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Abstract—Vehicular edge computing (VEC) is critical for the
safe and efficient driving of intelligent vehicles, by which they can
offload computation-intensive tasks (such as driving environment
perception) to edge servers to overcome the limitations of onboard
computational resources and cooperate with others. One of the
major challenges faced by VEC is that the offloaded intelligent
driving tasks generally generate large amounts of data, which can
easily stretch and congest the vehicle communication channels. To
address the above challenges, we first propose a novel semantic
VEC (SVEC) architecture, which can extract the semantic
information of tasks and offload them to edge servers, thereby
achieving reliable and efficient offloaded task communication
and computation adaptively. Considering the scarce channel
resources of vehicles and the intelligent tasks with different
priorities and modalities, we define a novel user utility model
for SVEC and transform the problem of maximizing user utility
into a joint optimization problem of semantic feature extraction,
task offloading and resource allocation. Furthermore, to cope
with the complexity of the solution space of the optimization
problem, we propose a diffusion-based multi-agent reinforcement
learning algorithm, which improves the ability of agents to
explore the solution space through the diffusion process, thereby
achieving optimal decisions for semantic feature extraction, task
offloading and resource allocation. Simulation results show that
the proposed scheme improves the overall performance of SVEC
while reducing offload latency and average system cost.

Index Terms—Vehicular edge computing, semantic communi-
cation, task offloading, resource allocation, diffusion model, deep
reinforcement learning.

I. INTRODUCTION

ITH advances of autonomous driving and driving

demand of computation-intensive intelligent vehicle
applications, Vehicular Edge Computing (VEC) is emerging as
a transformative distributed paradigm that effectively reduces
the computational and communication burden of vehicles by
offloading tasks to proximal edge servers [1]. By avoiding the
propagation delay caused by transmitting data from intelligent
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vehicles with various levels of driving automation to cloud
data centers, VEC can effectively improve the performance
of compute-intensive and delay-sensitive intelligent vehicle
applications [2], [3]. In addition, VEC can also promote more
vehicles to participate in intelligent tasks, as multiple resource-
constrained vehicles can collaboratively process environmental
and driving data, thereby supporting intelligent vehicle appli-
cations such as intelligent warning, autonomous driving, and
real-time environmental perception [4].

However, the rapid growth in the number of intelligent
vehicles has intensified the conflict between the stringent
requirements of intelligent vehicle applications and the limited
resources of communication and edge infrastructure [5]. The
traditional VEC communication paradigm relies on the contin-
uous transmission of raw sensor data over resource-constrained
wireless channels. This results in excessive traffic load, severe
network congestion, and inefficient use of edge computing
resources, which collectively fail to satisfy the low-latency,
high-reliability, and privacy-sensitive requirements of safety-
critical vehicular applications. To address the above research
problems, in this paper, we first propose a semantic VEC
(SVEC) framework for reliable and efficient communication
and computing of the offloaded tasks. The proposed SVEC
architecture has two major building blocks, semantic vehicle
communication and context aware task oriented intelligent of-
floading. Semantic communication refers to a communication
paradigm that goes beyond the traditional approach of simply
transmitting raw sensor data. It focuses on analyzing and
extracting the key semantic features from multimodal data,
such as images, text, and sensor readings, for efficient rep-
resentation and communication over the vehicle channels [6].
By leveraging large deep learning models, semantic communi-
cation enables the transmission of essential semantic features
rather than the entire raw data, which helps to alleviate the
scarcity of spectrum resources while maintaining the fidelity
of vehicle perception data [7]. A new variable of compression
factor is proposed to facilitate a trade-off between the com-
munication efficiency and application performance. It is noted
that while semantic communication has been widely studied
for bandwidth-constrained scenarios and shows great potential,
such as in satellite communications [8]-[12], there has been
little investigation of semantic vehicle communication dealing
with multimodal data and challenging safety-critical intelligent
vehicle applications. In realistic VEC networks, vehicle tasks
often present multimodal characteristics, and wrong decisions
caused by semantic errors may lead to fatal consequences.
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The second major semantic building block of the SVEC
framework is context aware task oriented intelligent offloading,
tasked to adaptively and efficiently priorize data which are im-
portant for communication and allocate computing resources
under changing system contexts and constraints. While SVEC
holds great potential for intelligent vehicle applications, it
also introduces new challenges arising from the diversity of
intelligent tasks with different priorities and data modalities,
and complex decisions to be made on semantic extraction,
computing offloading, and resource allocation. In addition,
the additional computational overhead caused by the semantic
extraction and reconstruction process, as well as the trade-off
between the extraction, transmission, and offloading latency
of semantic information and energy efficiency, needs to be
considered [13]. To address these problems, we formulate an
optimization problem for the communication and intelligent
offloading tasks with a new system utility model. As the solu-
tion space of the optimization problem is a mixture of discrete
variables and continuous variables, we develop a diffusion-
based multi-agent deep reinforcement learning scheme for the
intelligent vehicles to cooperate and compete under SVEC.
The diffusion-based deep reinforcement learning model is
exploited to explore the environment through the diffusion
process and efficiently determines the optimal semantic fea-
ture extraction and task offloading strategies. While deep
reinforcement learning has been widely studied for collabo-
rative task offloading [14]-[19], existing solutions still face
challenges such as low exploration efficiency and insufficient
policy generalization when dealing with multi-agent policy
coupling VEC scenarios. It is worth further investigating how
to enhance the agent’s exploration of the complex solution
space and achieve optimal decisions for semantic extraction,
task offloading, and resource allocation.

The major contributions of this paper can be summarized
as follows.

e We propose a novel SVEC architecture for semantic
feature extraction and task offloading. The proposed
architecture enables connected vehicles to quickly extract
semantic information from different tasks, significantly
reducing the amount of offloaded data while retaining the
core information of tasks. Meanwhile, by leveraging the
real-time perception of local and environmental status, the
connected vehicles in the SVEC can adaptively determine
the offloading strategy, further reducing the computing
pressure of the vehicle and the overhead of transmitting
semantic information during task offloading.

e To further improve the performance of SVEC, we de-
sign a novel diffusion-based multi-agent reinforcement
learning scheme to solve the optimization problem for
semantic communication and computing. By leveraging
the generative and exploratory capabilities of the diffu-
sion process, connected vehicles can better model the un-
certainty in state transitions and generate diverse actions,
thereby achieving optimal decisions for semantic feature
extraction and task offloading. Moreover, the proposed
scheme can efficiently manage and allocate resources,
ultimately achieving the best balance between semantic

fidelity, system latency, and resource consumption.

e We conduct extensive simulations to verify the reliability
of the proposed scheme. Considering the multimodal
characteristics of intelligent tasks, we construct a mul-
timodal SVEC system based on Transformer and convo-
lutional neural networks (CNN), which can extract and
encode semantic features from text, image, and speech
data. Simulation results show that the proposed scheme
improves the overall performance of SVEC while reduc-
ing offload latency and average system cost. In addition,
the proposed scheme outperforms the benchmark with an
overall reward of 1.21x higher, showcasing its superior
performance in resource-constrained SVEC.

