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Abstract—Internet of Vehicles (IoV) networks are becoming
more complex as they require real-time decision-making and
efficient resource management. These demands make it difficult
to maintain stable and reliable operations. The challenges are
especially severe in dynamic and time-varying environments. To
address these limitations, we propose a framework that integrates
the quantum-based deep deterministic policy gradient (Q-DDPG)
with digital twin networks (DTN) for distributed semantic opti-
mization in dynamic IoV environments. The framework leverages
quantum computing, such as superposition and entanglement,
to enhance distributed semantic decisions. DTNs provide real-
time modeling for efficient task offloading and adaptive resource
allocation in decentralized IoV environments under varying
conditions and uncertainties. The numerical results validate the
robustness of the proposed approach, significantly reduce latency,
and improve energy efficiency.

Index Terms—Internet of Vehicles, Deep Deterministic Policy
Gradient, Digital Twin Networks, Quantum Machine Learning.

I. INTRODUCTION

INTERNET of Vehicles (IoV) networks have transformed
transportation and mobility through the integration of

vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and
vehicle-to-cloud (V2C) communications [1], [2]. These net-
works underpin advances such as autonomous vehicles, real-
time traffic management, and intelligent transportation sys-
tems. However, their expanding complexity presents chal-
lenges in resource optimization and task offloading. Efficient
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resource management and low-latency communication are
essential for the seamless operation of decentralized IoV
networks, where unpredictability arises from fluctuating traf-
fic patterns, inconsistent user behavior, and dynamic wire-
less channel conditions [3]. Traditional optimization meth-
ods, often based on static assumptions, falter under such
uncertainties, and scaling them to the demands of dynamic
IoV networks introduces significant computational bottlenecks
[4]. In distributed environments, this creates added pressure
as scalable solutions rely heavily on decentralized decision-
making.

A. Digital Twin with Semantic Resource in IoV Networks

Digital twin (DT) technology with semantic optimization
strategies is crucial to improving IoV network efficiency [5].
This integration addresses the limitations of the IoV network
by enabling real-time data processing, dynamic communica-
tion, and decision making, which are essential to optimize
transportation safety and performance. In [6], a blockchain-
powered DT edge network framework is introduced using
federated learning and a blockchain based on directed acyclic
graph (DAG) for secure model updates and efficient use of
resources. The approach faces scalability issues with DAG in
devices that are resource-constrained and difficulties in main-
taining consensus in large-scale networks. A Markov decision
process (MDP)-based approach for joint network selection and
power level allocation in vehicular networks, incorporating
transfer learning to accelerate learning and reduce latency
[7]. The method has computational complexity and relies on
accurate prior knowledge for effective transfer learning. The
semantic communication framework with generative adversar-
ial networks is developed in [8] to efficiently transmit images,
aimed at reducing bandwidth and energy usage. The system
experiences performance degradation under noisy channels
and struggles to maintain semantic accuracy in varying noise
levels.

As IoV networks scale and advance, the critical role of DT
with semantic optimization to prioritize critical communica-
tions and optimize resource allocation becomes increasingly
significant [9]. This prioritization of contextually significant
information improves decision-making efficiency, equipping
IoV networks to adapt quickly and effectively in dynamic
scenarios. DT technology is introduced in [10] to enable task
offloading in IoV, employing learning algorithms to predict
and optimize task assignments based on real-time insights
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from DT models. Although effective, the framework relies
heavily on the accuracy of DT representations and faces
scalability challenges in large IoV networks with high volumes
of vehicles and data. In [11], DT technology is integrated with
intelligent reflective surfaces to optimize vehicle task absorp-
tion and resource allocation in 6G enabled IoV networks.

The integration of DT into IoV opens up new possibili-
ties for the development of intelligent and adaptive vehicle
systems. In [12], a comprehensive study is introduced on in-
tegrating digital twin technology into 6G networks to enhance
resource management and network optimization. The study
identifies challenges in real-time synchronization, scalability,
and security in large-scale deployments. In [13], a blockchain-
enabled federated learning framework is proposed for DT
wireless networks to improve reliability, data privacy, and
edge resource management using multi-agent reinforcement
learning (MARL). The system requires significant resources
for real-time synchronization and faces challenges in edge
association due to dynamic resource availability.

Furthermore, the dynamic nature of IoV networks, marked
by variable traffic conditions, high vehicular mobility, and
unstable bandwidth, poses significant challenges to effective
communication and resource management. To address these
uncertainties and ensure reliable performance across diverse
scenarios, adaptive algorithms are essential [10]. Quantum
computing has recently emerged as a transformative solution
for complex decision-making in dynamic environments. Lever-
aging superposition, entanglement, and quantum parallelism, it
enables efficient exploration of vast state spaces with minimal
computational overhead [14]. By processing rapidly changing
factors such as vehicle movements and spectrum variability in
parallel, quantum computing supports fast, adaptive decision-
making. The use of quantum states further enhances explo-
ration in high-dimensional IoV scenarios, offering remarkable
efficiency in managing their inherent complexity [15], [16].

B. Quantum Machine Learning for Optimal Resource Alloca-
tion in Wireless Networks

Recently, quantum machine learning (QML) has emerged as
a promising technique in wireless network resource allocation.
It addresses key limitations of classical machine learning (ML)
methods. QML leverages quantum properties such as superpo-
sition, entanglement, and quantum parallelism. These quantum
principles significantly reduce computational complexity and
enhance optimization efficiency. Specifically, quantum super-
position and entanglement allow QML algorithms to converge
faster. They also require fewer training parameters compared
to traditional ML approaches [14], [15]. Moreover, the advan-
tages and challenges of deploying quantum computing-assisted
ML and pure QML frameworks in next-generation wireless
communication systems are discussed in [16]. It is proposed
that quantum-enhanced technologies significantly improve net-
work performance, enabling self-configurable networks that
rapidly adapt to complex, multi-dimensional, and dynamic
environments. In [17], QML is applied to optimize resource
allocation, with a particular focus on user grouping in non-
orthogonal multiple access (NOMA) wireless communication.

The study introduces a quantum neural network integrated
with a reinforcement learning model. It demonstrates practical
advantages by enhancing the achievable sum rate in wire-
less systems. Similarly, in [18], a quantum neural network
employing parallel training is utilized to optimize multiple
input multiple output NOMA resource allocation by leveraging
statistical parameters instead of full datasets. This approach
achieves a comparable sum rate to conventional methods while
significantly reducing complexity.

