OPEN CALL ARTICLE

Generative Al-Enabled Vehicular Networks: Fundamentals, Framework, and Case Study

Ruichen Zhang @, Ke Xiong >, Hongyang Du

ABSTRACT

Recognizing the tremendous improvements
that the integration of generative artificial intelli-
gence (Al) can bring to intelligent transportation
systems, this article explores the integration of
generative Al technologies in vehicular net-
works, focusing on their potential applications
and challenges. Generative Al, with its capabil-
ities of generating realistic data and facilitating
advanced decision-making processes, enhances
various applications when combined with vehic
ular networks, such as navigation optimization,
traffic prediction, data generation, and evalua-
tion. Despite these promising applications, the
integration of generative Al with vehicular net-
works faces several challenges, such as real-time
data processing and decision-making, adapting
to dynamic and unpredictable environments, as
well as privacy and security concerns. To address
these challenges, we propose a multi-modality
semantic-aware framework to enhance the service
quality of generative Al. By leveraging multi-modal
and semantic communication technologies, the
framework enables the use of text and image
data for creating multi-modal content, provid-
ing more reliable guidance to receiving vehicles
and ultimately improving system usability and
efficiency. To further improve the reliability and
efficiency of information transmission and recon-
struction within the framework, taking generative
Al-enabled vehicle-to-vehicle (V2V) as a case
study, a deep reinforcement learning (DRL)-based
approach is proposed for resource allocation.
Finally, we discuss potential research directions
and anticipated advancements in the field of gen-
erative Al-enabled vehicular networks.

INTRODUCTION

The rapid development of the Internet of Things
(IoT) and connected devices has facilitated the
development of vehicle networks, making them
a critical component of modern transportation
systems. In-vehicle networks can significantly
improve the efficiency of transportation by facili-
tating seamless communication between vehicles,
infrastructure and other connected devices. So
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far, existing works have investigated the vehicular
networks. For example, in [1], a brief overview
was proposed to address key challenges in secur-
ing 5G V2X by identifying its concerns on trust,
security, and privacy.

On the other hand, with the development of
artificial intelligence (Al) technology, generative
Al, as a branch of Al, has been receiving increas-
ing attention. In particular, generative Al focuses
on creating new content or data, such as images,
texts, audios, videos, or even system designs, by
learning patterns and structures from existing data
and autonomously generating novel outputs. For
example, ChatGPT,! a generative Al language
model developed by OpenAl, is capable of gen-
erating human-like text based on a given context.
Also, some generative Al techniques such as gen-
erative adversarial networks (GANs), variational
autoencoders (VAEs), and diffusion models can
be utilized to generate realistic traffic simulation
scenarios, create alternative routes for connected
vehicles, or minimize energy consumption in elec
tric vehicles. For example, in [2], a DriveGAN was
proposed to generate high-resolution and diverse
simulations based on user-defined driving condi-
tions, such as weather and positioning. Also, in
[31], a realistic sensor data synthesis framework
was proposed for enhancing autonomous driv-
ing, where the data-driven camera generation
approach not only produces visually high-quality
data but also serves as training datasets that
enhance the performance of Al algorithms.

The potential integration of generative Al into
vehicular networks systems can lead to substantial
advancements in intelligent transportation sys-
tems. By automating the content creation process
and customizing it to users’ personalized and
proactive Al requirements, the effectiveness of
vehicular networks-based services can be signifi-
cantly improved [4]. For instance, the generative
Al could automatically generate pertinent and
timely information for drivers, such as real-time
traffic updates, weather forecasts, and nearby
amenities. Furthermore, it could also be utilized to
generate specialized driving data, such as accident
simulations, to enhance real-world operational effi-
ciency. Companies like Siemens Mobility Corp.
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To the best of the authors' knowledge, this is the first article that presents synergy between generative
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Al 'and vehicular technologies.

have leveraged Al techniques to improve traffic
management by generating reliable real-time traf-
fic predictions, facilitating better routing decisions,
and minimizing congestion.? Similarly, Waymo
Corp. released a VectorNet model to predict the
behavior of traffic agents and their interactions
with the surrounding environment in autonomous
driving scenarios.? Thus, generative Al can ulti-
mately improve the efficiency and convenience of
vehicular networks-based services by automating
specific aspects of the content creation process
and tailoring it to users’ requirements.