The structure of the paper is as follows: Section II discusses
related work, while Section III presents the system model
and defines the optimization problem. In Section IV, we
introduce our diffusion-based multi-agent deep reinforcement
learning algorithm. Section V provides a detailed performance
evaluation, and Section VI concludes the paper.

II. RELATED WORKS
A. Semantic Communication

In recent years, semantic communication has attracted ex-
tensive attention from academia and industry. Semantic com-
munication aims to improve communication efficiency and
reduce bandwidth requirements by extracting and transmitting
the semantic information of data rather than the raw data. Xie
et al. [20] proposed a deep learning-based semantic communi-
cation scheme that can effectively extract semantic information
from text and outperforms traditional communication methods
under different signal-to-noise ratio (SNR) environments. Yang
et al. [21] studied how to enhance edge intelligence through
semantic communication and emphasized the potential of
semantic communication to achieve real-time intelligence on
edge devices. Qing et al. [22] proposed a semantic commu-
nication architecture supporting cloud-edge-device computing
to achieve distributed and collaborative semantic services.
However, in real scenarios, the data generated by connected
vehicles usually contains multimodality, including images,
lidar, GPS, and text or numerical sensor data [23]. Although
semantic communication has been explored in various con-
texts, most existing approaches focus on single-modality in-
puts and fixed communication environments. Furthermore, the
computational and storage capabilities of individual vehicles
are typically constrained, posing new challenges for adaptive
allocation of limited resources during semantic extraction and
task offloading.

B. Semantic-aware Edge Computing System

Many works have explored integrating semantic commu-
nication into VEC to enhance task offloading and resource
allocation efficiency. Wang et al. [24] proposed an adaptive
semantic resource allocation paradigm based on semantic bit
quantization, which can dynamically provide resource alloca-
tion strategies for users according to the perceived semantic
tasks and channel characteristics. Zheng et al. [25] studied the
dynamic resource allocation problem of semantic extraction
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tasks in edge networks, achieving a flexible trade-off between
system benefits and costs while ensuring the performance
of semantic extraction tasks. Cang et al. [26] introduced a
semantic-aware framework for joint communication and com-
puting resource allocation in edge computing networks. This
work jointly optimizes semantic-aware partitioning factors and
resource management to minimize system energy consumption
under long-term latency and processing rate constraints. In
SVEC, the challenges become more complex due to the highly
dynamic nature of communication conditions, varying levels of
semantic relevance across tasks, and the heterogeneity of ve-
hicles in terms of communication resources, task preferences,
and semantic processing capabilities [27]. Existing schemes
do not fully consider the impact of vehicle heterogeneity
and dynamic changes in the SVEC environment on semantic
extraction, task offloading, and resource allocation strategies,
which hinder their performance in safety-critical and latency-
sensitive applications.

C. Multi-agent Reinforcement Learning for Decision Making

Multi-agent reinforcement learning, as a collaborative opti-
mization technology, is suitable for joint offloading decisions
and resource management of different connected vehicles
in SVEC [28]. Hoa et al. [29] used the advantage actor-
critic and proximal policy optimization methods to optimize
the computing resource allocation and task offloading in the
semantic communication system, and effectively reduced the
latency of the entire semantic communication system. Hoa
et al. [29] utilized the advantage actor-critic and proximal
policy optimization methods to optimize the computing re-
source allocation and task offloading strategies in semantic
communication, effectively reducing the latency of semantic
communication services. Shao ez al. [30] proposed a soft actor-
critic (SAC) based spectrum decision optimization method in
semantic communication, which improved the performance
of vehicle semantic communication and alleviated the prob-
lems of spectrum scarcity and network traffic. However, SAC
algorithms often rely on single-agent reinforcement learning
frameworks, which fall short in capturing the collaborative
dynamics and heterogeneous interactions among multiple vehi-
cles in SVEC systems [31]. Ji et al. [32] proposed a semantic-
aware task offloading system based on Multi-Agent Proximal
Policy Optimization (MAPPO) and designed a unified quality
of experience standard for different tasks, which can extract
the semantic information of the task and offload it to the edge
server. However, their framework lacks adaptive mechanisms
to handle the heterogeneity and semantic relevance fluctu-
ations in realistic vehicular environments. Therefore, there
is a pressing need for a solution that dynamically balances
semantic communication efficiency, latency, and resource con-
sumption while accommodating the diverse characteristics of
multimodal tasks.

Note that most of the current work does not fully consider
the complexity of multimodal data in SVEC, and how to
dynamically provide vehicles with different modal semantic
feature extraction, task offloading and resource allocation
strategies. In this paper, we propose a novel SVEC architecture

for semantic feature extraction, task offloading, which can
quickly extract key semantic features in different modal tasks
and efficiently offload them to edge servers. Meanwhile, we
propose a diffusion-based multi-agent reinforcement learning
framework to adaptively adjust semantic extraction, task of-
floading and resource allocation strategies in complex SVEC
environments.

TABLE I
MAIN SYMBOLS

Notation Definition
N The number of vehicles in SVEC
an Data size of the task of vehicle n
pn(t) The task offloading decision of vehicle n
g Priority of the different modal task by vehicle n
rn(t) Transmission rate from vehicle n to the edge server
tm(t) Total processing latency of connected vehicle n
EM(t) Total energy consumption for vehicle n’s current task
An () Semantic extraction factor of vehicle n
pmaeT Maximum transmit power constraint

T Maximum execute latency constraint

F}L"C‘”—m“‘” Maximum computing capability of vehicle n

Fmaz Maximum computing capability of edge server
Eer Maximum battery capacity of vehicle n
Bmar The upper limitation of total bandwidth

0, The parameter of the behavior actor network
T, The parameter of the behavior critic network

III. SYSTEM MODEL
A. SVEC Architecture

Fig. 1 depicts a SVEC architecture for semantic feature
extraction and task offloading. In SVEC, connected vehicles
need to perceive the surrounding environment in real-time to
improve safety, including obstacles, pedestrians, lane lines,
etc., and achieve collaborative perception and decision-making
by sharing environmental perception information among mul-
tiple vehicles. The core of SVEC lies in its ability to ex-
tract meaningful semantic information from multimodal sensor
data, such as that collected from cameras, microphones, and
other sensors. This extracted semantic information enables
vehicles to offload tasks to the edge, utilizing the computing
power of the edge server to process complex tasks like object
recognition, lane detection, and traffic sign recognition. The
semantic feature extraction and task offloading process in
SVEC is as follows: 1) Semantic Extraction: Each vehicle
extracts task-relevant semantic information using different
semantic encoders deployed within the vehicle system. These
encoders analyze the sensor data to identify and extract the
key features required for the task. 2) Task Offloading: The
extracted semantic information is sent to the edge server
through the uplink channel. This offloading process is adap-
tive, depending on the vehicle’s task preferences, priority, and
network conditions. 3) Processing and Result Return: The edge
server decodes the received semantic information, processes
the task, and returns the processed results to the vehicle,
enabling it to act on the information for further decision-
making.

