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Abstract—Low altitude uncrewed aerial vehicles (UAVs) are
expected to facilitate the development of aerial-ground integrated
intelligent transportation systems and unlocking the potential
of the emerging low-altitude economy. However, several critical
challenges persist, including the dynamic optimization of network
resources and UAV trajectories, limited UAV endurance, and
imperfect channel state information (CSI). In this paper, we offer
new insights into low-altitude economy networking by explor-
ing intelligent UAV-assisted vehicle-to-everything communication
strategies aligned with UAV energy efficiency. Particularly, we
formulate an optimization problem of joint channel allocation,
power control, and flight altitude adjustment in UAV-assisted
vehicular networks. Taking CSI feedback delay into account,
our objective is to maximize the vehicle-to-UAV communication
sum rate while satisfying the UAV’s long-term energy constraint.
To this end, we first leverage Lyapunov optimization to decom-
pose the original long-term problem into a series of per-slot
deterministic subproblems. We then propose a diffusion-based
deep deterministic policy gradient (D3PG) algorithm, which
innovatively integrates diffusion models to determine optimal
channel allocation, power control, and flight altitude adjustment
decisions. Through extensive simulations using real-world vehicle
mobility traces, we demonstrate the superior performance of
the proposed D3PG algorithm compared to existing benchmark
solutions.
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I. INTRODUCTION
A. Background and Overview

ITH the rapid advancement of sensing and wireless
Wtechnologies, vehicular networks have made signifi-
cant strides, transforming traditional transportation systems
into intelligent transportation systems (ITS) [1]. Nevertheless,
effective ITS operation relies on dynamic vehicular com-
munications with ubiquitous connectivity, low latency, and
high reliability [2], [3]. By integrating various communication
methods, such as vehicle-to-infrastructure (V2I) and vehicle-
to-vehicle (V2V), vehicle-to-everything (V2X) technologies
provide tailored support to ITS by meeting diverse quality of
service (QoS) requirements of different vehicular communica-
tions [4], [5]. Specifically, high-capacity V2I communications
are used to deliver infotainment services (e.g., high-definition
maps and augmented reality navigation), while high-reliability
V2V communications ensure road safety services (e.g., coop-
erative driving and incident reporting).

However, guaranteeing seamless connectivity and providing
uninterrupted services through integrated V2X communica-
tions present significant challenges. This difficulty is mainly
due to the distinct technical challenges faced by V2I and V2V
communications. On one hand, V2I infrastructures (e.g., base
stations and roadside units) perform poorly in urban areas
with high vehicle density [6], bringing excessive commu-
nication requests. As the number of vehicles increases, the
V2I transmission rate decreases due to intense competition.
Additionally, massive deployment of V2I infrastructures in
rural areas and on cross-border highways is often economically
unfeasible [7], [8]. On the other hand, due to high mobility
and the Doppler effect, which lead to significant path loss
and frequent blockages, V2V communications may expe-
rience degraded link quality and transmission interruptions
[9].

Recently, due to their advantages in flexible deployment,
efficient transmission, and cost-effectiveness [10], [11],
uncrewed aerial vehicles (UAVs) have become promising
platforms for many emerging applications, driving the growth
of the low-altitude economy [12], [13]. For instance, Amazon
Prime Air uses UAVs to deliver packages to customers,
addressing the challenge of last-mile delivery [14]. More
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importantly, UAVs can serve as aerial base stations, making
them an attractive complement to terrestrial infrastructure in
V2X communications [15], [16].! Specifically, in a favorable
aerial-terrestrial propagation environment, UAVs have a high
likelihood of establishing line-of-sight (LoS) communication
links with vehicles. Additionally, with their controllable
mobility, UAVs can adjust their positions to follow moving
vehicles that need to establish connections.

B. Motivation and Main Challenges

Despite the above advantages, UAV-assisted vehicular net-
works still face several critical challenges that need to be
carefully addressed. First, balancing the trade-off between the
different network operational intents or objectives, including
system communication performance and the energy con-
sumption of UAVs, is challenging. Since UAVs have limited
endurance due to their finite battery life, it is crucial
to ensure sustained operation in order to improve system
performance [6]. In other words, if a UAV consumes too much
energy (e.g., by frequently adjusting its altitude to establish
LoS connections), the available energy may be insufficient for
subsequent service provisioning. Existing studies [5], [9], [17],
[18] either consider only the UAV’s communication-related
energy consumption or completely overlook the propulsion
energy required during service provisioning. In practice, long-
term UAV flight energy is a critical factor, as excessive
short-term energy usage may compromise the UAV’s ability
to sustain continuous operation and severely degrade long-
term network performance. However, considering the dynamic
characteristic of UAV-assisted vehicular networks (e.g., vehi-
cle mobility and time-varying channel conditions), making
decisions on optimization variables across consecutive time
slots without knowledge of future dynamics is a non-trivial
challenge.

Second, dynamic network operation with low-latency knowl-
edge of channel state information (CSI) from all communica-
tion links is challenging. When UAVs serve as aerial base
stations, they can only estimate the CSI between vehicles and
UAVs [5]. In this case, the CSI of V2V links is reported
to the aerial base stations periodically, potentially causing
additional CSI feedback delays. Existing studies such as [14]
and [19] commonly overlook the impact of CSI feedback
delay in dynamic vehicular networks, despite Doppler shift
and multipath fading making CSI aging particularly severe
in high-mobility environments. As a result, the solutions
proposed in these works may experience substantial perfor-
mance degradation when applied to practical UAV-assisted
vehicular scenarios where timely and accurate CSI cannot be
guaranteed. This happens due to severe mismatches between
the actual channel state and the estimated CSI, leading to
significantly reduced throughput and a higher probability of
link interruptions.

!Several real-world examples can be found at the following resource:
https://tecknexus.com/5gusecase/telefonica-enables-5g-communication-
between-drones-and-smart-cities/. These include UAV-mounted mobile base
stations providing temporary network coverage for vehicular users during
traffic congestion or emergencies, as well as UAV-enabled data collection
from connected vehicles for traffic monitoring and intelligent transportation
systems.
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Third, conventional optimization methods are unsuitable for
dynamic vehicular networks. In practical scenarios, vehicle
locations and wireless channel conditions change over time,
meaning an optimal solution derived for one specific moment
and situation may not remain optimal in the long run. Existing
studies [5], [14], [20] primarily rely on analytical solutions,
which are difficult to apply in highly dynamic UAV-assisted
vehicular networks. In particular, the rapid variation in vehic-
ular mobility makes such methods insufficiently flexible or
robust, often resulting in significant performance loss when
deployed for real-time decision-making. Recently, several
studies have adopted deep reinforcement learning (DRL) [19],
[21], [22], [23], which has emerged as a promising technique
for real-time decision-making by learning the relationship
between input states (e.g., vehicle mobility) and actions (e.g.,
channel allocation). However, DRL also faces challenges in
balancing exploration and exploitation—excessive exploration
may lead to suboptimal solutions [24], [25], while excessive
exploitation can result in short-sighted decision-making.

C. Summary of Contributions

Motivated by the above challenges, we formulate a joint
optimization problem involving channel allocation, power
control, and trajectory planning for UAV-assisted vehicular
networks. The objective is to maximize the V2U communi-
cation sum rate while ensuring the UAV’s long-term energy
constraint. Our main contributions are as follows:

o Framework: We formulate the joint channel allocation,
power control, and flight altitude adjustment problem in
UAV-assisted vehicular networks, explicitly incorporat-
ing CSI feedback delay and a long-term UAV energy
constraint-two practical yet often overlooked challenges.
The resulting formulation is a mixed-integer nonlinear
programming (MINLP) problem, which is NP-hard. This
makes the problem particularly challenging to solve,
especially in the presence of vehicle mobility, time-
varying channel conditions, and the UAV’s long-term
energy constraint.

e Solution: To this end, we first employ the Lyapunov
optimization technique to decouple the original prob-
lem into a series of per-slot deterministic subproblems,
ensuring the UAV’s sustained operation under stochastic
conditions. Building on this transformation, we pro-
pose a diffusion-based deep deterministic policy gradient
(D3PG) algorithm to address the problem on a per-slot
basis.

o Innovation: In the D3PG algorithm, we leverage
diffusion models—originally developed for image
generation—to optimize channel allocation, power

control, and UAV flight altitude adjustment decisions.
The denoising process in diffusion models effectively
addresses the exploration—exploitation trade-off in DRL.
Also, the proposed D3PG algorithm can reconstruct
more accurate representation of the underlying channel
conditions from delayed CSI, leading to more reliable
resource allocation decisions.

o Validation: We design our simulation scenario based on a
real-world road network extracted from OpenStreetMap

Authorized licensed use limited to: University of Waterloo. Downloaded on April 15,2026 at 20:18:57 UTC from IEEE Xplore. Restrictions apply.


https://tecknexus.com/5gusecase/telefonica-enables-5g-communication-between-drones-and-smart-cities/
https://tecknexus.com/5gusecase/telefonica-enables-5g-communication-between-drones-and-smart-cities/

LIU et al.: LYAPUNOV-GUIDED DIFFUSION-BASED REINFORCEMENT LEARNING APPROACH

[26] and use SUMO [27] to simulate vehicle mobility,
thereby establishing a realistic UAV-assisted vehicular
networks. We then evaluate the effectiveness of the
proposed D3PG algorithm through experiments under
various simulation settings, comparing its performance
with three benchmark solutions.

