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Abstract

Emergency scenarios in the Internet of Vehicles (IoV) face significant challenges due to
the stringent requirements for ultra-reliable and low-latency communication under high-
mobility conditions. This paper proposes a cooperative transmission framework for seman-
tic communication to address these challenges. We introduce a knowledge graph-based
approach to represent information as semantic triples (structured entity-relation-attribute
representations), whose importance is quantified using a Zipf distribution, enabling priori-
tized transmission. At the physical layer, a semantic-aware cooperative communication
scheme is proposed to combat fading and enhance transmission reliability. The joint op-
timization of the number of transmitted triples and node power allocation is formulated
as a cross-layer problem. To tackle this Mixed-Integer Nonlinear Programming (MINLP)
problem with a hybrid action space, we employ the Multi-Pass Deep Q-Network (MP-DQN)
algorithm, which is specifically designed for problems with hybrid discrete-continuous
action spaces. Simulation results demonstrate that our framework dynamically adapts
to channel states and semantic value, achieving up to 85% end-to-end success rate and
improving convergence speed by approximately 40% compared to conventional methods.

Keywords: Internet of Vehicles; emergency communication; semantic communication;
knowledge graph; cooperative communication; deep reinforcement learning; Multi-Pass
Deep Q-Network

1. Introduction

With the rapid rise of Intelligent Transportation Systems (ITS) and Vehicle-to-
Everything (V2X) technologies, vehicles are increasingly evolving from traditional trans-
portation tools into intelligent nodes of the Internet. As a crucial component of modern
transportation systems, the Internet of Vehicles (IoV) enables information interaction among
vehicles, users, and external infrastructure. The development of the IoV, through the inte-
gration of sensors, communication modules, and cloud platforms, has created substantial
value by optimizing traffic management, enhancing road safety, and improving the driv-
ing experience. Furthermore, the IoV significantly enhances both road safety and traffic
efficiency [1-3].

However, this rapid development also introduces new challenges. First, scenarios like
traffic emergencies demand extreme timeliness and accuracy, yet existing communication
mechanisms remain inadequate for these critical real-time tasks. Second, the high mobility
of vehicles leads to frequent changes in network topology, posing severe challenges to the
reliability of data transmission and the stability of communication services.
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Semantic communication technology offers a promising approach to addressing the
aforementioned challenges in the IoV. Unlike traditional communication paradigms that
focus on the transmission of precise bit stream, semantic communication aims to convey the
meaning of the information [4]. This shift in focus brings inherent advantages: By compress-
ing data and extracting semantic features to reduce latency [5,6], it becomes particularly
suitable for transmitting large volumes of data in the IoV under strict delay constraints.
Moreover, this method maintains robust performance under limited bandwidth or low
signal-to-noise ratio (SNR) conditions and typically consumes less energy. By preserving
data transmission reliability against noise and interference, semantic communication serves
as a critical foundation for vehicle driving and road safety.

The highly dynamic and resource-constrained nature of the IoV, especially in emer-
gency scenarios, makes the value of semantic communication of paramount importance.
In this context, deep learning has driven significant breakthroughs in semantic commu-
nication systems, particularly in information compression and semantic fidelity. These
systems leverage deep learning architectures, such as Transformers, to automatically learn
and extract salient semantic features, enabling more efficient and intelligent encoding than
previously achievable.Substantial research has been dedicated to developing deep learning
methods for semantic feature extraction, encoding, and reconstruction. Deep learning has
driven significant breakthroughs in semantic communication systems, particularly in infor-
mation compression and semantic fidelity. For instance, Transformer-based models like
DeepSC [4] enable robust text transmission, while GAN-based methods [7] and generative
models [8] achieve efficient image compression. However, despite advancements in task
accuracy and data reduction, the internal representations and reasoning mechanisms in
such models typically lack interpretability.

Despite advancements in task accuracy and data reduction, the internal representations
and reasoning mechanisms in such models typically lack interpretability. This limitation
restricts their reliable application in safety-critical emergency communication scenarios
where trust and transparency are essential.