Considering the multimodal nature of tasks in SVEC, we
focus on computational tasks involving text, image, and audio
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Fig. 1. The proposed SVEC architecture for semantic feature extraction and task offloading. This architecture allows vehicles to extract semantic features
from the environment, offload tasks according to priority and resource availability, and optimize resource allocation for efficient operation.

data, and showcase the overall process of semantic communi-
cation. The proposed SVEC consists of semantic transmitters
deployed in connected vehicles and corresponding receivers
deployed on edge servers. The semantic transmitter includes
both a semantic and a dynamic channel encoder, while the
receiver is comprised of a channel and a semantic decoder. We
utilize the Transformer and CNN to implement the transmitter
and receiver. Specifically, for text data, the Transformer is
employed to extract semantic information in natural language
processing. For image data, we utilize CNN to capture key
features and represent them as semantic vectors. For speech
data, preprocessing converts the audio into a mel-spectrogram,
which is then fed into the CNN to extract speech semantics.

B. System Model

We define the set of connected vehicles as V =
{1,2,...,n,...,N}. The data size of the task currently being
processed by vehicle n is denoted as d}', where m € {T :
text,Z : image,S : speech}. Each input is then processed
to extract the corresponding encoded features. The task data
d; undergoes feature extraction using a semantic encoder f,,
specific to the modality. After extracting the semantic features,
the next step is to utilize the channel encoder z,, to encode
the semantic information into a form suitable for transmission
over the wireless channel. Therefore, the encoded semantic
signal is represented as:

sn = Zm (fm(dy)'; 0m)), (D

where z, and f,, are the channel encoder and semantic
encoder, respectively. d" is the task data generated by vehicle
n. 6,, is the parameter of the semantic encoder of modality
m. The transfer process involves transmitting the encoded

semantic signal s;' from the connected vehicle n to the edge
server. The transmitted signal y;* can be represented as:

y;n = hnszln + N,y (2)

where h,, denotes the channel gain from vehicle n to the edge
server, while n,, represents the noise power of zero-mean
additive white Gaussian noise. The edge server then decodes
the received semantic information through the decoder, where
the decoded output is given by:

S = (2 (U2 0m)), 3)

To improve communication quality and mitigate co-channel
interference, we introduce orthogonal frequency division mul-
tiple access to support high-efficiency communication systems,
which allows for multiple users to transmit simultaneously
over different frequency subchannels, thus improving overall
communication performance. Therefore, the transmission rate
from connected vehicle n to the edge server at time slot ¢ can
be denoted as:

Y

Pn
rn(t) = by (t) logy (1 + — 2

where b, (t) is the uplink bandwidth resource obtained by
vehicle n. p,(t) represents the transit power of vehicle n,
and o2 denotes the noise power. The channel gain h,,(t) is
given by h,(t) = gn(t)|un(t)|?, where g,(t) is the large-
scale fading and w,,(t) is the small-scale fading. We define a
semantic extraction factor A, € (0,1] for connected vehicle
n. The larger the ), the lower the semantic compression and
the more data needs to be transmitted. Conversely, the smaller
the A,, the higher the semantic compression and the less
data needs to be transmitted. When \,, = 1, the vehicle will
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transmit all the data for the task. Therefore, the transmission
latency is given by:
n (D) d™ A\,
ti’r’anS(t) — P ( ) n ,
T'n (t)
where p,,(t) € {0, 1}. Tasks are processed locally at vehicle n

when p,,(t) = 0, or offloaded to the edge server when p,, (t) =
1. d™(t) is the size of the raw task generated by vehicle n.

&)

C. Computing Model

The computation latency for connected vehicle n depends
on whether the task is processed locally on the vehicle or
offloaded to the edge server. The computation latency of
connected vehicle n can be defined as:

(1 = pu (D)5 ()57

F ) if pn(t):(),

veh _ n

W= g e o1
Fn)\n ) Pn -5

where ¢ is the computing consumption of the current task
computed by vehicle n. F), is the computing capability of
vehicle n. When tasks are offloaded to the edge server, the
computation time of tasks on the edge server can be expressed

as:
te19°(t) = dp ()l n Y pu(t)/ Fe, (7)
nenN
where c' is the computing consumption of the current task
computed by the edge server, and 7 is a positive compensation
factor. F, is the computing capability of the edge server. The
total processing latency for vehicle n’s current task is the sum
of the transmission latency, vehicle computation latency, and
edge server computation latency. Therefore, we can define the
total processing latency as:

t(t) = p () (™ (£) + o™ (t) + te9°(t))
+ (L= pu(t)toc™ () (8)
= pulE) (L™ (8) + 49°(1)) + i (1),

D. Energy Consumption Model

The energy consumption of connected vehicles and edge
servers plays a significant role in optimizing the SVEC per-
formance. The energy consumption of each vehicle depends
on various factors, including the vehicle’s operation time,
computing power, and the energy required for communication
with the edge server. Therefore, the energy consumption of
connected vehicle n can be donated as:

Ept(t) = katy™ (8)Fa® + pa (1" (2), ©)

where k,, is the energy coefficient of vehicle n. Similarly, the
energy consumption of the edge server associated with vehicle
n can be described as:

BL9°(t) = rets™(0)(E.) 3 pu(0)’, (10)
neN

where k. is the energy coefficient of the edge server. Finally,

the total energy consumption for vehicle n’s current task is

the sum of the energy consumed by both the vehicle and the

edge server, which can be expressed as:

EJM(t) = Epeh(t) + E%e(t), (11)

E. Task Prioritization Model

In SVEC, connected vehicles often have different prior-
ities for tasks in different modalities due to time-varying
environments and differences in vehicle states. According to
the allowed latency threshold, tasks of different modalities
are classified into high-priority and low-priority tasks. High-
priority tasks, such as navigation and vehicle road percep-
tion, are subject to stringent delay constraints. If these tasks
cannot be completed within their maximum tolerable latency,
they are considered a failure, which may lead to significant
consequences for the vehicle’s safety. In contrast, low-priority
tasks, such as in-vehicle entertainment applications, have more
flexible latency requirements. While latency in these tasks may
degrade user experience, they do not affect the vehicle’s overall
operation. Therefore, the utility function for high-priority tasks
can be defined as:

Pt (t) = max(—C, logy (1 + Ty (1) — ti (1)), (12)

where T} (t) represents the maximum latency limit, and C
is a constant indicating the penalty for failing to complete a
high-priority task. For low-priority tasks, the time constraint
is more relaxed, and the low-priority task is still available
even if it is not completed within the maximum latency. The
difference between the latency of the task and the maximum
delay latency affects the utility of the low-priority task, where
the larger the delay difference, the faster the utility decreases.
Therefore, the low-priority utility function is given by:

Plow(t) =C- (14 (Twe(t) — ()™, (13)

Therefore, we can define the priority-based latency utility
function as:

P (t) = PPyt () + (1= G P (8),

where ()" = {0,1} is the priority of the different modal task
set by vehicle n, (/' = 0 means the task is of low priority,
otherwise, it is of high priority.

