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Abstract—Unmanned Aerial Vehicles (UAVs) offer high
mobility and flexible deployment capabilities, making them ideal
for Internet of Things (IoT) applications. However, the substantial
amount of data generated by various applications within the ex-
isting low-altitude economic network requires processing through
Deep Neural Networks (DNN) on UAVs, which is challenging
due to their limited computational resources. To address this
issue, we propose a two-stage optimization method for flight
path planning and task allocation based on a mother-child UAV
swarm system. In the first stage, we employ a greedy algorithm
to solve the path planning problem by considering the task
size of the target area to be inspected and the shortest flying
path as constraints. The goal is to minimize both the UAV’s
flight path and the overall system cost. In the second stage, we
introduce a novel DNN task assignment algorithm that combines
Multi-Agent Deep Deterministic Policy Gradient (MADDPG) and
Generative Diffusion Models (GDM), named GDM-MADDPG.
This algorithm leverages the reverse denoising process of GDM
to replace the actor network in MADDPG. It enables UAVs to
generate specific DNN task assignment actions based on agents’
observations in a dynamic environment, thereby improving the
efficiency of task scheduling and overall system performance.
Simulation results demonstrate that our algorithm outperforms
benchmarks in terms of path planning, Age of Information (Aol),
task completion, and system utility, showcasing its effectiveness
and practical advantages in real-world scenarios.

Index Terms—Task assignment, path planning, UAV net-
works, generative diffusion model, multi-agent deep deterministic
policy gradient, mobile edge computing.
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Fig. 1. Four task assignment models.

I. Introduction

A. Background Research

Advancements in Unmanned Aerial Vehicles (UAVs)
technology have led to their increasing use in various civil
and military domains, including aerial object detection, rapid
rescue operations in disaster-stricken areas [/1], [2]], emergency
scenarios [3], and extensive agriculture [4]. Unlike traditional
Internet of Things (IoT) devices [5], UAVs offer not only lower
costs, but also superior mobility and enhanced data collection
capabilities [[6]. Although UAVs are well suited for the critical
and complex tasks mentioned, managing the substantial data
they generate remains a challenge [7]. With the rise of artificial
intelligence (AI), deep neural networks (DNN) have been
proposed to handle the extensive data produced [§]]. Despite
their efficiency in processing data, DNNs require significant
resources due to their intricate structure and high performance
demands. General methodologies segmented DNN models by
layers, treating each layer as the primary computational unit,
which often led to inefficiencies in collaborative inference due
to the substantial computational demands of certain layers.
Given the size and cost constraints of UAVs, their power
supply is often limited and computing capacity is relatively
low. Generally, there are two primary approaches to tackle this
issue. One approach involves deploying lightweight models
on UAVs, which reduces computational demands and infer-
ence latency but sacrifices accuracy [9]. However, executing
computation-intensive tasks independently with a single UAV
presents significant challenges in achieving low latency and



TABLE I
COMPARISON BETWEEN RELATED WORKS AND OUR PROPOSED

Ref. Architecture Adaptive partitioning Path planning Latency Energy consumption Reliability Age of information
[ [10] End to edge v v
1] End to end v v v
112 End to end v v v
[ [13] End to end / edge v v
[ 114] End to end v v v
| 115] End to end / cloud v v
[ 116] End to edge v v
1170 End to end v
18] End to end / edge v v
9] End to end v v
Proposed End to end v v v v v v

high inference accuracy. Another approach is to design from
the perspective of the end-edge-cloud network architecture,
enabling real-time, high-accuracy processing on UAVs with
support from cloud and edge servers.

Recent studies have shifted focus from relying solely
on the cloud or a single edge device, such as a UAV, to
harnessing the combined capabilities of both robust exter-
nal cloud resources and edge servers for the collaborative
execution of complex task. This collaborative approach can
generally be categorized into four types of collaborative
intelligence: End-edge, end-cloud, end-edge-cloud, and end-
end [I1]. Fig. [T] shows the four conventional paradigms.
Although the first three types effectively mitigate extensive
original data transmission to minimize latency and uphold
high accuracy, such as DNN inference ability, they may still
encounter significant processing latencys and potential failures
when implemented in UAV contexts due to the instability of
air-to-ground communication links, particularly in real-time
dynamic applications. As end resources become increasingly
abundant, some researchers have explored the possibility of
conducting collaborative DNN inference across multiple end
devices, specifically UAVs in the scenario under consideration,
without dependence on edge servers or the cloud, termed end-
end. This model aligns seamlessly with UAV operations, which
typically involve task execution within UAV swarms, thereby
reducing execution time and improving fault tolerance.

B. Motivation and Challenges

The primary challenge is that conventional scene data
collection and monitoring tasks rely on staged task processing.
For example, in [10], [19], the methods involve an initial phase
of task planning, followed by data collection, and conclude
with online or offline processing of related tasks, such as
target detection and positioning. This sequential approach is
evidently inadequate to meet the real-time requirements of
sudden events or emergency scenarios. In addition, the limited
computational power, battery life, and other onboard resources
of UAVs further constrain their ability to perform real-time
tasks effectively.

Secondly, when DNN tasks need to be offloaded, many
studies explore the transfer of intermediate data to the ground
nodes [13], [15], [18]. However, non-line-of-sight commu-
nication and the high relative mobility between UAVs and

ground nodes—especially dynamic nodes—introduce signif-
icant uncertainty into the offloading process. Furthermore, ex-
isting methods for offloading computationally intensive tasks,
such as heuristic-based, decomposition-based [10] and game-
based approaches [20], typically require numerous iterations
to converge to a satisfactory and stable assignment decision.
This iterative decision-making process is often impractical for
latency-sensitive tasks and energy-constrained systems.