Despite the numerous advantages offered
by generative Al-enabled vehicular networks,
it encounters several challenges and limitations
during implementation. The most prominent
issue is limited communication bandwidth, which
may lead to unreliable data transmission and
communication security concerns within the
vehicular networks ecosystem. Additionally,
latency in communication between vehicles
and infrastructure, coupled with the intricacy
of data processing, poses significant barriers to
the widespread adoption of vehicular networks.
Motivated by these, this article is an attempt to

Data-based Generative Al technologies
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Model-based Generative Al Technologies
Technologies Advantages Disadvantages
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s - Blurryimage generation
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Diffusion-based
model [4]

- Compatibility with both discrete and continuous data

- Generative process based on denoising score matching
- Flexible noise schedule selection
- Resistance to mode collapse and overfitting

- Difficulty in modeling long-range dependencies

- Slower generation process
- Complexity in training and selecting
hyperparameters

TABLE1. The advantages and disadvantages for different generative Al

technologies.

provide a forward-looking research for leverag-
ing generative Al in vehicular networks systems.
First, we introduce different types of generative
Al techniques and then describe the potential
applications and challenges of these techniques
in vehicular networks scenarios. To the best of
the authors’ knowledge, this is the first arti-
cle that presents synergy between generative Al
and vehicular technologies. Second, to address
these challenges, a novel generative Al-enabled
vehicular networks framework that integrates a
multi-modal architecture is proposed, which is
capable of accommodating both text and image
data, ultimately offering more reliable guidance
to receiving vehicles. Third, to further improve
the reliability and efficiency of information
transmission with the framework, a deep rein-
forcement learning (DRL)-based approach is
proposed to maximize the definite system quality
of experience (QoE) within the constraints of the
transmission power budget and the probability
of successful transmission for each vehicle. Our
approach jointly optimizes transmission communi-
cation resources and generative Al resources and
simulation results validate the effectiveness of the
proposed approach.

GENERATIVE AI-ENABLED VEHICULAR NETWORKS

In this section, the various types of generative
Al technologies is presented. Subsequently, we
explore the key applications of these techniques
in vehicular networks scenarios. Lastly, we dis-
cuss the prevailing challenges associated with
implementing generative Al-enabled vehicular
networks.

GENERATIVE Al TECHNOLOGIES

As an emerging subfield of Al, generative Al
technology focuses on autonomously generat-
ing new content or data, including images, text,
audio, video, and even system designs. Similar to
traditional Al technologies, such as discriminative
Al, generative Al technologies can also be clas-
sified into two categories, i.e., the model-based
technologies and the data-based technologies.
Specifically, data-based generative Al employs
learning algorithms to create novel content from
existing data, while model-based generative Al
leverages predefined models and simulations to
generate new outputs by manipulating model
parameters. These techniques excel in learning
patterns and structures from existing data, pro-
ducing outputs that closely resemble real-world
samples, and enabling machines to mimic human
creativity, imagination, and problem-solving
abilities.

Developing a deep understanding of gen-
erative Al techniques suitable for specific
applications in vehicular networks is crucial
for optimizing performance and user experi-
ence. For instance, GANs can be utilized for
data augmentation, enhancing the performance
of Al models in tasks such as object detection
or traffic prediction systems [2]. VAEs are valu-
able for dimensionality reduction and feature
extraction in sensor data, enabling more effi-
cient processing and analysis [9]. Recognizing
the strengths and limitations of each generative
Al technique is essential for developers when
implementing the most suitable strategy for
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specific applications within vehicular networks,
ultimately improving overall system perfor-
mance and user satisfaction. To provide a clear
overview, the advantages and disadvantages of
various Generative Al technologies are sum-
marized in Table 1, which can better harness
the potential of generative Al-enabled vehicular
networks and related applications.

