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Abstract—This paper investigates adaptive transmission strate-
gies in embodied AI-enhanced vehicular networks by integrating
vision language models (VLMs) for semantic information extrac-
tion and deep reinforcement learning (DRL) for decision-making.
The proposed framework aims to optimize both data transmission
efficiency and decision accuracy by formulating an optimization
problem that incorporates the Weber-Fechner law, serving as a
metric for balancing bandwidth utilization and quality of experi-
ence (QoE). Specifically, we employ the large language and vision
assistant (LLAVA) model to extract critical semantic information
from raw image data captured by embodied AI agents (i.e., vehi-
cles), reducing transmission data size by approximately more than
90% while retaining essential content for vehicular communication
and decision-making. In the dynamic vehicular environment, we
employ a generalized advantage estimation-based proximal policy
optimization (GAE-PPO) method to stabilize decision-making un-
der uncertainty. Simulation results show that attention maps from
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LLAVA highlight the model’s focus on relevant image regions, en-
hancing semantic representation accuracy. Additionally, our pro-
posed transmission strategy improves QoE by up to 36% compared
to DDPG and accelerates convergence by reducing required steps
by up to 47% compared to pure PPO. Further analysis indicates
that adapting semantic symbol length provides an effective trade-
off between transmission quality and bandwidth, achieving up to a
61.4% improvement in QoE when scaling from 4 to 8 vehicles.

Index Terms—Embodied AI, vehicular networks, PPO, LLM,
VLM, LLAVA, QoE.

I. INTRODUCTION

W ITH the advent of the 6G era, the Internet of Vehicles
(IoV) is expected to achieve unprecedented advance-

ments, with traffic densities exceeding 0.1–10 Gbps/m2 and
connection densities reaching up to 10 million devices/km2

[1]. These improvements will significantly enhance data rates,
connectivity, and network capacity, fundamentally transform-
ing IoV services such as real-time navigation, environmental
perception, and autonomous decision-making [2]. As a key
component of IoV, the vehicular network plays a pivotal role
in enabling communication between vehicles and infrastructure,
facilitating these advanced services. With the growing number of
connected vehicles, the demand for these services is increasing,
necessitating the deployment of numerous sensors in vehicles
and along roadsides to collect and process large amounts of
real-time data [3].

Artificial intelligence (AI) has emerged as a significant tech-
nology for enabling vehicles to process this data autonomously
and efficiently. Traditional discriminative AI models have been
applied to tasks such as object detection [4] and path planning [5]
in vehicular networks. However, as vehicular networks grow
more complex, these models struggle to maintain high perfor-
mance under dynamic conditions and when managing multiple
tasks simultaneously [6]. As a result, robust AI methods are
required to address the increasing complexity of these environ-
ments.

Embodied AI has been proposed as a promising solution,
which emphasizes the interaction between intelligent systems
and their physical surroundings [7]. In vehicular networks,
embodied AI systems embedded within vehicles enable real-
time adaptation to dynamic environments [8]. Equipped with
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advanced sensors and actuators, these vehicles can perceive their
surroundings, make intelligent decisions, and autonomously per-
form tasks such as obstacle avoidance, traffic management, and
collaborative driving [9]. In particular, embodied AI-enhanced
vehicular networks rely on two core components, i.e., efficient
data processing and adaptive decision-making.
� For data processing, large language models (LLMs) can be

employed to extract critical information via their advanced
understanding and generation capabilities [10]. Specifi-
cally, multimodal LLMs analyze multimodal data such as
images or videos captured by vehicles, converting them
into text-based information that can be more efficiently
transmitted across the network [11]. This method leverages
multimodal technologies to reduce the amount of raw data
that needs to be sent, thereby optimizing network efficiency
and bandwidth usage. For example, in [12], an LLM-based
data transmission framework was proposed to compress
large volumes of sensory data in autonomous driving sys-
tems, significantly reducing transmission bandwidth while
preserving the quality of information.

� For decision-making, deep reinforcement learning (DRL)
can be utilized to develop adaptive strategies in dynamic
environments by continuously adjusting actions based on
real-time feedback [13]. Specifically, DRL trains agents
to make optimal decisions by interacting with their envi-
ronment and receiving feedback in the form of rewards
or penalties. As part of an embodied AI system, this en-
ables vehicles to adjust driving behaviors for tasks such
as obstacle avoidance and cooperative driving, ensuring
responsiveness and improved performance in complex sce-
narios [14]. For example, in [15], a DRL-based semantic-
aware spectrum-sharing method was proposed to enhance
vehicular decision-making, optimizing communication ef-
ficiency and safety outcomes in high-speed environments.

In addition to their individual strengths, LLMs and DRL
complement each other in embodied AI systems. In particu-
lar, decision-making often requires continuous interaction be-
tween the system and human users. In an embodied AI frame-
work, LLMs act as an optimal interface, enhancing the un-
derstanding of contextual and semantic data from multimodal
inputs [16]. This processed information informs DRL-based
decision-making, where the system uses the LLM-generated
semantic insights to refine strategies in real-time. By leverag-
ing LLMs, vehicles can convert complex multimodal data into
actionable information, which in turn allows DRL to optimize
decisions in dynamic vehicular environments.

Motivated by these insights, we propose a framework that inte-
grates LLMs and DRL within embodied AI-enhanced vehicular
networks, as illustrated in Fig. 1. To the best of the authors’
knowledge, this is the first work to explore the joint application
of LLMs for data processing and DRL for decision-making in
embodied AI-enhanced vehicular networks. In this work, each
vehicle operates as an embodied AI agent, utilizing LLMs to
extract and communicate semantic information and employing
DRL to optimize decision-making processes. The contributions
of this work are summarized as follows:

Fig. 1. The workflow of the proposed embodied AI framework for vehic-
ular networks. The framework comprises two key functions: semantic data
processing using LLAVA for efficient information extraction and enhanced
decision-making via GAE-PPO to optimize transmission and decision strategies.

� Data Transmission Formulation: We formulate an opti-
mization problem aimed at balancing data transmission
efficiency and decision-making accuracy. To ensure the
quality of transmitted information while managing limited
bandwidth, we introduce the Weber-Fechner law as a met-
ric for quantifying quality of experience (QoE). This law
provides an objective function to ensure that the perceived
quality of transmitted data remains high, even as bandwidth
constraints increase.

� Semantic Data Processing via VLM: We leverage the large
language and vision assistant (LLAVA) to extract semantic
information from raw image data. Specifically, LLAVA
converts visual inputs into structured text representations
using its cross-modal alignment capability, which inte-
grates a visual encoder, a projection matrix, and a BERT-
based language model. This process significantly reduces
the transmission bandwidth while preserving essential con-
textual details needed for vehicular communication and
decision-making.