Third, non-uniformities in the DNN-based task process-
ing pipeline are apparent. To elucidate this, we conducted a
pilot study that analyzes execution latency by layer, interme-
diate output data size, and computational demands for Yolov5
[21], AlexNet [22], and VGG16 [23]]. The results, shown in
Fig. 2] demonstrate that most of the computational cost is
concentrated in the first half of the DNN, with considerable
variability in latency, output data size, and computation across
different layers of these DNNs. This underscores the need for
uniform task partitioning. Arbitrary division can lead to signifi-
cant imbalances in task assignment between UAVs, which may
adversely affect the operational efficiency and survival time of
multi-UAV, thus hindering its overall effectiveness in multi-
UAV operations [[12]]. To delineate the differences between the
proposed DNN task assignment strategy and existing studies
in this field, a comparison of various works is presented in
Table [l Performance metrics that meet the specified criteria
are indicated with a v'.

C. Summary of Contributions

In this paper, we develop a collaborative approach of
multi-UAVs for the assignment of DNN tasks. This approach
considers the computing resources, energy consumption, and
number of layers they can execute each UAV. Moreover, our
method introduces a finer-grained task partitioning compared
to previous research. Our main contributions are as follows.

¢« We propose a mother-and-child UAV system that em-
ploys a high-altitude platform (HAP), such as an airship,
equipped with multiple UAV launchers. From this HAP,
several UAVs are launched and networked to support col-
laborative tasks. Then we design DNN tasks directly on
UAVs, performing inference independently of the ground
base station. This approach enhances the scalability of
the system. Furthermore, we propose a novel greedy
algorithm for UAV path planning that utilizes a fitness
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Fig. 2. The computational complexity, processing latency, and output data size of each layer of different types of DNNs.

function to minimize flying distance, taking into account

the varying sizes of tasks.

o We formulate the optimization problem of joint energy
consumption, task completion rate, and load balancing
in a multi-UAV network as a Mixed Integer Nonlinear
Program. Subsequently, we introduce a multi-agent rein-
forcement learning (MARL) algorithm based on a gener-
ative diffusion model (GDM) to address the problem. Our
work tackles constraints related to the number of UAVs,
the Aol of the DNN task, the cache capacity, and the
limitations of energy consumption. Notably, our research
is the first to integrate a GDM into the MARL framework
for multi-UAV networks.

o The proposed algorithm leverages an innovative appli-
cation of a GDM to determine optimal DNN task as-
signment decisions. We use the reverse denoising process
of the GDM instead of the actor network of the multi-
agent deep deterministic policy gradient (MADDPG) to
generate specific DNN task assignment actions based on
the agent’s observations in a dynamic environment. The
GDM functions by sequentially reducing noise through
a series of denoising steps, thereby extracting optimal
decisions from an initial state of Gaussian noise. By de-
composing complex computations into simpler subtasks,
we achieve substantial reductions in latency and improve
the overall efficiency.

The organization of this paper is as follows: Section [II]
reviews the related work, the system model is formulated
in Section Section describes the proposed problem,
Section formulates the path planning approach, Section
[VI describes the GDM-MADDPG approach, and Section [VII|
presents the simulation results, followed by the conclusion in

Section [VIIIl

II. Related Works

Henceforth, we summarize contributions of the related
works and discuss the distinctions between prior research and
our methodology.

A. Edge Intelligent for DNN Task

The partition of the DNN task represents a significant
research challenge that involves dividing a DNN into several
segments and distributing these segments between designated

locations. The existing work provides valuable information
to support the efficient DNN inference task. The authors in
[24] present a joint design for task partitioning and offloading
in DNN-enabled edge computing, involving a server and
multiple devices. In [25], the authors propose a multi-task
learning-based asynchronous advantage actor-critic approach,
and explore distributed DNN inference through fine-grained
model partitioning in edge computing. These studies overlook
the mobility of UAV networks. The authors in [26] explore
accelerating DNN-based task processing in vehicular edge
computing through task partitioning and offloading. In [17],
the authors propose an efficient allocation strategy using RL
and investigate fast DNN inference in UAV swarms through
multi-UAV collaboration. Studies have not addressed the adap-
tation challenges associated with the partitioning of DNN
tasks. However, the oversight of these studies may result in
decreased network reliability in certain resource-constrained
networks due to suboptimal task assignment within the DNN.

B. MARL for Task Offloading

MARL enables each agent to optimize its policy through
observations of both the environment and the policies of other
agents [27]], [28]. Many existing MARL-based approaches
significantly improve task offload efficiency within dynamic
networks [29]], [30]. The authors in [31] propose a dedicated
actor neural network for coordination and a scalable training
algorithm for UAV-aided MEC task offloading. In [32], the
authors present a DRL-based joint safe offloading and resource
allocation scheme for vehicular edge computing networks.
These studies have paid limited attention to this aspect. The
authors in [33] present a mobility-aware service offloading
and migration scheme with Lyapunov optimization and a
MADDPG algorithm. The authors in [34] focus on optimizing
task offloading and UAV trajectory under energy and queue
latency constraints. However, most of these studies focus
on optimizing network performance metrics, including task
completion latency and energy consumption. Our research
emphasizes DNN inference services, where the Aol for DNN
tasks is a critical performance metric.

C. GAI for UAV Networks

GAI has the potential to effectively overcome the lim-
itations of conventional Al and can be applied to optimize

FLOPS(GFLOPS)



UAV networks, particularly to improve transmission rates,
communication capacities, and energy efficiency [35], [36].
In [37]), the authors present a radio propagation model with
a conditional generative adversarial network. The authors in
introduce a two-stage generative neural network to predict
link states and generate path losses, latencys, and arrival and
departure angles in millimeter wave communication for UAVs.
The authors in explore the long-term optimization of joint
task offloading and resource allocation in a multi-access edge
computing network for UAVs. In [40], the authors present
a hierarchical aerial computing system where UAVs collect
tasks from ground devices and offload them to HAPs. Unlike
the above schemes, we contribute to the existing literature
by presenting a novel application of GDM in the context
of DNN task assignment decision. Our approach incorpo-
rates a path planning, GDM-based MARL decision-making
framework specifically tailored for multi-UAV networks. This
methodology aims to minimize the cost associated with DNN
task completion while ensuring the system’s reliability.