D. Paper Organization

The rest of the paper is structured as follows: Sec. II
reviews related works. Sec. III describes the system model
and formulates the joint optimization problem of channel
allocation, power control, and flight altitude adjustment in
UAV-assisted vehicular networks. Sec. IV proposes Lyapunov
optimization technique to handle the original problem. Sec. V
introduces the preliminaries of the diffusion model. Sec. VI
presents our proposed D3PG algorithm. Sec. VII details the
simulation results, followed by the conclusion and future work
in Sec. VIIL

II. RELATED WORK

Henceforth, we summarize the contributions of related
works and highlight the aspects they have not addressed, which
serve as the primary motivations for this work.

A. UAV-Assisted Communications for Static Ground Users

UAVs have been extensively studied and utilized in
the literature as flying base stations and relay nodes to
enhance communication quality for ground users. The authors
in [28] investigated the joint optimization of UAV trajectory
and resource allocation, aiming to maximize system energy
efficiency while ensuring the service quality of all ground
users. The authors in [29] explored the joint optimization
of the number and placement of UAVs to ensure wireless
coverage for all ground users. The authors in [30] studied
uplink transmission in a UAV-assisted cellular network, aiming
to minimize the transmit power consumption of both users
and UAVs. The authors in [31] proposed an online data-
driven multi-UAV trajectory and transmission control scheme
to optimize the quality-of-experience for ground users.

Although these works achieve satisfactory performance in
their respective scenarios, they assume a deterministic and
static user distribution. When considering highly dynamic
vehicular networks with time-varying channel conditions and
stochastic vehicle movements, the aforementioned schemes
face various technical challenges in performance optimization,
necessitating further exploration.

B. UAV-Assisted Vehicular Networks

As a highly mobile and easily deployable facility, the UAV
is well-suited for communications in dynamic vehicular net-
works. The authors in [14] addressed the power and data rate
allocation problem in UAV-enabled vehicular ad-hoc networks,
aiming to minimize communication delay while maximizing
energy efficiency. The authors in [19] studied the UAV’s
3D position deployment problem to analyze system perfor-
mance in terms of the vehicular users’ successful service
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probability. The authors in [17] introduced a UAV-aided
relaying system for vehicular networks, aiming to reduce
transmission time by jointly optimizing relay selection and
transmission scheduling. The authors in [18] proposed a novel
UAV-enabled scheduling protocol for vehicular networks to
enhance the efficiency of V2X data dissemination.

However, these works either implicitly assume perfect CSI
acquisition [14], [19], overlooking the CSI feedback delay
in dynamic vehicular networks caused by Doppler shift and
multipath fading, or neglect the UAV’s long-term energy
constraint due to its finite battery life [17], [18], which
can significantly impact its sustained operation for long-term
service provisioning.

C. Usage of Deep Reinforcement Learning in Optimization

Recently, learning-based algorithms, particularly DRL, have
been widely applied to improve real-time decision-making
and solution design for complex optimization problems. The
authors in [23] proposed a DRL-based UAV path planning
scheme that learns the historical locations of different cluster
heads to determine optimal hover points for the UAV. The
authors in [22] employed a double deep Q-network with a
dueling architecture to assist the UAV in determining the
optimal flying direction for each time slot. The authors
in [32] introduced a deep Q-network framework combined
with a difference-of-convex algorithm to jointly optimize
UAV positioning and radio resource allocation. The authors
in [33] explored a multi-agent two-timescale DRL algo-
rithm for power allocation and content placement of content
providers, aiming to enhance delivery success probability and
content hit ratio.

Although DRL utilizes deep neural networks (DNNs)
to learn the relationship between a problem’s state space
(e.g., vehicle mobility) and its action space (e.g., channel
allocation), making it well-suited for real-time decision-
making in dynamic vehicular networks, the use of common
multi-layer perceptron (a type of fully connected DNN)
in DRL architectures is ineffective due to the exploration-
exploitation trade-off and the risk of converging to suboptimal
policies [34].

D. Discussion of Relevant Prior Studies

Several related works have addressed problems similar to
those in this paper, but they still exhibit important limitations.
The authors in [5] formulated the UAV coverage radius
maximization problem while accounting for CSI feedback
delay. However, the study does not consider UAV energy con-
sumption, which is inherently constrained by its finite battery
capacity. Besides, the proposed closed-form power control
policies and graph-theoretic methods may face significant
challenges in real-time decision-making within dynamic vehic-
ular networks. The authors in [9] investigated the resource
allocation problem in UAV-assisted vehicular networks with
delayed CSI feedback. However, the study considered only
the UAV’s transmission power, neglecting its flight power
consumption. In addition, the proposed H-DDQN algorithm
discretizes the optimization variables and therefore exhibits
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Fig. 1. A schematic illustration of UAV-assisted vehicular networks incorpo-
rating both V2U and V2V communication links.

limited performance in continuous action spaces (as demon-
strated in Sec. VII). The authors in [20] proposed a V2I-V2V
collaboration framework to support emergency communica-
tions in air base station (ABS)-aided vehicular networks with
delayed CSI feedback. However, the study ignored the energy
consumption of the ABS, which has limited endurance in
practice. Additionally, the proposed analytical solution leads
to extensive computation, as any change in vehicle locations
or wireless channel conditions necessitates rerunning the ana-
Iytical solution.

As a result, building on these relevant studies, the key
contributions of this paper lie in: (i) explicitly accounting for
the UAV’s long-term energy consumption to ensure sustained
operation. To this end, we employ the Lyapunov optimization
technique to decouple the original problem—with its long-term
UAV energy consumption constraint—into a series of per-slot
deterministic subproblems, thereby ensuring sustained UAV
operation under stochastic conditions. (ii) addressing the inef-
ficiency of conventional optimization methods when applied
to dynamic vehicular networks. To this end, we propose a
diffusion model-based DRL algorithm that not only enables
real-time decision-making but also introduces a promising
paradigm for tackling multi-modal decision-making problems
in DRL through the reverse process (as detailed in Sec. V-B2).

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first provide an overview of the network,
detailing the UAV-assisted vehicular networks considered in
this paper. We then introduce the V2U and V2V collabo-
rative communication models, followed by the UAV energy
consumption model. Consequently, we formulate the joint
optimization problem of channel allocation, power control,
and flight altitude adjustment to maximize the V2U commu-
nication sum rate while ensuring the UAV’s long-term energy
constraint.

