a clipped objective function to restrict the trust region of policy updates, with
the specific form as follows:

Ldip(e) = E(st,at,At)wD [min(r¢(0)Ag, clip(r¢(0),1 — €,1 + €)A¢)] (14)

rt(e) — Tt (af‘st/ h’t)

15
Tt at|St, ht) (15)

old (
In Equations (14) and (15), r¢(0) is the action probability ratio of the new and old
policies, € is the clip coefficient (set to 0.2 in this paper), and D is the experience replay
buffer that stores trajectory data (st, at, rt, s+1, ht) generated by the interaction between
agents and the environment.
The update of policy parameters, 6, is achieved by minimizing the above objective
function, with the gradient calculated as follows:

VGLclip(e) = E[VQT}(G) -Ap- 1{I’t(6)At < Clip(l’t(g),l —€1+ G)At}] (16)

The value network optimizes its parameters, ¢, by minimizing the mean squared error
loss, with the loss function shown in Equation (17):

Lv(¢) = Es r)~D [(Vd)(st) - Rt)z} (17)

This loss ensures that the value network can accurately estimate the long-term cumu-
lative reward of the state, providing a reliable benchmark for advantage calculation. To
encourage agents to explore diverse policies and avoid falling into local optima, an entropy
regularization term is introduced into the total loss, as shown in Equation (18):

Lgnt = —Esop [H(Tfe('|5t, ht))} (18)

In Equation (18), H is the entropy function, which measures the uncertainty of the
action probability distribution. The total loss function is shown in Equation (19):

Liotal = _Lclip(e) + CVLV(d)) — cHLEnt (19)

In Equation (19), cy is the value loss weight and cy is the entropy regularization
weight, which balance policy optimization, value estimation, and exploration efficiency
through hyperparameters.

To improve data utilization efficiency and training stability, a shared experience replay
buffer, D, is designed to store the interaction trajectories of all agents during multiple
training rounds. When the amount of data in the buffer reaches a preset threshold, multi-
round updates are initiated, and batch data is randomly sampled for gradient descent
optimization in each update.

To accelerate the training process, a distributed training framework is adopted: multi-
ple parallel worker nodes collect experience synchronously, the master node aggregates
the data and executes parameter updates, and the updated network parameters are syn-
chronized to all worker nodes, realizing the parallel execution of experience collection and
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policy optimization. Meanwhile, to handle the temporal dependency characteristics of
task allocation, an LSTM unit is embedded in the Actor network, and each agent main-
tains an independent hidden state, h, which is dynamically updated after each step of
decision-making to ensure the effective transmission of temporal information.

The specific procedures for multi-agent PPO training are presented in Algorithm 1:

Algorithm 1. Multi-Agent PPO Training Algorithm

S1: Initialization: set the parameters of the Actor network, 6, parameters of the Critic
network, ¢, experience replay buffer, D, learning rate, , discount factor, v, clip
coefficient, €, number of update rounds, K, and batch size, B.

S2: For each training episode:

a. Reset the task environment and agent states and initialize the LSTM hidden state, hy.
b. For each decision stept =0,1,...,T—1:

i. Each agent observes the current system state, s;.

ii. The Actor network samples an action, a;, according to 7tg (at|st, ht) and executes the
task allocation operation.

iii. Observe the immediate reward, rt, fed back by the environment and transition to the
next state, sy41.

iv. Update the LSTM hidden state, hy1 1, and store the trajectory data,

(st,a, It, Se41, he, Ay, Ry), into D.

¢. When the amount of data in D > B, perform K rounds of updates:

i. Randomly sample a batch of data from D.

ii. Calculate the policy loss, Ly (0), value loss, Ly (¢), and entropy regularization term,
Lgnt-

iii. Calculate the total loss, Lit1, update the parameters 6 and ¢ via gradient descent,
and perform gradient clipping.

53: Repeat Step 2 until the number of training episodes reaches the preset maximum
value or the policy converges.

S4: Output: The optimal task allocation policy, 7.