To enhance the reliability of the semantic communication, knowledge graphs have
been introduced as a structured framework for the semantic representation. Modeling
information through “Entity-Relation-Attribute” triples, knowledge graphs offer inherent
semantic transparency and robust logical inference capabilities [9,10]. Existing research
consistently validates their value: Agrawal et al. [11] demonstrated the ability of knowl-
edge graphs to dynamically capture and organize key semantic units from multi-source
information; Hogan et al. [12] highlighted the effectiveness of their graph structures in
representing complex semantic relationships; Yang et al. [13] established semantic triples as
an effective approach for achieving interpretable semantic expression; while Chen et al. [14]
emphasized their capability to support inference of potential semantic relationships. These
collective characteristics render knowledge graphs particularly suitable for emergency
communication scenarios that demand exceptional information accuracy and traceability.
Recent advancements, such as the SIMAC framework [15], extend semantic communication
to integrated multimodal sensing by leveraging joint source-channel coding for simultane-
ous decoding and transmission in resource-constrained environments. Our work builds on
this by applying interpretable knowledge graphs and Zipf prioritization in cooperative IoV
scenarios, enhancing semantic-driven designs for emergency reliability.

Recent advancements in knowledge graphs for V2X applications have focused on
enhancing interpretability and ethical considerations in automated driving scenarios. For
instance, Jiang et al. [16] proposed a knowledge graph-based path calculation approach
to reveal hidden correlations in intelligent transportation systems, improving dynamic
routing in high-mobility environments. Similarly, Singh et al. [17] explored the role of KG
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in human-Al systems for automated driving, emphasizing reliability in real-time decision-
making, while Kumar et al. [18] addressed ethical developments in KG for V2X, ensuring
transparency in safety-critical applications. These works highlight the growing importance
of KG in V2X but often overlook cooperative transmission in emergency IoV settings.

In parallel, deep reinforcement learning has been increasingly applied to semantic
communication for resource optimization. Rathore et al. [19] introduced asynchronous
DRL for semantic communication in transportation networks, enabling efficient digital-
twin deployment. Wang et al. [20] provided a comprehensive review of RL in semantic
communications, covering adaptive encoding and allocation strategies, and Zhang et al. [21]
developed DRL-based resource allocation for hybrid semantic systems, focusing on image
transmission efficiency. However, these approaches typically address isolated layers and
lack integration with interpretable semantic representations like KG triples in hybrid
action spaces.

Building on these 2024-2025 advancements, our SACC framework innovates by jointly
optimizing semantic compression via Zipf-prioritized KG triples and transmission power
using MP-DQN, specifically tailored for reliable IoV emergency communication.

However, in resource-constrained emergency communication scenarios, different se-
mantic information has different levels of importance. Quantifying and prioritizing the
transmission of decision-critical semantic elements would substantially improve both the
effectiveness and efficiency of communications. Current research has explored feature
importance evaluation from deep learning perspectives. For instance, Jiang et al. [22] pro-
posed an adaptive encoding mechanism based on feature importance ranking, while Zhou
et al. [23] introduced a “feature priority” metric for transmission scheduling. However,
these approaches remain constrained by their reliance on uninterpretable feature represen-
tations. This limitation fundamentally undermines the applicability of these methods in
emergency communication scenarios where transparent decision-making is paramount.

While existing semantic-aware frameworks, such as DeepSC [4] and GAN-based meth-
ods [7,8], excel in unstructured data processing but lack interpretability, and knowledge
graph approaches [11-14] provide transparency yet overlook cooperative transmission
in dynamic IoV settings, our SACC framework innovates by combining Zipf-prioritized
semantic triples with physical-layer cooperative optimization. This cross-layer design
addresses high-mobility emergency challenges, such as topology changes and resource
constraints, which prior works like feature prioritization methods [22,23] do not fully
integrate, enabling superior reliability and efficiency in real-time scenarios.