Furthermore, quantum-enhanced deep reinforcement learn-
ing (QDRL) is employed to minimize the total system cost
by jointly considering energy consumption and latency in a
digital twin-enabled environment [19]. This approach utilizes
the Q-DDPG algorithm to improve learning efficiency and
decision-making performance in complex IoV communication
networks. Additionally, layerwise QDRL is used to optimize
UAV trajectory, user grouping, and power allocation in [20].
According to this study, QDRL outperforms classical DRL
in UAV-assisted communication networks, especially under
energy-constrained and dynamically changing environments.
To investigate the performance of multi-agent QDRL, cooper-
ative mobile access in multi-UAV systems was considered in
[21]. The proposed method uses quantum computing princi-
ples to mitigate the scalability and complexity challenges in
traditional multi-agent DRL methods. According to the simu-
lation results, the QDRL-based solution substantially improves
both training convergence speed and the robustness of UAV
mobility planning under dynamic environmental conditions.
In addition, to address the limitations of frequent handovers
and energy constraints in satellites, a quantum-enhanced DRL
model is proposed in [22]. The developed model effectively
adapts to realistic environments by considering factors such
as orbital dynamics, atmospheric interference, and varying
communication demands across geographic regions.

C. Quantum DDPG for DT-enabled IoV
Quantum-inspired DDPG algorithm delivers more effective

approaches to complex optimization problems than classical
methods [23], [24], [25]. Quantum-inspired learning improves
traditional DDPG by using quantum features, namely super-
position and entanglement, which increase convergence speed,
reduce dimensionality, and refine the exploration-exploitation
balance [16]. In [26], a framework based on a deep determin-
istic policy gradient (DDPG) of multiple agents is introduced
to handle the task in oIV, improving mobile edge computing
by improving information exchange and resource coordination
to ensure optimal delivery of services in vehicular networks.
Scalability challenges emerge in large-scale IoV networks
due to increased computational complexity, with convergence
issues arising in highly dynamic environments. An adaptive
joint resource allocation scheme for the IoV framework is
presented, dividing resources into uplink, computing, and
downlink sub-strategies [27]. Twin-delayed DDPG is used to
dynamically optimize network capacity, reduce delay, and min-
imize energy consumption. The effectiveness of the algorithm
is limited by the complexity of the model in high-dimensional
problems, which can impact performance in highly unpre-
dictable scenarios [28]. This work employs an algorithm
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based on DDPG to optimize multi-user computation offloading
and caching strategies in vehicular edge computing systems,
aiming to minimize execution delay while improving caching
and resource utilization for variability in task sequence [20].
The framework’s reliance on accurate request modeling and
coupled optimization raises computational demands, reducing
its effectiveness in highly variable scenarios.

In [15], a framework for machine learning supported by
quantum computing was proposed for 6G networks. This
framework leverages quantum computing for network orches-
tration and self-reconfiguration, with the aim of improving
performance through real-time learning and adaptation to
network dynamics. However, it faces challenges in imple-
menting scalable quantum computing solutions and processing
large volumes of data in real-time. In [29], the quantum-
enhanced support vector machine (QE-SVM) was developed
for sentiment classification. By employing quantum feature
maps and optimization techniques such as simultaneous per-
turbation stochastic approximation, it demonstrated superior
performance compared to classical SVM methods. Despite
these advancements, significant challenges persist in opti-
mizing quantum circuit parameters and managing the high
dimensionality of quantum representations for practical de-
ployment. In [30], a quantum reinforcement learning (QRL)
algorithm was introduced to optimize resource management in
edge intelligence-assisted IoV systems. The algorithm aimed
to reduce latency and enhance system performance by bal-
ancing computational and communication resources. Despite
its innovative use of hybrid technologies, such as WiFi and
cellular networks, maintaining consistent low latency and high
performance in dynamic environments remains a challenge.

D. Motivation and contributions

Although there have been recent breakthroughs in imple-
menting DDPG approaches for task optimization in complex
IoV applications [31], [32], [33], significant challenges remain,
as follows:

1) Inadequate Adaptability to Rapid Network Dynamics:
Traditional optimization approaches, such as linear program-
ming and convex optimization, are based on static models
that assume a stable network environment [34]. IoV networks,
characterized by high mobility and frequent changes in topol-
ogy, vehicle density, and communication conditions, present
challenges to these methods [36]. As a result, traditional ap-
proaches struggle to adapt, leading to suboptimal performance
and computationally expensive re-optimization for real-time
applications.

2) Constrained Scalability and Computational Efficiency:
In dynamic environments, the growth of the network size
increases computational complexity, leading to longer pro-
cessing times and reduced efficiency. Traditional optimization
methods struggle with scalability in large IoV networks due to
the vast data generated by vehicles and digital twins, making
timely semantic optimization computationally infeasible [37].

3) Lack of Semantic Awareness and Integration with Digital
Twins: Traditional optimization focuses on the quantity of data
on semantic relevance. In IoV networks, prioritizing significant

data is essential for collision avoidance and traffic manage-
ment [35]. Lack of semantic awareness leads to excessive
data transmission, increasing bandwidth use and latency, thus
reducing communication efficiency. DT technology provides
virtual replicas of physical assets for real-time monitoring and
simulation. Traditional optimization fails to take advantage of
DTs for real-time data analysis and feedback [38]. This hin-
ders the integration of physical and virtual layers, decreasing
optimization effectiveness in IoV networks.

4) Insufficient Real-Time Processing Capabilities: Dy-
namic semantic-based communication optimization requires
adaptive real-time data processing to facilitate the rapid trans-
mission of information [39]. Traditional optimization methods
lack the computational speed and responsiveness to manage
the continuous data stream in DT-enabled IoV systems. This
delay undermines the effectiveness of semantic-based com-
munication optimization, causing computation overhead and
reduced reliability.

Drawing on the insights from the aforementioned studies,
we introduce a quantum DDPG (Q-DDPG) framework to
reduce latency and energy consumption while maintaining ac-
curacy in DT-enabled IoV networks. By seamlessly integrating
Q-DDPG with DT technology, the framework significantly
enhances semantic task processing efficiency within high-
dimensional hybrid action spaces. This approach overcomes
traditional optimization challenges, offering improved scala-
bility and adaptability in complex IoV environments. Table I
provides a detailed comparison, illustrating the distinctions
between our framework and the existing methodologies. The
key technical contributions of this work are summarized as
follows:

1) A Quantum DDPG-Based Framework for IoV Networks:
We propose a quantum DDPG framework for semantic
resource optimization in DT-enabled IoV networks. The
framework employs quantum-enhanced reinforcement
learning to boost task efficiency and tackle scalability
and adaptability challenges in dynamic IoV settings.