(14)

IV. PROBLEM FORMULATION
A. Problem Formulation

To assess the semantic communication performance in
SVEC, we design the semantic fidelity of the data received
and decoded by the edge server from the vehicle, which is
an indicator that quantifies the similarity between the original
vector data and the received vector data at the semantic
level. The semantic fidelity is evaluated through a siamese
network model, which compares the original encoded data
with the decoded data to capture any distortions or losses
in semantic information during transmission and decoding.
By leveraging the siamese network model, we can effectively
measure how well the semantic meaning is preserved after
the communication process, thus offering a more accurate
representation of the communication quality at the semantic
level. The semantic fidelity can be mathematically expressed
as: -

- — )
T lsl sl
n n
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where s]' and s/7n\" refer to the embedding vectors in the
vehicle’s encoder and edge server’s decoder.

In order to accurately evaluate the overall efficiency and per-
formance of the SVEC system, we introduce the system gain
as a utility function, which serves as a comprehensive measure
of the system’s performance. This metric is defined as the
weighted sum of three key performance indicators: semantic
fidelity, task priority, and energy consumption. These perfor-
mance metrics are crucial for optimizing the task offloading
process as they jointly reflect the trade-offs among semantic
accuracy, offloading efficiency, and resource consumption. The
semantic fidelity is incorporated to ensure that the integrity
of task-relevant information is preserved throughout the pro-
cess, preventing the loss of important data that could impact
decision-making, especially in safety-critical applications. The
task priority is addressed by prioritizing critical tasks to ensure
low-latency execution, while non-critical tasks are managed
effectively with more flexible latency tolerances. Finally, en-
ergy consumption is a critical factor for the sustainability
of intelligent vehicle systems, and we have incorporated it
into the utility function to optimize resource usage while
minimizing unnecessary energy expenditure. This composite
metric, system gain, captures the interaction between these
factors while accounting for the varying importance of each
task based on its priority level. Therefore, the utility function
for system gain is formally expressed as:

Zw"Em W B (t) +

where /¢, " and 1)/ are the degrees of preference for energy
consumption, latency and semantic fidelity, respectively. The
sum of 1/°, 1)* and 1)/ are equal to 1. To determine the optimal
offloading, semantic compression rate, offloading power, and
bandwidth allocation strategy in the SVEC environment, it
is essential to achieve the best balance between latency and
resource consumption while staying within a given resource
budget. To this end, we define a common optimization goal
that seeks to minimize latency and resource consumption while
improving semantic fidelity. The optimization problem can be
formally expressed as:

PIsm(t),  (16)

PO : Jmax Jim ; nzl Un( (17)
st. pa(t) €{0,1}, VneV, (17a)
0<M(t)<1, VneV, (17b)

pn(t) <p™m*. Vn eV, (17¢)

tm < T VeV, (17d)

F, < Flecalmaz = gy ¢y (17e)

F.+ ZN F, <F™* vyneV, (170

n=1

S™ > Spin, VYR eV, (172)
Z:ﬂ ba(t) < B™*®  Vn eV, (17h)

lim Y BN <EPT, YneV, (17D

where {p, \,p,b} = {pn(t), \n(t),Pn(t), bpn(t)},¥n € N.
(17a) is the offloading choice, (17b) is the semantic extrac-
tion factor, p™** in (17c) is the maximum transmit power
constraint, T"7F in (17d) is the maximum execute latency
constraint, F.°¢¢l-m9 in (17e) is the maximum computing
capability of vehicle n, F, in (17f) is the maximum computing
capability of edge sever, Sy, in (17g) is the range of semantic
fidelity, B™%* in (17h) is the maximum total bandwidth of
edge sever, £7'** in (171) is the battery capacity of vehicle n.

B. Problem Simplification

The difficulty in directly solving the PO problem arises from
the long-term average energy constraint, which intertwines
the strategies for semantic extraction, task offloading, and re-
source allocation across multiple time slots. To overcome this
challenge, we employ a Lyapunov optimization approach that
introduces a virtual energy-deficient queue. This queue helps
manage the coupling between resource allocation decisions
and task offloading decisions to ensure that the long-term
energy constraint is met. Lyapunov optimization is a well-
established technique for controlling dynamic systems that
optimizes performance by balancing various constraints while
ensuring system stability and efficiency [33]. In our prob-
lem, Lyapunov optimization can facilitate the decision-making
process by managing the energy consumption dynamically,
allowing for real-time adjustments to semantic extraction, task
offloading, and resource allocation strategies. The evolution of
the energy-deficient queue follows a specific dynamics, which
can be expressed as:

Qn(t+1) = maz {Qn(t) + E;'(t) —

Regarding the optimization objective for all vehicles, we
reformulate the original problem PO into:

1 max, Z Z Un

t=1n=1

E* 0}, (18)

)+ @n(t) - (B (1) — EZ'™)

19)

s.t. Constraints (17a) - (17h) in PO,

Therefore, our subsequent objective is to solve the
mixed-integer programming problem P1 at each time step,
which presents significant computational challenges due to
its hybrid discrete-continuous decision variables {p, A, p, b}
and non-convex objective function. Conventional meth-
ods—including heuristic algorithms and decomposition-based
techniques—often yield suboptimal solutions or suffer from
prohibitive computational complexity, especially as the prob-
lem scales. To this end, we next introduce the diffusion model
into the proposed SVEC framework to solve P1.

C. The Forward Process of Probability Noising

In recent years, the Denoising Diffusion Probabilistic Model
(DDPM), an emerging generative model, has gained promi-
nence in the field due to its unique advantages. As shown
in Fig. 2, DDPM typically involves two key processes: the
forward process and the reverse process. The forward process
involves progressively adding noise to the real data. This is
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Fig. 2. The illustration of the diffusion model for generating optimal action.
This model utilizes a diffusion process to iteratively refine the action selection
in multi-agent systems.

done through a series of steps, where at each step, a small
amount of Gaussian noise is added to the original data, slowly
degrading the data until it becomes indistinguishable from
pure noise. The reverse process is where the actual data
generation takes place. Starting from random noise, the reverse
process gradually removes the noise step-by-step. At each
step, the model attempts to denoise the current noisy state by
leveraging learned parameters, ultimately reconstructing data
that resembles the original real data. In this paper, problem P1
involves a hybrid solution space composed of both discrete and
continuous variables, which leads to an exponential increase
in complexity as the number of vehicles grows. To address
this challenge, we incorporate the reverse diffusion process
of the denoising diffusion probabilistic model (DDPM) into
the multi-agent reinforcement learning (MARL) framework.
Specifically, we utilize the multi-step denoising mechanism
of DDPM to progressively refine random noise into high-
quality action samples, thereby guiding the agents toward
more optimal solutions during training. This not only enriches
the diversity of policy exploration but also enhances training
stability in complex, dynamic environments. In addition, ben-
efiting from the implicit generation capability of DDPM, the
agent is able to effectively capture the dynamic changes of the
SVEC environment, thereby providing a fine-grained, time-
aware state representation. Next, we introduce the forward
process and the reverse process of DDPM, respectively.