ITI. System Model

In this section, we first present the considered network
architecture, then introduce in detail the DNN task model, the
communication model, the mobile model, the Aol model, and
the energy consumption model, respectively.

A. Network Architecture

The network architecture is primarily composed of an
HAP layer and a UAV swarm layer, as illustrated in Fig. [3]
The HAP layer consists of a tethered platform with extensive
computing and communication capabilities, such as an airship.
This platform exchanges information with UAVs via wireless
links to facilitate model training and path planning
(see Section [V). The airship will transmit the final result
of the path planning to the leader UAV. The UAV swarm
comprises a leader UAV and multiple wingman UAVs. All
UAVs are isomorphic, with the total number of UAVs being
n = {1,2,---, N}, and each is equipped with trained DNN
models. The leader UAV receives the results of the path
planning transmitted by the airship and operates according to
the predetermined route. It is also responsible for collecting
and processing images and point cloud data of the target area,
including tasks such as target detection and mapping. Thus,
it functions as both a task producer and executor, as well as
a decision maker for task assignment. The wingman UAVs
primarily execute the tasks offloaded by the leader UAV, with
the assignment of DNN tasks between wingman UAVs being
streamlined. The leader UAV evaluates the task size and the
remaining resource status of the wingman UAVs to determine
whether to offload tasks. Therefore, to prevent task overload
on the UAVs, extend the operational lifespan of the UAV
swarm, and improve the timeliness of task processing and
network stability, efficient task assignment decisions for the
UAV swarm are particularly crucial.

Airship

——————

=
Leader / .

UAV Wlngmanﬁ%JMﬁ:u

UAV

DNN task

Fig. 3. Network architecture.

B. DNN Task Model

The area where the task is performed in this document
consists of g center coordinate points of the target area, de-
noted as ¢ = 1,2, ..., W, and the sequence of the UAV inspec-
tion target points is represented as q(q) = [q(1), ..., q(W)].
The data size in the target area is ¢, = {1,...,Lyw}. Assume
that the number of DNN tasks in each synchronization cycle
is i = {1,2,...,I}, the DNN type is k = {1,...,K}.
The DNN model typically comprises [ layers, denoted as
I ={1,2,...,L}. Each layer has a cache capacity m;; and a
computing requirement c¢; ;, represented by a tuple (m; i, ¢; ;).
« = {1,2,..., L.} represents a set of layers associated with
a specific type of DNN task, including convolutional and
pooling layers for feature extraction, as well as fully connected
layers for classification [8]. The DNN task is decomposed into
multiple subtasks for serial processing, and each wingman
UAV serves as an execution stage in this serial processing.
This approach allows each subtask to offload and transfer
intermediate results among different wingman UAVs without
requiring the processing of the entire task, thereby enhancing
the computational efficiency and real-time performance of
computationally intensive and latency-sensitive tasks [11].

In response to such practical needs, determining the opti-
mal split point of the task is crucial in DNN task assignment.
Assume that the split point of the ¢-th DNN task model
is P; s, and n’ € {1,2,..,N — 1} represents the number
of subtasks generated after the DNN task model is divided
into blocks, its size depending on the initial task data size.
Based on the size of the task data, we can categorize the task
assignment modes into swarm assignment, partial assignment,
and binary assignment. Swarm assignment indicates that the
DNN task is processed serially through pipeline assignment
across all wingman UAVs. Partial assignment means that the
DNN task is processed serially through pipeline assignment
among some wingman UAVs. Binary assignment entails that
the DNN task is completely offloaded to a single wingman
UAV for processing. The DNN task assignment mode M is



expressed as follows
M = f(k, £, 7"*",0), ()

where f(-) represents the function that determines the task as-
signment mode (see Section [VI). 7;"** denotes the maximum
latency allowed for the total completion time of each task, and
O represents the state space of the wingman UAV.

C. Communication Model

DNN task assignment is performed within the UAV
swarm, and during the execution of the task, the UAV swarm
maintains a fixed formation flying. At time slot ¢, the coor-
dinates of UAV are designated as P™ = [z}, y}', z"], and the
distance between the two UAVs is defined as follows

|Pr — Prt1|, )

The UAV-to-UAV data link utilizes line-of-sight commu-
nication, and its channel model is described by the Close-In
Free Space Reference Model (CI) [29], [42]. The path loss is
expressed as follows

PLci(d}" ™ §) = PLrs et (§)
+10ncrlog g (dn n+1> +&o.c1,

where PLpg rer(f) represents the free space path loss per
unit length, f means the frequency of a radio wave is equal
to the speed of light divided by the wavelength, noy is the
path loss index, and &, ¢ is the shadow fading parameter,
which is typically assumed to follow a zero-mean Gaussian
distribution.

The signal-to-noise ratio between the two UAVs is for-
mulated as follows

dn n+1

3)

P, — PLoy(dP™ ) @
Pr+ Py ’

where P, is the information transmission power of the UAV,
Pr is the interference power, and Py is the noise power,
denoted as Py = kBT, where k is the Boltzmann constant,
B,, is the bandwidth of the channel, and 7' is the absolute
temperature.