5. Experimental Results and Analysis
5.1. Experimental Setup

All experiments in this paper are implemented based on the PyTorch 1.18.0 deep
learning framework. The training and inference processes are deployed on a single NVIDIA
RTX 4090 GPU, with an Intel Core i9-13900K CPU (32 cores, 64 threads), 128 GB of memory,
and the Ubuntu 22.04 operating system. The experimental code is written in Python 3.9,
relying on scientific computing libraries, such as NumPy 1.24.3 and SciPy 1.10.1, and
Matplotlib 3.7.1 for result visualization.

A heterogeneous UAV multi-agent simulation environment based on continuous space
is constructed. Since the research focuses on the scheduling logic and collaboration mecha-
nisms of heterogeneous UAV task assignment algorithms, a two-dimensional environment
can strip out the path-planning complexity introduced by spatial dimensions. This enables
accurate verification of the algorithm’s performance in core modules such as task matching,
coalition formation, and deadlock prevention, and avoids ambiguous experimental results
caused by multi-factor coupling. Therefore, this paper adopts a two-dimensional simula-
tion environment, in which the UAV speed is set to be uniform and the dynamic model
is simplified. The task area is normalized to a 1 x 12D plane [0,1] x [0,1] C R?, and the
positions of base stations and tasks are generated via uniform random distribution. UAVs
have multiple skill dimensions, with skill vectors encoded in binary (1 indicates possession
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of the skill, and 0 indicates non-possession). The total number of UAVs is dynamically
adjusted according to scenarios, and UAVs of the same type have identical skill vectors. The
comprehensive skill vector of a collaborative group is obtained through the element-wise
summation of the skill vectors of UAVs in the group. Task requirements are additive: when
generating tasks, it is ensured that the requirement vector is non-zero and that at least one
UAV collaborative group can meet its skill requirements. The experiment designs four test
sets with increasing difficulty, each containing 50 randomly generated unseen instances.

To ensure that the simulation results possess engineering reference value, the simula-
tion scenarios in this study are designed to closely align with practical applications. The
UAVs are defined with skill vectors according to realistic functions such as reconnaissance,
relay, and delivery, and the task requirements match multi-skill collaborative scenarios. The
spatial distribution and flight time consumption conform to physical laws, and dynamic
disturbances (faults, parameter variations, newly added tasks) replicate the non-ideal
conditions encountered in actual deployment, thereby ensuring that the simulation results
are of engineering reference value.

The training hyperparameters are set as follows: for the PPO algorithm, the learning
rate, 1 = 3 x e~ 4, discount factor, y = 0.99, GAE smoothing parameter, A = 0.95, clip
coefficient, € = 0.2, experience replay buffer threshold = 2048, four rounds of parameter
updates are performed after each buffer is full, and batch size, B = 64. The value loss
weight, cy = 0.5, entropy regularization weight, cy = 0.01, and maximum gradient
clipping norm = 100. In the CCT mechanism, the empirical coefficients are « = 1.5 and
f = 1.2; the initial timeout penalty is rgelay = —0.5, which exponentially decays to —0.1
with the number of training rounds.

To comprehensively evaluate the performance of the UAV task allocation model, the
experiment designs evaluation metrics from multiple dimensions, including task com-
pletion effectiveness, time efficiency, resource consumption, and scheduling rationality,
as follows:

Task Success Rate: Defined as the ratio of the number of successfully completed tasks to
the total number of tasks. This metric directly reflects the model’s task coverage capability
and execution reliability, serving as a core indicator for evaluating the effectiveness of
task allocation.

Makespan: Refers to the total duration from the start of the first task to the completion
of the last task, which is a key indicator for measuring the overall efficiency in scheduling
problems. A shorter makespan indicates that the model can quickly coordinate UAVs to
complete all tasks, reflecting the time optimization capability of task allocation.

Time Cost: Comprehensively counts the total time consumption of all UAVs during
task execution, including flight time, task operation time, and intermediate waiting time.
This metric reflects the overall consumption of time resources in the system and is directly
related to the economic efficiency of task execution.

Waiting Time: Refers to the cumulative waiting time of UAVs caused by resource
conflicts, task dependencies, or scheduling delays during task allocation. Shorter waiting
time indicates smoother dynamic scheduling of UAV resources and lower resource idle rate.