During the forward process, starting from the initial distri-
bution 2!, Gaussian noise is progressively added to generate
the sequence {xl,x2 ... 2K}, At each step, the transition
from 2¥~! is modeled as a normal distribution with mean

1-— ﬁkxﬁ_l and variance (I, where 8;I adjusts the amount
of noise. This process effectively introduces noise to the initial
decision vector at each step, gradually transforming it into
pure noise as k increases. Therefore, the forward process can
be defined as:

plahlah™) = N (2 VT=Brak™ Al

where the variance changes over time, the edge server adjusts
the amount of noise added in the forward process, this can be
described as 5, = 1 — e -5 (ﬁ’”““_ﬁ’”’"”), Bmin and
Bmaz represent the minimum variance and maximum variance,
respectively, and K represents the diffusion step.

The forward process is a Markov process where each state
2 depends only on its previous state x¥~!. As a result, the

(20)

min
k

distribution of #X given 20 can be expressed as the product

of conditional transitions over all denoising steps, as follows:

p(xf ) Hp ah|zht), 1)

Then we can associate the initial state 2, with any interme-
diate state z¥ in the diffusion sequence. This relationship can
be expressed as:

= Varzd + V1 — agér,

where, ap, = 1 — B, and a; = Hleaz represents the
cumulative product of a, over the previous denoising steps
z. Additionally, ¢ ~ N(0,I) is a standard normal noise
vector. However, in the SVEC system, the optimal decision
20 cannot usually be obtained directly in the process of
solving the optimization problem P1, because 2 represents
the ideal decision under the observation condltron, and is
usually unknown or unavailable. Therefore, in the proposed
scheme, we do not consider the forward diffusion process of
DDPM.

(22)

D. The Reverse Process of Probability Inference

The reverse process is a denoising process that infers the
target 29 from pure Gaussian noise X ~ N(0,I). It is
1mplemented through a neural network trained to predict the
noise component at each diffusion step, thereby enabling
iterative refinement of the noisy sample towards the clean data
distribution. In this paper, we utilize the reverse process to
gradually remove noise and obtain the optimal semantic ex-
traction, task offloading and resource management strategies.
This reverse process can be described as:

- - 1 —ag—
plan o) = N ™ s un(@n), 77 =Bel),  (23)
where p represents the predicted mean value of x *{ given
the noisy sample x*. Additionally, the variance :“g;l

controls the amount of noise to be removed at each step. To-
gether, the learned mean and the deterministic variance guide
the reverse process [34], enabling the model to progressively
recover the target # from the noisy state x5

According to Bayes’ theorem, the reverse diffusion process
can be mathematically derived through the conditional proba-
bility distribution of the forward process, rather than directly
calculating the reverse process itself, allowing us to express
the reverse process as a function of the forward process.
Specifically, the reverse process becomes a reparameterization
of the forward process, whose goal is to gradually denoise the
samples. In this way, we derive the mean of each step k of
the reverse process by considering both the noisy data and the
learned noise model. The mean can be expressed as:

Mﬁ(xfz) — \/(Tk(lfdk—l)x \/ak 1 t

1— oy " 11—« T”

(24)

The reconstructed sample z¥ can be directly obtained by
applying the reverse process iteratively based on Eq. (23).
Specifically, at each time step, the mean is calculated using the
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noisy sample zX and the predicted noise. The reconstruction
of #¥ involves progressively refining the noisy sample by
removing noise at each step using the computed mean, as

shown in:
V1i—ap .

g * €0, (25)

1
_ k
Ty = —=—=7T, —

Vo (%
where the denoising operation is implemented through a deep
neural network £¢(z% k. o,). This model is responsible for
predicting the noise component at each step of the reverse
process according to the observation o,, helping to refine
the sample z¥ and recover the original data z¥. By carefully
controlling the noise magnitude, the model can maintain stable
learning while progressively denoising the sample towards the
target distribution.

Since the reverse process introduces new independent noise
€k, which is different from the forward noise e at each
denoising step k, we cannot directly obtain 2 using Eq.
(25). Therefore, to estimate the mean more effectively, we
substitute Eq. (25) into Eq. (24). This substitution allows us
to approximate the denoised state %=1 based on the predicted
noise at each step, leading to the following expression:

Q

1—Oét

1
k k =
2 kyon) = — T T ) 26
On (xn ) \/ak (xk 1 . ‘5971) ( )

Due to the non-differentiability of the sampling operation
during the training of diffusion models, the model is prevented
from learning efficiently via gradient descent. We overcome
this problem through the reparameterization technique, ex-
pressing the reverse process sampling as:

1— oy

mﬁt &
where ¢ ~ A(0,I) is a noise term independently sampled
from the standard Gaussian distribution. By iteratively ap-
plying the reverse update rule, as defined in Eq. (28), we
can progressively compute all the intermediate samples 2%
for each step k. This iterative process gradually denoises the
sample, starting from a randomly generated normal noise %
and refining it towards the target output z¥. To convert the
output sample z¥ into a probability distribution, we apply the
softmax function. The final output is normalized to obtain a
valid probability distribution:

o, (on (1)) = {v c v}.

Zg:l en
where ¥ represents the generated sample. The resulting
probability distribution 7y, (0,(t)) represents the likelihood
of each possible decision or outcome under the observed state
o, enabling the model to make decisions based on the learned
distribution.

ah ™l =g (28, k,0,)) + 27)

(28)

V. DIFFUSION-BASED MARL OPTIMIZATION SCHEME FOR
DECISION MAKING

In this section, we first model the problem as a Markov
Decision Process (MDP). We then present the architecture of
our diffusion-based multi-agent deep reinforcement learning
(DMADRL) algorithm. Finally, we provide an analysis of
the computational complexity associated with the proposed
method.

A. MDP Model

Next, we model problem P1 as a MDP to effectively
capture the sequential decision-making process involving se-
mantic extraction, task offloading, and resource allocation in
SVEC systems. By considering the long-term impact of state
transitions and real-time decisions, the MDP framework is
able to derive the optimal strategy that dynamically balances
immediate performance metrics with future resource avail-
ability, ultimately ensuring sustainable and efficient semantic
extraction and task offloading across the SVEC system.

State: The state O reflects the current environment and
provides the necessary information to support decision-making
for the vehicle n. Within the state space, each state o,
is represented as a vector that integrates all the relevant
information required for determining the next action. This
includes not only the characteristics of the current task, such
as task priority, local resources, and deadlines. Thus, the state
on(t) of agent n is formulated as:

On (t) _ {dm7Emam Tma."c, C:Ln,Flocal_maz}7

n n,m’-nm n

(29)

The joint state space O(t) represents the combined set of all
possible states for all agents in the SVEC system, and is given
by:

O@t) ={o1(t),...,0n(t),...,on(t)}. (30)

Action: The action a, is determined by the diffusion-
based network, where o, represents the input to the net-
work. Specifically, a,, ~ 7y(0,), meaning that the action a,,
is sampled from the probability distribution represented by
mg(0r). Therefore, the action a,, of agent n can be formally
represented as:

an(t) = {Au(t), pn(t), Pn(t), bu(t) },

The joint action space .A(t) represents the set of all possible
actions that can be taken by all agents at time step ¢, and can
be represented as:

A) = {ar(®), . an(®), .. ..an(t)}).