Therefore, the data transmission rate between the UAVs
can be expressed as follows

PP B log, (1 + SINR?’”“) . )

SINR}™' =

D. Mobile Model

Let ¢, denote the binary decision variable for the co-
ordinate of the inspection target g,,y; specifically, when the
target point g, is inspected by the UAV, ¢, is equal to
1. Otherwise, ¢, is equal to 0. After the UAV swarm collects
data from the target point gy, it must process the data before
reaching the next target point g, ). The Euclidean distance
between the two target coordinates is denoted as D9(0)-a(a+1),
The total moving distance of the UAV to complete the inspec-
tion task is the sum of the distances of each segment along its
flying path, as illustrated below

a(a)
Z pula)alg+1) (6)
a(1)

Dtotal

Assuming that the UAV flies at a constant speed v, the
time taken by the UAV swarm to travel from the current
coordinate to the next coordinate is expressed as follows

tnewt

= pa@ata+l) /, (7)

The total flying time for the process of the UAV executing
the task is represented as follows

tfly — DtOtal/I/, (8)

E. Aol Model

Aol defined in this paper aims to measure the duration
from data collection to processing completion, incorporating
waiting latency, transmission latency, and computation latency
to reflect the real-time performance of DNN task execution.
We assume that each UAV has a maximum memory capacity
mihreshold ayailable energy e!"rsmold and computing capac-
ity f. The Aol is optimized by minimizing the UAV’s moving
distance and refining the DNN task assignment strategy. The
waiting latency for the data collected by the leader UAV to be

processed by the DNN model is denoted as
et = Ty — T, ©)

where T; represents the moment when the collected raw data
is obtained on the leader UAV or when the subtask n is
generated on a wingman UAV. T;/ signifies the moment when
the collected raw data is processed in the leader UAV or when
the subtask ¢ is about to be sent from the wingman UAV n to
the wingman UAV n + 1.

The latency for the intermediate result of the completed
DNN task transmitted by wingman UAV n is expressed as

tﬁrans _ Wi,l
- n,n+1?
T

(10)

where W; ; is the data size output by the previous wingman
UAV, specifically the data size before the split point p; /4.
The computation latency of the task is represented as

DPin’

Feomp Ci,l
i\n - f ’
n

l=p; nr_1+1

Y

Ci,l

where denotes the computing time of the i-th subtask. ¢; ;
indicates the computing requirement of the i-th subtask, and
fn represents the computing capacity of the n-th UAV.

Therefore, the execution latency of the entire DNN task
Aol and the overall latency 7 for the complete DNN task are
as follows

I N
— Z Z trans cornp7 (12)
I N

Aol =)~ " ggmwait 4 glrans 4 yeomp, (13)

i=1n=1



F. Energy Consumption Model

The energy consumption of UAVs in performing DNN
tasks primarily consists of computing, transmission, and flight
energy consumption.

1) The computing energy consumption of the UAV is
denoted as

I Pin'
e%om,p — Z Z

i=1l=p,; ,/_,+1

kofrciy, (14)

where ko represents the energy efficiency parameter and c;;
denotes the computing requirement or complexity of the [-th
layer in the ¢-th task.

2) The transmission energy consumption is approximated
as the product of the transmission power P, and the transmis-
sion time #}",¢"* of the intermediate result of the DNN task as
follows

I
elrams =N " Potinens, (15)
i=1

3) As one of the energy consumptions that must be con-
sidered, the flight energy consumption of the UAV is adopted
in [30]. The flight energy consumption is approximated as the
product e/ of the propulsion power P/% of the UAV and
the total flying time during the task execution as follows

eily _ pflytfly7 (16)

3 2 4 2

Plw=pP 14+ )|+ P (14— —
Vtip 41/0 2”0 (17)

1
+ 5Cpss?,

where P; represents the blade shape power in the hovering
state, P, is the induced power, 14, is the speed of the
rotor blade tip, and vy is the average induced rotor speed
in the hovering state. Additionally, ¢, p, ¢, and s refer to
the fuselage drag ratio, air density, solidity of the rotor, and
disk area, respectively. Under hovering conditions, the power
consumption of the UAV is the sum of P, and P.
Consequently, the energy consumption of a wingman
UAV is e,, = e£o™P 4 elrans 4 ef1Y. And then the total energy
consumption of all DNN tasks executed by the UAV swarm
is denoted as
N
E = Z ezomp + 6Zr‘ans + eflly'

n=1

(18)

IV. Problem Formulation

In this paper, Aol and load balancing are fully considered
in the DNN task assignment of UAV swarms. Generally,
completing tasks solely by UAVs is a common method to
enhance Aol. However, this approach often leads to a signifi-
cant increase in the energy consumption of individual UAVs,
thus reducing the overall survival time of the UAV swarm.
To optimize load balancing in task assignment, frequent DNN
task transfers within the UAV swarm may also extend task
execution time and potentially deteriorate the timeliness of
the collected data. Therefore, during the execution process of

the task, it is essential to establish a reasonable partitioning
of the DNN tasks and an assignment scheme that effectively
balances the task completion rate 1 = [omPleted /T - Aol and
load balancing to improve the stability of the UAV swarm.

To this end, this paper defines a utility function U for the
assignment of DNN tasks, which includes three components:
the utility u;, representing the contribution of a single UAV to
a specific task; the utility us, which reflects the completion rate
of the task and emphasizes the importance of both completing
the task and improving Aol; and the UAV load balance utility
us, which indicates the variance of the remaining energy of the
UAVs. This last component is crucial for maintaining balanced
energy consumption across the UAV swarm.

U = duq + eus + Oug, (19)
up = e;:lomp + eflr(ms7 (20)
an, — PAol;, task is completed
Uz = completed max : (21)
y(lgompieteay — grimar otherwise

N N
threshold threshold 2
uz = E {el] — ey — E e, —en| /N}
n=1 n=1

(22)
where a, 3,7,9,¢,0 are weight coefficients, [c°mPleted indi-
cates the number of layers of the x-th DNN model that have
been completed.