A. Network Outline

Fig. 1 illustrates the UAV-assisted vehicular network of
interest, consisting of a single UAV acting as an aerial base
station and several moving vehicles. Specifically, we con-
sider a unidirectional highway scenario that lacks terrestrial
infrastructure due to remoteness or post-disaster conditions.
The network system operates over a time window divided
into discrete time slots, denoted as 7 = {1,...,T}.
A standalone UAV moves at a constant speed, following

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 25, 2026

TABLE I
SUMMARY OF KEY NOTATIONS

| Notations | Description |

g; (t) Small-scale fading between V2V communication pair
k at time slot ¢, prior to the feedback delay
9y () | Small-scale fading from V2U transmitter m to V2V
receiver k at time slot ¢, prior to the feedback delay
BT, (t) Uplink channel gain from V2U transmitter m to the
UAV at time slot ¢
RY (L) Uplink channel gain from V2V transmitter k to the UAV
at time slot ¢
hz(t) Uplink channel gain between V2V communication pair
k at time slot ¢
hYn 5 () Channel gain from V2U transmitter m to V2V receiver
' k at time slot ¢
K Index set of V2V communication links
M Index set of V2U communication links
P(t) UAV flight power consumption at time slot ¢
Q) Virtual queue for UAV flight energy consumption at
time slot ¢
T Index set of time slots

the vehicles to provide communication services.” Leveraging
cellular technology, vehicles can upload their sensing data to
the UAV to enable collaborative sensing services via V2U
communications, where the set of V2U communication links is
denoted as M = {1,..., M }. Additionally, leveraging device-
to-device communication technology, vehicles can establish
V2V connections to exchange real-time local data for incident
reporting. The set of V2V communication links is denoted as
K={1,...,K}, where K < M.

In this work, we adopt orthogonal frequency division mul-
tiplexing (OFDM) modulation, dividing the spectrum into
M orthogonal channels, where M V2U communication links
are pre-allocated to operate separately over these channels [5],
[35]. To enhance spectrum utilization efficiency, the orthogonal
channels allocated for V2U communications can be shared
with V2V pairs. While spectrum sharing increases network
flexibility and scalability, proper resource orchestration is
essential to mitigate co-channel interference. To this end, we
introduce a binary variable xy ,,(t) to represent the channel
allocation decision for V2V communications at time slot ¢,
where xj () = 1 indicates that the k-th V2V link shares
the same spectrum with the m-th V2U link at time slot ¢;
otherwise z ,(t) = 0. Note that each V2V pair can occupy
only a single channel for data transmission in any given time
slot. For ease of reference, key notations used in the article
are summarized in Table L.

B. V2U Communication Model

To evaluate the uplink performance of V2U commu-
nications, we model the signal-to-interference-plus-noise
ratio (SINR) of the m-th V2U link at time slot ¢ as

_ (DAY, (1)
Sy (wrm PR ) + NoB

T (1) (1)

2In this work, we consider a single UAV for simplicity. However, our
approach can be extended to a multi-UAV scenario by dividing the highway
into several segments, each serviced by a separate UAV.
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where p,,(t) and pi(t) denote the transmit powers of V2U
transmitter m and V2V transmitter k, respectively,> Ny is the
noise power spectral density, and B is the bandwidth of each
channel. Additionally, the uplink channel gain AY () from
V2U transmitter m to the UAV at time slot ¢ is given by

lgm ()

B, (t) = 2)

where gY (t) ~ CN(0,1) represents the small-scale fading,*
and PLY (t) denotes the large-scale path loss from V2U
transmitter m to the UAV at time slot ¢.

Then, the path loss PLY (#) considers both line-of-sight
(LoS) and non-line-of-sight (NLoS) components. Specifically,
it is expressed as a weighted sum:

PLy, (1) = PrPLt (1) + (1 = POPLLN% (), (3)

LoS
where Pri,s is the probability of a LoS connection, and
PLUES(¢) and PLUNES (1) represent the path losses under LoS
and NLoS conditions (expressed in dB), respectively, which
can be given by

A fedy, (1)

PLEJ,LOS (t) = 201logy, + aros, 4

u
PLNS(8) = 201ogyg 747#6?“(75) + anLos, S
where f. is the carrier frequency, ¢ is the speed of light,
and oap.s, QnLos are the mean additional losses under LoS
and NLoS conditions, respectively. Moreover, d,(t) =
VH(®)2+ [ly(t) — U (t)]? is the 3D distance between the
UAV and V2U transmitter m, where H(t) denotes the flight
altitude of the UAV at time slot ¢, and ly(t), I,,(t) represent
the horizontal locations of the UAV and V2U transmitter m
at time slot ¢, respectively.

Besides, the LoS probability is modeled as a function of the
elevation angle [37]:

i) ©

L5~ T aop (5[50 a

where a and b are environment-dependent constants, and 6 =
tan~* ( H() (t)ll) is the elevation angle. Similarly, the

[Tt () —Lm
channel gain hY(f) from V2V transmitter k¥ to the UAV at
time slot ¢ can be modeled in the same way.
Finally, based on the SINR in (1), the uplink data rate of
the m-th V2U link is calculated via the Shannon formula as:

RY,(t) = Blog, (14 7%,(1)). %)

3For simplicity of expression, we refer to the transmitting vehicles for V2U
communication m and V2V communication k as V2U transmitter m and V2V
transmitter k, respectively, hereafter.

4In this work, we model the small-scale fading of V2U links as Rayleigh
fading [5], [36]. This choice is motivated by its analytical tractability and its
suitability for scenarios where the LoS path is not guaranteed or is frequently
blocked. Meanwhile, the impact of the UAV’s position on the overall channel
gain is captured by our large-scale path loss model given in (3), which
incorporates the probability of LoS.
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Fig. 2. A schematic illustration of the V2U and V2V channel gains, along with
their respective interference signals, in UAV-assisted V2X communications.

C. V2V Communication Model
The SINR of the k-th V2V link at time slot ¢, denoted
as ) (t), is given by
P () (1)
Shs (#hm@pm (OB, (1)) + NoB
where the uplink channel gain h) () between V2V commu-

nication pair k at time slot ¢ is also modeled by combining
large-scale path loss and Rayleigh small-scale fading as

g (t)[?
hi(t) = va(t)

Y (t) = (8)

€))

Here, g}/ (t) ~ CN(0,1) represents the small-scale fading, and
PLY(t) = 44.23 + 16.7log,, [|I1*(t) — I¥*(t)|| [38] denotes
the large-scale path-loss (expressed in dB) between V2V
communication pair k at time slot ¢, where I}*(t) and I}*(t)
represent the horizontal locations of the V2V transmitter and
receiver k, respectively. Similarly, the channel gain hX@, w(1)
from V2U transmitter m to V2V receiver k at time slot ¢ can
be modeled in the same way.

However, given the rapidly time-varying channel charac-
teristics in high-speed vehicular networks, obtaining accurate
CSI is challenging. Specifically, as shown in Fig. 2, aside
from hy,(t) and h{(t), which can be directly obtained
by the UAV (i.e., aerial base station), the CSI of V2V
communications—namely, h;’l’k(t) and h)(t)-is periodically
reported to the UAV, requiring CSI estimation that accounts
for additional feedback delays.’ Subsequently, we model the
channel variation over a feedback delay Tyelay, using the first
order Gauss-Markov process, which can be given by [39]

aw—%< ﬂjﬁ@ng+& (10)
where Jo(-) denotes the zero-order Bessel function of the
first kind, g(¢) represents the estimated small-scale fading

5F0110wing [5], we assume that the CSI between each vehicle and the
UAV-ie., hY,(t) and h(t)—can be obtained without a feedback delay. This is
because hY, () and kY (t) can be directly estimated at the UAV. In contrast, the
CSI between vehicles—i.e., hm & (t) and hY (t)-must be reported to the UAV
through a feedback mechanism, which introduces delay. In addition, since
obtaining accurate CSI is difficult in high-speed vehicular environments, we
will further investigate the impact of imperfect CSI on V2U communications
in future work.
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in the current time slot ¢.° and §(t) ~ CAN(0,1) corre-
sponds to the small-scale fading prior to the feedback delay.
Additionally, s represents the relative vehicle speed and

2
5~ CN (0, 1— [JO (271' fesim Tdelay)] ) is the distribution of

the channel discrepancy term.
Finally, based on (10), g, ,.(t) and gy (t) can be rewritten
as

feSre 2
o807 = [0 (22 T )| I 0 + 6,00
(11

2 —~
g ()]* = [Jo< ff“leelay)] gl (D1 + (61)2. (12)

D. UAV Energy Consumption Model

The UAV’s power consumption is crucial in UAV-assisted
vehicular networks due to its limited battery capacity. In this
paper, considering that the communication power of the UAV
is negligible compared to its flight power [40], we focus solely
on the UAV’s flight power consumption for simplicity, which
can be expressed as [41]

3(7}1(15)2 + vy(t)Q)

0O2y2

+ Pﬂ)o
v (t)? + vy (t)?
N————

Induced power

Pit)=P, |1+

Blade profile power
3
2

1 2 2
—|—§dopsrA,«(v$(t) + vy (¢) ) +

Parasite power

Gu,(t)
Vertical flight power
(13)
where the UAV’s velocity in the 3D Cartesian coordinate

L
system is represented as [vx(t),vy(t),vz(t)] € R3*1; p,
denotes the blade profile power during hovering; 2 is the
blade’s angular velocity; r is the rotor radius; P is the induced
power during hovering; vy is the induced velocity of the rotor
during forward flight; dy is the fuselage drag ratio; p is the
air density; s, is the rotor solidity; A, is the rotor disc area,
and G represents the UAV’s weight.