Therefore, establishing an interpretable mechanism to assess semantic information
importance has become a critical research objective. The subsequent goal is to optimize
semantic transmission based on this assessment. Together, this integrated challenge is now
pivotal for advancing emergency communication. To address this gap, this paper proposes
a Semantic-Aware Cooperative Communication (SACC) framework for IoV emergency
communication that integrates a knowledge graph-based semantic representation with
a Zipf distribution for interpretable prioritization. The primary novelty of our work is
twofold: (1) the formulation of a cross-layer MINLP problem that jointly optimizes semantic
compression (the number of triples) and physical-layer transmission power allocation to
maximize the end-to-end semantic communication success rate; and (2) the application
of the Multi-Pass Deep Q-Network (MP-DQN) algorithm, which is uniquely suited to
efficiently solve this challenging problem with its inherent hybrid discrete-continuous
action space.

The main contributions of this paper are as follows:

1. SACC framework for IoV emergency communication: We introduce an inter-
pretable, knowledge graph-based semantic representation method coupled with a



Electronics 2025, 14, 4937

4 of 26

Zipf distribution-driven value evaluation mechanism. This integration enables the
effective priority quantification and ranking of semantic triples, ensuring the semantic
transparency while prioritizing the high-value emergency information to enhance the
transmission efficiency and reliability.

2. Joint Optimization Model: Formally characterizing the trade-off between seman-
tic compression and communication resource allocation, with the explicit goal of
maximizing the end-to-end semantic communication success rate.

3. Addressing the hybrid action space via Multi-Pass Deep Q-Network (MP-DQN): The
MP-DON algorithm is uniquely suited to address the hybrid action space inherent in
this problem, which comprises discrete selection of the number of semantic triples
and continuous allocation of transmission power. It thereby facilitates coordinated
decision-making in dynamic environments, thus enabling the joint optimization of
discrete and continuous variables in the hybrid action space.

4. Comprehensive performance validation through systematic simulations: Results
demonstrate that the proposed scheme effectively adapts to real-time network dynam-
ics and semantic requirements, achieving significantly reduced latency and improved
robustness in IoV emergency scenarios.

2. System Model and Problem Formulation

This paper focuses on the critical challenges of transmission effectiveness and reliability
in vehicular emergency communication systems. The considered system architecture, as
illustrated in Figure 1, comprises a source vehicle (S), a relay vehicle (R), and a destination
vehicle (D), where all vehicular nodes support direct communication.

] . S Source Node
—  First Time Slot R Relay Node

T 777 SecondTime Slot ) D Destination Node

Figure 1. System model.

2.1. Semantic Communication Model

The field of semantic communication has currently diverged into two primary techni-
cal pathways. The first employs deep learning approaches, exemplified by Transformer
architectures, which capture semantic correlations through distributed encoding to enable
end-to-end semantic transmission. The second follows a structured symbolic approach
based on knowledge graphs, which explicitly represents semantics using Entity-Relation-
Attribute triple structures. These two paradigms demonstrate distinct characteristics. Deep
learning methods excel at processing large-scale unstructured data; however, their black-
box nature compromises interpretability. In contrast, knowledge graph-based methods
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provide traceable and interpretable semantics through structured frameworks, though
with less flexibility. This distinction proves particularly critical in application scenarios
demanding high reliability.

Given the superior reliability of knowledge graph-based semantic communication,
this paper adopts the knowledge graph as the foundational framework. The semantic com-
munication process involves four key stages: (1) semantic extraction: comprises parsing
unstructured text to extract core triples through dependency analysis—for instance, cap-
turing critical relationships such as <Vehicle VH-0123, Accident Type, Tire Blowout> and
<Accident Location, Geographic Coordinate, 31.23° N, 121.47° E> from emergency alerts;
(2) knowledge graph construction: integrates static network knowledge (e.g., <Jinghu Ex-
pressway G2 Section, Number of Lanes, Two-way Six Lanes>) with dynamic event triples to
form a real-time semantic network; (3) transmission optimization: selects high-value triples
according to scenario requirements; (4) semantic restoration: enables the receiver to verify
triple completeness through an ontological knowledge base and reconstruct the complete
event narrative. Throughout this process, semantic triples inherently provide information
compression by eliminating redundant descriptions from the original emergency text while
preserving only the essential semantic units required for decision-making.