� Enhanced Decision-Making via DRL: We propose a gen-
eralized advantage estimation-based proximal policy op-
timization (GAE-PPO) to improve decision-making in
dynamic vehicular environments. The GAE-PPO method
incorporates generalized advantage estimation to reduce
variance in policy gradient updates, stabilizing the training
process. It also employs policy clipping and replay buffers
to enhance convergence and robustness, ensuring that the
decisions made by our embodied AI agents align with QoE
optimization goals.
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Simulation results show that the proposed embodied AI
framework significantly outperforms the baselines in multiple
aspects. The attention maps generated by LLAVA indicate that
the model accurately focuses on relevant image regions during
semantic extraction, effectively identifying key features such as
cars and parking spaces. Compared to other VLM models (e.g.,
LLAVA-1.5-13b-hf, Qwen-VL-Chat, Deepseek-vl-7b-base, and
Moondream2), LLAVA-1.5-7b-hf achieves superior accuracy
while maintaining lower inference time, outperforming larger
models like LLAVA-1.5-13b-hf by reducing inference time by
40% on average and demonstrating a smaller parameter size,
making it computationally efficient. The analysis of achiev-
able QoE as a function of the number of embodied AI agents
demonstrates that our method maintains superior QoE under
increasing network load compared to conventional methods,
with a 36% improvement over DDPG and a 25.2% gain when
scaling from 12 to 16 vehicles. Additionally, the convergence
analysis reveals that the GAE-PPO method ensures faster and
more stable convergence, reducing convergence steps by up to
54 compared to pure PPO. Finally, an investigation into the
relationship between semantic symbol length and transmission
quality confirms that adapting the symbol length provides an ef-
fective trade-off between communication quality and bandwidth
utilization, achieving up to a 61.4% improvement in QoE when
scaling from 4 to 8 vehicles.

The rest of this paper is organized as follows: Section II
reviews the related work. Section III presents the system model,
including the details of LLAVA-based semantic extraction and
GAE-PPO for optimization. Section IV discusses the proposed
embodied AI framework for vehicular network communication.
Section V provides the simulation results and performance
analysis, demonstrating the advantages of our method over
conventional methods. Finally, Section VI concludes the work.
Important notations used throughout the paper are summarized
in Table I.

II. RELATED WORK

In this section, we review the relevant literature across two
key domains, i.e., vehicular Networks and embodied AI. We
highlight significant advancements and identify the gaps that
our work aims to address.

A. Vehicular Networks

Recent advancements in vehicular networks have garnered
significant attention due to their potential to improve road
safety, optimize resource allocation, and enhance communica-
tion reliability. For instance, Liang et al. [17] proposed a multi-
agent reinforcement learning (MARL) framework for spectrum
sharing between V2V and V2I communications, where their
method improved spectrum efficiency by allowing vehicles to
manage spectrum resources in high-mobility environments co-
operatively. Additionally, Liang et al. [18] proposed a resource-
sharing strategy leveraging graph-based methods to optimize
vehicular network performance in dynamic environments, where
performance was measured through reduced interference and
enhanced communication reliability. Xue et al. [19] introduced

TABLE I
SUMMARY OF NOTATION

DRL to tackle power allocation in vehicular networks, fo-
cusing on improving ultra-reliable low-latency communication
(URLLC) while reducing packet duplication, which directly
impacted communication reliability and overall system latency.
Similarly, Zhang et al. [20] developed a federated learning-based
method for gradient quantization in vehicle edge computing
networks. This method improved communication efficiency by
minimizing bandwidth consumption during model updates and
enhanced resource sharing across distributed vehicular nodes.
Furthermore, Yao et al. [21] proposed a DRL-based secure
transmission scheme for V2V communications using joint radar
and communication systems. Their method protected V2V links
from eavesdropping and interference while maintaining commu-
nication integrity, spectral efficiency, and signal-to-noise ratio
(SNR) even in high-mobility environments.

Despite these significant contributions, most existing research
primarily focused on traditional performance metrics like spec-
trum efficiency, latency, and security. However, new metrics
such as semantic data transmission and decision-making effi-
ciency become essential when considering embodied AI. Ad-
ditionally, when incorporating LLMs for data extraction and
processing, the QoE must be considered. Our work addresses
this by introducing the Weber-Fechner law as a novel metric for
balancing bandwidth and QoE in data transmission for vehicular
networks.

B. Embodied AI

With the rapid evolution of AI, the concept of embodied AI has
emerged, emphasizing the interaction between physical entities
and intelligent systems. The term “embodied AI” refers to AI
systems embedded within physical objects, enabling them to
perceive, interpret, and respond to their environment [22]. The
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related work on embodied AI can be broadly divided into two
primary areas, i.e., data extraction and decision-making.

For data processing, most of the studies have focused on uti-
lizing LLMs to efficiently process and transmit critical informa-
tion, reducing the need for raw data transmission. For instance,
Song et al. [23] proposed an embodied agents framework that
used an LLM-based method for few-shot grounded planning in
embodied agents. Their method allowed the system to extract
key information from multimodal inputs, enabling agents to
dynamically update plans based on minimal data, significantly
reducing the volume of sensory data required for transmission.
Similarly, in [24], Zhang et al. introduced a multi-embodied
system that enhances LLMs’ ability to extract relevant data for
multi-agent collaboration. Their method improved task execu-
tion by refining the plan based on environmental inputs. This
led to more efficient data extraction and reduced the amount of
data exchanged between agents and their environment. More-
over, Mower et al. [25] developed a framework that integrates
LLMs with embodied robotic systems, where data extraction
is optimized through task feedback and structured reasoning.
By leveraging LLMs to extract essential task information from
multimodal data, the framework reduced the need to transmit
large volumes of raw sensory input, enhancing the efficiency
of robotic decision-making and communication. Additionally,
in [26], Zhang et al. explored the vulnerabilities of multimodal
LLMs in embodied AI, focusing on extracting relevant ac-
tions from complex, multimodal data and demonstrating how
these systems can reduce unnecessary transmissions by filter-
ing unsafe actions, underscoring the importance of secure data
extraction for efficient operation in embodied AI systems. Fur-
thermore, Jiang et al. [27] proposed a large AI model-based mul-
timodal semantic communication framework, which employs
latent diffusion and personalized LLM-based extraction to ef-
fectively reduce multimodal data transmission while preserving
semantic integrity. Zhang et al. [28] introduced an LLM-driven
semantic correction mechanism that explicitly rectifies semantic
distortions, significantly enhancing transmission reliability and
efficiency in lossy wireless communication environments.

For decision-making, most of the research in embodied AI
has focused on using DRL to develop strategies in dynamic
environments. For instance, Ying et al. [30] introduced the
PEAC algorithm, which used RL to pre-train embodied agents
across multiple embodiments. By learning task-agnostic strate-
gies, PEAC improved decision-making efficiency and adapt-
ability in handling dynamic environments. Similarly, in [31],
Long et, al. developed a human-in-the-loop simulation embod-
ied platform that integrated RL to learn control policies from
human demonstrations, enhancing decision-making efficiency
in surgical tasks. Moreover, Liu et al. [32] explored language
learning as a byproduct of meta-reinforcement learning, showing
how agents indirectly learned language cues through decision-
making tasks, further highlighting RL’s role in extracting and
utilizing environmental data for task performance improvement.
Additionally, in [33], Tan et al. proposed the TWOSOME
framework, combining LLMs and DRL for decision-making in
embodied environments. Using PPO to interact with tasks, they

optimized decision-making and reduced the need for predefined
datasets by enabling real-time data extraction and optimization.