2) Integration of Digital Twin Networks for Real-Time
Semantic Optimization: We utilize DT for adaptive se-
mantic intelligence in IoV networks. This integration
enables continuous monitoring and real-time semantic
decisions for timely adaptation to network uncertainty
and changing conditions.

3) Scalable and Adaptive Distributed Semantic Optimiza-
tion Solution: We design a scalable, distributed solution
for managing dynamic large-scale IoV ecosystems in
high-dimensional continuous action spaces efficiently.
The solution provides a reliable framework for efficient
resource management and task prioritization in dynamic
IoV environments.

4) Comprehensive Mathematical Modeling and Optimiza-
tion: We develop models for semantic networks and
stochastic combinatorial optimization, enabling the inte-
gration of quantum DDPG and DT technologies in IoV
networks.

5) Performance Metrics in Dynamic IoV Environments: The
simulation results show the effectiveness of the proposed
Q-DDPG framework and its superior performance com-
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TABLE I: Related works summary to the proposed system

System features References
[10] [13] [8] [33] [34] [35] Proposed Q-DDPG

Digital Twin in IoV ✓ ✓ ✓ ✓
Semantic-based communication model ✓ ✓ ✓ ✓ ✓ ✓

Semantic- communication based optimization ✓ ✓ ✓ ✓ ✓ ✓
Semantic-aware DT Q-DDPG Framework ✓

Hybrid sequential algorithm ✓

pare to the state-of-the-art methods network uncertainty
and variable time conditions.

The remainder of this paper is organized as follows. Sec-
tion III details the system model and the formulation of
the combinatorial optimization problem. Section II provides
an overview of QDRL. Section IV introduces the Q-DDPG
framework for designed dynamic IoV environment. Extensive
experimental results are presented in Section V. Finally, con-
cluding remarks are made in Section VI.

II. QUANTUM DEEP REINFORCEMENT LEARNING WITH
SEMANTIC IOV NETWORKS

This section provides a comprehensive overview of the
QDRL approaches.

A. Overview of Quantum Deep Reinforcement Learning

Deep reinforcement learning (DRL) represents the integra-
tion of reinforcement learning (RL) with deep neural net-
works. This combination enables agents to determine optimal
actions in complex, high-dimensional environments by inter-
acting with the environment, observing outcomes, and refining
decisions over time. The mathematical formulation of such
decision-making problems adopts the MDP framework [40],
[41]. An MDP can be defined as a tuple (S,A, P,R, γ), where
S denotes the complete set of environmental states, A denotes
the action space (discrete or continuous), P (s′|s, a) indicates
the transition probability from state s to s′ under action a,
R(s, a) represents the immediate reward received upon taking
action a in state s, and γ ∈ [0, 1] is the discount factor
applied to future rewards. The learning objective in DRL is the
maximization of expected cumulative reward through a policy
π(a|s; θ), which is parameterized by a neural network with
weights θ. Then, the objective function can be expressed as:

J(π) = Eπ

[ ∞∑
t=0

γtrt

]
,

where rt denotes the reward received at time step t. Thus,
Q-DRL extends DRL by incorporating quantum computing
principles to enhance exploration and optimization capabili-
ties. These methods are particularly effective for solving high-
dimensional, computationally intensive problems that chal-
lenge classical approaches. Moreover, various QDRL algo-
rithms have been developed to address different action space
characteristics and decision-making scenarios. Q-DQN aug-
ments the classical deep q-network using quantum encoders
and quantum neural networks (QNNs) to improve represen-
tation of discrete state spaces. Q-SAC targets continuous

action problems by applying entropy regularization to maintain
a balance between exploration and exploitation. Q-DDPG
introduces quantum-enhanced actor and critic networks for
continuous control tasks. Q-MADDPG extends the quantum
framework to multi-agent systems, facilitating coordinated
learning among multiple agents. Q-PPO integrates quantum
features into the proximal policy optimization framework to
ensure stable policy updates within trust regions. These Q-
DRL methods offer practical solutions for handling complex
and dynamic environments. The following sections provide
detailed explanations of each method.

1) Quantum Deep Q-Network (Q-DQN): Q-DQN enhances
the deep Q-Network (DQN) with quantum computing. It opti-
mizes the Q-value function by improving function approxima-
tion and enabling faster sampling in high-dimensional environ-
ments. Q-DQN has demonstrated computational advantages
over classical DQNs in complex settings. In [42], quantum-
inspired reinforcement learning techniques were proposed to
improve resource allocation, showing better performance in
terms of latency and energy efficiency. Classical states s are
encoded into quantum states |ϕ(s)⟩ using a quantum en-
coder. The Q-value function is represented by a parameterized
quantum circuit Qθ(|ϕ(s)⟩, a), where θ denotes the circuit
parameters. Then, the loss function can be defined using the
Bellman equation which can be expressed as

L(θ) = ED

[(
r + γmax a′Qθ(|ϕ(s′)⟩, a′)−Qθ(|ϕ(s)⟩, a)

)2]
,

where (s, a, r, s′) ∼ D is sampled from the replay buffer, and
γ is the discount factor. Q-DQN improves learning perfor-
mance in large-scale environments with complex state–action
dynamics.

2) Quantum Soft Actor-Critic (Q-SAC): Q-SAC combines
soft actor critic algorithm with quantum computing to enhance
policy and value optimization by leveraging entropy regular-
ization for effective exploration in dynamic environments [43].
The policy optimization objective in Q-SAC can be defined as

Jπ(θ) = E(s,a)∼D

[
Qw (|ϕ(s)⟩, a)− α log πθ(a | |ϕ(s)⟩)

]
,

where |ϕ(s)⟩ denotes the quantum-encoded state, Qw repre-
sents the quantum-enhanced critic network, and α is a tem-
perature parameter that balances exploration and exploitation.
The soft Q-value can be updated by minimizing the loss which
can be expressed as

L(w) = E(s,a,r,s′)

[(
Qw(|ϕ(s)⟩, a)−

(
r + γVw(|ϕ(s′)⟩)

))2]
,
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where the entropy-regularized value function can be expressed
as

Vw(|ϕ(s)⟩) = Ea∼πθ

[
Qw(|ϕ(s)⟩, a)− α log πθ(a | |ϕ(s)⟩)

]
.