E. Problem Formulation

We now formulate the joint channel allocation, power
control, and flight altitude adjustment problem in UAV-assisted
vehicular networks as a dynamic long-term optimization. Our
objective is to maximize the V2U communication sum rate
in (7) for all V2U communication links across all time slots.
This problem is formally defined as P1 below:

PL: {:cpAH} TMteZTm;\/lRU

st. Cl: zp () €{0,1}, VE€e K,me Mt e T,
C2: pm(t) €0, pmax], YMm e Mt € T,
C3: pr(t) €0, Pmax); Yk EK, t €T,

SIn this paper, we consider only the impact of CSI feedback delay on small-
scale fading, as large-scale path loss changes gradually and remains relatively
stable over short time intervals.

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 25, 2026

4 H( ) € [Hunins Hunal, V2 € T,

C5: Zl‘km
C6 : Z{L‘km

\4
T Pr{ ()<'ylh}§Pr, VkeK,teT,

<1, VkeK,teT,

<1, VmeM,teT,

C8: lim — E{P(t)A} < E, 14
Jim Z {P(HA} < B, (14)
where * = {Zkm(t)kek,mem,teT represents the
channel allocation vector for V2V communications
reusing the spectrum of V2U  communications,
P = A{pm(t),pk(t) ke memeT denotes the power

control vector for the transmitting vehicles of both V2U and
V2V communications, and AH = {AH(t)}:c7 denotes the
UAV’s flight altitude adjustment vector.

In P1, constraint C1 ensures that the channel allocation
decision is binary. Constraints C2 and C3 limit the maxi-
mum transmission power of V2U and V2V communications,
respectively, with py,.x denoting the maximum vehicular trans-
mission power. Constraint C4 defines the value range for
the UAV’s flight altitude, where H,;, and H.x represent
the minimum and maximum UAV height limits, respectively.
Constraint C5 enforces exclusive spectrum access, permitting
each V2V pair to utilize only one V2U link’s spectrum.
Complementarily, constraint C6 ensures that each V2U link’s
spectrum can be shared with at most one V2V pair. Con-
straint C7 guarantees the reliability of V2V communications,
where 7, represents the minimum SINR required for V2V
communications, and Per is the tolerated outage probability.
By enforcing a minimum SINR ) and outage probabil-
ity Prt\fl, constraint C7 compels the optimization to balance
the needs of both V2U and V2V communications. Without
this constraint, the UAV could allocate resources solely to
maximize V2U performance at the cost of V2V reliability,
tampering the purpose of collaboration. Finally, constraint C8
enforces a long-term UAV propulsion energy constraint to
ensure the UAV’s operational endurance, where A represents
the duration of each time slot, and EtL}J1 denotes the maximum
allowed operational power of the UAV. Any altitude change
A H immediately increases the instantaneous power consump-
tion P(t), which in turn causes the virtual energy queue Q(t)
(as detailed in Sec. IV) to grow, making it more difficult to
satisfy the long-term energy constraint.

Remark 1: Due to the non-linearity and recursive nature
of the long-term constraint C8, the channel allocation, power
control, and UAV flight altitude adjustment decisions are inter-
dependent over time. Specifically, a lower altitude reduces path
loss due to a shorter distance but decreases the LoS probability
and may lead to NLoS connections, whereas a higher altitude
increases path loss but significantly improves the likelihood of
establishing LoS links [5]. This altitude decision also interacts
with power control and channel allocation, both of which must
adapt to the interference and channel variations induced by
changes in altitude. Additionally, due to the presence of both
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discrete and continuous variables as defined by constraints
C1-C4, problem P1 is an MINLP, which is generally NP-hard.
As a result, solving problem P1 efficiently is challenging.

IV. LYAPUNOV-BASED DECOUPLING
OF THE LONG-TERM MINLP

Since the decisions regarding channel allocation, power
control, and UAV flight altitude adjustment are interdependent
over time, it is challenging to satisfy the long-term constraint
C8 without knowledge of future realizations of random vehicle
positions and time-varying channel conditions. Therefore, in
this section, we apply Lyapunov optimization to decouple
the multi-stage MINLP problem into per-slot deterministic
optimization problems, ensuring the satisfaction of the long-
term constraint C8 under stochastic conditions.

Specifically, we introduce a virtual queue Q(t) for the UAV
to track the accumulated UAV flight energy cost that exceeds
the required threshold. By setting Q(1) = 0, the virtual queue
is updated as follows:

Q(t +1) = max {Q(t) + P(H)A — Eg,o}.

The virtual queue Q(t) is employed to enforce constraint C8
(see Appendix A). To manage the queue length efficiently, we
adopt the quadratic form of the Lyapunov function—-a well-
established tool for simplifying dynamic system analysis [34].
This function is defined as follows:

() = 3 (em)"

Subsequently, we employ the conditional Lyapunov drift
to quantify the change in the quadratic Lyapunov function
between consecutive time slots, expressed as:

ar(Q) =E{L(Q+1) - L(Qw) | Q®)}. a7

where the expectation accounts for randomness in energy con-
sumption. A high conditional Lyapunov drift value indicates
greater likelihood of violating constraint C8, and conversely,
a low value suggests higher stability. Finally, to jointly opti-
mize the objective function of problem P1 (defined in (14))
while satisfying the long-term constraint C8, we introduce the
Lyapunov drift-plus-penalty function:

15)

(16)

D(Q(t))—AL<Q(t))—VE{]\14 > RN Q(t)},
meM

(18)
where V' > 0 is an adjustable weight parameter that balances
the relative importance between the V2U communication sum
rate and long-term UAV energy consumption. We next derive
an upper bound on the right-hand side of (18), expressed as
(see Appendix B):

D(Qw)
<E{Q)(POA - E]) | QW)
~VE {]\14 3 RY() | Q(t)} + %(P(t)A - Eg)Q.

meM
(19)
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By omitting the constant which is independent of queue
length, minimizing the upper bound in (19) allows us to
reformulate the original problem P1 as a per-slot deterministic
optimization problem P2. This problem can be solved in each
time slot (the details are provided in Sec. VI) without requir-
ing knowledge of future channel states or vehicle mobility
patterns, while still satisfying the long-term constraint C8:

1%
P2: min O PA—EY) - — RY (¢
{m(t)m(t)AH(t)}Q( )< ®) ‘h> Mm;w !

st. Cl—C7, (20)
where x(t) = {Zgm(t)} kex,mem represents the chan-
nel allocation vector for V2V communications reusing the
spectrum of V2U communications at time slot ¢, p(t) =
{Pm (1), Pk (t) } ke ,mem denotes the power control vector for
the transmitting vehicles of both V2U and V2V communi-
cations at time slot ¢, and AH(t) denotes the UAV’s flight
altitude adjustment at time slot ¢.

V. BASIC IDEA OF DIFFUSION MODELS

Prior to introducing our D3PG algorithm, we first present
the rationale for combining diffusion models with DRL
(specifically, diffusion-based deep deterministic policy gradi-
ent). We then describe the adaptation of the diffusion model to
generate decisions for channel allocation, power control, and
UAV flight altitude adjustment.

A. Motivation of Adopting Diffusion Model

Beyond the limitations of multi-layer perceptrons (MLPs)
in conventional DRL approaches (discussed in Sec. II-C), our
adoption of diffusion models is further motivated by their
distinctive compatibility with DRL frameworks. Specifically,
in a conventional diffusion model, a user can input a text
prompt (e.g., “an apple on the table”) to guide the model in
generating a corresponding image. In our scenario, we con-
ceptualize optimal channel allocation, power control, and UAV
flight altitude adjustment as the target image to be generated.
Subsequently, each reverse denoising step explicitly conditions
on the current state, allowing the model to iteratively align
its output with the underlying environmental dynamics (as
detailed in Sec. V-B).