Despite these significant contributions, most existing works
on embodied AI primarily focus on improving algorithmic effi-
ciency and decision-making without fully exploring its potential
for resource optimization in vehicular networks. Additionally,
while LLMs and DRL have been successfully applied in vari-
ous embodied AI systems, their integration in optimizing both
communication and decision-making processes in vehicular
networks remains underexplored. Therefore, this work aims
to fill this gap by leveraging the strengths of embodied AI,
LLMs, and DRL to enhance both resource optimization and
decision-making within the context of vehicular networks.

III. SYSTEM MODEL

As illustrated in Fig. 2, we consider a cellular-based vehicu-
lar communication network in an urban environment, where I
vehicles equipped with embodied AI systems drive within the
communication range of a base station (BS). To associate a vehi-
cle with a BS, the system selects the link based on the strongest
received signal strength indicator (RSSI) value at the BS [34].
The network comprises W vehicle-to-infrastructure (V2I) links
andQ vehicle-to-vehicle (V2V) links, which support both direct
communication between vehicles and communication with the
BS. The V2I links are used for transmitting high-priority or
aggregated data to the BS, while V2V links facilitate direct com-
munication between nearby vehicles, reducing network load and
latency in localized areas. For clarity, we use i ∈ {1, 2, . . . , I}
to denote the index of vehicle, w ∈ {1, 2, . . . ,W} to denote the
index of V2I link, and q ∈ {1, 2, . . . , Q} to denote the index of
V2V link, respectively.

A. Image Capture and Semantic Extraction

In this model, each vehicle is equipped with onboard sen-
sors that capture real-time environmental images, denoted by
Ii. These images are processed by a vision-LLM model, i.e.,
LLAVA, to extract relevant semantic information and convert
it into textual descriptions. Each vehicle uses its onboard em-
bodied AI system to process and extract semantic information
locally, performing that computational tasks are offloaded from
the BS and minimizing the volume of raw data that needs to be
transmitted. The extracted semantic information Mi contains
details about other vehicles, pedestrians, road conditions, and
traffic signals.

The semantic processing system within each vehicle utilizes
the textual information Mi to generate a structured message,
denoted by V

(w)
i , where w indicates the specific V2I link

over which the information will be transmitted. The structured
message V

(w)
i consists of lmax words, i.e.,

V
(w)
i =

[
v
(w)
i,1 , v

(w)
i,2 , v

(w)
i,l , . . . , v

(w)
i,lmax

]
, (1)

where v(w)
i,l represents the l-th word in the structured message for

the i-th vehicle on link w. This message is then passed through
the semantic encoder of the vehicle’s transmitter, which extracts
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Fig. 2. System model illustrates a cellular-based vehicular communication network, where embodied AI vehicles utilize semantic communication to encode and
decode structured messages for efficient and reliable data exchange [29].

and encodes the underlying semantic information into a symbol
vector S(w)

i . The encoding process can be formalized as

S
(w)
i = SEα

(
V

(w)
i

)
, (2)

where SEα(·) represents the semantic encoder function with a
set of hyper-parametersα. The resulting semantic symbol vector
S
(w)
i is then represented as

S
(w)
i =

[
s
(w)
i,1 , s

(w)
i,2 , s

(w)
i,u , . . . , s

(w)
i,umax

]
, (3)

where u denotes the average number of semantic symbols used
per word with the unit of semantic unit.

B. SemCom Transmission and Reconstruction

After the semantic information is encoded into a symbol
vector S

(w)
i , it is transmitted over the wireless channel. The

transmitted signal for each V2I or V2V link is denoted as:

X
(w)
i = CEβ

(
S
(w)
i

)
, (4)

where CEβ(·) denotes the channel encoder function param-
eterized by β. The expression in (4) represents the process
of preparing the semantic symbols for transmission over the
corresponding w-th link.

Each V2I link is allocated a specific frequency subband,
while the Q V2V links may share these subbands, leading
to potential interference. The signal-to-interference-plus-noise
ratios (SINRs) for the w-th V2I link and the q-th V2V link on
the w-th subband are respectively denoted as

γV2I
w =

PV2I
w h

(w)
w,BS

σ2
a +

∑Q
q=1 bq[w]P

V2V
q [w]h

(w)
q,BS

, (5)

and

γV2V
q [w] =

PV2V
q [w]h

(w)
q,q

σ2
b + PV2I

w h
(w)
w,q +

∑Q
q′ �=q bq′ [w]P

V2V
q′ [w]h

(w)
q′,q

, (6)

where PV2I
w and PV2V

q [w] represent the transmission powers
for the w-th V2I and q-th V2V links, respectively. σ2

a and
σ2
b denote the corresponding Gaussian noise, respectively. The

binary variable bq[w] = 1 indicates that the q-th V2V link shares

the w-th V2I link.1 The channel gains h(w)
w,BS, h(w)

q,BS, h(w)
q,q , h(w)

w,q,

and h
(w)
q′,q represent both small-scale fading and large-scale path

loss effects, affecting the quality of the signal for both V2I and
V2V links. The received semantic signal at the receiver, managed
by the embodied AI agents, is expressed as

Y
(w)
i = H

(w)
i X

(w)
i +N, (7)

where H
(w)
i represents the overall channel gain matrix for the

w-th V2I and V2V links, and N denotes the noise vector.
Upon receiving the transmitted semantic symbols, the vehicle

receiver, controlled by the embodied AI system, decodes and
reconstructs the original semantic information using channel
and semantic decoding techniques. The decoded signal is rep-
resented as

Ŝ
(w)
i = SE−1

μ

(
Enc−1

ν

(
Y

(w)
i

))
, (8)

where Ŝ(w)
i denotes the recovered semantic symbol vector for the

i-th vehicle on the w-th link, SE−1
μ (·) is the semantic decoder

with parameter μ, and Enc−1
ν (·) is the channel decoder with

parameter ν. The μ and ν consist of network settings of the
semantic decoder and channel decoder, respectively.

To assess the accuracy of the reconstructed information, the
cross-entropy (CE) loss function is adopted [37], as shown in (9)
shown at the bottom of next page, where q(v

(w)
i,l ) is the actual

1 The interaction between V2V and V2I links is crucial for supporting dynamic
data exchange in vehicular networks. Specifically, the V2V links facilitate direct,
localized communication between vehicles, reducing latency. In contrast, V2I
links are used for relaying high-priority or aggregated data from vehicles to
the BS, providing centralized control and data management. The V2V and V2I
communications are distinct. That is, V2V transmissions are not forwarded to
the BS via V2I links. Such a system setting has been adopted in existing works,
e.g., [35] and [36].
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probability of the l-th word in the original message V
(w)
i , and

p(v
(w)
i,l ) is the predicted probability in the recovered message

V̂
(w)
i .
Additionally, mutual information (MI) between the trans-

mitted and received symbols is evaluated as in (10) shown at
the bottom of this page, where p(X

(w)
i ) and p(Y

(w)
i ) are the

marginal probabilities of the transmitted and received symbols,
respectively. This metric provides insight into the efficiency of
semantic communication, helping to evaluate how effectively the
transmitted information is preserved through the communication
channel.