This scenario, which involves real-time emergency response, imposes stringent de-
mands for low-latency and high-reliability communication. Although transmitting all
semantic triples preserves complete information, this approach introduces unnecessary
redundancy. To address this challenge, we propose a scheme that transmits the top M
semantic triples, ranked by semantic value in descending order. The value of M is ad-
justed in real-time to maximize the end-to-end semantic communication success rate in
emergency scenarios.

In dynamic emergency response environments, temporal and geospatial information
constitutes the most critical semantic content, being decisive for rescue coordination and
incident localization. Conversely, environmental details such as intersection signal states
and pedestrian distribution demonstrate comparatively lower urgency. Emergency reports
exhibit power-law criticality [24,25], where a small number of key elements dominate the
informational value, as evidenced by corpus analyses of structured reports like medical
discharge summaries and imbalanced text datasets, which show Zipf-like distributions
in feature importance. This empirical foundation justifies our use of the Zipf distribution
to model semantic value in IoV emergency communications. To quantitatively evaluate
semantic information significance, this paper proposes the following semantic value metric:

v=r"7, 1)

where v represents the semantic value of the semantic triple, r represents its importance
ranking, and 7 reflects the distribution skewness of the semantic value (typically 7y ~ 1).
Semantic triples with higher rankings have higher semantic values. The total number
of triples L = 10 is justified by real-world IoV emergency alerts, such as those in the
TUMTraf V2X dataset [1], where traffic incidents like tire blowouts generate 8-12 key
triples (e.g., vehicle ID, accident type, location, time). The semantic reasoning coefficient
k = 1.3 allows the receiver to infer 30% of missing information, as seen in practical ITS
systems where ontologies deduce urgency from partial triples like <Accident Type, Tire
Blowout> and <Location, Highway G2 >, ensuring conservative modeling based on real
V2X rule-based inferences.

The semantic value quantifies the importance of semantic information, following
the Zipf distribution. In prior studies, the skewness parameter <y is often set to a typical
value around 1. To enhance the practicality and credibility of our model, we empirically
determine <y using real-world data. Specifically, we employ the Maximum Likelihood Esti-
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mation (MLE) method on a sample of 300 emergency event reports from the TUMTraf V2X
dataset [1]. Each report was processed to extract semantic triples, which were then ranked
by importance (e.g., via expert annotation or LLM ranking as described in Section 2.1). The
MLE of 7 is calculated to be approximately 1.15. Consequently, we set v = 1.15 in our
simulations to more accurately reflect the distribution of semantic importance in real IoV
emergency scenarios. The most typical example is word frequency in natural language—
for instance, high-frequency high-frequency words like “the” or “and” in English appear
far more often than other words. As the rank decreases by one, the frequency roughly
decreases by a factor of 1/, thereby forming a distribution curve characterized by a “head
concentration and long tail.” A visual illustration of this distribution is provided in Figure 2.
This principle essentially reflects a common pattern in complex system, where a small
number of core elements play a dominant role, while the majority of secondary elements
contribute limitedly. By ranking semantic triples by importance and defining their semantic
value using v = r~7, we can quantify the importance of semantic triples.

1.0 ®

o
©

/

Semantic Value (Zipf Distribution)
o
/

.

2 4 6 8 10 12 14
Rank

/
f
/

Figure 2. Zipf distribution.