Q-SAC utilizes quantum sampling and expressive quantum
state representations to improve exploration and learning ef-
ficiency in high-dimensional and complex decision-making
tasks.

3) Quantum Deep Deterministic Policy Gradient (Q-
DDPG): Q-DDPG integrates deep deterministic policy gra-
dient algorithm with quantum computing to operate in contin-
uous action spaces, leveraging quantum properties to enable
efficient learning and improved decision-making in dynamic
environments [44]. Q-DDPG can be applied to optimize re-
source allocation and task scheduling in complex systems by
harnessing quantum-enhanced policy learning [45]. The actor
network µθ outputs the optimal action; the objective function
can be expressed as

Jπ(θ) = Es∼D

[
Qw

(
|ϕ(s)⟩, µθ(|ϕ(s)⟩)

)]
,

where |ϕ(s)⟩ denotes the quantum-encoded state representa-
tion. The critic network Qw can be trained by minimizing the
loss function, which can be expressed as:

L(w) = E
[(
r + γQw

(
|ϕ(s′)⟩, µθ(|ϕ(s′)⟩)

)
−Qw

(
|ϕ(s)⟩, a

))2]
,

where r is the received reward and γ is the discount factor.

4) Quantum Multi-Agent Deep Deterministic Policy Gradi-
ent (Q-MADDPG): Q-MADDPG extends Q-DDPG to multi-
agent systems by integrating quantum computing, using entan-
glement to facilitate agent interaction and quantum-encoded
state representations [46]. Q-MADDPG can be applied to
multi-agent coordination and decision-making tasks in dy-
namic environments. Each agent maintains a quantum actor,
and a centralized quantum critic can be used to evaluate joint
state-action pairs. The critic target value can be expressed as

Qw

(
|ϕ(s)⟩,a

)
≈ ri + γ Qw

(
|ϕ(s′)⟩,µθ

(
|ϕ(s′)⟩

))
,

where |ϕ(s)⟩ denotes the quantum-encoded joint state, a =
(a1, . . . , aN ) is the joint action vector, ri is the reward for
agent i, and µθ collects the actor outputs for all agents. Each
agent i can optimize its policy by maximizing the expected
joint Q-value, which can be defined as:

Jπi(θi) = Es∼D

[
Qw

(
|ϕ(s)⟩, a1, . . . , µθi(|ϕ(si)⟩), . . . , aN

)]
,

where θi denotes the parameters of agent i’s actor network, si
is agent i’s local observation encoded as |ϕ(si)⟩, and N is the
total number of agents. The critic network Qw can be trained
by minimizing a suitable loss over joint transitions, and each
quantum actor µθi can be updated via policy gradient methods
adapted to the quantum-encoded representations.

5) Quantum Proximal Policy Optimization (Q-PPO): Q-
PPO integrates proximal policy optimization with quantum
computing to maintain policy stability by restricting updates to
a trust region [47]. In Q-PPO, the clipped surrogate objective

can be defined as

Jπ(θ) = E(s,a)∼D

[
min

(
rθ(s, a)Aϕ(|ϕ(s)⟩, a),

clip(rθ(s, a), 1− ϵ, 1 + ϵ)Aϕ(|ϕ(s)⟩, a)
)]
,

where the probability ratio can be defined as

rθ(s, a) =
πθ(a | |ϕ(s)⟩)
πθold(a | |ϕ(s)⟩)

,

and the advantage function can be expressed as

Aϕ(|ϕ(s)⟩, a) = Qw(|ϕ(s)⟩, a)− Vw(|ϕ(s)⟩).

The value-function update loss can be denoted as

LV (w) = E(s,r,s′)∼D

[(
r + γ Vw(|ϕ(s′)⟩)− Vw(|ϕ(s)⟩)

)2]
,

where r denotes the received reward, s′ denotes the next state,
and γ denotes the discount factor. These expressions can be
applied in quantum-encoded state representations to enable
stable policy updates under high-dimensional decision-making
tasks.

III. SYSTEM MODEL AND COMBINATORIAL PROBLEM
FORMULATION

In this section, we present the system model for semantic-
communication based optimization in digital twin IoV and
offer a mathematical formulation of the problem.

A. Semantic Modeling

We adopt a semantic-centric approach that focuses on the
meaning of the data rather than its raw bits. Our seman-
tic model is defined by: semantic complexity, sc(τ), which
measures the contextual information contained in a task at
time τ ; semantic accuracy, represented by σi and σj , which
indicate how effectively vehicle i or edge server j preserves the
task’s meaning during computation; and semantic efficiency,
σi,j , which assesses the overall effectiveness of both the
transmission and processing of the task from vehicle i to server
j. A higher σi,j indicates that more meaningful information
is preserved during offloading. Semantic performance Sp of a
task at time τ can be defined as a weighted sum of semantic
complexity and semantic efficiency which can be denoted as

Sp(τ) = φ1 · sc(τ) + φ2 · σi,j , (1)

where φ1 and φ2 are weighting factors reflecting the impor-
tance of semantic complexity and semantic efficiency, respec-
tively. Furthermore, tasks with higher sc(τ) are prioritized
with priority score, Pscore as

Pscore = φ · sc(τ), (2)

where φ is the weighting factor. The semantic efficiency σi,j
is maximized to transmit only meaningful data σi,j ≥ σmin,
where σmin is the minimum semantic efficiency threshold.

B. Semantic-based Network Model

This subsection presents the semantic-based network model
in the DT–enabled IoV. We consider a vehicle set V =
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Fig. 1: An illustration of semantic-based communication: task offloading in IoV networks leveraging quantum processing unit
and digital twin layer

{1, 2, . . . , N} and an edge-server set E = {1, 2, . . . ,M}, each
server co-located with or equipped with quantum processing
units (QPUs). Fig. 1 illustrates the network topology, including
vehicular positions, edge-server locations, and the associated
QPUs for task offloading. To capture semantic relevance, we
define a semantic efficiency metric σi,j ∈ [0, 1] between vehi-
cle i and server j, and incorporate it into resource allocation
decisions. Edge servers use local digital twin models to mirror
real-time vehicular states and semantic task arrival process,
allowing predictive and adaptive resource adjustments.