Travel Distance: The cumulative flight mileage of all UAVs during task execution. This
metric is directly related to UAV energy consumption; shorter travel distance means lower
energy consumption and higher resource utilization efficiency.

Waiting Efficiency: Defined as the ratio of waiting time to total task execution time.
This metric quantifies the effective utilization of time resources during scheduling: a higher
value indicates a lower proportion of waiting time and better scheduling coordination of
the system.
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The above metrics construct a comprehensive evaluation system from the perspectives
of task completion quality, time efficiency, resource consumption, and scheduling coordina-
tion, which can objectively reflect the actual performance of the UAV task allocation model
in complex and dynamic environments.

5.2. Parameter Sensitivity Analysis

To verify the influence of core hyperparameters on model performance, this section
selects four types of hyperparameters: the PPO clip coefficient, €, the LSTM time window
length, L, the initial CCT penalty, and the penalty coefficient, n, in the reward function.
Under the experimental scenario (n = 9, m = 3, p = 20, d = 3), the hyperparameter values
are varied via the control variable method, and the variations in three core metrics—task
success rate, makespan, and waiting time—are evaluated. The value ranges of hyperpa-
rameters and experimental results are shown in Tables 1—4.

5.2.1. PPO Clip Coefficient, e

The clip coefficient, €, is used to limit the policy update step size of the PPO algorithm,
with values set to [0.1,0.2,0.5] and other hyperparameters fixed. The experimental results
are shown in Table 1:

Table 1. Sensitivity analysis results of PPO clip coefficient, e.

Value Task Success Rate Makespan Waiting Time
mean 1 27.53 1.61
01 std 0 5.67 1.16
mean 1 24.44 1.28
02 std 0 5.30 1.07
mean 1 28.24 2.84
05 std 0 5.09 1.47

It can be seen from Table 1 that ¢ = 0.2 is the optimal value, which achieves the
best balance between the policy update speed and training stability. This is consistent
with the recommended value in the original PPO paper, verifying the rationality of this
hyperparameter selection.

5.2.2. LSTM Time Window Length, L

The time window length, L, controls the length of temporal information captured
by LSTM, with values set to [3,6,9] and other hyperparameters fixed. The experimental
results are shown in Table 2:

Table 2. Sensitivity analysis results of LSTM time window length, L.

Value Task Success Rate Makespan Waiting Time
mean 1 27.73 2.09
3 std 0 5.41 1.11
mean 1 24.44 1.28
6 std 0 5.30 1.07
mean 1 28.98 1.64
? std 0 5.21 1.10
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It can be seen from Table 2 that L = 6 is the optimal value, which can fully capture the
temporal dependencies in UAV task assignment while avoiding redundant information
and increased computational overhead caused by an excessively long window.

5.2.3. Initial CCT Penalty, rgelay

The initial CCT penalty is a core parameter of the CCT mechanism, with values set to
[—0.3, —0.5, —0.8] and other hyperparameters fixed. The experimental results are shown in
Table 3:

Table 3. Sensitivity analysis results of initial CCT penalty, rqelay-

Value Task Success Rate Makespan Waiting Time
mean 1 27.05 2.33

—03 std 0 5.65 1.30
mean 1 24.44 1.28

02 std 0 5.30 1.07
mean 1 27.84 1.39

08 std 0 5.78 1.96

It can be seen from Table 3 that r4ely = —0.5 is the optimal value. This setting

ensures that the countdown duration covers the necessary time for UAV flight and coalition
formation, while avoiding resource idling caused by an overly long countdown.

5.2.4. Penalty Coefficient, 1, in the Reward Function

The penalty coefficient, 1, in the reward function is used to balance the weights
between the makespan, T, and the average capacity waste rate, W, with values set to
[5,10,15] and other hyperparameters fixed. The experimental results are shown in Table 4:

Table 4. Sensitivity analysis results of Penalty Coefficient, 1, in the Reward Function.