Take a typical emergency event text in the IoV as an example. Original text is “Emer-
gency Alert: Vehicle VH-0123 experienced a tire blowout accident at 14:30 on 4 July 2025
on the Jinghu Expressway G2 section (coordinates 31.23° N, 121.47° E). The vehicle has
pulled over to the emergency lane, the right lane is blocked. Danger level: High. Advise
following vehicles to slow down and avoid. Roadside unit has activated the emergency
lane indicator lights.”

The extracted semantic triples and their importance rankings for a traffic incident example
are listed in Table 1. The ranking r is automatically assigned by evaluating the criticality of
each triple in the context of emergency response. This is achieved by prompting the ChatGPT-
4.0 model (OpenAl San Francisco, CA, USA) with instructions such as: “Rank the following
facts from a traffic accident report by their importance for immediate emergency response,
with 1 being the most critical.” This data-driven approach ensures that the prioritization aligns
with practical decision-making needs. Its importance follows the Zipf distribution law. The
semantic value of the semantic triple is quantified by Equation (1).
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Table 1. Semantic Triples and Their Importance Rankings for Traffic Incidents.

Semantic Triple Importance Ranking

VH-0123, Experienced, Tire Blowout Accident 1
Tire Blowout Accident, Location, G2 Section Emergency Lane
VH-0123, Time, 4 July 2025 14:30

Tire Blowout Accident, Danger Level, High

Tire Blowout Accident, Blocked Lane, Right Lane

Accident, Suggested Action, Slow Down and Avoid

NUl = WD

The compression ratio is defined as CR = (Original Data Size)/(Triples Size), typically
achieving 5:1 to 10:1 for IoV data (e.g., 1 MB raw sensor data compressed to 100-200 KB
triples). This metric ensures efficient bandwidth use, as validated in simulations where
CR > 6 leads to 20% latency reduction [26,27].

Assuming the text that needs to be transmitted can be converted into L semantic
triples. As mentioned before, the sender only passes the top M(M < L) triples to the
channel. The total normalized semantic value vy, of the transmitted semantic information
is expressed as:

=1
Ototal = IL e (2)

Assuming a single semantic triple is encoded as U bits, the transmission rate that the

physical layer needs to satisfy is:
MU

R(M) = 7,

©)

where T is the time slot length.

The semantic reasoning capability at the receiver denotes its capacity to infer latent
semantic information from received high-value triples. This capability can be quantified
by the degree of enhancement in total semantic value accomplished through the received
triples. This paper uses k to represent the semantic reasoning capability. Since it measures
the improvement degree of the total semantic value, k > 1. Specifically, when k = 1
indicates that the receiver lacks semantic reasoning capability. In subsequent analysis, the
semantic reasoning capability is assumed to be an indicator related to the receiver and can
be considered constant over a specific period.

Thus, the receiver’s inference success probability is:

M [
Yisg i 7

pinf = mln (kZL i_’)”

1) * Pext * Preg, (4)
i=1

where pj, is the receiver’s inference success probability mentioned above, pex: represents
the success probability of semantic extraction in the semantic encoder, set to 0.95 to reflect
the high accuracy achievable by modern pre-trained language models on structured infor-
mation extraction tasks, and pyeq represents the success probability of text generation in
the semantic decoder, set to 0.98 considering the high reliability of template-based natural
language generation in constrained domains like emergency reporting. The semantic rea-
soning capability k = 1.3 indicates that the receiver can infer 30% of the missing critical
information from the received triples, a conservative estimate of the reasoning capability
enabled by a well-defined domain ontology and logical rules.



Electronics 2025, 14, 4937

8 of 26

2.2. Cooperative Communication Model

In this section, we consider vehicle mobility, which leads to real-time changes in the
communication link topology. To ensure reliable transmission of emergency information,
this paper establishes a cooperative transmission model.