APPLICATIONS

As shown in Fig. 1, by incorporating these advanced
generative Al techniques, generative Al-enabled
vehicular networks are capable of analyzing traffic
patterns and providing drivers with real-time sugges-
tions for alternative routes to circumvent congestion
or accidents. For clarity, some major applications of
generative Al-enabled vehicular networks are sum-
marized as follows:

+ Navigation and Route Optimization: Gen-
erative Al can be used to optimize vehi-
cle routes by creating paths based on
real-time traffic data, road conditions, and
weather. By effectively analyzing data and
making quick decisions, generative Al can
offer optimal routes for vehicles, improving
overall driving efficiency and safety. Fur-
thermore, generative Al provides vehicles
with real-time information about alterna-
tive routes and suggested driving speeds,
helping them make informed decisions. In
case of unexpected events like road clo- .
sures, generative Al can quickly recalculate
the best route for vehicles and adjust the
path accordingly. For instance, Tomtom,

a navigation system that uses generative
Al* adjusts routes dynamically by using

user-generated data and employing GANs
to predict traffic patterns, which allows driv-
ers to avoid congested areas and reduce
travel time. Thus, the potential of gener-
ative Al technologies for navigation and
route optimization could lead to smarter
and more efficient transportation systems
for vehicular networks.

Insurance and Risk Assessment: Genera-
tive Al models can be employed to analyze
driving behavior, accident risks, and other
factors, allowing for more reliable and per-
sonalized insurance pricing and risk assess-
ments. These models can examine large
amounts of historical driving data and gen-
erate synthesized instances that represent
the underlying patterns and structures,
which helps insurers better understand the
factors contributing to accidents and other
risks and adjust their pricing accordingly. For
instance, Metromile, a pay-per-mile insur-
ance provider, utilizes generative Al to ana-
lyze driver data and create personalized
premiums based on individual driving habits
and accident risk profiles.> By harnessing
generative Al in insurance and risk assess-
ment, companies can develop more precise
and equitable pricing models, ultimately
fostering a more efficient and fair insurance
market.

Traffic Simulation and Prediction: Gen-
erative Al can be used for simulating and
predicting traffic scenarios, helping trans-
portation planners and traffic management
systems optimize traffic flow and decrease
congestion. Specifically, generative Al
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models can examine historically traffic data
to create reliable simulations of various traf-
fic conditions, considering factors like time
of day and road network configurations.
Additionally, generative Al can be applied to
forecast future traffic patterns and demands,
enabling proactive adjustments in traf-
fic signal timings, dynamic rerouting, and
effective resource allocation. For instance,
INRIX, a leading provider of real-time traffic
and transportation data,® adopts transform-
er-based generative models to predict traffic
congestion levels in real-time, allowing city
planners to make informed decisions about
traffic management. By using generative Al
technology in traffic simulation and predic-
tion, transportation systems can become
more responsive and adaptive to changing
conditions, ultimately leading to improved
traffic flow and reduced congestion.

+ Driving Data Generation: Generative Al
can be used to create driving data, such
as accident scenarios, to enhance road
safety. In particular, this driving data is
employed to train generative machine
learning models, improving their reliable
in predicting and preventing accidents
during real-world driving. For example,
NVIDIA has developed a method called
“data augmentation through GANs”
to generate synthetic driving situations,
including rare or dangerous conditions,
which can be used to train and refine
autonomous vehicular systems.” By gen-
erating a large amount of diverse and rep-
resentative data, generative Al helps close
the gap between simulated and realworld
data, making machine learning models
more robust and adaptable. Moreover,
generative Al can address the challenge
of data scarcity in vehicular networks, as
collecting real-world driving data is usually
costly and time-consuming. By leveraging
generative Al technology in driving data
generation, researchers and engineers can
develop more efficient and safer vehicular
systems, ultimately benefiting users and
the transportation industry.