Taking into account the constraints related to the number
of UAVs, cache capacity, energy consumption, and latency,
we reformulate the optimization problem of assigning DNN
tasks by determining the split point of the task p;, and the
number of UAVs of wing men n that correspond to the task.
The optimization objective function P; is defined as follows

max U (23)
T,Di,n!
st.Cr: 1<p1<pi2<--<pin-1<L—-1 (23a)
Cy: 1<n<N (23b)
Pin’
CB . Z mi S ml;/lhreshold (230)
I=p; nr1+1
04 . ezomp _‘_e:z"ans + eflly S e;hreshold (23(1)
05 . ezendez < 6%hreshold — e (236)
w
Co: Y wg=1 (23f)
qg=1
Cr: o 0 gfrans 42070 < (239)

where C; signifies that the DNN model split point is located
within the hierarchy. C5 indicates that the number of unloaded
tasks falls within the total number of UAVs. (5 specifies that
the task size does not exceed the maximum cache capacity
of the UAV. C ensures that the total energy consumed does
not exceed the UAV’s energy capacity. C5 denotes that the



remaining energy consumption of the UAV is greater than the
energy consumption e.°"%¢* required to return. Cg requires
that the leader UAV starts from the initial coordinate and visits
at least one target coordinate. C'; stipulates that each task must
not exceed the maximum allowable latency.

As shown in the previous section, the objective optimiza-
tion function P1 is an NP-hard problem that involves both
discrete and continuous variables. The problem P1 is divided
into a path planning subproblem and an MDP subproblem,
and then solved using the proposed GDM-MADDPG with a
path planning approach.

V. Path planning method based on greedy

algorithm

The greedy algorithm is used to optimize the path of the
UAV due to its low computational cost and fast convergence
[3. A stochastic component is introduced to the greedy
algorithm, which considers the task size within the target area,
thereby providing an approximate solution for the globally
optimal UAV flight path.

A. Fitness Function

This paper employs a greedy algorithm to minimize the
total flying distance of the UAV while jointly considering the
task size of the target area to address the UAV path planning
problem. Before executing the DNN task assignment, the UAV
must plan an optimal flying path to reduce task completion
time and energy consumption. Given that the task sizes of
each target area vary, we denote the task size of the g-th
target coordinate as L, and let v, represent the average rate at
which the UAV swarm processes tasks. Consequently, the time
required to process the task size at the g-th target coordinate
is denoted as

ty =Lg/vg. (24)

To improve task processing efficiency and Aol, the UAV
swarm is required to complete the task after inspecting the
target coordinate and before reaching the next target coordi-
nate, thus establishing the condition ¢, < t"e=t  Furthermore,
we define At = ¢"** — ¢, as the difference between flight
time and task processing time between two target coordinates
of the task.

Accordingly, the fitness function integrates the UAV
flying distance and the quantity of tasks processed by the DNN
model, represented as

F =9D"" 4 pAt, (25)

where 9 and p are weight coefficients utilized to balance the
trade-off between the UAV flying distance and the amount of
data processed by the DNN model.

B. Path Planning Method

The greedy algorithm is a straightforward, lightweight
heuristic solution method that is easy to implement [3].
However, this approach can lead to suboptimal outcomes, as
selecting local optimal solutions does not guarantee a global

Algorithm 1: Path planning method based on greedy
algorithm

Input: Coordinates of targets, task size of target
coordinates £,
Output: The sequence of the UAV inspection target
coordinates .
Initial parameters of path planning, such as W, 9, p,
k, v, fq
Execute fitness function as Eq.
Select the first target coordinate

-

w N

L
q(1) = arg max_ (q>
a(@eW \ Da(g).q(0)
fori=1,2,...,q do
if [W| < k then
| &=W
else
| gcw
end

o e N wn e

10 end

optimal solution. To address this limitation, this paper incor-
porates randomness into the design of the greedy algorithm to
mitigate the risk of converging on a local optimal solution.

Specifically, the candidate target coordinates k are ran-
domly selected from the set of uninspected target coordinates,
denoted as W. If |W| < k indicates that all uninspected target
coordinates are chosen as candidate target coordinates k, then
we define this set as g = W. Otherwise, W uninngcted target
coordinates k are randomly selected from g C W. For each
candidate target coordinate, the fitness function value F' is
calculated and the target coordinate with the smallest value F’
is selected as the next target coordinate. A lower value of F
corresponds to a lower total cost. The chosen target coordinate
is then added to the flying path sequence and removed from
the set of candidate target coordinates. This process is repeated
until all target coordinates have been inspected once, at which
coordinate the UAV returns to the initial target coordinate.

The path planning algorithm based on the greedy algo-
rithm is illustrated in Algorithm [I] In this context, the path
planning problem is denoted as Po

min F (26)

s.t.Cs 1 tg < 7 (26a)

where Cg signifies the requirement that the UAV swarm
completes the task at the previous target coordinate before
proceeding to the next target coordinate.

VI. DNN task assignment algorithm
based on GDM-MADDPG

GDM demonstrates robust generative capabilities and is
adept at navigating complex dynamic decision optimization
scenarios. Notably, it can identify optimal solutions even in
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Fig. 4. GDM-MADDPG for strategy generation of DNN task assignment.

the absence of a dedicated dataset. This section focuses on
the design methodology and algorithmic framework of the
GDM-MADDPG method. It also encompasses the design and
modeling of both the denoising process and MDP.