C. Semantic-based Vehicular Mobility Model

We consider the position of the vehicle i in time frame τ ,
denoted as pi(τ) = (xi(τ), yi(τ)), and the position of the edge
server j located at pj = (xj , yj). The channel gain between
vehicle i and edge server j at time τ can be expressed as

hij(τ) =
g0

dij(τ)α
, (3)

where g0 is the channel power gain at the reference distance,

dij(τ) =
√
(xi(τ)− xj)2 + (yi(τ)− yj)2 is the distance

between vehicle i and edge serverj, and α is the path loss
exponent.

D. Stochastic Task Generation, Task Arrival, and Task Prior-
itization Models

1) Semantic-based Task Generation Model: Each semantic
task Sk is generated by vehicle i at timeframe τ can be
described as

Sk(τ) = {Di(τ), sc(τ), Ti,p(τ), LD(τ),P (Ai(τ))} , (4)

where Di(τ) denotes the task data size (in bits), sc(τ) is the se-
mantic task complexity, indicating its contextual information,
Ti,p(τ) is the priority of the task, LD(τ) is the task deadline
for completion, and P (Ai(τ)) is the stochastic arrival task
process.

2) Semantic-based Stochastic Task Arrival Model: Let
λi(τ) indicate the arrival rate of semantic tasks in vehicle
i, and µi(τ) represent the service rate of semantic tasks. The
number of semantic tasks in the queue at time frame τ follows
a queuing model which can be expressed as

ηi(τ + 1) = ηi(τ) + λi(τ)− µi(τ), (5)

where ηi(τ) is the number of semantic tasks in the queue at
time frame τ .

The semantic task generation by vehicle i, modeled as a
Poisson process with arrival rate λi(τ), can be calculated as

P (Ai(τ) = k) =
(λi(τ))

k
e−λi(τ)

k!
, (6)

where P (Ai(τ) = k) is the probability that k semantic tasks
arrive at vehicle i in time interval τ .

3) Semantic Task Prioritization Model: Semantic tasks are
prioritized based on their importance and urgency, determining
their position in the queue, which can be expressed as

Sk,i = Pscore + β · (LD(τ)− τ) , (7)

where β are weighting factor, LD(τ) is the task deadline for
completion, and τ is the current time. Higher values of Sk,i

increase the priority of the task queue.
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E. Digital Twin for Predict the Task Arrival Process

In our framework, the DT layer functions as a real-time,
virtual replica of the physical IoV network and its associated
edge servers. The DT continuously aggregates updated state
information, historical data, and real-time measurements from
both vehicles and edge servers. Then, it constructs an accurate
and dynamic model of the network conditions that support
the task arrival processes and overall system performance.
By forecasting the number of incoming tasks arrivals, the
system can adjust resource allocations and offloading strategies
before congestion occurs. Then, the DT at time step τ can be
expressed as:

DT (τ) =
(
DTV

i (τ), DT E
j (τ)

)
. (8)

Considering the uncertain and unpredictable errors between
the physical entities and the DT, we model the task arrival
rate λi(τ) of vehicle i with an uncertain deviation δiλ(τ) as

λi(τ) = λ̂i(τ) + δiλ(τ), |δiλ(τ)| ≤ ϵλ, (9)

where λ̂i(τ) is the estimated arrival rate predicted by the
DT, and ϵλ is the maximum range of deviations. Importantly.
this prediction is key to offloading optimization, as DT’s
updated estimates are used to adjust resource allocation in real
time. This leads to improved offloading decisions based on
both current and future network conditions. Moreover, DT’s
prediction is essential for deciding which tasks to prioritize
because tasks with higher semantic complexity are given a
higher priority score based on their complexity level. With this
information, the DT can alert the system when a large number
of tasks is expected, ensuring that resources are allocated to
preserve the most important information and maintain strong
communication quality.

F. Semantic-based Communication Model

Each vehicle i communicates with the edge server j to exe-
cute semantic tasks. The achievable transmission rate Ri,j(τ)
between vehicle i and edge server j at time frame τ can be
expressed as

Ri,j(τ) = Bi,j(τ) log2

(
1 +

pi,j(τ)hi,j(τ)

I +No

)
, (10)

where Bi,j(τ) represents the system bandwidth at time frame
τ , pi,j(τ) is the transmission power. No is the noise power,
and I denotes the interference.

G. Semantic-based Computation Models

Let Ci(τ) represents the local computational capacity of
vehicle i, and Cj(τ) be the computational capacity of the edge
server j. Let αi,j(τ) represents the binary offloading decision
variable denoting whether semantic task Sk is processed lo-
cally or offloaded from vehicle i to edge server j at timeframe
τ , defined as

αi,j(τ) =

{
1, if semantic task Sk is offloaded to server j,
0, if processed locally at vehicle i.

(11)

1) Local Computation Model: The computation delay
Lcomp
i (τ) for processing the semantic task Sk in the time frame

τ can be calculated as

Li
comp(τ) =

sc(τ)

Ci(τ)
σi, (12)

where σi is the semantic accuracy factor for local computation.

2) Offloading Computation Model: The latency for offload-
ing the semantic task to the edge server and process the task
can be expressed as

Li
off(τ) =

Di(τ)σi,j
Ri,j(τ)

+ Lj
comp(τ), (13)

where Lj
comp(τ) =

sc(τ)

Cj(τ)
σj is the computation delay at the

edge server, and σj is the semantic accuracy factor for the edge
server. Therefore, the total delay for processing and offloading
a semantic task can be calculated as

Li,j
total(τ) =

L
i
off(τ), if αi,j(τ) = 1,

Li
comp(τ), if αi,j(τ) = 0.

(14)

H. Semantic-based Energy Consumption Model

The energy consumption for transmiting the semantic task
Sk from vehicle i to server j can be calculated as

Ei,j
off (τ) = pi,j(τ) ·

Di(τ)σi,j
Ri,j(τ)

, (15)

where pi,j(τ) is transmission power for vehicle i to server j.
Moreover, the local processing energy consumption at vehicle
i can be calculated as

Ei
loc(τ) = κi (Ci(τ))

2
sc(τ)σi, (16)

where κi is the energy efficiency coefficient of vehicle i pro-
cessor. Therefore, the total energy consumption for semantic
task Sk can be expressed as

Ei,j
total(τ) =

{
Ei,j

off (τ), if αi,j(τ) = 1,

Ei
loc(τ), if αi,j(τ) = 0.