Value Task Success Rate Makespan Waiting Time
mean 0.97 67.88 37.33
> std 0.11 39.99 13.94
mean 1.00 24.44 1.28
10 std 0.00 5.30 1.07
mean 0.82 110.97 24.66
1 std 0.35 26.97 12.40

It can be seen from Table 4 that n = 10 is the optimal value, which assigns comparable
weights to makespan and capacity waste rate in the reward function, achieving dual
optimization of time efficiency and resource utilization efficiency.

The sensitivity analysis results of the above four core hyperparameters show that
the hyperparameter values selected in this paper are all within the optimal performance
interval. Moreover, when slightly adjusted near these values, the core metrics of the
model do not deteriorate significantly, proving that the model has certain robustness to
hyperparameters. The optimal values of hyperparameters follow the principle of domain
prior + experimental tuning, which not only refers to classic studies in reinforcement
learning and UAV task assignment but also verifies their adaptability in the scenario of this
study via the control variable method, with sufficient selection basis.
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5.3. Performance Comparison Experiments

To verify the comprehensive performance advantages of the proposed model across
different scenarios, we compare it with various types of mainstream baseline methods to
observe improvements in makespan, success rate, and computational efficiency. Representa-
tive methods including the Genetic Algorithm (GA), Hungarian Algorithm (HA), Max-Min
Fairness Algorithm (MMFA), Particle Swarm Optimization (PSO), and Consensus-Based
Bundle Algorithm (CBBA) are selected as baselines, covering centralized, distributed, re-
inforcement learning, and heuristic strategies to ensure comprehensive comparison. The
experiments are conducted across different environmental scenarios, and the performance
comparison results are shown in Figures 5-8.
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Figure 5. Results of different metrics whenn=9, m=3,p =20,d =3.
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Figure 6. Results of different metrics whenn =15 m=5,p =20,d =5.

Comprehensive performance verification of the proposed algorithm and five main-

stream baseline algorithms (including GA and HA) is conducted across four different
scenarios. The results demonstrate that the proposed algorithm exhibits significant ad-
vantages in comprehensive performance, with its core metrics outperforming all baseline
methods.

Task Success Rate: The proposed algorithm achieves a 100% success rate (mean = 1.00,
standard deviation = 0.00) across all scenarios. Among the baseline algorithms, the best-
performing HA only reaches a 96% success rate, while GA and PSO typically achieve
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success rates between 71% and 78%, and CBBA maintains a success rate between 85% and
90%. This highlights the reliability and stability of the proposed algorithm in task execution
across different scenarios.

Makespan: The proposed algorithm performs particularly outstandingly, with a mean
value ranging from 25.12 to 30.40, achieving an order-of-magnitude improvement compared
to baseline algorithms. Specifically, the makespan of GA and PSO both exceed 200, HA
has a makespan of approximately 45.21, and CBBA ranges from 94 to 125. By optimizing
the scheduling strategy, the proposed algorithm significantly shortens the task cycle and
improves system throughput.
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Figure 7. Results of different metrics whenn =25 m=5,p=20,d =5.
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Figure 8. Results of different metrics whenn =50, m=5,p =50,d =5.

Computational Efficiency and Resource Utilization: The mean time cost of the pro-
posed algorithm is only 6.90-9.32, which is lower than all baseline algorithms except in the
first scenario, and far superior to CBBA (12.6-14.46). The waiting time is as low as 1.29-2.59,
which is significantly lower than the ~16 of HA and MMFA and the 3-9 range of other
baselines, reflecting the high efficiency of the proposed algorithm in resource scheduling.

Comprehensive Efficiency: The proposed algorithm reaches 4.11, 4.23, and 4.30 in
Scenarios 24, respectively, far exceeding all baseline algorithms. Even though it is slightly
lower than HA and CBBA in the first scenario, its absolute advantages in core metrics such
as success rate and makespan compensate for this. Additionally, the travel distance of the
proposed algorithm remains at a low level of 19.26-29.08, achieving a balance between
resource consumption and execution efficiency.
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In summary, the proposed algorithm can balance high success rate, short task cycle,
low computational overhead, and high resource utilization efficiency across different
scenarios, demonstrating strong environmental adaptability. Its performance advantages
verify the unique value of the strategy combining reinforcement learning and temporal
modeling in scheduling optimization problems, providing an efficient solution for task
scheduling in complex scenarios.