A. Design Process of GDM-MADDPG Algorithm

DNN Task assignment decision generation differs from
traditional applications of GDM, primarily because decision
optimization often lacks a large, dedicated dataset for offline
training. In this paper, the DNN task assignment decision pro-
cess involves the GDM predicting noise distribution through
iterative refinement, followed by training its reverse denoising
process, specifically denoising Gaussian noise to yield optimal
action decisions. This training enables the agent to execute
the generated actions within the environment. The agent then
fine-tunes its network parameters based on received rewards,
thereby enhancing its action decision generation capabilities.
This approach transforms the challenge of limited datasets
into an opportunity for dynamic online learning and agent
self-optimization. Building on these principles, the design
process encompasses the following processes. Agent Environ-
ment Design: The types of tasks and data sizes at various
target coordinates are heterogeneous and subject to dynamic
changes. GDM is crafted to generate optimal assignment
actions, including split point selection and task selection, based
on the observations of a given agent. Action Space Design: The
action space is established by applying a series of denoising
steps on Gaussian noise via GDM, with the action vector
dimension corresponding to the number of tasks. Reward
Function Design: The objective is to derive action strategies
for the assignment of DNN tasks through GDM, specifically
targeting optimal solutions related to aspects such as Aol, load
balancing, and energy consumption. Model Training Design:
This step focuses on training the action network to enable the
agent to produce specific actions based on the observations,
all with the aim of maximizing the utility function.

B. Reverse Denoising Process of GDM

The GDM inverse denoising process serves as a reverse
denoising technique that reconstructs the original data from

noisy observations. In this context, the denoising network,
once fully trained, is capable of generating optimal decisions
for DNN task assignment in any dynamic environment. Both
the selection of assignment modes and the design of utility
functions typically adapt to the dynamic variations present
in the environment. This capability to respond to changing
conditions and generate appropriate actions is invaluable in
decision optimization. Consequently, the GDM inverse de-
noising process can leverage information such as the UAV
observation space O, task data size {,, and task type ~
as conditions within the denoising network, thus facilitating
adaptive decision generation.

For the agent n, the objective of the inverse process is
to infer the probability distribution xi of each task that is
selected from the Gaussian noise x%}:~N (0, I). If the inverse
distribution p(x;_1|x;)can be learned, it becomes possible
to sample x; from the standard normal distribution N (0, 1)
and subsequently obtain samples from p(xg) through the
inverse process. However, statistical estimation p(x;_1|x:)
requires calculations that involve the complexity of the data
distribution, which is often challenging to manage in prac-
tice. Therefore, our goal is to estimate p(x;_1|x;) using the
parameterized model pg as outlined below

pf)(xt—l |Xt) = N(Xt—ﬂ “G(Xh t)’ 29(xt7 t))

In this manner, we can derive the trajectory from X to
xg as follows

27)

T
po(x0.) = po(xr) [ [ po(xe—1xe). (28)
t=1

By conditioning the model in the time interval ¢, it can
learn to predict the parameters of the Gaussian distribution,
specifically the mean pp(x¢,t) and the covariance matrix
39 (x¢,t) at each time step.

The training of GDM involves optimizing the negative
log-likelihood of the training data. According to the literature
[43], by incorporating conditional information ¢ in the denois-
ing process, it can be modeled as a noise prediction model with
the covariance matrix fixed to pg(xo.7)

Lo (xt,9,t) = Bel. (29)



The construction of the mean is as follows

Ho(@0, 9,t) = 2-7 <¢ _ b

1 -y
We first sample xp from N(0,I) and then sample
To_1|wy = \%ft - \/ﬁ(@(l’t, g,t)++/Be through the in-
verse denoising process parameterized by 6 where ¢ ~ N (0, I)
and t = 1,...,T. The loss function for the model training of

the denoising network is given by

Et = ]Exo.,t,e[He - 6(7'(\/@79(0 + v 1- ateat)”ﬂ'

EG(xtvg7t)>' (30)
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C. MDP Modeling

GDM effectively addresses challenges within the DNN
task pipeline assignment environment, generating optimal as-
signment decisions that maximize the utility function. This
method showcases the ability of GDM to manage complex data
distributions and produce high-quality decisions, particularly
in dynamic and evolving environments [8]. By integrating
DRL, more efficient and adaptable action strategies can be
developed. Consequently, the utility maximization problem is
formulated as a multi-agent Markov decision process (MDP),
represented by a tuple (n,O,A,r,7), where n denotes the
number of agents, O is the observation space of the agent,
v represents the discount factor, and r signifies the reward
obtained by the agent. The agent is represented by the UAV.
It learns an optimal task assignment strategy based on GDM-
MADDPG according to task size, computing resources, and
task latency to achieve optimal load balancing and Aol. The
DNN task assignment decision generation based on GDM-
MADDPG is detailed in Fig. ] and Algorithm

Observation Space: In each time slot t, the UAV collects
observations from its environment. The observation space is
denoted as O; = {o},0?,...,0l"}, with the observation of a
single agent represented by

O? = {€t7 Rt, lz?tmpleted7 Tt, €, My, Pt> q(Q)}7 (32)

where /; indicates the amount of data associated with the DNN

task at time slot ¢, x; represents the type of DNN model,
lcompleted o lcompletad lcompleted lcompleted
Kyt - 1 Y2 R

} indicates
the degree of completion of the DNN task (i.e., the number of
completed layers), 77 = {7{"** 13" ... 77"*"} denotes
the maximum latency that each task can tolerate at time slot %,
e; represents the energy consumption constraint of the UAV
(the remaining energy at time slot ¢, m; indicates the memory
constraint of the UAV (the remaining memory at time slot t),
P.={PL,P? ..., P’} represents the positions of all UAVs
at time slot ¢, and q;(q) signifies the positions of all targets.

Action Space: The action space is defined as

A" = {a},ay,...a}}. In each time slot t, the agent’s
action is denoted by ai, where i = {1,2,...,I} represents
the task chosen by the agent for execution, and a} =
{a},a?,...,at} signifies the action taken.