Reward: The reward represents the return received by the
vehicle n after it implements an action a,(t). This reward
influences the vehicle’s subsequent training strategy and con-
tributes to its long-term performance. The reward function
encourages efficient and accurate decisions that enhance the
vehicle’s overall performance, and can be defined as:

ra(t) =V - Un(t) + Qn(t) - (B, (t) — E;"7),

€1V

(32)

(33)

where V' is a positive control parameter. Each agent’s reward
r,(t) is influenced by the actions taken by others, creating
a collaborative SVEC environment that encourages semantic
extraction, task offloading, and resource allocation, ultimately
achieving optimal performance across the SVEC system.
Therefore, the joint reward space can be defined as:

RE) = {r1i(t),...,ra(), ..., rn()}).

The primary objective of the vehicle in SVEC is to establish
an optimal trade-off among semantic fidelity, execution la-
tency, and energy expenditure. For the reinforcement learning

(34)
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framework, this translates to maximizing the expected return,
formally defined as the time-discounted summation of future
rewards:

+oco N

Z Z VTn (t) |0n(t)7 o

t=1n=1

R(o,(t), e (35)

where v € (0,1] is the discount rate, determining the weight
of future rewards relative to immediate rewards.

B. Diffusion-based MARL for Decision Making in SVEC

In SVEC, connected vehicles not only generate tasks with
different modalities and service requirements, but also have
differences in storage, computing, communication capabilities,
etc. Therefore, it becomes crucial to determine the semantic
extraction, task offloading and resource allocation strategies of
connected vehicles in a fine-grained manner. In the traditional
reinforcement learning framework, the agent obtains feedback
information by interacting with the environment, performing
actions, and observing the state changes of the environment.
However, in practical deployments, environmental stability is
frequently compromised by the complex interdependencies
among heterogeneous agents, impeding the rapid convergence
of learning processes. To enable coordinated optimization of
semantic extraction, task offloading, and resource allocation in
SVEC systems, we devise a novel DMADRL algorithm. As
shown in Fig. 3, we model each vehicle as an independent
agent, where every vehicle deploys a DMADRL model. The
DMADRL model is composed of several key components:
a global replay memory, which stores experiences from all
agents to facilitate efficient learning; a target network, used to
stabilize training by providing fixed targets for the Q-values;
and a behavior network, which guides the decision-making of
each agent. To enhance collaboration among multiple vehicles,
we employ the Centralized Training Decentralized Execution
(CTDE) mechanism, which enables the agents to be trained in
a centralized manner while executing their policies indepen-
dently, allowing them to collaboratively explore the solution
space. The behavior network employs an actor-critic frame-
work. The actor network g, (0,(t)) and the critic network
Q(O, A | ¢,) work together to guide the agent’s decision-
making process, where 6, and ¢, denote the policy and
value function parameters, respectively. The target network
is designed to stabilize the performance of the model and
exhibits the same framework as that of the behavior network.
Furthermore, each vehicle combines its states to generate
comprehensive information, which is then stored in the replay
memory D. The replay memory consists of the current state
O, the action A, the next state @', and the reward function
R. The behavior network is trained by randomly sampling
experiences from the global replay memory.

The actor network performs semantic extraction, task of-
floading, and resource allocation decisions, which are gener-
ated by mapping the current state o (¢) to actions 7y, based
on the reverse process of DDPM. However, sampling from
discrete distributions is not differentiable, which makes it
difficult to train using standard backpropagation algorithms.
To overcome this challenge, we employ a technique called the

Reverse Process

‘ @ @ Gau55|an

Softmax
Actor an .
network Optlmal - VTS

Action p(xk- 1|xn) Noise (Xn k,0,) Noise
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Fig. 3. The proposed DMADRL scheme for decision-making in SVEC. This
scheme includes key components such as the actor, which generates actions
based on the current state, the critic, which evaluates the selected actions, and
the replay memory, which stores past experiences for improved learning.

gumbel softmax trick [35]. We assume the presence of NV
actor networks 7y, . The training process employs experience
replay with prioritized sampling from a centralized buffer
D storing historical transition tuples. During each training
iteration, we uniformly sample a mini-batch B, where each
sample consists of a tuple (0,a,r,0'), and the deterministic
policy gradient for each actor network my, is computed,
enabling the model to refine its decision-making process based
on the feedback received from the environment. Therefore, the
policy gradient of the actor network can be defined as:

Vo, T (0n) =

(36)
Eo,awD [VO,L Te,, (an ‘On)va” Qﬂ‘gn (07 az,...

,an)]

where Qr, (O, ay,...,ay) denotes a centralized action-value
function, which is computed by the corresponding critic net-
work for all agents.

The objective of behavior critic network is to minimize the
error between the current network’s estimated Q value and the
target Q value to optimize the critic network’s parameters ¢,,.
To improve the reliability of the critic network’s evaluation of
the action generated by the actor network, Q, is periodically
updated based on the temporal difference error between the
current action value estimate and the target value. For each
agent n, the loss function of the critic network for agent n
can be expressed as:

L(¢n) - Qr, (0,a1,...,an))?*], (37

= ]EQA,Rp’ [(y

where

; (38)

@~y ()

y = rn—l—’yQ%h(O/,a;,...,alN)

where Q. . 1s calculated by the target critic network for the

next state O and the next action (ay, .. .,ay). a; ~ g (0])
is the action generated by the target actor network
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To improve the accuracy of the target values, we employ a
soft update of the target networks at each training step. The
soft update process of the target network can be defined as:

0, + B, + (1 B)6,,
b, < Bn + (1= B)n,

where [ is the soft update parameter used to control the update
speed of the target network.

The decision-making process of vehicles is shown in Al-
gorithm 1. In line 1-2, SVEC initializes the actor and critic
network parameters to control and evaluate the vehicle actions.
At the beginning of each agent’s decision process, a noise
distribution X is initialized and sampled from a normal
distribution A/(0,I). In line 8-10, the algorithm applies a
diffusion model to estimate ey, calculate the mean and dis-
tribution. After the denoising process is finished, the local
action a,,(t) of agent n is determined according to the policy
mp,,, and then the action is executed, and the corresponding
reward r,(t) is calculated in line 11-12. In line 13-14, the
transition (O, A, R,®") is stored in the replay buffer D, and
then the agent transitions to the next state o, (¢ + 1). Once all
actions have been executed and rewards have been observed,
the algorithm proceeds to update the policy and evaluation
network of each agent. In line 15-18, for each agent n, a
mini-batch B is sampled from the replay buffer D, and the
evaluation networks of the actor and the critic are updated. At
the end of the episode, the target actor and critic networks are
updated according to the soft update rule.