5.4. Ablation Study

To verify the necessity of the core innovative components of the proposed method
(LSTM temporal module, CCT anti-deadlock mechanism, and Attention collaboration-
aware module), we construct variant models by removing individual components and
quantify the contribution of each component to the overall performance. Three variant
models are built based on the full model, as follows:

w /o LSTM: Removes the LSTM Temporal Modeling Unit, retaining only the attention
mechanism and CCT mechanism, to verify the role of temporal dependency modeling.

w/o CCT: Removes the CCT anti-deadlock mechanism, retaining the LSTM and
attention mechanism, to verify the necessity of the anti-deadlock mechanism.

w/o Attention: Removes the attention mechanism, retaining the LSTM and CCT mech-
anism, and uses simple linear projection to fuse features to verify the role of collaboration
awareness.

The experiments are conducted across three scenarios, and the performance compari-
son results of different models are visualized in Figures 9-11.

success_rate makespan

1.00 1.00 1.00 1.00

0 o
ours _ysxm -0t xento" ours JRpEEY ot rentio” ours st ot xentio”

waiting_time travel_dist efficiency
3.80 25 19.30

0
—cot ours e —eot

ours _\stm oot

o on |
_qexentt? _arren®t? _axxentt®

Figure 9. Results of different metrics whenn=9, m=3,p =20,d =3.
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The results in Figures 9-11 demonstrate that the full model significantly outperforms
all variant models across all performance metrics, fully confirming the critical role of each
core component and the rationality of the overall architecture design. All models maintain a
100% task success rate, with performance differences mainly reflected in efficiency metrics.

In the core makespan metric, the proposed model achieves the best performance,
with a mean value of only 16.88-24.44. All variant models exhibit varying degrees of
performance degradation after removing core components.

The w/o CCT variant shows the most significant degradation in Scenario 1, with the
makespan surging from 24.44 to 39.64 (an increase of 62.2%) and time cost rising from 7.46
to 10.97. This verifies the irreplaceable role of the CCT mechanism in avoiding scheduling
deadlocks and shortening task cycles. In Scenarios 2-3, the makespan and waiting time of
the w/o CCT variant are also higher than those of the proposed model, further confirming
its value in ensuring stability in resource scheduling.

The role of the LSTM temporal module is highlighted by the w/o LSTM variant:
its makespan is higher than that of the proposed model in all scenarios (Scenario 1:
26.17 vs. 24.44; Scenario 3: 18.02 vs. 16.88), and its comprehensive efficiency drops from
2.23 to 1.95 in Scenario 3. This indicates that temporal modeling can effectively capture the
time dependencies between tasks and optimize scheduling timing.

The necessity of the Attention collaboration-aware module is also fully verified: the
w /o0 Attention variant exhibits significant increases in makespan (Scenario 3: 19.13 vs. 16.88)
and waiting time (Scenario 1: 3.11 vs. 1.28), with comprehensive efficiency dropping to
1.83 in Scenario 3 (lower than the proposed model’s 2.23). This shows that the attention
mechanism can enhance collaboration awareness between components, reducing resource
conflicts and waiting losses.

In summary, the proposed model achieves the shortest makespan, lowest computa-
tional overhead, and highest comprehensive efficiency through the synergistic effect of
LSTM temporal modeling, CCT anti-deadlock mechanism, and Attention collaboration
awareness. The core components complement each other and are indispensable, collectively
supporting the high performance of the algorithm, thus verifying the scientific validity and
effectiveness of the overall architecture design.

5.5. Robustness Experiments

To verify the robustness of the proposed heterogeneous UAV task allocation algorithm
in complex non-ideal scenarios, the robustness experiments are conducted in this section,
focusing on investigating the impacts of three types of perturbations—UAYV failure prob-
ability, core parameter variation, and dynamic task generation rate—on the algorithm’s
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performance. A full factorial test scheme is adopted in the experiments, where the three
perturbation factors are all set to gradient levels of [0.0, 0.1, 0.3, 0.5]. The experiment was
conducted under the scenario (n = 15, m = 5, p = 20, and d = 5). Each combination is
independently run for 20 test rounds, and a 60 s cross-platform timeout threshold is set for
a single test round. The tests are implemented based on the PyTorch framework, with the
pre-trained model loaded and parameters fixed and the task environment reinitialized for
each test round.