Using the dual representation of the Kullback–Leibler (KL)
divergence [38], we can derive a lower bound for the MI as
follows:

MI
(
X

(w)
i ;Y

(w)
i

)
≥ LMI

(
X

(w)
i ,Y

(w)
i ;α, β, T

)
, (11)

where LMI denotes the loss function used to train the neural
network parameters α, β, and T for mutual information estima-
tion. It is formulated as a negative mutual information objective
based on the contrastive learning principle, which facilitates
the network to retain as much semantic information as possible
when transmitting through noisy communication channels [37].
T represents the temperature parameter that T controls the
sharpness of the probability distribution, effectively adjusting
the confidence level of the model’s predictions during training.

C. Performance Metrics and Formulated Problem

To evaluate the effectiveness of the reconstructed semantic in-
formation transmitted through V2I and V2V links, we compute
the cosine similarity between the bidirectional encoder represen-
tation of Transformers (BERT) embeddings of the original and
reconstructed messages [39]. The cosine similarity describes
the sentence semantic similarity between the recovered V̂

(w)
i

and actual V(w)
i , which reflects whether the semantic of the

sentences are correctly transmitted. Specifically, the cosine sim-
ilarity is defined as

ξq[w] =

∣∣∣B (
V

(w)
i

)
·B

(
V̂

(w)
i

)∣∣∣∥∥∥B (
V

(w)
i

)∥∥∥∥∥∥B (
V̂

(w)
i

)∥∥∥ , (12)

where B(·) represents the BERT model used to generate feature
vectors for the sentences. The value ξ ranges from 0 to 1,
with ξ = 1 indicating perfect similarity and ξ = 0 indicating
no similarity.

To optimize the performance of our vehicular communi-
cation system, we introduce a QoE metric inspired by the

Weber-Fechner law,2 which models the relationship between
the magnitude of a stimulus and its perceived intensity [42].
The QoE is influenced by the semantic similarity (i.e., ξq[w])
between transmitted and received images, which depends on
both the number of semantic symbols and the SINR of the
communication link. The QoE can be expressed as

QoE =

W∑
w=1

Q∑
q=1

Θa (1− ξq[w]) Θb

(
bq[w]P

V2V
q [w]

)
, (13)

whereΘa(·) andΘb(·) are functions that normalize the impact of
semantic similarity ξq[w] and the transmission power PV2V

q [w]
on the overall QoE. To ensure clarity, the QoE metric integrates
both the semantic accuracy of reconstructed messages and the
efficiency of resource utilization. This dual consideration helps
strike a balance between the quality of the transmitted informa-
tion and the optimal use of network resources.

The optimization problem focuses on achieving high QoE
while ensuring efficient resource utilization. In this context,
the embodied AI agents (i.e., vehicles) play a crucial role in
generating and adapting communication strategies. These agents
dynamically optimize these parameters, i.e., transmission power,
semantic symbol allocation, and channel usage, based on the
real-time analysis of the environment and communication needs.
Thus, the optimization problem is formulated as follows:

max
{PV2V

q [w],bq[w], uq}
QoE, (14a)

s.t. bq[w] ∈ {0, 1}, ∀q ∈ Q,∀w ∈ W, (14b)

W∑
w=1

bq[w] ≤ 1, ∀q ∈ Q, (14c)

Q∑
q=1

bq[w] ≤ 1, ∀w ∈ W, (14d)

uq ∈ {1, . . . , uqmax}, ∀q ∈ Q, (14e)

ξq[w] ≥ ξth, ∀q ∈ Q,∀w ∈ W, (14f)

2 Weber-Fechner law is a classical psychophysical principle, which models the
nonlinear relationship between stimulus and perception, suggesting that human
sensitivity to changes in stimuli is proportional to their relative, not absolute,
magnitude. In our context, semantic distortion and transmission effort jointly
affect perceived communication quality. To reflect this perceptual principle, we
adopt a multiplicative formulation rather than a linear weighted sum. This design
ensures that degradation in either semantic accuracy or transmission reliability
leads to a sharp drop in overall QoE, emphasizing the coupled impact of the two
dimensions. Such multiplicative QoE formulations based on Weber-Fechner law
have also been used in other studies, such as [40] and [41].

LCE

(
V

(w)
i , V̂

(w)
i ;α, β, μ, ν

)
= −

lmax∑
l=1

q
(
v
(w)
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)
log p

(
v
(w)
i,l

)
+
(
1− q

(
v
(w)
i,l

))
log

(
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(
v
(w)
i,l

))
. (9)
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∑
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PV2V
q [w] ∈ [Pmin, Pmax], ∀q ∈ Q,∀w ∈ W,

(14g)

γV2V
q [w] ≥ γth, ∀q ∈ Q,∀w ∈ W. (14h)

Here, constraint (14b) ensures that each V2V link either shares
or does not share a V2I link. Constraints (14c) and (14d) ensure
that each vehicle and each subband are allocated appropriately,
i.e., no overlapping resource usage occurs. Constraint (14e)
specifies the range of the semantic symbol allocation uq . Con-
straint (14f) ensures that the semantic similarity ξq[w] remains
higher than or equal to the minimum threshold ξth to maintain
communication quality. Constraints (14g) and (14h) limit the
transmission power and require the SINR to be higher than or
equal to the threshold γth to ensure efficient communication.

It is observed that Problem (14) is non-convex and involves
combinatorial aspects due to constraints such as (14b), (14c),
and (14d). This complexity, combined with the highly dynamic
nature of vehicular networks, presents a significant challenge.
Specifically, traditional optimization algorithms often fall short
in adapting to rapid changes in channel state or network state,
requiring repeated re-execution of computationally expensive
procedures. To address these issues, we propose an embodied
AI framework that integrates LLAVA and PPO to solve it in the
next section.

IV. PROPOSED EMBODIED AI FRAMEWORK

In this section, we present an embodied AI framework in
which LLAVA is utilized for semantic information extraction
from environmental images, while PPO is employed to dy-
namically optimize communication parameters in response to
environmental changes.

A. LLAVA-Based Semantic Information Extraction

To enable the extraction of semantic information from images
captured by the embodied AI agents (i.e., vehicles), we employ
the LLAVA model. First, we provide an overview of LLAVA,
followed by details on its design for semantic data generation.