Reward Function: The agent’s actions are constrained
by Aol and are closely related to load balancing and task
completion rates. To maximize the system utility, the agent

Algorithm 2: GDM-MADDPG Algorithm

1 Initialize the parameters of the Critic network and the
Actor network (denoising network)

2 for episode = 0 — ¢ do

3 Reset the environment and the initial observation O

4 fort=1,2,...,T do

5

6

forn=1,2,...,N do

Use the observation space of agent n as a
condition of denoising network to generate
adapted actions

7 fort=1,2,...,T do

8 Predict the noise ¢

9 Gaussian noise x7 is denoised in
reverse process, obtaining x{

10 Agent n selects an action xg according
to aj = f(xj)

11 Execute the chosen action a;}

12 Obtain the reward xi and the next
observation o?/

13 o < o}

14 if the buffer is not full then

15 Store the training data

((O4, Ay, Ry, O}) into the buffer

16 else

17 ‘ Update the experience replay buffer

18 end

19 end

20 forn=1,2,...,N do

21 b samples are taken from the buffer
(04, A4, R;,0%),¥j =1,2,...,T

22 Calculate the target value

23 Minimize the loss function to update
the parameters of the Critic network

24 Update the Actor and Critic target

network parameters for each agent
according to Eq. (31)

25 end
26 end

27 end

28 end

observes o} and executes action a! to obtain the reward r* as
follows

nyindiv _ 5’(1,1, eflhreshold —e, > erendez 33
¢ _U(ethreshold —e ) otherwise )
n n)s
r 9" = gug + Qug, (34)
P = g (1 g)pmarou, 35)

indi C g .
where 7,"""""" and r;"9"°"? represent individual and global

rewards, respectively. o and ¢ are weight coefficients, and
e"ndez denotes the energy consumption required for the UAV
to return.



VII. Experiment Setup and Performance

Evaluation

To assess the proposed DNN task assignment approach,
we conduct numerical experiments. The analysis includes a
comparison with several benchmark algorithms to demonstrate
its effectiveness and advantages.

A. Experiment Setup

1) Training Environment

The hardware configuration consists of an Intel i7-
13700K CPU and an NVIDIA RTX 4090 with 24 GB of
RAM. The software environment includes pytorch GPU ver-
sion 1.11.0 and Python version 3.8. The parameters for DNN
are specified as follows: for the Actor network, the number
of neurons in the first and second hidden layers are set to
256, respectively, while the number of neurons in the third
hidden layer is determined by the dimensionality of possible
actions. For the Critic network, the neuron counts for the three
hidden layers are set to 256, respectively. During training, the
learning rates for the Actor and Critic networks are set to
v = 1073, The mini-batch size during training is 512. The
discount factor is set to v, = 0.9, and the initial value and
the decay rate for exploration are defined as ¢p = 0.9 and
B = 1074, respectively. In our simulation, we examine the
performance of collaborative DNN task assignment in different
data sizes. To simplify calculations, we assume a constant
transmission model, where the data transmission rate remains
uniform during a complete collaborative task assignment. The
experimental parameters and their corresponding values are
detailed in Table [[I] [44].

2) Simulation Scenario

We perform simulations in the following scenario: an
airship positioned at an altitude of 10 km, accompanied by
nine UAVs at an altitude of 3 km, covering an area of
12x12 km?. The airship is located at the center of this area,
while the leader UAV and wingman UAVs are uniformly
distributed throughout it. The airship obtains task directives
from the ground control center, formulates the optimal flight
sequence for the designated task targets, and transmits the
planned route information to the lead aircraft. The lead aircraft,
along with several wingmen UAV, then executes a coordinated
flight along the predetermined route. It is important to note
that all UAVs fall within the coverage area of the airship
and are interconnected and capable of communicating with
one another. Furthermore, considering overall accuracy in
detecting target amounts, the Yolov5S model outperforms the
seven attention-optimized Yolov5 variants, as well as other
state-of-the-art object detection models [4]]. In this study, we
employ Yolov5 as the task model and conduct experiments to
evaluate the effectiveness of the proposed approach.

3) Benchmark Algorithms

To demonstrate the advantages of the proposed method,
we examine the following benchmark algorithms.

Greedy algorithm involves making the best choice at
each step based on the current state, with the aim of achieving
a global optimal solution through a series of local optimal
solutions.

TABLE II
EXPERIMENT PARAMETERS
Parameters Values
Number of UAV N [5,10]
Number of DNN types K [1,3]
Number of target coordinates W [10, 50]
Size of task Ly [0,80] GB
Number of random k 5
Weight of distance ¢ 0.5
Weight of task size p 0.5
UAV propulsion speed v 20m/s
Average task processing rate vq 10GB/min
Computational complexity ¢ (50, 500] cycle/bit
Maximum transmission power Py [50, 100] mW
Maximum bandwidth B, [1,5] MHz
Maximum cache resources m (100, 500] GB
Maximum tolerable latency 7 [10,200] ms
Noise power Py -115 dBm
Computing capacity of UAV f, 15 Gigacycles/s

MADDPG use a centralized training and distributed
execution framework. It extends single agent RL algorithms
from the actor-critic framework to accommodate multi-agent
scenarios [34].

MADDPG with path planning integrates the proposed
path planning approach with MADDPG, facilitating the gener-
ation of task assignment decisions that align with the require-
ments for task execution.

B. Performance Evaluation

1) Path Planning

This experiment simulated a UAV inspection area con-
sisting of ten target coordinates, each defined by a distinct
task size. Fig. [5a] depicts the proposed the UAV path planning
method. By comprehensively considering both task size and
flying path, this method generates the global optimal path
and target coordinate sequence, prioritizing target coordinates
with larger task sizes while ensuring coverage of all target
coordinates. In contrast, Fig. [5b| presents a greedy algorithm
which selects the best option at each step based solely on the
current state, is prone to local optima. As a result, it can lead
to a significant increase in flying path length, reducing the
survival time of the UAV swarm and hindering its ability to
conduct long-term operations under energy constraints.