(39)

C. Algorithm Complexity

We mainly consider the complexity of the proposed algo-
rithm from two aspects, that is, the complexity associated
with diffusion-driven action generation and the complexity
associated with network updates. Following the complexity
analysis methodology in [36], we emphasize that under the
CTDE paradigm, the observation collection and policy updates
for all vehicles are performed at a centralized server with suf-
ficient computational resources. Consequently, our complexity
analysis focuses primarily on the vehicle during the execution
process. Given the parallel deployment of agents in the SVEC,
the system complexity is bounded by the computation load
of a single vehicle. Specifically, we assume that each agent
n € V runs DMADRL based on the neural network depth
L, hidden layer dimension d, and denoising step K of the
diffusion model. Thus, the overall computational complexity
of the algorithm is given by O((K - L -d? + B- P)), where P
is the policy network parameter.

VI. SIMULATION RESULTS
A. Experimental Setup

1) Simulation Parameters: To evaluate the performance of
the proposed DMADRL framework, we simulate a SVEC
system. All the simulated experiments are conducted using a
Python 3.8 and Pytorch 2.3 platform, with one Intel i7-13700K
CPU and two NVIDIA RTX4090 GPUs. The simulation
consists of 20 connected vehicles, each equipped with an

Algorithm 1 DMADRL for Adaptive Decision-making

1 Initialize critic and actor network parameters;

2 for each episode do

3 Receive the initial local state O;

4 for each time slot t do

5 for n=1¢ N do

6 Initialize noise distribution % ~ N(0,1);
7

8

9

for denoising step k = K to 1 do
Estimate ¢y via diffusion model;
Compute the mean and distribution;

10 Utilize the reparameterization technique
to compute the distribution mfjl;

11 end

12 Determine the local action a,,(t) based on

the probability distribution 7, ;
13 Execute the action and calculate the
corresponding reward r,,(t);

14 Store the transition (O, A, R, ") in D;

15 Transfer to the next state o, (t + 1) ;

16 for each vehicle n =1 to N do

17 Sample mini-batch B ~ D;

18 Update each vehicle’s actor network
according to Eq. (36);

19 Update each vehicle’s critic network
following Eq. (37);

20 end

21 end

22 Update the target actor and critic network

according to Eq. (39);
23 end
24 end

independent DRL agent, where each agent is made up of an
actor network and a critic network. The optimizer used to
update the network parameters is Adam, where the learning
rate of the Actor network is 0.0001 and the learning rate of
the Critic network is 0.001, ensuring that both networks can
be efficiently optimized during training. To further assess the
framework’s performance in a multimodal SVEC, we select
three distinct datasets: the European Parliament Minutes as the
text dataset, the German Traffic Sign Recognition Benchmark
as the image dataset, and the Edinburgh International Speech
Corpus as the speech dataset. Each vehicle in the simulation
is initialized with manually configured data distributions to
simulate real-world variations in data availability and task
types. The simulation parameters are listed in Tab. II.

2) Benchmark Solutions: To evaluate the performance of
the proposed scheme, we compare it against the following five
benchmarks. Greedy [37]: Each connected vehicle selects the
optimal semantic extraction, task offloading and resource allo-
cation strategy at the current moment based on the historical
system gain. SAC [38]: SAC uses random strategies to explore
the complex relationship between semantic feature extraction
factors and channel states to achieve semantic communication
collaborative optimization. DDPG [39]: This scheme calcu-
lates the quality of actions through the critic network, which
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Fig. 4. Comparison of reward curves of DMADRL and benchmarks under different communication environments.

TABLE 11
SIMULATION PARAMETERS

Parameter Value
Total channel bandwidth B™%* 50MHz
Vehicle computation resource Fl, [3,5]GHz
Vehicle transmit power py, [0.6,0.8]W
Edge server computation resource F 100GHz
Noise power o2 8 x 10~ 12mW
Data size of task dI'* (1, 3]Mbits
Semantic extraction factor Ap [0.4,1.0]
Reward discount factor y 0.99
Size of replay buff D 50000
Target network update rate 0.001
Task request latency T,7"5” (5,25]ms
Number of task types [1,3]

evaluates the performance of the chosen actions. The actor net-
work then adjusts its parameters based on the feedback from
the critic network. MADDPG-RA [40]: Each vehicle drives
the intelligent agent to compete for edge computing resources
through a CTDE mechanism, where the Critic network models
the impact of multi-vehicle joint actions and the Actor network
generates policies that meet the constraints. MAPPO [41]:
MAPPO takes into account the stability and sample efficiency
issues in multi-agent environments, and limits the scope of
policy updates to ensure that the policy does not change
excessively, thereby avoiding an unstable training process.

B. Simulation Results

1) Convergence Performance: Fig. 4 depicts the conver-
gence behavior of the proposed scheme and the benchmarks
under different communication scenarios. As shown in Fig.
4(a), in general, in the scenario of semantic communica-
tion, our proposed DMADRL is more stable, converges at
250 episodes, and obtains higher situational rewards in the
training phase, showing the substantial benefits of the dif-
fusion process. The diffusion process significantly improves
the efficiency of action samples and alleviates the problem
of policy collapse in multi-agent environments. The reward
curve of SAC fluctuates greatly, and the reward value of

DDPG is always less than 20, indicating that their exploration
efficiency in SVEC is insufficient. MADDPG-RA converges
quickly in the early episodes but falls into a local optimum
in the later episodes. MAPPO performs smoothly, and the
reward value gradually rises to 22, showing the stability
advantage of its conservative update strategy in multi-agent
tasks, but its exploration ability is limited. As shown in Fig.
4(b), in the scenario of non-semantic communication, as the
number of episodes increases, the DMADRL algorithm and the
benchmarks finally converge to a smaller reward value than
the semantic communication scenario. Compared with Fig.
4(b) the introduction of semantic communication improves the
performance of all algorithms.

2) Effect of the Number of Vehicles: Fig. 5 shows the
impact of the number of vehicles on the average reward value
in different communication environments. In the semantic
communication scenario, DMADRL always outperforms other
benchmarks, demonstrating the efficiency of DMADRL in
achieving task offloading and resource allocation in SVEC. As
shown in Fig. 5(a), as the number of vehicles increases, the
gap between DMADRL and other benchmarks further widens,
demonstrating its scalability and excellent ability to handle
larger networks. SAC and DDPG perform relatively poorly
due to their limited ability to adapt to complex multi-agent
environments. MADDPG-RA and MAPPO perform better,
but are still inferior to DMADRL in terms of adaptability
and dynamic decision-making capabilities. As shown in Fig.
5(b), in the non-semantic communication scenario, as the
number of vehicles increases, the DMADRL algorithm and the
benchmark eventually converge to a smaller reward value than
the semantic communication scenario. Compared with Fig.
4(b), the average reward values of all algorithms are improved
after the introduction of semantic communication. Fig. 4 and
Fig. 5 show that the integration of semantic communication
enhances the collaboration between agents and achieves more
effective learning and reward maximization.