1) Overview of LLAVA: LLAVA is a large multimodal model
designed to serve as a general-purpose visual assistant by com-
bining VLMs with powerful visual encoders based on con-
trastive language-image pre-training [43]. The model is trained
to align image features with language prompts, enabling ca-
pabilities such as image understanding, visual reasoning, and
natural language interaction with visual data. The architecture of
LLAVA consists of a visual encoder, a linear projection layer, and
a language model. Specifically, given an input image Ii captured
by the i-th vehicle’s onboard sensor, LLAVA applies a visual en-
coder g(·) to extract the corresponding visual featureZi = g(Ii).
These features are then linearly projected to match the word
embedding space of the LLM, enabling coherent integration with
the language model. This allows the model to interpret the visual
content and respond to user-defined semantic queries in natural
language. The detailed structure of this pipeline is illustrated
in Fig. 3, which highlights how the visual features are trans-
formed and grounded in the language model’s representation

Fig. 3. The architecture of the LLAVA model for semantic extraction and lan-
guage embedding. The input image Ii is processed by the visual encoder g(·) to
generate feature vectors, which are then transformed through a projection matrix
W and processed by the LLAVA model to extract semantic informationMi. The
BERT model B(·) is used to generate the final sentence-level representation,
capturing key information from the visual input.

space. Through this process, LLAVA effectively maps complex
visual inputs into interpretable semantic representations, making
it well-suited for embodied AI systems that require real-time
understanding and communication of environmental data.

2) LLAVA Design for Extraction: The proposed LLAVA de-
sign in this work aims to support real-time vehicular communica-
tion scenarios. The model processes captured images to generate
semantic information used for subsequent decision-making. The
LLAVA model is employed in the following steps:

Data Generation Using LLAVA: Given input images Ii,
LLAVA extracts semantic information Mi. First, a contrastive
language–image pretraining (CLIP-based) visual encoder is em-
ployed to obtain image-level features, i.e.,

Zi = g(Ii), (15)

where g(·) denotes the CLIP-based visual encoder, and Zi

represents the extracted features from the vehicle’s surrounding
environment.

To bridge the visual and language modalities, a trainable linear
projection is applied to align the extracted visual features with
the language model’s word embedding space, which is expressed
as

Ei = W · Zi, (16)

where Ei is the resulting embedding vector projected onto the
language space, and W is a learnable matrix.

The language model then processes this embedding to gener-
ate the semantic output, i.e.,

Mi = LLAVA(Ii; θi), (17)

where θi denotes the set of LLAVA model parameters for the
i-th vehicle.

LLAVA Model Fine-Tuning: To improve performance in the
vehicular network domain, LLAVA is fine-tuned using training
data collected from realistic driving scenarios. The objective is
to minimize the semantic deviation between the ground-truth
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Algorithm 1: LLAVA-Based Semantic Information Extrac-
tion for Vehicular Networks.

1: Input: Input image Ii from vehicle i; contrastive
language–image pre-training encoder g(·);

LLAVA model parameters θ; projection matrix W;
BERT model for representation;

2: Use pretrained contrastive language–image
pre-training encoder to obtain visual features from the
input image via (15); # Extract Visual Features

3: Project the extracted visual features into the word
embedding space using a trainable linear projection
via (16); # Project Features to Embedding Space

4: Utilize LLAVA to generate semantic information from
the projected features via (17); # Derive Semantic
Information Using LLAVA

5: Fine-tune LLAVA with real-world vehicular data to
minimize semantic mismatch via (18); # Fine-Tune
LLAVA for Scenario Adaptation

6: Encode the generated semantic information using
BERT to obtain a sentence-level representation
B(Mi); # Semantic Representation with BERT

7: Output : Extracted semantic information Mi;

semantic label Mi and the generated output M̂i, defined as

min
θ

I∑
i=1

L
(
Mi, M̂i

)
= min

θ

I∑
i=1

‖Mi − M̂i‖2, (18)

Remark 1: This MSE-based loss formulation ensures that
the extracted semantic representation Mi remains close to the
actual context of the physical environment, enhancing the com-
munication fidelity of the embodied AI agent.

In addition, we use the cross-entropy (CE) loss to strengthen
alignment between the predicted and target words in semantic
responses, which is expressed as

LCE

(
Mi, M̂i

)
=

lmax∑
l=1

q (vi,l) log p (vi,l) , (19)

where q(vi,l) and p(vi,l) denote the ground-truth and predicted
probabilities of the l-th token vi,l.

Semantic Information Representation: To provide a compact
and meaningful representation, the outputMi is further encoded
via BERT to produce a sentence-level embedding B(Mi). This
vectorized representation is later used in downstream modules
such as transmission quality evaluation and decision-making.

In such a manner, key information captured by vehicles can be
processed as semantic information through LLAVA. The overall
algorithm for semantic information extraction and representa-
tion using LLAVA is summarized in Algorithm 1.

B. PPO-Based Transmission Strategy

The proposed PPO-based transmission strategy begins with
a service request processed by LLAVA. LLAVA interprets the
request and extracts relevant semantic information from im-
ages captured by vehicle-mounted cameras. After extracting

the semantic information via LLAVA, an efficient transmission
strategy is required for vehicular networks. To address this,
we propose a PPO-based method to optimize the transmission
policy.

1) Overview of PPO: PPO is a policy gradient method within
the actor-critic framework, where the actor network defines
the transmission policy (parameterized by θA), and the critic
network estimates the value function (parameterized by θC).
PPO aims to optimize the policy to maximize expected rewards
while ensuring smooth policy transitions to prevent drastic and
destabilizing updates [44]. The core of PPO lies in its use of
a surrogate objective function that encourages updates to the
policy without large shifts from the previous policy πθold

A
. The

surrogate objective function at each time step t is defined as

J(θA) = Et

[
ρt(θA)A

π
θold
A

t

]
, (20)

where ρt(θA) =
πθA

(at|st)
π
θold
A

(at|st) represents the probability ratio be-

tween the new and old policies, and A
π
θold
A

t is the advantage
function at time t, which is calculated as

A
π
θold
A

t = r(st, at) + γVθC (st+1)− VθC (st), (21)

where r(st, at) is the reward for taking action at in state st, and
γ is the discount factor. To prevent overly large updates that may
lead to unstable learning, PPO applies a clipped version of the
objective function, i.e.,

Jclip(θA) = Et

[
min

(
ρt(θA)A

π
θold
A

t ,

clip(ρt(θA), 1− ε, 1 + ε)A
π
θold
A

t

)]
, (22)

where ε is a hyper-parameter that limits the update magnitude,
ensuring the probability ratio ρt(θA) remains within [1− ε, 1 +
ε].

Remark 2: To ensure stability during training and improve
the sample efficiency, we incorporate generalized advantage
estimation into the critic network’s value function, i.e., GAE-
PPO. This technique is used to optimize the advantage function,
preventing the advantage variance from growing too large during
training [45]. The generalized advantage estimation is computed

as A
π
θold
A

t =
∑∞

l=0(γλ)lδt+l, where λ is the hyperparameter
introduced from GAE to adjust the number of steps of time
differences considered during training. This advantage estima-
tion ensures that the variance estimation does not diverge during
training, allowing both actor and critic networks to maintain
numerical stability.