Denote the relay node vehicle speed as v, the initial distances between source node S,
relay node R, and destination node D are denoted as dsp(0), dsg(0), and drp(0), respec-
tively. At time ¢, the distance between nodes is expressed as d;;(t) = d;;(0) 4+ v - t - cos 6;;.
The basic distance model in Equation (5) assumes constant velocity for simplicity:
dij(t) = d;j(0) +v-t-cosf;. To better capture real IoV dynamics, we extend it
to include acceleration 4 and random speed variations modeled as Gaussian noise:
dij(t) = dij(0) + (v 4 Av) - t+ (1/2)a - 2 - cos 0;j, where Av ~ N'(0,0?). Lane changes are
simulated as discrete jumps in 6;;. These variations increase channel fluctuations, raising
outage probability (as derived in Equation (12)) and challenging RL stability, which we
mitigate through MP-DQN’s fast convergence (see Section 5).

The path loss follows the log-distance model:

PL(d) = PLg + 10alogy <§)) , )

where PL(dp) is the path loss at the reference distance dy, « is the path loss exponent (typical
value for urban roads & = 2.8).

The channels between the source, relay, and destination nodes are modeled as inde-
pendent Rayleigh fading channels with additive white Gaussian noise (AWGN) of variance
0 on each link. While our model assumes independent Rayleigh fading channels with
a fixed path loss exponent & = 2.8 for simplicity, real IoV emergency scenarios involve
high mobility, leading to time-varying channels due to Doppler shifts and rapid topology
changes. To address this, we refer to studies [28,29] that validate Rayleigh fading in urban
IoV environments under moderate speeds. In simulations, we evaluate performance under
varying mobility levels (e.g., vehicle speeds up to 120 km/h) to demonstrate robustness.
While interference is not explicitly modeled in this work to maintain analytical tractability,
we acknowledge its importance in dense IoV scenarios and leave the incorporation of
stochastic geometry-based interference models for future work. The proposed cooperative
transmission scheme operates over two time slots:

In the first time slot, the source node vehicle S broadcasts the signal to both the relay
node R and the destination node D with transmit power P;. The received signal models are:

{ ysr = VPihspx +zsg ©)
ysp = v/Pihspx +zsp

where x is the encoded signal of the semantic triple, i, hsp are the channel coefficients for
the S-R and S-D links, and zgg, zgp are the additive white Gaussian noise at the receivers.

In the second time slot, the relay node R first decodes the received signal ygr. If the
signal is successfully recovered (verified via cyclic redundancy check), it forwards it to the
destination node D with transmit power P,. The signal received by D from the relay link is:

yrD = G\/P2hrpysr + zrD, ()

where G is a gain coefficient G = %
Py|hsg |+
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In the cooperative communication system, “transmission success” is defined as at
least one link (S-D or S-R-D) remains uninterrupted. Thus, the outage probability is the
probability that both links are interrupted simultaneously:

Pout = Pout,sp * Pout,SRD- 8)

under imperfect CSI, the outage probability increases due to estimation errors, modeled
as above.

The transmission rate R(M) is given by Equation (3), and B denotes the system
bandwidth. According to the Shannon formula, for the direct link S-D, the outage condition
is that the channel capacity C < R, where R(M) = MU is the transmission rate.

Therefore, the instantaneous capacity of the direct link is:

Csp = Blog,(1+vsp), )

2
Pylhsp|
o2

The outage probability is derived as:

where ysp =

Pout,sp = P(vsp < vin), (10)

where 7y, = 2R(M)/B _ 1,
Due to the Rayleigh fading channel |hsp|* ~ Exp(Qgp), its cumulative distribution

function is:

h
Poutsp =1 — exp(—gltg%). (11)

Similarly, the outage probabilities for the S-R and R-D links can be derived. The overall
outage probability for the S-R-D link is:

Pout,skp = 1 = (1 = Poy,sr) - (1 — Pout,rD)- (12)

To achieve deep coupling between semantic value and communication reliability, this
section constructs a cross-layer optimization model centered on the “end-to-end semantic
communication success rate.” Assuming the channel encoding and decoding processes
are error-free, transmission failure in the entire communication process may originate
from four stages: the semantic extraction sub-module, the channel, the semantic reason-
ing sub-module, and the text generation sub-module. Thus, the end-to-end semantic
communication success rate is defined as follows:

Psuce = (1 - Pout) * Pinf * Pext * Preg- (13)

Our model assumes perfect CSI for optimization; however, in IoV, high Doppler effects
(up to 500 Hz at 100 km/h) cause CSI to be noisy or outdated. We model CSI error as
Nest = hirue + €, where € ~ CN(0,0?). Simulations under imperfect CSI show a 10-15%
drop in success rate, mitigated by robust MP-DQN training [30,31]. While we assume
independence between these failure events for analytical tractability, we acknowledge
that in practice, low SNR conditions may simultaneously affect both channel transmission
and semantic processing performance. However, this factorization provides a reasonable
first-order approximation for system optimization.

The coupling logic between the semantic and cooperative layers operates as follows.
First, increasing the value of M can enhance the semantic reasoning success rate. However,
this also necessitates transmitting more bits within the same timeframe. Consequently,
the cooperative transmission must meet a higher channel capacity requirement, which
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ultimately increases the outage probability of the cooperative communication. Probability,
but at the cost of providing less semantic information. This may cause the receiver to fail
in its semantic inference task due to an insufficient amount of information. The system
needs to find the optimal balance point in the above trade-off relationship through joint
optimization of M, P;, P, to maximize pgc.

3. Problem Formulation

This paper addresses the challenge of achieving effective and reliable transmission
for emergency communication in the Internet of Vehicles. To improve transmission ef-
fectiveness, we introduce a knowledge graph-based semantic communication model that
enhances efficiency by selectively transmitting only the top M most important semantic
triples. Concurrently, to enhance transmission reliability, we implement a cooperative
communication model that establishes dual-link transmission through both direct and relay
links. By allocating transmit power P to the source node and P; to the relay node, this
approach reduces outage probability during transmission.

The integrated cross-layer optimization problem is formally characterized as follows:

*  Objective: Maximize the end-to-end semantic communication success rate pgcc
¢  Decision Variables:

- Discrete: Number of semantic triples M € {1,2,...,L}
- Continuous: Transmission powers P; and P for source and relay nodes

. Constraints:

- Individual power constraints: 0 < P; < Ppax, 0 < Py < Prax
—  Total power constraint: P; + P, < Pygq)
—  Semantic resource constraint: 0 < M < L

M

- u
- Latency constraint: R(P,P)) < Thax

This formulation constitutes a Mixed-Integer Nonlinear Programming (MINLP) prob-
lem with the following mathematical expression:

max Psuce = (1 — Pout) - min (Zit % 1) Pt - P (14)
M,P,,P Lo, g
st. C1:0< P, < P, (14a)
C2:0< P, < Prax, (14b)
C3: P14 P, < Poal, (14c)
C4:0<M<L, (14d)
MU
r— < T 14
c5 R(Py, By) = Tma (14e)

where, p.yt and py.g are related indicators of the sender’s semantic encoder and receiver’s
semantic decoder, respectively, which can be measured by statistical methods, hence they
are set as constant values in the optimization problem. pgy.. is determined jointly by the
semantic layer inference success rate and the cooperative layer transmission success rate
(1 — Pout)-

The meanings of the constraints are as follows:

¢ CI: Source node transmit power constraint, P;,;,; denotes the maximum power for the
source node, defining the range of the source node’s transmit power.

¢  (C2: Relay node transmit power constraint, defining the range of the relay node’s
transmit power.
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e  (C3: System total power constraint, defining the range of the system’s total trans-
mit power.

*  (C4: Semantic triple number constraint, L represents the total number of semantic
triples, defining that the transmission number is not empty and does not exceed the
total semantic resources.

e  (C5: Latency constraint, ensuring that the time required to transmit the selected M
semantic triples does not exceed the maximum allowable latency Tmax for emergency
communication.