The experiments are carried out by adding different combinations of perturbation
factors, and gradient levels of UAV failure probability, UAV core parameter variation, and
dynamic task generation rate are introduced into the test environment respectively. Among
them, the UAV failure probability is directly configured in the task environment; the core
parameters are randomly perturbed according to the set variation degree with the lower
limit of physical rationality retained; the dynamic task generation rate is used to control
the proportion of newly added tasks per unit time. During the test, six core experimental
metrics are mainly observed, including task success rate, maximum completion time, time
cost, task waiting time, flight distance, and execution efficiency. The average value of each
metric is calculated after 20 test rounds for each combination, and the final results are
shown in Figures 12-14.
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Figure 12. Comparison chart of results under different UAV failure probabilities.
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Figure 13. Comparison chart of results under different parameter variation rates.
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In terms of the results, the algorithm exhibits robust fault tolerance in the UAV failure
probability perturbation test. When the failure probability increases from 0.0 to 0.5, the
task success rate only decreases gently from 1.00 to 0.91, a decrease of less than 10%; the
core makespan increases from 25.12 to 36.81, and the comprehensive efficiency decreases
from 4.11 to 3.39. The variation range of the metrics is moderate without any abrupt
deterioration, which proves that the algorithm can effectively address the resource shortage
problem caused by UAV failures.

Faced with core parameter variation perturbations, the algorithm still maintains high
performance. Even when the parameter variation rate reaches 0.5, the task success rate
remains at a high level of 0.80, the makespan is controlled at 32.65, and the comprehensive
efficiency is 3.55, showing only a slight decline compared with the ideal scenario. This result
verifies the algorithm’s adaptability to fluctuations in core UAV parameters such as payload
and speed, and it can operate stably without relying on precise parameter configuration.

Under the perturbation of dynamic task generation rate, the algorithm demonstrates
excellent dynamic response capability. When the dynamic task rate increases to 0.5, the
task success rate still reaches 0.89, the makespan is 32.98, and the comprehensive efficiency
is 3.79, with all metrics remaining within a reasonable range. Compared with the ideal
scenario, the performance decline under high dynamic task pressure is less than 8%,
which highlights the scheduling flexibility of the algorithm in scenarios with dynamically
changing task volumes.

In summary, the proposed model exhibits a gentle variation trend in all key metrics
in the full gradient tests of the three core perturbations, without any significant perfor-
mance collapse. Even in extreme scenarios with a 50% failure probability, 50% parameter
variation, or 50% dynamic task rate, it can still maintain a task success rate of over 80%
and a comprehensive efficiency of over 3.39, which fully proves its excellent robustness.
This characteristic enables it to adapt to the interference of various non-ideal factors in
practical applications, providing a reliable guarantee for the engineering implementation
of heterogeneous UAV task allocation.

5.6. Impact of Inference Strategies on Decision Quality

The inference strategy experiments aim to verify the impact of different inference
strategies on the decision performance of multi-agent task allocation systems. The greedy
strategy and stochastic sampling strategy are selected as the core comparison objects, and
evaluations are conducted from three dimensions: makespan, inference efficiency, and task
success rate. The experiments load the optimal weights saved during the training process to
ensure parameter convergence; the task environment includes configurations such as multi-
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species agents and task scale, with the maximum number of actions per round limited to 300.
The evaluation metrics specifically include: makespan, which reflects the overall system
efficiency; inference efficiency (average inference time per action, total inference time),
which measures the computational overhead; and task success rate (the ratio of completed
tasks to the total number of tasks), which evaluates decision effectiveness. To eliminate
random seed errors, five independent test rounds are run for each strategy configuration,
with the average value taken as the final result. The experiment was conducted under the
scenario (n =15 m=>5, p=20,and d =5).