Next, the actor network is updated by performing gradient
descent on Jclip(θA), while the critic network is updated by
minimizing the mean squared error between the predicted and
target value functions. The loss function is

LC(θC) = Et

[
(VθC (st)− Vtar(st))

2
]
, (23)

where VθC (st) is the value calculated by the value network
with hyper-parameters set θC , and Vtar(st) is the target value
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Fig. 4. The workflow of the GAE-PPO method for optimizing transmission strategies. The actor and critic networks are updated iteratively through a combination
of replay buffer sampling, temporal-difference (TD) error calculation, advantage estimation, and policy clipping. The actor network generates actions using a
multivariate normal distribution, while the critic network evaluates state values, contributing to the stability and convergence of the learning process.

calculated using n-step returns, i.e.,

Vtar(st) = r(st, at) + γVθC (st+1). (24)

For a clear representation of the proposed GAE-PPO method,
we provide the detailed workflow in Fig. 4. Specifically, our
GAE-PPO method provides the interaction between the actor
and critic networks during the optimization process. The actor
network generates actions, while the critic network evaluates
the corresponding state values. Through iterative updates, the
replay buffer is used to store experience samples, and the TD
error is calculated to refine the value estimates. By combining
advantage normalization, PPO clipping, and generalized advan-
tage estimation, the GAE-PPO method can achieve stable and
efficient training for optimizing vehicular network transmission
strategies.

2) MDP Design: In our proposed method, the Markov
decision process (MDP) framework is used to model the
problem of optimizing transmission strategies for the ve-
hicular network [46]. The key components are designed as
follows.

Action Space: The action space represents the decisions made
by the embodied AI agents to control the transmission in the
vehicular network. Specifically, the actions include channel se-
lection, transmission power control, and the number of semantic
symbols transmitted in each V2V link. The action taken by the

agent at time step t can be represented as

at =

⎛
⎜⎝{bq[w]}︸ ︷︷ ︸

Q

, {PV2V
q [w]}︸ ︷︷ ︸

Q

, {uq}︸︷︷︸
Q

⎞
⎟⎠ , (25)

Thus, the dimension of the action space is 3Q.
State Space: The state space captures the environment’s ob-

servable parameters at each time step t. For our framework, the
state st includes the channel gain of the V2V links and V2I links,
and the SINR for both V2V and V2I links. Thus, the state at time
t can be expressed as

st =

⎛
⎜⎝{H(w)

i }︸ ︷︷ ︸
W

, {γV2V
q (t)}︸ ︷︷ ︸

Q

, {γV2I
w (t)}︸ ︷︷ ︸
W

⎞
⎟⎠ , (26)

Thus, the dimension of the state space is 2W +Q.
Reward Function: The reward function is designed to align

with the optimization objective of the system. Specifically, our
reward function encourages the maximization of the proposed
QoE while considering communication constraints. The reward
at time step t is given by

rt =

W∑
w=1

Q∑
q=1

Θa (1− ξq[w](t))Θb

(
bq[w]P

V2V
q [w](t)

)
. (27)
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To address the challenge of ensuring that the constraints are sat-
isfied, we employ a penalty-based reward function. Specifically,
we add penalty terms to the reward function to discourage actions
that violate the constraints. The designed reward function can
be expressed as

r̃t = rt − λ1

Q∑
q=1

max (0, ξth − ξq[w](t))

− λ2

Q∑
q=1

max
(
0, γth − γV2V

q [w](t)
)
, (28)

where λ1 and λ2 are penalty coefficients that control the weight
of the penalty terms. The first penalty term ensures that the
semantic similarity ξq[w](t) remains higher than or equal to the
minimum threshold ξth, while the second penalty term ensures
that the SINR γV2V

q [w](t) remains higher than or equal to the
required threshold γth. By incorporating these penalty terms, we
effectively guide the embodied AI agents to make decisions that
satisfy the system constraints.

Remark 3: The proposed GAE-PPO-based method inher-
ently provides resilience against unexpected scenarios such as
sensor failures or severe channel interference. In particular, the
agent continuously adjusts its transmission policy based on real-
time environmental feedback, and any degradation in sensing
or communication quality is immediately reflected through the
observed rewards. Moreover, the penalty-based reward design
discourages actions that violate semantic similarity and SINR
constraints, guiding the embodied AI agents to adopt more
robust behaviors. This adaptability ensures stable and efficient
communication even under dynamic and adverse conditions, as
similarly observed in [47] and [48].

Based on this MDP formulation, we summarize the proposed
GAE-PPO-based transmission strategy optimization algorithm
for vehicular networks in Algorithm 2. Specifically, the proposed
algorithm utilizes the GAE to reduce variance in the policy
gradient estimation, which improves the stability and efficiency
of the learning process. The algorithm begins by initializing the
actor and critic networks, followed by the exploration phase,
where actions are selected based on the actor’s policy. The
observed rewards and transitions are stored, and the actor and
critic networks are updated using gradient descent to optimize
the transmission policy.

Remark 4: While our proposed framework is originally
designed for embodied AI in vehicular networks, it exhibits
adaptability and generalizability to a variety of other application
domains and input modalities. On the application level, the
framework can be extended to robotics and UAV networks, as
long as the agent is equipped with visual sensors. The LLAVA-
based semantic extraction module interprets environmental in-
puts into compact and meaningful representations, which are
then processed by the GAE-PPO algorithm for decision-making.
This modular design, separating perception from policy learn-
ing, facilitates straightforward adaptation to diverse embodied
AI tasks. Similar designs have been used in robotic manipulation
and UAV path planning, as shown in [47]. Moreover, although
our current implementation relies on LLAVA, a vision-language

Algorithm 2: GAE-PPO-Based Transmission Strategy Op-
timization for Vehicular Networks.

model tailored to image-based inputs, the architecture of the
framework allows replacement of the visual encoder with other
multimodal models (e.g., ImageBind [49] and Flamingo [50])
to accommodate additional modalities such as audio, text, or
radar data. This substitution would not require modification of
the downstream DRL module, making our approach extensible
to future embodied AI systems with diverse sensory inputs.

C. Complexity Analysis

Computational Complexity Analysis: The computational
complexity of the proposed embodied AI framework is influ-
enced by LLAVA and GAE-PPO. For LLAVA, it primarily
utilizes a Transformer-based architecture to process cross-modal
data, combining visual and textual information [51]. The com-
plexity of its self-attention mechanism is O(L2 · d), where L is
the input sequence length (e.g., the number of tokens or visual
patches) and d is the embedding dimension. Additionally, the
feature projection step incurs a computational cost proportional
to the projection matrix size, resulting in an overall complexity
of O(L2 · d+ L · d2). For the GAE-PPO method, the computa-
tional complexity depends on the structure of the DNNs used in
the actor and critic networks [52]. Specifically, the complexity
of the DNNs is O(

∑P
p=1 np−1 · np), where np represents the

number of neurons in the p-th layer, and P is the total number
of layers. The size of the input layer (i.e., n0) corresponds to the
dimension of the state space, while the size of the output layer
(i.e., nP ) corresponds to the dimensionality of the action space.
Moreover, GAE introduces an additional computational over-
head of O(T ) per iteration, where T is the number of timesteps
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used in advantage computation. Consequently, the overall com-
plexity of the GAE-PPO method is as O(T ·∑P

p=1 np−1 · np).
Thus, the overall computational complexity of the embodied AI
framework is O(L2 · d+ L · d2) +O(T ·∑P

p=1 np−1 · np).
Space Complexity Analysis: Each vehicle in our framework

maintains a lightweight neural policy network, with a parameter
count denoted byP . Thus, the space complexity for each vehicle
isO(P ). As the number of vehicles increases to I , and given that
each vehicle operates independently with its own local policy,
the total model storage requirement across the system scales
linearly as O(I · P ). In addition, a shared buffer is maintained
to store historical interaction data across time. The size of this
buffer is determined by the data stored per time slot Dt and
the total number of time slots T , leading to an overall space
complexity of O(T ·Dt)[53]. Therefore, the combined system
space complexity is O(I · P + T ·Dt).