(17)

I. Stochastic Combinatorial Offloading Problem Formulation

We aim to minimize the total cost while considering energy
consumption, latency constraints, semantic accuracy, and ar-
rival rate uncertainties. The total cost Φ at time step τ can be
calculated as

Φ(τ) =
∑
i∈V

∑
j∈E

(
w1L

(i,j)
total (τ) + (1− w1)E

(i,j)
total (τ)

)
, (18)

where w1 represents the weight factor for latency and energy
consumption. Mathematically, the combinatorial optimization
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problem can be formulated as follows:

(P1): min
Bi,j(τ),αi,j(τ),pi,j(τ)

Φ(τ) (19a)

s.t.: L
(i,j)
total (τ) ≤ LD(τ), ∀i ∈ V,∀j ∈ E (19b)

E
(i,j)
total (τ) ≤ E

max
i , ∀i ∈ V (19c)

sc(τ)σi ≤ Ci(τ)τ, if αi,j(τ) = 0, ∀i ∈ V (19d)∑
i∈V

αi,j(τ)sc(τ)σj ≤ Cj(τ)τ, ∀j ∈ E (19e)

σi,j ≥ σmin, σi,j(τ),∀i ∈ V,∀j ∈ E (19f)
pi,j(τ) ≤ Pmax

i , ∀i ∈ V,∀j ∈ E (19g)
µi(τ) ≥ λmax

i (τ), ∀i ∈ V (19h)

λmax
i (τ) = λ̂i(τ) + ϵλ, ∀i ∈ V (19i)
αi,j(τ) ∈ {0, 1}, ∀i ∈ V,∀j ∈ E (19j)∑
i∈V

∑
j∈E

Bi,j(τ) ≤ Bmax, ∀i ∈ V, ∀j ∈ E (19k)

where constraint (19b) ensures that the total latency must
not exceed the task deadline for each semantic task. Constraint
(19c) guarantees that the total energy consumption of a vehi-
cle must not exceed its available energy budget. Moreover,
constraint (19d) and (19e) ensure that the computational
capacities of the vehicles and edge servers are not exceeded.
Constraint (19f) ensure that semantic tasks meet a minimum
semantic efficiency threshold for local and offloaded process-
ing. Furthermore, constraint (19g) indicates the transmission
power limit with the maximum transmit power for vehicle i.
Constraint (19h) ensures that the service rates are large enough
to accommodate the maximum expected task arrival rate under
uncertainty. Constraint (19i) characterizes the upper bound
task arrival rate by combining the DT’s predicted rate with
an uncertainty margin. Moreover, (19j) restricts the offloading
decision variable as a binary variable. Constraint (19k) ensures
bandwidth does not surpass the system’s maximum limit.

IV. PROPOSED QUANTUM-BASED DDPG DESIGN

The combinatorial optimization problem in (19a) for se-
mantic optimization in digital twin IoV networks is compu-
tationally intractable and impractical with increasing vehicle
numbers. We design a quantum-inspired DDPG framework for
efficient exploration in high-dimensional environments, ideal
for dynamic and stochastic offloading in IoV. This section
elaborates on the designed framework.

A. MDP Problem Formulation

First, we define the problem (19a) as a Markov decision
process (MDP), which consists of three key components:
states, actions, and rewards. The state space (S) represents
all possible conditions the system can be in, while the action
space (A) includes all actions the agent can take. The reward
function (R) specifies the immediate feedback the agent re-
ceives for transitioning from one state to another based on its
actions. At each time step t, the agent observes the current
state s(t), selects an action a(t), and receives a reward r(t)
as a result of its decision.

1) State Space: The state space S provides essential in-
formation about the current environment to support informed
decision-making. The state Si for agent i at each time step τ
is defined as

s(τ) =
[
Li,j

total(τ), E
i,j
total(τ), Sk(τ), Ri,j(τ)

]
. (20)

Here, Ltotal(τ) represents the overall delay for processing or of-
floading a task, Etotal(τ) denotes the total energy consumption,
Sk(τ) includes semantic task features, and Ri,j(τ) indicates
the achievable transmission rate between vehicle i and edge
server j.

2) Action Space: The action space A can be defined as the
set of allowable decisions at each time step τ . Therefore, the
decision taken by the agent at time τ can be denoted as

ai(τ) = [Bi,j(τ), pi,j(τ), αi,j(τ)] . (21)

In this representation, Bi,j(τ) is the bandwidth allocated
between vehicle i and edge server j, pi,j(τ) is the transmission
power used by vehicle i for communication with server j,
and αi,j(τ) is a binary variable indicating whether the task is
offloaded (αi,j(τ) = 1) or processed locally (αi,j(τ) = 0).

3) Reward Function: The reward functionR can be defined
to provide feedback that guides the agent toward optimal
performance. In this formulation, the reward can be designed
to minimize a weighted combination of task latency and energy
consumption, and can be expressed as

r(τ) = − (w1Ltotal(τ) + (1− w1)Etotal(τ))−
∑
i,j

Ui,j , (22)

where
∑

i,j Ui,j denotes the penalties associated with con-
straint violations. The negative sign ensures that lower cost
that results in higher rewards. This formulation encourages
the agent to make decisions that not only minimize latency
and energy consumption but also comply with all system
constraints.

B. Quantum-DDPG (Q-DDPG) Framework

Q-DDPG integrates quantum computing with the DDPG
framework by employing a parametric quantum circuit (PQC)
as the actor network. Moreover, it leverages higher-order
encoding to transform the classical state space into a quantum-
representable form. The quantum processing pipeline com-
prises the encoding of classical data, transformation through
the PQC, and quantum measurements to extract actionable
outputs.

In higher-order encoding, classical input data x are mapped
to an enriched feature space Φ(x) that captures nonlin-
ear relationships among input features. These transformed
features parameterize a quantum circuit designed to em-
bed feature correlations. the unitary matrix of higher or-
der encoding transformation can be represented as Ux =

exp
(
i
∑

j<k γxjxkZjZk

)
, where x denotes the classical

input vector with elements xj and xk, and γ is a tunable
parameter controlling interaction strength. The Pauli-Z opera-
tors Zj and Zk act on the j-th and k-th qubits, respectively.
The product ZjZk encodes pairwise feature dependencies, and
the exponential form guarantees unitarity. Thus, the encoded
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TABLE II: Summary of key notations.
Notation Definition Notation Definition
sc(τ) Semantic complexity at time τ σi,j Semantic efficiency from vehicle i to server j
σi Semantic accuracy of vehicle i σj Semantic accuracy of server j
Sk(τ) Semantic task at time τ Ti,p(τ) Priority of task k generated by vehicle i
LD(τ) Deadline of task completion P(Ai(τ)) Probability of k tasks arriving at vehicle i
λi(τ) Task arrival rate for vehicle i µi(τ) Service rate of vehicle i
ηi(τ) Task queue length of vehicle i Di(τ) Data size of the task (in bits)
Ci(τ) Computational capacity of vehicle i Cj(τ) Computational capacity of edge server j
Ri,j(τ) Achievable transmission rate between i and j Bi,j(τ) Allocated bandwidth between i and j
pi,j(τ) Transmission power of vehicle i to server j hi,j(τ) Channel gain between i and j
αi,j(τ) Offloading decision variable (binary) Li

comp(τ) Local computation delay for task k

Li
off(τ) Offloading and computation delay to server j Li,j

total(τ) Total task processing delay
Ei,j

off (τ) Energy for task offloading from i to j Ei
loc(τ) Local processing energy at vehicle i