Additionally, integrating diffusion models enables robust
decision-making in dynamic environments with CSI feedback
delay. Specifically, diffusion models possess inherent denois-
ing capabilities, allowing them to iteratively refine noisy or
delayed information through the reverse process (as detailed
in Sec. V-B2). This makes them particularly suitable for
our scenario, where CSI received at the UAV is inevitably
outdated due to feedback latency. By incorporating diffusion
models as the actor network, the proposed D3PG algorithm
can reconstruct more accurate representation of the underlying
channel conditions from delayed CSI, leading to more reli-
able resource allocation decisions. Once trained, the diffusion
model can generate optimized decisions for any encountered
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Fig. 3. An illustration of the diffusion model tailored to generate optimal
decisions for channel allocation, power control and UAV flight altitude
adjustment in time slot ¢.

environmental state,” a dynamic solution-generation capability
that is especially advantageous in vehicular networks [24].

B. Preliminaries of Diffusion Models

The denoising diffusion probabilistic model (DDPM) [42]
was initially developed for image generation tasks. In stan-
dard DDPM implementation, the training consists of two key
stages: the 1) forward process, which gradually adds noise
sampled from a standard Gaussian distribution to an input
image over multiple steps until it resembles isotropic Gaussian
noise; and the 2) reverse process, where a neural network
learns to systematically remove this noise step-by-step to
reconstruct the original image.

We first combine the optimal channel allocation vector
z*(t) = {z},.(t)}kex,merm, the power control vector
p*(t) = {p},(t),pi:(t) trex,mem, and the UAV’s flight alti-
tude adjustment AH*(¢) at time slot ¢ into a single vector
7o (t) = {x*(t),p*(t), AH*(t)}. This combined vector serves
as the optimal solution (i.e., the “original image”) for our
DDPM framework. The forward and reverse processes of this
policy are described below.

1) Forward Process: Fig. 3 illustrates our diffusion model
framework for generating optimal channel allocation, power
control, and UAV flight altitude adjustment decisions at time
slot t. Specifically, the forward process follows an I-step
Markov chain. Beginning with the optimal solution 7r(t),
each step ¢ adds standard Gaussian noise to 7r;_1 (t), producing
7;(t). The transition is defined as a normal distribution with
a mean of /1 — 8;m;_1(¢) and a variance of ;1 given by

a(mi(O)lmia(0) = N (milt); V1= Bimia (1), Bi),
21
where (; is the step- speciﬁc diffusion rate [42], calculated
as B = 1 —e" BT (6“‘“_6"““), with Bmin and Pmax
being the preset minimum/maximum rates, respectively, and

1 denotes the identity matrix.

7As shown in Fig. 6 and Fig. 7, the proposed D3PG algorithm consistently
converges as the number of episodes increases. Within each episode, the
environment state—such as V2U/V2V channel gains and the virtual energy
queue—varies across time slots. This stable convergence demonstrates that the
diffusion-based actor successfully adapts to all encountered environmental
states.
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From (21), given that m;(t) ~ N(v/1— Bimi—1(t), Bi1),
the connection between 7;_1(¢) and ;(t) can be expressed
via reparameterization as follows [42]:

mi(t) = /1= Bimi1(t) + \/ Bi€i-1, (22)
where €;_1 is sampled from N(0,1). Consequently,

using (22), the relationship between m(t) and 7r;(¢) at any
step ¢ can be derived as:

mi(t) = V@imo(t) +

where @; = H j—1 ¥; represents the cumulative product of ¢;
over the preceding steps ¢, with p; = 1—£;, and € ~ N(0,1).

Remark 2: Since P2 remains an MINLP problem, obtain-
ing the optimal solution 7r(¢)-which serves as the original
image for our DDPM framework—poses significant challenges.
Consequently, the forward process is omitted in this work, as
indicated by the dotted lines in Fig. 3. Instead, the forward
process here primarily defines the mathematical relationship
between m((t) and m;(t), a necessary foundation for the
subsequent reverse process.

2) Reverse Process: From (23), we note that as I becomes
sufficiently large, 7 (¢) converges to standard Gaussian noise.
Therefore, in the reverse process, we initialize with 7;(t) ~
N(0,1) and employ an MLP-based denoiser ng (parameter-
ized by 0) that accepts three inputs: the current decision 7;(¢),
the step index ¢, and the system state s(t) (defined later
in Sec. VI-A). Specifically, the denoiser predicts the noise
component to be subtracted, thereby recovering 7r;_1 (¢). This
transition follows a Gaussian distribution [42]:

a(mia@lmi(0) = N (i (s (0), Bi1),

where 3; = = % -5 Bi. The mean p;(t) is derived through
Bayesian inference

Vei(l = @i1) V@i-1Bi
plt) = Y2 1) 4 VP 1),
— ¥i — Pi
Next, by substituting (23) into (25), we eliminate the
dependence on 7(t) and reformulate the mean g, (t) as:

po(mi(t),4,5(t))
1 1—p;

= ﬁ Tri(t) — 7?@60

where €g(m;(t),1,s(t)) denotes the noise estimate produced
by the denoiser 7g at step .

Finally, from (24), we derive the transition between consec-
utive states via reparameterization:

1 — @€, (23)

(24)

(25)

(mi(t), 1, s(t))} , (26)

= po(mi(t),4,8(t)) + 1/ Bi€i, (27)

with €& ~ AN(0,1). In our framework, the denoiser 7
serves as the optimal policy network. Note that because
each denoising step introduces noise through reparameteri-
zation, even for the same state s(¢), multiple runs of the
reverse process generate diverse action trajectories, effec-
tively sampling from a rich, multimodal action distribution.
As a result, through iterative application of (27) over I steps
(detailed in Algorithm 1), we recover the optimal decisions

Tl'i_l(t)

Authorized licensed use limited to: University of Waterloo. Downloaded on April 15,2026 at 20:18:57 UTC from IEEE Xplore. Restrictions apply.



LIU et al.: LYAPUNOV-GUIDED DIFFUSION-BASED REINFORCEMENT LEARNING APPROACH

Algorithm 1 D3PG Algorithm

1 Input: Initialize the network parameters € and ¢, and set all
hyperparameters, including the number of learning episodes S,
discount factor w, penalty term I'P°", learning rates ocritic gpd gactor
replay buffer £, and target network update rate 7.

2 Output: The optimal channel allocation, power control, and UAV
flight altitude adjustment decisions.

3 for episode =1 to S do
4 fort =1to T do

5 Observe the environment to obtain s(¢) according to (28)
and initialize a distribution 77 (¢) ~ A(0, 1).

6 for : = I to 0 do

7 Use a MLP-based denoiser ng (parameterized by 0) to
infer the noise €g(;(t),1, s(t)).

8 Calculate the mean pg(7;(t),, s(t)) and the
distribution g(7v;—1(t)|m;(t)) by (26) and (24),
respectively.

9 Calculate the distribution 7r;_1 (¢) using the
reparameterization technique (27).

10 end
1 Obtain the optimal channel allocation, power control, and

UAV flight altitude adjustment decisions as

mo(t) = {27 (1), p* (1), AH* (1)}

12 Receive the reward r(¢) according to (30) and transition to
the next state s(t + 1).

13 Store [s(t), a(t), r(t),s(t + 1)] into &.

14 Randomly sample a batch of E transitions
{[se(t), @ac(t), re(t), se(t + 1)]}E ;| from &.

15 Update the online networks’ parameters ¢ and 6 by (31)
and (33), respectively. . A

16 Update the target networks’ parameters @ and ¢ by (35)
and (36), respectively.

17 end

18 end

mo(t) = {x*(t),p*(t), AH*(¢t)} for channel allocation, power
control, and UAV flight altitude adjustment.

Remark 3: In standard DDPM implementations, the training
objective involves minimizing the mean squared error between
the forward process noise €; (sample from N(0,1)) and the
denoiser’s predicted noise €g at each reverse step. However,
our approach differs as we omit the explicit forward process.
Instead of relying on the optimal solution 7ro(t), which
serves as the original image, we optimize the reverse process
through an exploration-based learning strategy. As described in
Sec. VI-B, this is done by directly minimizing the objective
function in (20). Next, in Sec. VI, we replace the MLP-based
actor with a diffusion model-based actor network in D3PG,
where the diffusion mode serves as the core component of
the D3PG actor. The reverse process begins with a sample
drawn from a standard Gaussian distribution. After I denoising
iterations, the diffusion model produces the optimal decisions
for channel allocation, power control, and UAV flight altitude
adjustment as the D3PG algorithm’s action for time slot .