Communication Complexity Analysis: In our framework, each
vehicle communicates over a fixed resource block and only per-
forms power control and semantic-aware transmission, without
involving dynamic spectrum allocation or spectrum sharing [54].
Therefore, the wireless signal processing complexity stems pri-
marily from the evaluation of interference across vehicles. For
each vehicle, interference computation requires estimating the
channel gains and received interference from its K neighbors,
considering both V2V and V2I transmissions. This includes
path loss, shadowing, and fast fading computations. As such,
the communication channel complexity for the whole system is
O(I ·K).

V. NUMERICAL RESULTS

A. Parameter Settings

The parameters in our framework are categorized into Sce-
nario Settings and Embodied AI Framework Settings.

1) Scenario Settings: The text dataset employed for semantic
extraction in this work is the European Parliament dataset,
comprising approximately 2 million sentences and 53 million
words [55]. We simulate a vehicular network with 4 embodied
AI vehicles, each supporting both V2V and V2I communication
links. Following [15], the height of the base BS is set to 25 m, and
the height of vehicles is set to 1.5 m. The V2I transmit power is
fixed at 23 dBm, while the V2V transmit power varies between
−100 dBm and 23 dBm. The noise powers of σ2

a and σ2
b are both

set at −114 dBm, and the carrier frequency is 1GHz. The width
of road lanes is configured as 3.5 m, with shadowing deviations
of 3 dB and 8 dB for V2I and V2V links, respectively. For the
system objectives, Θa(x) is set to x and Θb is expressed as
Θb(x) =

1
1+e−x . The minimum thresholds for SSIM and SINR

constraints are set to ξth = 0.3 and γth = 10 dB, respectively.
2) Embodied AI Framework Settings: The framework con-

sists of two key components, i.e., LLAVA and GAE-PPO.
Specifically, the LLAVA model used in our simulations is
LLAVA-v1.5-7B3, containing 7 billion adjustable parameters. It
processes a dataset comprising 30 driving scenario images [56],
efficiently extracting semantic information to support vehicular

3 [Online]. Available: https://huggingface.co/llava-hf/llava-1.5-7b-hf

TABLE II
CRITICAL PARAMETER SETTINGS

communication. The transmitter network includes a semantic
encoder and a channel encoder, with hyper-parameters α and
β. The architecture consists of three Transformer layers, each
with 8 attention heads, and the Rectified Linear Unit (ReLU)
as the activation function. Two dense layers, with sizes of 256
and 16, are connected to the last Transformer layer. The receiver
network, comprising a semantic decoder and a channel decoder,
is similarly structured but with the layers applied in reverse order.
For the GAE-PPO algorithm, we use the Adam optimizer and
Tanh as the activation function. The neural network includes
three layers, each with 512 hidden units [57]. The replay buffer
has a maximum size of 1× 106, and the network is updated at
the end of each episode. The penalty coefficients λ1 and λ2 are
both set to 1. Other critical parameters are listed in Table II [58].

B. Simulation Results

Fig. 5 demonstrates an example of semantic information ex-
traction when an embodied AI vehicle captures images of its sur-
roundings. As shown, thanks to LLAVA’s powerful cross-modal
capabilities, the system can effectively extract key details such
as the number of parking spaces, which ones are occupied, and
where available parking spots are located. Compared to trans-
mitting the image directly (i.e., 614 Kilobyte in our simulations),
sending the extracted text (i.e., 12.1 Kilobyte in our simulations)
significantly reduces the required bandwidth. This highlights the
efficiency of using text-based semantic information over raw
image data for communication purposes in vehicular networks.
Moreover, the right part of Fig. 5 presents a detailed analysis of
the semantic extraction process, focusing on LLAVA’s attention
mechanism and how the textual output is associated with visual
elements. This analysis demonstrates how LLAVA combines
input text with visual features to generate the final output,
ensuring that the extracted information is well-grounded in the
environmental context.
� Input-Output Text Relevancy Analysis: The bar charts show

the relevancy scores between input tokens and output
tokens, reflecting the contribution of each input word to
generating specific output tokens. Tokens such as ”spaces,”
”occupied,” and ”cars” are found to be highly relevant to
responses like ”four,” ”three,” and ”one.” This indicates
that LLAVA can effectively direct its attention to specific,
relevant parts of the input to generate accurate output,
ensuring the correct interpretation of semantic elements,
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Fig. 5. The illustration of semantic information extraction. In the left part, the environmental image is obtained through the onboard sensor. Then, the semantic
information is extracted according to the user’s needs via the embodied AI. In the right part, we demonstrate the relevance between the extracted semantic information
and user needs, as well as the environmental images.

such as the number of parking spaces and their occupancy
status.

� Relevancy Heatmaps: The heatmaps at the bottom of
Fig. 5 highlight the image regions most relevant to spe-
cific output tokens. For instance, the highlighted areas
show that tokens ”red” and ”yellow” are directly as-
sociated with the respective cars in the image. This
demonstrates LLAVA’s capability to ground text in spe-
cific visual features, linking language tokens to corre-
sponding visual objects. The heatmaps validate the sys-
tem’s ability to perform cross-modal grounding, which
enhances the reliability of extracted semantic information
by correctly associating textual descriptions with visual
inputs.

Next, to evaluate the performance of our LLAVA-1.5-7b-hf
model, we compare it with several state-of-the-art vision-LLM
models, including:
� LLAVA-1.5-13b-hf [59]: A vision-LLM with about 13.4

billion parameters, designed for high-accuracy multimodal
semantic extraction through advanced cross-modal align-
ment techniques.

� Qwen-VL-Chat [60]: A multimodal conversational model
with about 9.66 billion parameters, specializing in visual-
language reasoning tasks requiring both image and text
understanding.

� Deepseek-vl-7b-base [61]: A vision-LLM with about 7.34
billion parameters optimized for extracting structured se-
mantic information from complex visual and textual data.

� Moondream2 [62]: A lightweight vision-LLM with 1.8
billion parameters, targeting general-purpose semantic rea-
soning with the focus on computational efficiency.