Ei,j
total(τ) Total energy consumption for task k Φ(τ) Total system cost at time τ

γ Discount factor in RL r(τ) Reward function at time τ
κi Energy efficiency coefficient of vehicle i DT (τ) Digital Twin state at time τ

quantum state passes through the PQC, where parameterized
single-qubit rotations and entangling gates model complex
policies. Finally, measurement operations extract expectation
values that serve as outputs for the actor network, enabling
continuous action selection in the Q-DDPG framework.

C. PQC-based Actor Network

In our model, a hybrid action space in the Q-DDPG
framework enables the agent to handle both discrete strategies
and continuous control parameters. The actor network, imple-
mented as a PQC, determines the optimal action a = µ(s | θµ),
where s is the state and θµ the PQC parameters. The PQC
encodes complex policies using parameterized single-qubit
rotation gates Ry(θ), which embed trainable parameters, and
controlled-Z (CZ) gates, which introduce entanglement to
capture feature correlations. This combination ensures that the
PQC can represent expressive quantum states, optimizing the
expected return as evaluated by the critic, which can be defined
as

J(θµ) = Es∼pπ [Q(s, µ(s|θµ) | θQ)]. (23)

The policy gradient with respect to the actor parameters can
be computed as

∇θµJ(θµ) ≈ Es∼pπ

[
∇aQ(s, a | θQ)∇θµµ(s | θµ)

]
, (24)

where ∇θµµ(s | θµ) is computed based on the PQC’s trainable
parameters and quantum gate structure.

D. Classical Neural Critic Network

The critic network is modeled as a classical neural network
and is responsible for estimating the action-value function
Q(s, a | θQ), where θQ denotes the set of learnable param-
eters. The training objective of the critic is to minimize the
mean-squared error between the predicted Q-values and the
target values. Then, the loss function L(θQ) can be expressed
as

L(θQ) = E
[
(Q(sτ , aτ | θQ)− yτ )2

]
, (25)

where the target Q-value can be defined as

yτ = r + γQ′(sτ+1, µ
′(sτ+1 | θµ

′
) | θQ

′
). (26)

Moreover, the gradient descent update for the critic parameters
can be computed as

∇θQL(θQ) = E
[
(Q(sτ , aτ | θQ)− yτ )∇θQQ(sτ , aτ | θQ)

]
.

(27)

E. Q-DDPG Target Networks Update

To stabilize training, the use of target networks can be
adopted for both actor and critic components. The actor’s
target network can be implemented using the parameterized
quantum circuit which is illustrated in Fig. (2), while the
critic’s target network can be maintained as a classical neural
network. The update of these target networks can be defined
as

θµ
′
← ρθµ + (1− ρ)θµ

′
, (28)

θQ
′
← ρθQ + (1− ρ)θQ

′
, (29)

where ρ ∈ [0, 1] is the target update rate. The use of target
networks mitigates the instability caused by rapid parameter
changes during training.

Moreover, the complexity analysis of a quantum-inspired
hybrid actor–critic DDPG model, each training step involves
one discrete action and nc continuous actions. Let ns represent
the state dimension, nq denote the number of qubits in the
quantum circuit, and r indicate the number of ansatz layers.
The actor’s computation, which evaluates the quantum circuit,
has a complexity of O(rn2q), while the additional classical
processing needed to produce both discrete and continuous ac-
tions is relatively small. On the other hand, the critic processes
inputs of size (ns+nc+1) and has a forward-pass complexity
of O(ns + nc). Combining these, the total computational
complexity per training step is O(rn2q + ns + nc).

V. EXPERIMENTAL RESULTS AND DISCUSSIONS

Extensive experiments were carried out to evaluate the per-
formance of the Q-DDPG algorithm using IBM Qiskit. where
vehicles were uniformly deployed RSU locations to either
compute tasks locally or offload them to a quantum server.
Although vehicle positioning influenced network topology and
communication dynamics, the simulation also accounted for
network conditions, task arrival rates, offloading decisions,
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Fig. 2: Q-DDPG network architecture

Algorithm 1: Proposed Q-DDPG Algorithm

1 Initialize the environment and model parameters.
2 Initialize the PQC-based actor network µ(s | θµ) and

classical critic network Q(s, a | θQ).
3 Initialize target networks: θµ

′ ← θµ, θQ
′ ← θQ.

4 Initialize the replay buffer D.
5 Initialize τ = 0.
6 for ψ ← 1 to ψmax do
7 Reset the environment and observe initial state s1.
8 for τ ← 1 to Tmax or until terminal state do
9 Encode sτ into a quantum state using

higher-order encoding
10 Select action aτ = µ(sτ | θµ) +N (0, σ), where

N is OU noise.
11 Execute aτ , observe reward rτ , and next state

sτ+1.
12 Store (sτ , aτ , rτ , sτ+1) in replay buffer D.
13 Sample a mini-batch of transitions from D.
14 Compute target Q-value yτ using (26).
15 Update critic network by minimizing loss in

(25) via gradient (27).
16 Update actor network using policy gradient

from (24).
17 Soft update target networks using (28):

θQ
′
← ρ θQ + (1− ρ) θQ

′

θµ
′
← ρ θµ + (1− ρ) θµ

′

energy consumption, and quantum resource allocation. The
path loss model was rigorously defined based on previous
work [30], and Q-DDPG was tuned with a batch size of 4
and learning rates of 1 × 10−4 and 2 × 10−4 for the actor
and critic networks, respectively. Moreover, the number of
layers in the PQC is set to 1 and 6 qubits are used with
principal component analysis with state space. The buffer size
is 1,000,000, and the number of episodes is 500, with each
episode consisting of 20 steps. To evaluate the effectiveness of
the Q-DDPG framework, we compared it with the state-of-the-

art DDPG algorithm [26] under the same simulated conditions.
See Table III for other simulation parameters.