Fig. 6 depicts the impact of increasing the number of
vehicles on the average latency. The DMADRL algorithm
effectively reduces the average latency through semantic
communication enhancement and always outperforms other
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Fig. 6. Comparison of average system latency under different numbers of
vehicles.

algorithms. This performance advantage is primarily due to
DMADRLs ability to adapt to the dynamic conditions of the
SVEC environment, where communication and task offloading
are influenced by network congestion and resource availability.
As shown in Fig. 6, the SAC and DDPG algorithms exhibit
the highest latency and poor performance, especially when the
number of vehicles increases. This is because the SAC and
DDPG algorithms are inefficient in adapting to multi-agent
environments and cannot effectively handle dynamic network
conditions. Although MADDPG-RA and MAPPO have lower
latency than SAC and DDPG, they still have higher latency
and lower task offloading and resource allocation efficiency
compared to DMADRL.

Fig. 7 compares the proposed scheme with the average
cost under different numbers of vehicles, where the cost
is calculated as the weighted sum of latency and 10 times
the energy consumption, and lower values indicate better
performance. As shown in Fig. 7, DMADRL maintains the
lowest cost as the number of vehicles increases, demonstrating
its effectiveness in maximizing task offloading performance
while reducing the overall system cost. In contrast, the SAC
and DDPG algorithms exhibit relatively high average costs,
especially when the number of vehicles increases. These algo-
rithms have difficulty adapting to dynamic network conditions,
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Comparison of average rewards for different numbers of vehicles between DMADRL and the benchmarks under different communication scenarios.

5.5
o+ Greedy
501 == sac .
45 DDPG
MADDPG-RA et X
_ 40 MAPPO -
17 v
LES.S —— DMADRL (Proposed).‘ _______________ ) P
2
83.0
<
25
2.0
1.5

5 10 15 20 25 30
Number of Vehicles

Fig. 7. Comparison of average cost under different numbers of vehicles.

resulting in inefficient task offloading and resource allocation.
Although MADDPG-RA and MAPPO outperform SAC and
DDPG, their costs are still higher than those of DMADRL,
underscoring the superior trade-off between performance and
cost achieved by DMADRL.

3) Average Queue Length: Fig. 8 compares the average
queue lengths of the proposed scheme and the benchmark.
As shown in Fig. 8§, DMADRL maintains a stable minimum
queue length as the number of events increases, highlighting
the effectiveness of the algorithm in reducing congestion
and optimizing task offloading. This is particularly impor-
tant for ensuring that vehicles are able to efficiently offload
tasks without experiencing excessive delays or congestion. In
contrast, SAC and DDPG exhibit significantly longer queue
lengths, especially as the number of events increases, reflecting
their inability to efficiently manage network resources and
task offloading. MADDPG-RA and MAPPO, while showing
improvements over SAC and DDPG, still result in longer
queues compared to DMADRL, reinforcing the superiority of
DMADRL’s dynamic decision-making ability in minimizing
queue lengths and optimizing resource allocation in complex
environments like SVEC.

4) Effect of the SNR and bandwidth: Fig. 9 compares the
semantic fidelity of the proposed scheme and the benchmarks
for different modal data as the signal-to-noise ratio (SNR)
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changes. The conventional scheme is a semantic communica-
tion scheme without the introduction of the DMADRL algo-
rithm, and the error-free transmission scheme is considered for
comparison. As shown in Fig. 9, the semantic fidelity between
the image, speech, and text of the proposed scheme and the
traditional semantic communication all improve significantly
with the increase of SNR. It is worth noting that the per-
formance of the proposed scheme is always better than the
traditional semantic communication scheme and obtains higher
semantic fidelity values. This shows that the dynamic decision
process based on DMADRL optimizes the semantic extraction
factor, task offloading and resource allocation strategy, thereby
achieving more efficient task offloading and resource alloca-
tion.

Fig. 10 compares the semantic fidelity of the proposed
scheme and the benchmarks as the maximum bandwidth
changes under different modal data. As shown in Fig. 10,
the proposed scheme is consistently better than the traditional
semantic communication scheme under different modalities.
The performance improvement of DRMADRL is particularly
significant with the increase of the maximum bandwidth, high-
lighting the importance of dynamically adjusting the semantic
extraction factor. In contrast, the traditional semantic commu-
nication scheme shows relatively stable but lower performance.
The DMADRL algorithm can achieve task offloading and
resource allocation more efficiently in the SVEC by dynam-
ically adjusting the semantic extraction factors, highlighting
the adaptive advantage of DMADRL in dealing with different
network conditions.

5) Effect of the Number of Denoising Steps: Fig. 11 depicts
the impact of denoising steps on the performance of the
proposed algorithm. As shown in Fig. 11, fewer denoising
steps initially achieve higher rewards, likely due to reduced
computational overhead and faster convergence in early train-
ing phases. Increasing the denoising step to Step=7 improves
long-term performance, with the reward stabilizing at around
24 after 1,000 episodes, as the diffusion process can better
model complex action distributions and increase the ability
to explore the environment. However, increasing the number
of denoising steps beyond a certain point may lead to per-
formance degradation. Specifically, too many denoising steps

can result in the diffusion model removing excessive noise,
leading to a loss of valuable data details that are crucial
for accurate decision-making. In addition, errors introduced
during each denoising step accumulate over time, which can
cause the final output to diverge more significantly from
the true distribution. To strike an optimal balance between
efficiency and robustness, we found that setting the denoising
step to 7 in DMADRL provides the best trade-off. This
configuration offers a good balance between computational
efficiency, exploration capability, and maintaining sufficient
detail in the data, thereby maximizing performance without
introducing unnecessary complexity.

VII. CONCLUSION

In this paper, we proposed a novel SVEC architecture with
semantic communication and task oriented task offloading
strategies to address the highly constrained communication
and computing resources issues of VEC. This architecture
could extract key semantic features from different modal tasks
using semantic communication for efficient data compression
and adaptively offload the computing tasks to edge servers.
To further improve the performance of SVEC, we proposed
a diffusion-based multi-agent deep reinforcement learning
scheme, which enhances the ability of agents to explore the
system environment through a diffusion process and adaptively
determines the optimal semantic extraction, task offloading
and resource allocation strategies. Simulation results show that
the proposed scheme improves the overall system performance
of VEC while reducing offload latency and average system
cost over the compared benchmark schemes. While SVEC
has shown strong performance, challenges remain in scenarios
with high vehicular density or poor communication links,
where limited bandwidth and transmission noise hinder low-
latency offloading and accurate semantic extraction. These lim-
itations can significantly degrade system performance, leading
to delays in task execution and loss of critical data integrity.
Additionally, heterogeneous vehicle capabilities, such as vary-
ing processing power and sensor quality, along with dynamic
workloads that fluctuate in real-time, may reduce the system’s
adaptability and robustness.

Future work could explore enhancing the scalability and
resilience of SVEC through strategies such as adaptive
model compression, meta-learning, and federated reinforce-
ment learning to better support dynamic environments. These
approaches aim to mitigate communication delays and pro-
cessing inefficiencies by reducing model complexity, enabling
efficient learning with limited data, and supporting decen-
tralized decision-making. Additionally, investigating robust
semantic extraction techniques and adaptive communication
protocols to improve task offloading efficiency under band-
width constraints and high latency is also a valuable research
area.
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