Among them, the greedy strategy is a basic deterministic strategy for multi-agent
decision-making, which directly selects the action with the highest output probability of
the model at each decision step with no additional sampling overhead. The stochastic
sampling strategy samples N candidate actions (N € {1,5,10,20}) based on the model’s
action probability distribution and selects the action with the highest value for execution,
balancing exploration and exploitation through a small number of samples. In the strategy
execution phase, the greedy strategy directly selects the optimal action, while the stochastic
sampling strategy samples N candidate actions based on the Categorical distribution. The
maximum number of sampling cycles is set to N x 10 to avoid infinite loops; if the sampling
is insufficient, greedy actions are used as a fallback, and the action with the highest value is
ultimately selected. The experimental results are shown in Figures 15-17.
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Figure 15. Comparison chart of average makespan under different inference strategies.

Compar ison of Average Single—action Inference Time Across Inference Strategies

g & 8 8

g &

Average Single-action Inference Time (ms)
; :
8 3

S
g

s’-"““ - [l

]
°
%
3

Inference Strategy

Figure 16. Comparison chart of average inference time per action under different inference strategies.

https://doi.org/10.3390/drones10030220


https://doi.org/10.3390/drones10030220

Drones 2026, 10, 220

29 of 33

Compar ison of Total Inference Time Across Inference Strategies
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Figure 17. Comparison chart of total inference time under different inference strategies.

The results show that both strategies achieve a 100% task success rate, but exhibit sig-
nificantly differentiated characteristics in the balance between time efficiency and decision
quality, providing a scientific basis for strategy selection in different scenarios.

The greedy strategy demonstrates a strong advantage in inference efficiency: its
average inference time per action is only 1.66 x 1072 ms, and the total inference time is as
low as 9.57 x 10* s, which is far superior to all stochastic sampling strategies (with average
inference time per action ranging from 2.68 x 10~! ms to 8.19 x 10! ms and total inference
time from 1.46 x 10% s to 4.45 x 102 s). Meanwhile, the average makespan of the greedy
strategy is 25.6, which is close to the 25.9 of the stochastic sampling strategy at N = 10. It
achieves extremely low computational overhead while ensuring decision quality, verifying
its applicability in scenarios with high real-time requirements and resource constraints.

The stochastic sampling strategy presents a trade-off relationship among sampling
number, makespan, and inference overhead. With the increase in the sampling number, N,
the makespan is continuously optimized: the makespan reaches as high as 97.8 at N =1
and drops to 22.9 at N = 20, a reduction of 10.5% compared with the greedy strategy,
demonstrating the potential to improve decision quality by expanding the candidate action
space. However, the inference overhead increases synchronously at the same time: at
N = 20, the average inference time per action and total inference time are 49.3 times and
46.5 times those of the greedy strategy, respectively, indicating that the stochastic sampling
strategy needs to trade computational resource consumption for better task scheduling
effects. Notably, the stochastic sampling strategy at N = 10 already achieves a makespan
comparable to that of the greedy strategy (25.9 vs. 25.6), but the inference overhead is
still significantly higher than the latter; while the strategy at N = 20 further optimizes the
makespan, and it leads to a substantial increase in computational cost.

In summary, the greedy strategy is suitable for scenarios with stringent real-time
and resource constraints due to its high efficiency and low consumption characteristics,
while the stochastic sampling strategy can flexibly adapt to the demand of prioritizing
decision quality through the adjustment of sampling number. The experimental results
clearly reveal the performance of different inference strategies, providing a key reference
for the multi-agent task allocation system to select strategies according to the demand
priorities of practical application scenarios and improving the flexibility and practicality of
system deployment.

The proposed algorithm also exhibits favorable generalization ability in three-
dimensional dynamic environments and heterogeneous kinematic models.

The good generalization of the algorithm to 3D environments stems from the following:
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(1) Relative coordinate features are adopted in the observation space design. The 3D
space only requires adding a relative z-coordinate based on the relative x and y
coordinates, without modifying the network structure.