EXISTING CHALLENGES

While the application of generative Al in vehicu-
lar networks has exhibited substantial potential, it
also presents certain challenges that can be orga-
nized into three primary domains as follows.

+ Real-Time Data Processing and Decision
Making: Generative Al models in vehicular
networks necessitate the ability to process
and analyze vast amounts of data in real-
time, consuming considerable bandwidth
in the process. Especially for Al applications
that involve high-resolution images or large
data streams, both the upload and down-
load processes require significant network
resources to ensure low-latency services.
For instance, highdefinition maps used by
autonomous vehicles, such as those provid-
ed by HERE Technologies,® may consist of
detailed data layers with file sizes ranging
from several to tens of megabytes. More-
over, due to the dynamic nature of vehicular

networks and the need for up-to-date infor-
mation, vehicles may make multiple repeat-
ed requests to specific edge servers to
obtain reliable data.

+ Adapting to Dynamic and Unpredictable
Environments: Vehicular networks are
exposed to dynamic and often unpre-
dictable environments, which necessitate
generative Al models to rapidly adapt and
respond to varying conditions. Specifically,
the channel quality of vehicular networks
can be severely impacted by the mobility
of the vehicles themselves or changes in
the surrounding environment, which affects
the QoE of Al-enabled vehicular net-
works and further lead to decreased user
satisfaction.

* Privacy and Security: Addressing data priva-
cy and security challenges in generative Al
models for vehicular networks is critical, as
these systems deal with sensitive user infor-
mation. The large-scale data collection and
processing by connected vehicular service
providers pose concerns regarding personal
information protection, as mandated by
data protection laws. Specifically, vehicle-to-
everything (V2X) communication systems,
enabling data exchange between vehicles
and connected devices, may inadvertently
expose user information (e.g., license plate
numbers, facial features, and vehicle details)
to potential attackers, resulting in data
breaches or privacy violations. Additionally,
the presence of multiple parties in vehicu-
lar networks complicates interest alignment,
with enhanced security potentially diminish-
ing privacy.

SEMANTIC-AWARE FRAMEWORK FOR GENERATIVE
Al-ENABLED VEHICULAR NETWORKS

In this section, we propose a semantic-aware
framework for generative Al-enabled vehicu-
lar networks to address current challenges and
enhance road safety.

CONVENTIONAL SEMANTIC-AWARE FRAMEWORK FOR
GENERATIVE Al-ENABLED VEHICULAR NETWORKS

Vehicle-to-vehicle (V2V) communication within
vehicular networks has emerged as a promising
approach to improve road safety. One potential
involves using multiple cameras in vehicles to
capture real-time images of road conditions. For
example, during a car accident, another vehicle
can capture an image of the incident and transmit
it to the driver through a smart assistant, alerting
other drivers and preventing further accidents.
However, transmitting high-resolution images
in real-time is not practical due to low latency
requirements and limited bandwidth resources in
vehicular networks.

As a remedy, a semantic communication
image compression method is proposed. The
semantic-based image compression meth-
ods can extract key information from images
for transmission, thereby greatly decreas-
ing the amount of transmitted data and
reducing communication delays, which is cru-
cial for the vehicular networks with strict delay
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FIGURE 2. The framework of generative Al-enabled V2V framework. a) the baseline semantic-based V2V networks. b) multi-modality
Semantic-aware Framework for generative Al-enabled vehicular networks. Text encoder is responsible for encoding the text infor-
mation into a feature tensor. Image semantic encoder is responsible for extracting the image skeleton from the captured image and
encoding it into a feature tensor. Adapter is responsible for adapting the feature tensors from the text encoder and image semantic
encoder to the input format required by the generative Al algorithm. CLIP encoder is responsible for encoding the text information
into a feature tensor by using the contrastive language-image pre-training method, enabling the model to understand and associate

text with corresponding images.

requirements [11]. Moreover, since only the
key information is extracted, the semantic-based
image compression methods are able to pro-
tect and preserve the meaningful details, such
as human information or license plate infor-
mation in the image. As illustrated in Fig. 2(a),
semantic-based V2V networks can use semantic
communication technology to extract informa-
tion from images at the transmitter end and
restore it using generative Al technology at the
receiver end.