As illustrated in Fig. the cost associated with the
optimal path finding of the UAV increases as the number of
target coordinates increases. In particular, the path planning
algorithm proposed in this study consistently exhibits lower
costs compared to the greedy algorithm in all scenarios eval-
uated. Specifically, for target coordinate counts of 10, 20, 30,
40, and 50, the total cost produced by the proposed algorithm
is reduced by approximately 19.3%, 21.1%, 23.0%, 25.6%,
and 27.1%, respectively, compared to the greedy algorithm.
This enhancement can be attributed to the expanding solution
space that accompanies an increase in the number of target
coordinates. As the candidate set of target coordinates grows,
the proposed algorithm has greater opportunities to explore
solutions that yield lower total costs, ultimately facilitating
the identification of the optimal path with minimal total cost.
Thus, it is evident that the algorithm developed in this study is
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particularly adept at addressing path planning challenges that
involve a larger number of target coordinates.

2)Training Procedures

We perform ten independent training runs for each algo-
rithm. As illustrated in Fig. although the proposed GDM-
MADDPG converges at a slower rate than the two algo-
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rithms, GDM-MADDPG demonstrates superior performance
compared to the other solutions. The total reward attained
by GDM-MADDPG increases throughout the training process,
eventually converging to approximately 5000 after around 600
training episodes. This enhancement is attributed to the gener-
ative capabilities of GDM, which markedly improve action
sample efficiency by progressively reducing noise through
multiple denoising steps. Finally, the low performance of
the two algorithms further highlights the effectiveness of the
proposed GDM-MADDPG method.

The convergence of GDM-MADDPG in various tasks of
the DNN model is illustrated in Fig. [6bl Despite the differences
in structural complexity between DNN models, the proposed
method successfully accommodates these tasks and achieves
convergence. The AlexNet model, characterized by fewer
layers and lower computational requirements, demonstrates
favorable convergence performance. In contrast, the VGG16
model, with its greater number of layers and higher com-
putational demands, experiences increased processing delays,
resulting in lower rewards and reduced convergence efficacy
for our method. Although the convergence performance of
our method on the YOLOv5 model is slightly inferior to that
of AlexNet, YOLOVS, as a widely adopted real-time object
detection algorithm, has a model complexity that lies between
the two aforementioned models. Consequently, subsequent
experiments employ YOLOVS as the experimental task model
to validate the superior performance of this method in terms
of AOI and task completion rate.

By conducting a series of systematic experiments, we
aim to identify the optimal values for two key parameters
that influence the performance of the MADDPG algorithm:
1) learning rate and 2) batch size. The experimental results,
illustrated in Fig. clarify the convergence behavior of the
reward function under varying learning rates. A learning rate
of 0.01 is excessively large, preventing convergence even after
1000 training iterations. Similarly, learning rates of 0.0001
do not facilitate convergence. In particular, the 0.001 learning
rate promotes faster convergence. The suitable learning rate of
0.001 is used to assess the effects of different batch sizes on
training performance. As illustrated in Fig. [7b] a batch size of
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512 is recognized as the most advantageous option.

3) Performance Comparison

This study compares the Aol of different methods in vary-
ing task sizes, as illustrated in Fig.[8a] The Aol performance of
the MADDPG-based method is significantly improved when
combined with the path-planning approach. Furthermore, the
GDM-MADDPG method proposed in this paper, which is
based on MADDPG and incorporates the advantages of GDM
in handling complex data distributions and generating high-
quality task assignment decisions, improves the timeliness and
generalizability of task assignment decision generation. This
results in the generation of the most suitable task assignment
decisions for the current state, thereby reducing the transmis-
sion time during serial task execution. According to Eq. (23)),
this method also addresses the optimization of path planning
for target coordinates and tasks, which reduces waiting times
associated with tasks and improves Aol.

The task completion rates of different methods were
compared in various task sizes, as shown in Fig. |§_Bl The
method proposed in this paper outperforms other methods in
optimizing system utility, indicating that optimized task path
planning and task offloading decision generation achieve a
joint optimization of multiple objectives. In terms of path plan-
ning, the method not only considers the optimal path but also
accounts for the task-size requests at the target coordinates,
enhancing the selectivity of local optima. Regarding DNN
task assignment, factors such as task partitioning decisions and
load balancing are incorporated. Additionally, the introduced
GDM reverse denoising process improves the learning and
generation capabilities of agent decisions, leading to well-
generalized action decisions. Consequently, as the task size
gradually increases, the MADDPG-based decision method
lacks robust dynamic adaptability under multiple constraints.
Its learning capability is constrained by the fixed learning
mechanism of the actor-critic network, resulting in the absence
of a strategy with generalization capabilities.

The utility of different methods was compared under
various task sizes, as shown in Fig. as task sizes increase,
the need for additional task assignment work is incurred under
latency constraints, directly increasing the latency of task com-
pletion. This results in a downward trend in task completion
rates for all methods. The proposed method considers task size
constraints during the path planning stage, and task assignment

decisions can be rapidly learned and generated through the
GDM method, further reducing task processing delays and
allowing a greater number of tasks to be completed within
the specified time. In addition, these findings indicate that the
proposed method is suited for large-scale tasks.

VIII. Conclusion

In this paper, we addressed the challenge of planning
joint flight paths, assigning DNN tasks, and balancing load in
UAV networks as a two-stage optimization problem. In the first
stage, we consider the task size of the area to be inspected and
the shortest flight path as optimization constraints. We then
employ a novel heuristic algorithm to optimize the UAV’s
flying path, focusing on maximizing system utility. In the
second stage, we introduce a novel GDM-MADDPG algo-
rithm to determine optimal DNN task assignment decisions.
Through numerical simulations, we demonstrate the superior
performance of our proposed algorithm compared to existing
benchmark solutions.

Research in the future could explore the feasibility of
employing an expert dataset, generated offline through a brute-
force search method, to enhance the forward process of GDM.
Subsequently, supervised learning could be employed to train
GDM to align with the action distribution produced by the
reverse process and the expert data. Furthermore, exploring
DNN task assignment for emergency response and post-
disaster search scenarios is also a valuable research area.
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