(2) The LSTM with attention fusion network captures the collaboration dependencies
and temporal correlations between tasks and UAVs, which are independent of spatial
dimensions. Thus, the core scheduling logic is not affected by the expansion of
environmental dimensions.

(3) The decentralized decision-making architecture allows UAVs to autonomously adjust
task selection strategies according to 3D spatial distances, without the intervention of
a global scheduling center.

The core reasons for the algorithm’s adaptability to heterogeneous kinematic models
are as follows:

(1) The observation space contains the feature of remaining flight time for each UAYV,
which can reflect the flight efficiency differences caused by heterogeneous speeds in
real time and provide an accurate decision-making basis for the policy network.

(2) The local dynamic countdown in the cascaded submission timeout mechanism is cal-
culated based on the estimated flight time, which can adapt to the speed characteristics
of different UAVs and avoid deadlock caused by heterogeneous kinematics.

(3) The policy network of the PPO algorithm outputs actions through a probability
distribution, which can dynamically adjust task selection preferences according to the
environmental feedback of heterogeneous kinematics, thereby realizing the adaptive
optimal allocation of resources.

6. Conclusions

Aiming at the core challenges in task allocation for heterogeneous UAV systems,
including over-reliance on centralized scheduling, training deadlock, inadequate capture of
temporal collaboration, and unstable training under sparse reward conditions, this paper
proposes a distributed task allocation algorithm based on improved reinforcement learning,
which provides an efficient solution for UAV collaborative scheduling in complex scenarios.

The algorithm achieves performance breakthroughs through four core innovations:
the decentralized decision-making architecture breaks free from the reliance on a global
scheduling center, enabling UAVs to form collaborative groups autonomously and adapt
to the requirements of distributed deployment; the cascaded commit timeout mechanism
achieves a zero deadlock rate without additional communication overhead via local dy-
namic countdown; the LSTM + attention fusion network effectively captures temporal
correlations and collaborative dependencies, supporting zero-shot generalization for UAVs
and tasks of arbitrary scales; the sparse reward training mechanism based on PPO im-
proves sample utilization efficiency and training stability through clipped probability ratio
and multi-round sampling advantage estimation. The experimental results show that the
algorithm achieves a 100% task success rate in four scenarios of different scales, and its
core metrics such as makespan, time cost, and waiting time are significantly superior to
those of mainstream baseline methods, including the Genetic Algorithm and the Hungarian
Algorithm. The robustness tests verify that the algorithm can still maintain a task success
rate of over 80% and excellent comprehensive efficiency in extreme scenarios with 50%
UAV failure, 50% parameter variation, and 50% dynamic task rate. The analysis of inference
strategies provides a flexible reference for strategy selection in different scenarios, further
enhancing the engineering practicality of the algorithm.

Although this study effectively solves key problems in the dynamic cooperative
scheduling of heterogeneous UAVs, it still has certain limitations. First, the task assignment
model does not currently consider the battery capacity constraints of UAVs and the differ-
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entiated power consumption requirements of heterogeneous tasks. This study assumes that
the battery capacity of UAVs can meet the flight and execution requirements of any task
assignment, which is somewhat inconsistent with real-world application scenarios. Second,
the existing research is conducted based on a two-dimensional simulation environment
and has not been extended to the joint optimization of path planning and task assignment
in three-dimensional dynamic environments. Third, the current work is mainly based on
simulation environments without physical experiments, and its performance in real-world
scenarios needs to be further verified.

In response to the above limitations, future research will be carried out in three
aspects. First, introduce battery capacity constraints and a heterogeneous task power
consumption model and incorporate indicators such as UAV remaining power, task power
consumption, and flight energy consumption into the observation space to improve the
engineering practicability of the model. Second, further explore the joint optimization
of path planning and task assignment in three-dimensional dynamic environments, as
well as the dynamic balance between the efficiency and energy consumption in multi-
objective optimization scenarios. Third, carry out physical experimental verification of the
proposed algorithm, including the construction of experimental platforms and engineering-
oriented optimization, so as to realize the deployment of the algorithm from simulation to
reality. This work will provide more comprehensive technical support for the large-scale
application of the low-altitude economy and intelligent logistics.
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