VI. DIFFUSION-BASED DEEP DETERMINISTIC
PoLICY GRADIENT ALGORITHM

Henceforth, we first define of the Markov decision process
(MDP) elements, followed by an overview of the D3PG
algorithm’s architecture.® Then, we conduct a comprehensive
analysis of its computational complexity.

8Given that all optimization variables in this paper are continuous, we
propose a diffusion-based DDPG approach (i.e., D3PG). However, diffusion
models can also be integrated with other DRL frameworks, such as deep
Q-networks, by appropriately adjusting the output dimension of the diffusion
model [34].

14805

A. MDP Elements in the D3PG Algorithm

The sequential decision-making nature of problem P2 can
be captured via an MDP, which includes the state space, action
space, and reward function, as described below.

e State Space: In time slot ¢, the DRL agent acting as the
central controller (e.g., UAV) observes the state s(t) to
gather environmental information. This state consists of
MK + 2K + M + 1 elements, defined as:

s(t) = {hV(). 2V (1), QW) }.

where hY(t) = {RY (), Y (t) }mem rex represents the
channel gains of all V2U communications, including
interference signals, in time slot ¢, while h'(t) =
{hY (), k) (t) }merm kex captures the channel gains of
all V2V communications, also incorporating interference
signals, in time slot ¢, and Q(t) indicates the current
virtual queue status in time slot ¢.

e Action Space: In time slot ¢, the action space comprises
decisions for channel allocation, power control and UAV
flight altitude adjustment, containing 2K + M + 1 ele-
ments, expressed as

a(t) = {a(t). p(t), AH (1)},

where x(t) = {Zkm(t)}rex,mem denotes the chan-
nel allocation vector for V2V communications, p(t) =
{pm (t), Pk (t) }kek,mem represents the power control
vector for transmitting vehicles in both V2U and V2V
communications during time slot ¢, and AH () indicates
the UAV’s flight altitude adjustment at time slot ¢. Note
that the initial actions produced by the D3PG algorithm
are a(t) = {@(t),p(t), AH(t)}, with elements normal-
ized to the range [—1,1]. We subsequently employ an
action amender [43] to guarantee that that all actions
a(t) ={x(t),p(t), AH(t)} comply with the constraints
specified in problem P2. Specifically, to satisfy con-
straints C1, C5, and C6, the channel allocation decision
is represented by a K x M matrix, where the values in
each row indicate the preference scores for assigning each
channel to the corresponding link. For each V2V link, the
channel with the highest score in its row is selected as
the final channel assignment. Then, to satisfy constraints
C2 and C3, thei power control decisions are normalized
as p(t) = P20 p and pi(t) = 2 p

respectively. Furthermore, to satisfy constraint C4, the

UAV’s flight altitude adjustment decision is scaled to

AH(t) = AH(t) X AHpax, where AH,, .. denotes the

maximum altitude the UAV can adjust in each time slot.
e Reward Function: After executing action a(t) based on

state s(t), the environment returns a reward r(t) as

feedback. This reward is defined as the negative value of

the objective function in (20), since the D3PG algorithm

aims to maximize the reward during training, as follows:

w0 = v: 3 B0 - Q) (P(1)A -~ BY)

meM

\4
- H{ Pr{y(t) <q} > Pr }Fpm,

(28)

(29)

(30)
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Fig. 4. The overall architecture of the D3PG algorithm.

where I{-} denotes an indicator function that equals 1
when the condition is satisfied and O otherwise. I'P*"
represents a constant penalty term to prevent the agent
from violating constraint C7.

B. Architecture of the D3PG Algorithm

The architecture of D3PG is illustrated in Fig. 4, consisting
of an online diffusion model-based actor network responsible
for action generation and an online critic network for action
evaluating. To mitigate training instability, two farget networks
are incorporated. Additionally, a replay buffer is used to reduce
sample correlation through random sampling.

o Diffusion Model-Based Actor Network: Unlike the tra-
ditional DDPG algorithm, where the actor network is
typically implemented as an MLP that generates actions
through a single deterministic forward pass, in D3PG, the
actor network 79, parameterized by 0, is built around the
denoiser from the diffusion model introduced in Sec. V.
To enhance training stability, a target actor network 7,
sharing the same architecture as 79 and parameterized
by 0, is also employed.

e Critic Network: The critic network Qg, parameter-
ized by ¢, is implemented as an MLP that takes
the state s(t) and action a(t) as inputs and outputs
the Q-value Q4 (s(t), a(t)). This Q-value quantifies the
expected quality of the state-action pair, where a higher
value suggests a greater likelihood of achieving a higher
reward. To further improve training stability, a target
critic network (@ P with parameters (}5, and the same
architecture, is also employed.

e Replay Buffer: During training, a replay buffer &£ is
utilized to store transition tuples. At each time slot ¢,
D3PG stores the tuple [s(t),a(t),r(t),s(t + 1)] in &,
where it is retained for future sampling to support policy
learning.

e Policy Improvement: After a certain amount
of exploration, a mini-batch of FE  samples
{[8e(t), ac(t),re(t), se(t + 1)]}E, is randomly drawn
from the replay buffer £ to update both the critic and
actor networks. For the critic network Qg in particular,
the update aims to minimize the temporal difference
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(TD) error between the target Q-value y.(¢) and the
predicted Q-value Qg (sc(t),a(t)), as defined by

E

TDeror — % Z |:(ye(t) — Q¢(se(t), ae(t))2:|7 (3])

e=1

where y.(t) = re(t) + w@@(se(t + 1)aﬁé(se(t +1))).
In this expression, e indexes the e-th transition tuple
sampled from the replay buffer £, and w is the dis-
count factor that weights future rewards. Additionally,
the target Q-value y.(t) is calculated using the target
critic network @ Py Specifically, this network receives the
next state s.(t + 1) and the corresponding next action
fg(se(t 4+ 1)), generated by the target actor network,
as inputs and outputs the associated target Q-value. The
estimation accuracy of Qg is then improved by iteratively
minimizing the loss in (31) using a standard optimizer,
such as Adam [44], as follows:

¢ — ¢ _ O,crilicTDerror, (32)

where o°® denotes the learning rate of the critic net-
work. In parallel, the actor network 7g is updated using
the sample policy gradient:

Vol

=D {VaQo(5:(0),0) lacna(on o) Vorose ()},

e=1
(33)

where the actor network 79 is optimized via gradient
ascent based on (33) to maximize the cumulative reward
defined in (30). This is typically performed using a
standard optimizer such as Adam [44], as follows:

0« 0+ 0"V, (34)

where o*'" is the learning rate for the actor network.

To ensure stable training, the parameters of the target net-
works are updated gradually, promoting smooth changes
in the learned policy and Q-value estimates over time.
This is achieved through soft updates as follows:

0«10+ (1—1)0, (35)
¢ TH+(1-7)p, (36)

where 7 € (0,1] denotes the update rate of the target
networks.

C. D3PG Algorithm and Complexity Analysis

Algorithm 1 summarizes the pseudocode of the proposed
D3PG algorithm. Its computational complexity can be ana-
lyzed from two perspectives, namely the training complexity
and the inference complexity [34].

o Training phase: Suppose that the training process consists

of S episodes, each with 7" time steps. At each time step,
the actor performs I denoising iterations to generate an
action. If the actor network has L, layers and n, neurons
per layer, the complexity of one forward pass is O(L,n2),
and thus the action generation complexity is O(IL,n?).
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(a): Real-world traffic region.

(b): Import moving vehicles.

Fig. 5. Vehicular network visualization.

In addition, a mini-batch of size E is sampled from the
replay buffer to update the actor and critic networks. If the
critic network has L. layers and n. neurons per layer, the
corresponding update complexity is O(E(Lyn2+ L.n?)).
Moreover, the soft updates of the target actor and target
critic introduce an additional complexity of O(L,n? +
L.n?) per step. Therefore, the overall training complexity
is O(ST [ILqn2 + (E +1) (Lan2 + Len?)]).

o [nference phase: After training, the proposed algorithm
only performs action generation according to the current
state. Therefore, the inference complexity is dominated
by the actor network with I denoising iterations, resulting
in a per-decision complexity of O(IL,n?).