However, a challenge remains with existing
generative Al models that rely only on essential
text information: They suffer from uncertainty and
unreliability, making them unable to provide pre-
cise road information to smart assistants in other
vehicles. For instance, when a receiving vehicle
receives a message: “Two vehicles have been
involved in a traffic accident near a green belt,”
even if a generative Al generates a high-quality
image of the accident, there may be significant
discrepancies between the generated image and
the actual accident scene. This unreliability could
result in vehicles receiving incorrect road infor-
mation, which is unacceptable for safety-focused
vehicular networks. Therefore, a more reliable and
efficient generative Al framework is needed in
vehicular networks to address these challenges
and provide precise road information for better
decision-making and enhanced safety.

MuLTI-MODALITY SEMANTIC-AWARE FRAMEWORK FOR
GENERATIVE Al-ENABLED VEHICULAR NETWORKS
In this section, we introduce a multi-modality

semanticaware framework for generative Al-
enabled vehicular networks. Multi-modal

approach refers to systems or solutions that com-
bine and process information from multiple types
of data inputs or sources. The advantage of multi-
modal approach is that it can provide a more
complete and accurate understanding of a situ-
ation by leveraging multiple types of data. If the
data in one modality is unclear or ambiguous, it is
also possible to leverage the data in other modal-
ities to achieve better clarity and higher accuracy
of tasks. Fig. 2(b) shows the proposed framework,
which uses both text data and image data to give
more reliable guidance to receiving vehicles. By
using the semantic skeleton of the transmitted
image and text information, the generative Al-gen-
erated images of road conditions closely match
the actual images.

Step 1. Semantic Information Extraction: Simi-
lar to the baseline semanticbased V2V net-
works, the first step is to extract semantic text
information from real-time road images. Note
that in both the baseline framework and the
proposed framework, the text information is
obtained from the text encoder. This process
uses computer vision techniques to identify
and classify objects in the images, such as
vehicles, pedestrians, road signs, and traffic
lights.Once the objects are identified, their
attributes and characteristics, such as direc-
tion, and location, are extracted to better
understand the current road environment.
Note that this extraction process can be
optimized based on factors such as wireless
transmission resources and the image recon-
struction algorithms.

Step 2. Image Skeleton Extraction: Extracting
the image skeleton is important because
it provides a basic structure of the image
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The advantage of multi-modal approach is that it can provide a more complete and accurate

understanding of a situation by leveraging multiple types of data.

and serves as the basis for extracting more
advanced semantic information. This process
involves identifying the edges and contours
of the road condition image and creating a
simplified representation of these features.
The resulting image skeleton is a streamlined
version of the original image that captures
its essential features without unnecessary
details. The image skeleton is then used for
more advanced semantic analysis, including
object recognition, lane detection, and traf-
fic sign identification, making its extraction
a key step in generating reliable and useful
semantic information from road condition
images.

Step 3. Wireless Transmission: Upon extracting
the image skeleton and text information, they
are combined into a compact data package.
This data package is then wirelessly trans-
mitted to the receiving vehicle through V2V
communication. Note that the data volume of
the skeleton information (i.e., approximately
0.5 megabytes) is relatively small compared
with that of the original captured image (i.e.,
approximately 6.7 megabytes), and the less
bandwidth is required for transmitting only the
skeleton and text prompt. Consequently, the
wireless transmission effectively ensures that
the receiving vehicle acquires the fundamen-
tal information needed to reliably reconstruct
the road condition image, while conserving
network resources.