TABLE III: Simulation Parameters [10],[28],[29]

Parameter Value
Path loss exponent 2
Number of vehicles 3
Number of edge servers 2
System bandwidth 10 MHz
Noise power density -70 dBm
Vehicle semantic data size 1× 104 − 2× 104 bits
Semantic task complexity 1× 106 − 2× 106 cycles
Weighting factor 0.5
Energy coefficient of processors 1× 10−27

Maximum latency 0.05s
Maximum transmit power per vehicle 1 W
Minimum semantic accuracy 0.5

A. Results Discussion
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Fig. 3: Total system reward performance

As shown in Fig. 3, the total reward over training episodes
for Q-DDPG and DDPG. Q-DDPG converges more quickly
and reaches substantially higher final rewards, reflecting its en-
hanced learning efficiency and optimized offloading strategies.
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Its quantum-based approach enables the simultaneous explo-
ration of multiple strategies, significantly accelerating policy
optimization. Meanwhile, DTNs provide real-time network
feedback, allowing Q-DDPG to dynamically adjust its policy
in response to highly volatile IoV conditions. Q-DDPG’s
reward advantage highlights its robustness and adaptability to
network uncertainty.

Moreover, Fig. 4 compares the average cost as a function of
the system bandwidth for Q-DDPG and standard DDPG. The
proposed Q-DDPG consistently achieves lower costs across
all bandwidths (ranging from 3 to 9 MHz). This performance
advantage is attributed to the quantum-inspired capabilities
of Q-DDPG, which enable the parallel exploration of mul-
tiple bandwidth allocation strategies. As a result, Q-DDPG
converges more rapidly to optimal offloading policies. The
DTN framework further enhances this process by accurately
modeling dynamic network states, ensuring adaptive task
allocation that minimizes communication costs, even under
stringent bandwidth constraints.
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Fig. 4: System bandwidth performance
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Fig. 5: Average system latency performance

Fig. 5, illustrates the average latency performance of Q-
DDPG and DDPG over the course of training episodes. At
the beginning of training, both approaches exhibit relatively

high latency values. However, Q-DDPG demonstrates a faster
reduction in latency, with values decreasing more sharply in
the early episodes. As training progresses, Q-DDPG continues
to show a consistent decline in latency and reaches a stable
state earlier than DDPG. In contrast, DDPG exhibits slower
convergence, with higher latency values persisting for a longer
duration before eventually stabilizing. Additionally, the latency
values of Q-DDPG remain more stable, with fewer fluctua-
tions compared to DDPG, which displays greater variability
throughout training.

Moreover, in Fig. 6 shows the average cost trends for Q-
DDPG and DDPG over training episodes. Both approaches
start with relatively high cost values. Q-DDPG exhibits a
sharper decrease in cost during the initial episodes, while
DDPG reduces its cost more gradually. As training advances,
Q-DDPG stabilizes at a lower cost earlier, whereas DDPG
requires more episodes to settle. This highlights that Q-DDPG
maintains more consistent performance with fewer fluctuations
compared to the varying patterns observed in DDPG.
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Fig. 6: Average system cost performance

Fig. 7 illustrates the average cost performance of Q-DDPG
under two different computational power settings at edge
servers, 10 GHz and 5 GHz. The results indicate that as task
complexity increases, both configurations experience a gradual
rise in cost. However, the 10 GHz configuration consistently
achieves lower costs compared to the 5 GHz configuration
across all complexity levels. Moreover, this highlights the
impact of computational power on system performance when
handling tasks of varying complexity. Systems with higher
computational power demonstrate better efficiency in manag-
ing increased task demands, resulting in reduced costs. The
trend further emphasizes the ability of the system to adapt to
different resource levels while maintaining stable performance.

Furthermore, Fig. 8 presents the average cost performance
of Q-DDPG and DDPG over varying task complexities, mea-
sured in mega cycles. As task complexity increases, both
methods show a gradual rise in cost. However, Q-DDPG
consistently maintains lower costs compared to DDPG across
all complexity levels. Furthermore, the results also show that
the cost increase for Q-DDPG follows a smooth and steady
trend, whereas DDPG exhibits a more linear and higher
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Fig. 7: Task complexity performance for frequency
variations.
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Fig. 8: Task complexity performance for algorithms
comparison

cost pattern. The gap between the two methods becomes
more evident at higher complexity levels, where Q-DDPG
continues to demonstrate lower costs. This suggests that Q-
DDPG handles increasing task complexity more effectively
than DDPG.

Fig. 9 depits the average cost performance of Q-DDPG with
and without DT across different system bandwidth values,
measured in MHz. As the system bandwidth increases, both
configurations experience a gradual decrease in cost. However,
Q-DDPG with DT consistently achieves lower costs compared
to Q-DDPG without DT at all bandwidth levels. This trend
highlights the effectiveness of DT in optimizing performance,
especially as more bandwidth becomes available. The results
further suggest that incorporating DT enables the system to
better utilize available resources, leading to improved effi-
ciency and lower costs under varying bandwidth conditions.
Additionally, the cost gap between the two configurations
becomes more noticeable as bandwidth increases, indicating
that the benefits of DT become more significant in higher
bandwidth environments. This observation emphasizes the
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Fig. 9: DTN performance

ability of DT to enhance adaptability and scalability, mak-
ing it particularly useful in scenarios with dynamic network
resources.

VI. CONCLUDING REMARKS

This study proposes a Q-DDPG-based framework for se-
mantic optimization in DT-enabled IoV networks, focusing
on optimized resource allocation and semantic processing in
dynamic vehicular environments. By leveraging a quantum-
inspired algorithm and the capabilities of DT, the framework
enhances semantic accuracy, reduces energy consumption, and
minimizes latency, ensuring both scalability and robustness
in highly variable network conditions. The integration of
quantum computing with semantic communication enables
simultaneous optimization of offloading strategies and com-
munication efficiency, addressing the challenges of real-time
adaptability and network uncertainty. Furthermore, this ap-
proach lays the foundation for hybrid optimization techniques,
seamless security integration, and practical deployment in real-
world IoV scenarios, making it a transformative solution for
next-generation intelligent transportation systems.
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