VII. PERFORMANCE EVALUATION

In this section, we first present the simulation parameter
settings and then evaluate the performance of the proposed
D3PG by comparing it with three benchmark solutions.

A. Simulation Settings

1) Network Layout: We consider a real-world, one-way
highway in Xiamen, China, with a length of 2 km, as shown
in Fig. 5(a), based on data obtained from OpenStreetMap
[26]. The SUMO simulator [27] is then used to generate
moving vehicles,” resulting in a realistic vehicular network
illustrated in Fig. 5(b). Additionally, a standalone UAV travels
at a constant speed of 50 km/h, following the ground vehicles
to serve as an aerial base station and provide communication
services. The main simulation parameters are summarized
in Table II.

2) Algorithm Layout: We implement D3PG using PyTorch
2.7.0 and Python 3.12.4 on a platform equipped with an Intel
Core i7-7700 CPU. For the diffusion model, the denoiser is
implemented using three fully connected (FC) hidden layers.
The critic networks in D3PG are similarly constructed with
three FC hidden layers. We use the Adam optimizer with
learning rates of o = 10~% and ¢®" = 3 x 106 for the
critic and actor networks, respectively. The ReLLU activation
function is applied to each hidden layer, while a tanh activation
function is used in the denoiser’s output layer to constrain the
action range.

9To enhance road capacity, vehicles travel in platoons at an average speed of
50 km/h, ensuring uninterrupted V2U and V2V communications throughout
the simulation [5]. SUMO is also used to record the positions of vehicles
at different time slots, thereby capturing the dynamic characteristics of the
vehicular network.
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TABLE II
PARAMETERS USED IN SIMULATIONS [5], [6], [19], [41], [45]

[ Parameter | Value |
Number of time slots (1) 100 seconds
Duration of each time slot (A) 1 second
Number of V2U communications (M) 10
Maximum transmission power (Pmax) 23 dBm
Range of UAV altitude ([Hpin, Hmax)) [50, 200] m
Maximum altitude the UAV can adjust (A Hmax) 5m
Bandwidth of each channel (B) 2 MHz
Noise power spectral density (Np) -174 dBm/Hz
Carrier frequency (fe) 5.9 GHz
Additional losses under LoS (aqos) 1dB
Additional losses under NLoS (anios) 20 dB
SINR requirement of V2V links ('Yr.\k;) 10 dB
Tolerable outage probability (Prt\k’l) 1.0 %
Maximum allowed operational power (E}li) 120J
Number of episodes (S) 500
D3PG’s reward penalty (I'P°") 10
D3PG’s reward discount factor (w) 0.99
D3PG’s target network update rate (7) 0.005
Parameters for environment (a, b) 12.08, 0.11
Weight of UAV (G) 20 Newton
Blade angular velocity (€2) 300 radians/second
Rotor radius (r) 0.4 meter
Air density (p) 1.225 kg/m3
Rotor solidity (s;) 0.05 m?
Rotor disc area (A;) 0.503 m2
Induced velocity for rotor (vo) 4.03 meter/second
Fuselage drag ratio (dp) 0.3
Blade profile power in hovering (Fp) 79.86 W
Induced power in hovering (P1) 88.63 W

B. Benchmark Solutions

To demonstrate the effectiveness of the proposed D3PG
algorithm, we have relied on three benchmark solutions:

e DDPG: Channel allocation, power control, and the
UAV flight altitude adjustment are optimized by the
DDPG algorithm [46]. Unlike our proposed D3PG,
which incorporates a diffusion model, DDPG employs
an MLP-based actor network to make decisions. This
baseline is used to highlight the significant performance
gains achieved by leveraging the diffusion model in our
approach.

o D3PG without considering CSI feedback delay (D3PG-
WCSI): Channel allocation, power control, and UAV
flight altitude adjustment are optimized using the same
strategy as in D3PG; however, the corresponding V2V
communication model formulation does not account for
CSI feedback delay. This baseline is designed to high-
light the Doppler effect caused by the high mobility in
vehicular networks and to demonstrate the necessity of
considering CSI feedback delay.

e Hungarian and DDQN-based resource allocation algo-
rithm (H-DDQN): [9] Channel allocation is optimized
using the Hungarian algorithm, while power control
and UAV flight altitude adjustment are optimized using
the DDQN algorithm [47]. As DDQN is a value-based
learning algorithm, power control levels and UAV flight
altitudes are discretized into predefined values to fit its
framework.
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C. Simulation Results

To eliminate the influence of randomness and ensure a fair
comparison, we run each algorithm five times under different
environmental settings (i.e., using five different random seeds)
and use the average results to generate the following figures.

1) Effect of the Value of Denoising Step I: In Fig. 6, we
present the convergence behavior of the D3PG algorithm under
varying numbers of denoising steps [ in the diffusion model,
which directly influences the action sampling process. The
results show that the converged reward initially improves with
an increasing number of denoising steps, but begins to decline
beyond a certain point. This is because a moderate number
of denoising steps stabilizes training and allows the diffu-
sion model to capture more generalizable features. However,
an excessive number of steps may over-smooth the output,
removing useful signal components and ultimately degrading
performance. Based on this observation, we set the number
of denoising steps in D3PG to I = 4 for comparison with
benchmark solutions in the subsequent experiments.

2) Convergence Performance: In Fig. 7, we depict the
convergence behavior of four different algorithms as the
number of training episodes increases. The results show that

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 25, 2026

the proposed D3PG achieves the highest episodic reward
among all methods. Specifically, this superiority stems from
the use of a diffusion model in D3PG’s actor network, in
contrast to the conventional MLP used in DDPG, which
generates actions through a single forward pass and often
suffers from limited exploration capability and susceptibility
to local optima—particularly in complex, high-dimensional
action spaces. In contrast, diffusion model-based actor net-
works generate actions through a step-wise denoising process,
allowing for iterative refinement and stochastic exploration.
This iterative nature enables policies to explore the solution
space more effectively and avoid premature convergence.
This underscores the effectiveness of diffusion-based pol-
icy representation in capturing optimal actions in complex
environments.

In comparison, D3PG-WCSI performs worse than D3PG.
The key difference lies in how CSI feedback delay is handled.
D3PG-WCSI neglects the impact of delayed CSI in the agent’s
state observations, leading the agent to learn policies based on
outdated or inaccurate V2V communication states. However,
during reward computation, the V2U communication sum
rate is calculated using the true delayed CSI, resulting in a
mismatch between the observed state and the actual environ-
ment dynamics. This discrepancy leads to suboptimal learning
and degraded performance, highlighting the importance of
explicitly modeling CSI feedback delay in the decision-making
process.

Despite receiving only raw delayed observations,
D3PG-WCSI still outperforms the DDPG algorithm. Although
DDPG is given the more accurate true post-delay channel
state, its conventional MLP-based actor struggles to learn a
policy that is robust to inherent inaccuracies in the state space.
In contrast, the diffusion-model of D3PG-WCSI exhibits
inherent resilience to imperfect state information. Its iterative
denoising reverse process acts as a powerful mechanism for
generating robust actions even from noisy or incomplete
inputs. This experiment demonstrates that the proposed
diffusion-based framework provides a fundamental robustness
that is essential in practical systems where decisions must
rely solely on delayed and imperfect observations.

The H-DDQN algorithm exhibits the lowest performance,
primarily due to its value-based nature, which necessitates
discretizing both transmission power and UAV altitude into
finite levels. This discretization reduces the granularity of the
action space, limiting the agent’s ability to fine-tune its control
decisions. In contrast, policy-based methods such as DDPG
and D3PG operate in continuous action spaces, allowing them
to learn more precise and adaptable strategies.

Additionally, D3PG demonstrates superior sample effi-
ciency, as evidenced by the learning curves. Specifically,
D3PG exhibits a much steeper increase in reward, reaching
a reward of 25 at around episode 60. In contrast, H-DDQN
improves much more slowly, reaching the same reward level
at around episode 190, while DDPG also requires a longer
exploration period, attaining a reward of 25 at approximately
episode 100. These results indicate that D3PG can achieve
strong performance with substantially fewer training samples.
This advantage mainly stems from the iterative denoising
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Fig. 8. Impact of the number of V2V links on the V2U communication
sum rate in (14) (Lyapunov weight V' = 100 and CSI feedback delay
Tdelay = IOIHS)

mechanism in D3PG. Unlike conventional methods that gener-
ate an action in a single sampling step at each time step, D3PG
refines the action through I denoising steps. Although this
increases the per-step training cost, it allows each interaction
sample to be utilized more effectively, thereby improving
convergence speed and sample efficiency.