Step 4. Generative Al-Enabled Image Gen-
eration: The generative Al model uses the
extracted image skeleton and semantic infor-
mation to generate a road condition image
that closely resembles the actual image. The
image skeleton provides the basic structure,
while the semantic text information adds
extra details such as road signs, vehicles, and
pedestrians. By using both the image skeleton
and semantic text information, the genera-
tive Al model can create a more reliable road
condition image that helps vehicles make
informed decisions on the road. Additionally,
the model can generate images for various
scenarios, such as different weather condi-
tions, times of day, or traffic situations, giv-
ing a more complete understanding of road
conditions. Note that this generation process
can be optimized based on factors such as
diffusion steps.

Step 5. Image Reconstruction: The generated
road condition image is reconstructed on the
receiving side and provided to the intelligent
assistant, which alerts the driver about poten-
tial hazards. The intelligent assistant analyzes
the reconstructed image and compares it with
the current road condition to identify poten-
tial hazards, such as accidents or roadblocks.
If hazards are detected, the assistant alerts the
driver through audio or visual cues, prompting
them to take necessary precautions. This pro-
cess allows the vehicle to stay informed about
road conditions and take appropriate actions

to ensure the safety of both its occupants and

other vehicles on the road.

Therefore, compared with the baseline seman-
ticbased V2V framework, since the proposed
framework is a multi-modality semantic-aware
framework, it can simultaneously use text infor-
mation and image information as input to
the framework to improve the reliability and
accuracy of generative Al-generated images.
Moreover, unlike baseline frameworks that use
text encoders, the proposed framework uses a
U-Net decoder and an image semantic encoder
to denoise and compress the image semantic
information, resulting in more precise road infor-
mation for better decision-making in vehicular
networks.

CASE STUDY: GENERATIVE Al-ENABLED V2V
RESOURCE ALLOCATION

In this section, we propose a DRL-based approach
to address the generative Al-enabled V2V
resource allocation problem.

SYSTEM MoDEL

Following 3GPP V2X standards [12], we con-
sider a generative Al-enabled vehicular networks
consisting of multiple V2V links. The primary
objective of this network is to ensure reliable and
timely safety information sharing for each vehi-
cle. To achieve this, orthogonal frequency division
multiplexing technology is adopted and each V2V
link has varying achievable transmission rates at
different sub-channels.

In addition to the transmission rates, the image
(i.e., the skeleton) and text (i.e., the prompt) infor-
mation transmission frequencies also vary and
dynamically change for each V2V link. We define
the probability of successful transmission as a
constraint, considering the advanced driving ser-
vices of vehicle mobility. This constraint takes into
account the achievable transmission rate, image
similarity metric, channel coherence time, and
generated image payload.

Since transmission rate and image similarity
are two critical indicators in generative Al-enabled
V2V systems, we adopt a novel QoE metric based
on the Weber-Fechner law to integrate these two
indicators into the system optimization goal [13].
Specifically, the Weber-Fechner law describes the
relationship between the magnitude of a phys-
ical stimulus and the perceived intensity, which
in our case refers to the transmitted image qual-
ity. By incorporating this law into our QoE metric,
we can account for both the transmission rate
and the image similarity in a unified manner. To
optimize generative Al-enabled V2V resource allo-
cation, we formulate the problem as follows: Our
objective is to maximize the system QoE within
the constraints of the transmission power budget
and the probability of successful transmission for
each vehicle. To achieve this, we need to optimize
several parameters, including channel selection,
transmission power for each vehicle, and the diffu-
sion steps for inserting the skeleton. By doing so,
we can effectively allocate resources to each V2V
link in a way that maximizes system performance
while ensuring reliable and regular safety infor-
mation sharing among vehicles in the vehicular
networks.
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PRoPOSED DRL-BASED APPROACH AND SIMULATIONS

For the considered problem, we propose a dou-
ble deep Q-network (DDQN)-based approach to
address the resource allocation problem in gen-
erative Al-enabled V2V communication. DDQN
is a deep reinforcement learning technique that
employs two neural networks [14], namely the
online network and the target network, to approx-
imate the Q-value function. Specifically, the
online network selects actions based on the cur-
rent state, while the target network is utilized to
estimate the Q-value of the subsequent state. The
DDQN-based approach enhances the stability
of the training process and prevents the overesti-
mation of Q-values. Moreover, the action space,
state space, and reward function are designed as
follows.