Fig. 6 compares these vision-LLM models in terms of pa-
rameter size, inference time, and output accuracy for semantic
queries, highlighting their trade-offs in computational efficiency
and performance. The first bar chart shows the parameter sizes of
the evaluated models. LLAVA-1.5-7b-hf, with 7 billion param-
eters, is significantly smaller than LLAVA-1.5-13b-hf, which
has 13 billion parameters, approximately 46.2% fewer parame-
ters. Despite this reduction in size, LLAVA-1.5-7b-hf achieves
comparable or superior performance, making it particularly
suitable for real-time decision-making in resource-constrained
vehicular networks. The second and third bar charts evaluate
inference time for two semantic queries, both requiring the
identification of parking space availability and its exact loca-
tion. LLAVA-1.5-7b-hf achieves inference times of 1.2 seconds
and 1.3 seconds for the first and second queries, respectively,
which are 40% and 38% faster compared to LLAVA-1.5-13b-hf.
While LLAVA-1.5-13b-hf delivers accurate answers, its larger
parameter size results in higher latency. Other models, such as
Qwen-VL-Chat and deepseek-vl-7b-base, either fail to provide
consistent, correct answers or exhibit even higher inference
delays, further emphasizing the efficiency of LLAVA-1.5-7b-
hf. On the left side of Fig. 6, LLAVA-1.5-7b-hf demonstrates
robust semantic alignment between visual inputs and textual
representations. For instance, it consistently produces correct
answers for both semantic queries, while the other models
either provide vague or incorrect responses. This performance
advantage can be attributed to its efficient cross-modal alignment
mechanism, which balances parameter efficiency and semantic
understanding. These characteristics make it a strong candidate
for embodied AI vehicular networks, where low-latency and
high-reliability decision-making are essential.
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Fig. 6. Comparison of vision-LLM models in terms of parameter size, inference time, and output accuracy for semantic queries. The left side illustrates the
semantic query results for two questions related to parking spaces, highlighting the correctness of answers provided by different models. The bar charts on the right
compare the parameter sizes and inference times for each model, showing the balance between computational efficiency and output accuracy. All experiments are
conducted on a server equipped with an Intel Xeon Platinum 8380 CPU and NVIDIA A100 80 GB GPU.

Fig. 7. Convergence behavior with different methods.

After extracting semantic information, the proposed GAE-
PPO method is used to transmit the data. Fig. 7 shows a con-
vergence comparison of our GAE-PPO method against several
baselines, i.e., pure PPO, DDPG, continuous-armed bandits,
and a random policy. The results indicate that our GAE-PPO
method achieves superior performance compared to pure PPO,
providing approximately 61% gain in accumulated return. This
improvement is attributed to the GAE mechanism, which sta-
bilizes the learning process and results in more effective policy
updates. Compared to DDPG, which demonstrates significant

Fig. 8. Achievable QoE versus the number of embodied AI agents.

variability with fluctuations, the method struggles with consis-
tent convergence, indicating its instability and unsuitability for
reliable performance. Furthermore, the continuous-armed bandit
baseline performs slightly better than random exploration but
still suffers from slow and unstable convergence, confirming
that it fails to capture temporal dependencies required for se-
quential decision-making. In contrast, our GAE-PPO method
leverages generalized advantage estimation, which significantly
contributes to stable convergence behavior, making it more
reliable in vehicular network environments.
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Fig. 9. Comparison of GAE-PPO and pure PPO in fulfilling communication demands.

Fig. 8 shows the achievable QoE performance of different
transmission strategies as the number of embodied AI agents
(i.e., vehicles) varies. The proposed GAE-PPO method consis-
tently achieves superior performance compared to DDPG, pure
PPO, continuous-armed bandits, and a random strategy across
all scenarios. Specifically, our GAE-PPO method demonstrates a
36% gain in QoE over DDPG at a vehicle count of 8, highlighting
its effectiveness in dynamic vehicular environments. The red
line in Fig. 8 illustrates the QoE improvements as the number
of vehicles increases. Notably, we observe a 61.4% increase
in QoE when scaling from 4 to 8 vehicles, followed by a
31.9% improvement from 8 to 12 vehicles and a 25.2% increase
when moving from 12 to 16 vehicles. The continuous-armed
bandit baseline yields limited QoE improvements and shows
diminished scalability, which further confirms the necessity
of modeling the problem as a Markov Decision Process with
sequential learning and adaptive policy updates. These results
demonstrate the scalability of our GAE-PPO method, as it
maintains consistent performance gains even as the network size
grows. The observed improvements can be largely attributed
to the use of GAE, which provides more accurate advantage
estimation, leading to smoother learning and better resource
utilization.

To understand the advantages of our proposed method, Fig. 9
illustrates the successfully delivered payloads for each vehicle
of GAE-PPO and pure PPO methods across four embodied AI
agents (i.e., vehicles), highlighting the number of steps each
method requires to meet communication demands. It shows
that GAE-PPO consistently outperforms pure PPO by achieving
faster convergence for most vehicles. Specifically, GAE-PPO
reduces the required steps by 10, 23, and 54 for vehicles 1, 2,
and 3, respectively. For vehicle 4, both methods achieve the
communication demand in the same number of steps, indicating
comparable performance in this scenario. The efficiency of
GAE-PPO is attributed to its generalized advantage estimation
mechanism, which stabilizes the training process and enhances
the balance between exploration and exploitation. This enables
GAE-PPO to adapt effectively to dynamic vehicular commu-
nication environments, prioritizing optimal actions that lead to
faster demand fulfillment.

To explore the impact of dataset size, Fig. 10 illustrates the
relationship between the SSIM, the SINR, and the semantic
sentence length. It shows that SSIM is significantly influenced
by both SINR and sentence length, reflecting how these factors

Fig. 10. The SSIM versus different words sentence length and SINR.

affect the quality of semantic communication in the vehicular
network. At higher SINR values, the SSIM remains consistently
high regardless of the sentence length, indicating that a reliable
channel effectively preserves the quality of transmitted semantic
information, even with longer sentences. However, as SINR
decreases, we observe a notable drop in SSIM, particularly for
longer sentences. This suggests that in low-SINR environments,
transmitting longer semantic information leads to a greater
degradation in quality due to increased noise interference. More-
over, it also indicates that shorter sentence lengths tend to
maintain higher SSIM values across varying SINR conditions.
This highlights the importance of optimizing sentence length to
ensure reliable communication quality, especially in challenging
network conditions where SINR is low. These observations
underscore the trade-off between semantic content richness and
communication quality and suggest that dynamically adapting
sentence length based on SINR can be an effective strategy to
enhance the performance of embodied AI-enhanced vehicular
networks.

VI. CONCLUSION

In this paper, we have proposed a framework for optimizing
transmission and decision-making in embodied AI-enhanced
vehicular networks. By integrating LLAVA for semantic infor-
mation extraction and GAE-PPO for stable decision-making,
the proposed method can improve transmission efficiency and
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adaptability in dynamic vehicular environments. We have also
utilized attention maps from LLAVA to analyze how semantic
information is extracted, demonstrating LLAVA’s ability to focus
on the most relevant visual regions for accurate semantic repre-
sentation. The results have demonstrated that our method consis-
tently outperforms traditional methods in terms of convergence
speed, transmission efficiency, and overall system performance,
validating the effectiveness of using embodied AI framework in
vehicular networks.
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