3) Effect of the Number of V2V Communications: In Fig. 8,
we illustrate the impact of incrementally increasing the number
of V2V communication links on the V2U communication sum
rate. The results show a clear downward trend in the V2U
communication sum rate as the number of V2V communica-
tion links increases. This is because, as more V2V links are
introduced into the network, a larger portion of them begin to
reuse the spectrum resources originally allocated to the V2U
links. This spectrum reuse introduces additional interference to
V2U transmissions, thereby degrading overall V2U communi-
cation performance. Overall, the proposed D3PG outperforms
the other algorithms, achieving performance improvements of
4.37% over D3PG-WCSI, 15.34% over DDPG, and 30.67%
over H-DDQN when the number of V2V links is set to 6.
Additionally, when the number of V2V links is 10, D3PG
outperforms D3PG-WCSI by 6.39%, DDPG by 12.55%, and
H-DDOQN by 23.25%.

4) UAV Energy Consumption Analysis: In Fig. 9, we
illustrate the moving average energy consumption of the
UAV (1 3t P(£)A) within the considered flight duration.
The results show that the long-term UAV propulsion energy
consumption remains below the predefined threshold for all
methods, thereby ensuring the UAV’s operational endurance.
This demonstrates that, by decomposing the long-term opti-
mization problem (14) into per-slot subproblems (20), the
proposed Lyapunov optimization framework not only opti-
mizes the V2U communication sum rate but also satisfies
the long-term UAV energy consumption constraint in C8.
Overall, the proposed D3PG reduces the moving average
energy consumption by 2.15%, 4.58%, and 9.02% compared
to D3PG-WCSI, DDPG, and H-DDQN, respectively.

5) Effect of the Value of CSI Feedback Delay: In Fig. 10,
we jointly depict the value of the Bessel function .J, and
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the corresponding difference in V2U communication sum rate
between D3PG and D3PG-WCSI under varying CSI feedback
delays. The results show that as the delay increases from 2 ms
to 10 ms, the value of Jy decreases monotonically, indicating
that the outdated CSI becomes increasingly decorrelated from
the true channel state. Simultaneously, the performance gap
in V2U communication between D3PG and D3PG-WCSI
gradually widens. This is because, when the delay is small
(e.g., 2 ms), Jp remains close to 1, meaning the outdated CSI
still closely approximates the actual channel state, resulting
in negligible performance differences. However, as the delay
grows, D3PG-WCSI suffers from poor decision-making due to
delayed observations, while D3PG compensates for outdated
CSI through a Gauss—Markov-based model. This analysis
confirms that accounting for CSI aging is essential for robust
decision-making and maintaining communication performance
in high-mobility UAV-assisted vehicular networks.

6) Effect of the Value of the Lyapunov Weight V': In Fig. 11,
we present the impact of the Lyapunov control parameter V' on
the tradeoff between the aggregate virtual energy queue length
(+ S°F_, P(I)A) and the V2U communication sum rate. The
results show that both the aggregate virtual energy queue
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TABLE III

COMPARISON OF ALGORITHM RUNNING TIME
PER TIME SLOT (MILLISECONDS)

[ Number of V2VLinks [ 6 [ 7 [ 8 | 9 [ 10 |
D3PG 2.64 | 276 | 3.18 | 332 | 3.34
DDPG 045 | 046 | 0.51 0.65 | 0.66
H-DDQN 0.51 0.63 | 0.74 | 0.82 | 0.96

length and the V2U communication sum rate increase with the
Lyapunov weight V. This is because a larger V' places greater
emphasis on maximizing the V2U communication rate in the
Lyapunov drift-plus-penalty function defined in (20). However,
this improvement comes at a cost: the growing length of the
virtual energy queue indicates a higher likelihood of energy
constraint violations. This is because the system becomes
more aggressive in pursuing communication performance as
V' increases. Notably, when V becomes sufficiently large
(e.g., increasing from 100 to 1000), the V2U sum rate plateaus.
This saturation effect occurs because the system reaches a
performance ceiling beyond which further increases in V' no
longer yield additional V2U sum rate gains.

7) Algorithm Running Time Performance: Table III
presents the impact of the number of V2V links on the
algorithm’s running time per time slot. D3PG-WCSI is
excluded from the comparison, as it only differs in whether
CSI feedback delay is considered, without modifying any
algorithmic modules. The results show that the running time
of H-DDQN is higher than that of DDPG, mainly due to the
use of the Hungarian algorithm for channel allocation, which
involves matrix operations with a computational complexity
of O(K?) [9]. Additionally, D3PG incurs the highest running
time, primarily due to the added reverse process, which
generates actions through a step-wise denoising procedure.
Although D3PG incurs roughly a 5x overhead, each time slot
has a duration of 1 second, so the decision-making overhead
accounts for only about 0.33% of the slot duration. This
leaves ample time for sensing, communication, and onboard
processing, confirming that D3PG is fully suitable for real-
time control in the target UAV-assisted vehicular network
scenario. In conclusion, given that D3PG achieves the highest
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V2U communication sum rate, we conclude that it offers supe-
rior performance with only a modest increase in computational
complexity.

VIII. CONCLUSION AND FUTURE WORKS

In this paper, we have offered new insights into low-altitude
economy networking by exploring intelligent UAV-assisted
V2X communication strategies aligned with UAV energy effi-
ciency. Specifically, we have addressed the problem of joint
channel allocation, power control, and flight altitude adjust-
ment in UAV-assisted vehicular networks with CSI feedback
delay. We have integrated Lyapunov optimization with the pro-
posed D3PG algorithm to ensure long-term energy efficiency
while substantially enhancing V2U communication perfor-
mance. We have proposed a D3PG algorithm that incorporates
diffusion models into its actor network, effectively addressing
the exploration—exploitation trade-off in conventional DRL
while enhancing decision-making robustness in dynamic envi-
ronments with CSI feedback delay through conditioning on
real-time environmental features.

For future research, the small-scale fading of V2U links
can be modeled as either Rician or Rayleigh, depending on
the UAV’s altitude and the surrounding environment, to yield
a more robust and realistic channel model. We will also
extend the proposed framework to multi-UAV scenarios, where
inter-UAV coordination introduces additional challenges in
distributed decision-making and energy management. Another
promising direction is to integrate generative models with
faster sampling mechanisms (e.g., flow matching) to further
accelerate action generation while maintaining strong perfor-
mance.

APPENDIX A

Given the virtual energy queue definition:

Q(t+1) =max {Q(t) + PA ~ Ej,0},  (37)
we derive the inequality:
Q(t+1) > Q(t) + P()A — Ey,. (38)

Applying sample path analysis [48] and summing over ¢ =
1,-.- T yields:

Q(T) > Q1) + ET: P(t)A - TEy, (39)
For finite Q(T") and Q(1), talzi:nlg T — oo gives:
i 33P0
< Jlim (Q(T)TQ(” + E}ﬁ) = Ey. (40)
APPENDIX B

Beginning with the queue dyna;nics in (15) and applying the
inequality (max{a +b—c, 0}) < (a+b— ¢)?, we obtain:

(@t +1) < (e +Pma-EY), @y

Authorized licensed use limited to: University of Waterloo. Downloaded on April 15,2026 at 20:18:57 UTC from IEEE Xplore. Restrictions apply.



LIU et al.: LYAPUNOV-GUIDED DIFFUSION-BASED REINFORCEMENT LEARNING APPROACH

Expanding this relationship yields:

(et +1) - (e

) . Q) (P()A - EY)

2
1 U\ 2
+5(Poa-E). @
This leads to the Lyapunov drift bound:
ar(Qw) <E{em(Pma-EL) QM)
1 U\ 2
+5 (P(t)A - Eth) 43)

Consequently, we derive the complete Lyapunov drift-plus-
penalty expression:

p(Qw)
<e{Q)(P1A - E) | @)}

(1]

(2]

(3]

(4]

(3]

(6]

(71

(8]

(9]

[10]

(1]

(12]

[13]

2
~VE % m; RY(1) | Qt) ¢ + %(P(t)A - E3)
(44)
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