1) Actions: The action space is composed
of the optimizing parameters, i.e., the selectable
channel, the transmit power, and the diffusion
steps. Specifically, for the selectable subchannel,
binary variables indicate whether to select the
subchannel or not. For the transmit power and
diffusion steps, feasible values are quantized into
multiple values to accommodate practical circuit
limitations and facilitate learning.

2) States: In defining the state space, our aim
is to incorporate as much relevant environmen-
tal information as possible for the considered
problem [15]. In the proposed DDQN-based
approach, the state space consists of two parts:
the current information and the previously
selected action. Specifically, the current infor-
mation depends on the channel information of
each V2V link, the transmission rate of each V2V
link, and the generated image payload. The previ-
ously selected action depends on the action taken
during the previous time step.

For the considered problem, we propose a double deep Q-network (DDQN)-based approach to address

the resource allocation problem in generative Al-enabled V2V communication.

3) Rewards: For the proposed Rl-based
method, the constraints are ensured by construct-
ing an efficient reward function. Specifically, the
reward function takes into account the objective
function and the constraints of the problem under
consideration. The objective function is regarded
as an instant reward term, indicating the uncon-
strained system QoE achieved at each time step.
The constraint under consideration is regarded
as a penalty term, indicating that a larger penalty
is assigned if the constraint is not satisfied. By
combining these two components, the reward
function enables the agent to achieve high goals
while satisfying the corresponding constraints.
Such a reward function design has been widely
adopted in existing works on DRL, see e.g., [15].

Fig. 3 shows an example of the multi-modal-
ity semantic-aware generative Al-enabled V2V,
where the received image skeleton is extracted
from the captured road condition image. It shows
that in the received vehicles with the semantic
encoder, the semantic information for the key-
words of the prompt that generate the image
is presented, where the image representation
reflects the importance of each keyword through
different brightness levels, with higher brightness
indicating greater weight assigned to the corre-
sponding keywords. The reason is that semantic
information is designed to intelligently empha-
size specific keywords (i.e., two vehicles, a green
belt, and a traffic accident) during the image gen-
eration process, which facilitates the creation of
more reliable traffic images based on the image
skeletons and text prompts, leading to a clearer

Text prompt: Two vehicles have been involved in a traffic accident near a green belt

Semantic Information: Two vehicles

Attention head: 0

Skeleton extraction

Attention hesd, 4

Semantic Informatign: a traffic accident

* Image semantic
encoder

Denoising
U-Net decoder

A

Insights: Semantic information can provide more picture-forming structures for text prompts

torton head: 10 Atention hoad: 11

FIGURE 3. Compressing the image semantic information in multi-modality generative Al. First, the skeleton of the captured image is
extracted through the image skeleton extraction algorithm, and then the key information of the skeleton image is extracted through
the Image semantic encoder. Next, it is combined with textual information through a multi-modal approach. Finally, the received
image is generated through denoising U-Net decoder.
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FIGURE 4. Simulation results. a) The obtained reward versus the number of iteration number with the different approaches. b) The aver-
age QofE versus the size of image payload with the different approaches. c) The average successful transmission data with the dif-

ferent approaches.

and more comprehensive understanding of the
road conditions.

In the training stage, Fig. 4(a) compares of
the average rewards obtained by four types of
resource allocation strategies as the iteration
number increases, where the corresponding
curves are smoothed via a sliding window
to provide a clearer overall trend of the raw
data. It shows that the proposed DDQN-based
approach consistently achieves higher rewards
and converges more rapidly compared to the
greedy-based and random-based approaches.
Furthermore, although the rewards acquired
by the proposed DDQN and DQN during the
training phase are roughly similar, the reward
value of the proposed DDQN surpasses that of
DQN after convergence, and the fluctuations
in the proposed DDQN-based approach are
smaller than that in DQN. This observation can
be attributed to the proposed DDQN-based
approach’s ability to prevent overestimation by
decoupling the Q-target.

Next, in the testing stage, Fig. 4(b) shows the
QoE achieved by four types of resource allocation
strategies as the size of image payload. Note that
the QokE is calculated based on the unconstrained
system at each time step, which is adopted to
reflect the quality of the generated image. It is
seen that the proposed DDQN-based approach
is superior to the other benchmarks. It also shows
that the increment of the size of image payload is
beneficial to the system QOoE, as a larger payload
implies a more substantial amount of transmitted
semantic information.

To further examine the impact of image payload
size on received QOE, Fig. 4(c) is plotted. Note that
the QofE is calculated under the premise of ensur-
ing the successful transmission rate and satisfying all
other constraints. It is observed that the proposed
DDQN-based approach is superior to other bench-
marks, where the amount of data successfully
transmitted under random and greedy are always 0.
This is because the two methods do not guarantee
the successful transmission probability constraint
for each vehicle. Moreover, it is interesting to find
that as the image payload increases, the average
amount of data for successful image transmission
initially rises and then declines. The phenomenon
may be attributed to vehicular networks conges-
tion and elevated probability of packet loss (i.e.,

decreased transmission success rate) under high
payload conditions. Consequently, the number of
retransmissions may increase, thereby reducing the
overall transmission success rate.

FUTURE DIRECTIONS
SUSTAINABLE AND ENERGY-EFFICIENT SOLUTIONS

As the transportation sector moves towards
electrification and sustainability, generative Al-en-
abled vehicular networks can play a crucial role
in promoting energy-efficient and environmen-
tally friendly solutions. Future research could
explore how generative Al can optimize routes,
speeds, and driving behaviors to reduce energy
consumption and emissions. Additionally, gen-
erative Al-enabled vehicular networks could
facilitate the integration of electric vehicles (EVs)
and renewable energy sources by intelligently
managing charging schedules and energy con-
sumption based on the availability of renewable
energy and the demands of the grid.

CROSS-DOMAIN COLLABORATION AND STANDARDIZATION

As generative Al-enabled vehicular networks
applications continue to expand, it will become
increasingly important to establish collaboration
and standardization across various domains. This
includes the development of unified communi-
cation protocols and data formats to facilitate
seamless interaction between vehicles, infrastruc-
ture, and other connected devices. Additionally,
the collaboration between researchers, industry
stakeholders, and policymakers will be essential
to create comprehensive regulatory frameworks
that ensure safety, privacy, and equitable access
to generative Al-enabled vehicular networks
services.

ComBINED WITH ADVANCED MuLTI-MODAL TECHNOLOGIES

Modern vehicular networks increasingly rely on
advanced multi-modal technologies that integrate
multiple data inputs such as text, images, audio
and sensor feedback to optimize responsiveness
and accuracy. This integration enables vehicles to
gain a richer understanding of their environment,
which is critical especially for safety and other
applications. As vehicle communications transi-
tion from V2V to V2X frameworks, coordinating
these different data patterns becomes critical.
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Future research is needed not only to develop
algorithms that seamlessly merge these differ-
ent data types, but also to address challenges
related to data privacy, storage, and efficient
transmission.

CONCLUSION

In this article, we have introduced generative
Al-enabled vehicular networks, emphasizing
generative Al technologies and their application
scenarios. Following this, we have proposed
a multi-modality semantic-aware framework
designed to enhance the service quality of
generative Al, which encompassed both seman-
tic and multi-modal technologies. To further
improve system transmission efficiency, we have
proposed a DRL-based approach to tackle the
generative Al-enabled V2V resource allocation
problem. Our simulation results have validated
the effectiveness of the proposed approach.
Finally, we have summarized potential research
directions in the realm of generative Al-enabled
vehicular networks.
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