This optimization problem is a Mixed-Integer Nonlinear Programming (MINLP)
problem. The complexity arises from:

e Coupling of discrete and continuous variables: The selection of M directly determines
the data transmission volume, consequently altering the channel capacity require-
ments at the cooperative communication layer. Specifically, an increase in M raises
the data volume, necessitating higher power levels P; and P, to maintain low outage
probability, thereby creating strong interdependence between these variables.

*  Non-convex objective function: The outage probabilities P,,; sp and Py, srp at the co-
operative communication layer exhibit nonlinear dependence on the power variables,
following an exponential relationship under Rayleigh fading conditions. Simultane-
ously, the semantic layer’s inference success probability varies with M through the
normalized semantic value derived from Zipf distribution. The combination of these
distinct functional relationships results in a non-convex objective function.

Traditional optimization methods (such as branch and bound) are difficult to solve in
real-time in the highly dynamic IoV environment. Therefore, deep reinforcement learning
methods are needed, learning the optimal policy through the interaction between the agent
and the environment, achieving joint optimization of discrete and continuous variables.

4. The MP-DON Algorithm for Hybrid Action Space

The MINLP problem formulated in Section 3 presents two fundamental challenges:
the hybrid discrete-continuous action space and the non-convex objective function. To
address these challenges, we adopt a deep reinforcement learning approach.

A key design choice in our formulation is the treatment of transmission powers P;
and P, as continuous variables. This choice is motivated by three critical considerations:

¢ Precision: Continuous power allocation enables fine-grained control over transmission
parameters, allowing for optimal adaptation to rapidly changing channel conditions
in vehicular environments.

e  Efficiency: Discretizing power levels would inevitably lead to quantization errors and
suboptimal performance, as the optimal power values may fall between discrete levels.

*  Realism: Practical communication systems typically support continuous power con-
trol, making our formulation more aligned with real-world implementations.

However, this continuous treatment of power variables, combined with the discrete
nature of semantic triple selection M, creates a hybrid action space that poses significant
challenges for conventional DRL algorithms:

¢  DQN-based methods can handle discrete actions but cannot directly output continuous
power values.

¢  Policy gradient methods (e.g., DDPG, PPO) excel in continuous control but struggle
with discrete decisions, typically requiring relaxation techniques that
compromise performance.

To overcome these limitations, we employ the Multi-Pass Deep Q-Network (MP-DQN)
algorithm [32], which is specifically designed for problems with hybrid discrete-continuous



Electronics 2025, 14, 4937

12 of 26

action spaces. The MP-DQN architecture addresses the fundamental limitation of con-
ventional hybrid action space methods by employing a dual-path network structure that
decouples gradient propagation for discrete decisions and continuous parameters, thereby
eliminating false gradients and enabling more stable training. The fundamental concept
involves formulating the semantic layer’s triple selection and the physical layer’s power
allocation as a hierarchical optimization problem. This approach utilizes independent
network pathways to separately manage the learning processes for these two variable
types, thereby effectively addressing non-convex optimization problems characterized by
hybrid continuous-discrete action spaces. While MP-DON itself is an existing algorithm,
the novelty of our work lies in its first application to semantic communication systems
for solving cross-layer optimization problems in IoV emergency scenarios. To the best of
our knowledge, this represents the pioneering use of MP-DQN to jointly optimize seman-
tic compression and transmission power allocation, addressing the unique challenges of
6G-oriented vehicular networks.

4.1. Problem Transformation

First, the practical optimization problem needs to be transformed into a reinforcement
learning framework. This process includes defining the system’s state space, action space,
and reward function. Through this modeling, the reinforcement learning algorithm can
be trained and optimized in this environment, thereby effectively solving the practical
optimization problem.

4.1.1. State Space

The state space is defined as a multi-dimensional observation vector containing chan-
nel characteristics, semantic value distribution, and resource constraints, specifically repre-
sented as:

s = (|hsp|? [hsr|*, [hrp|®, {vi 1, Peotar), (15)

where |hsp|?, |hsg|?, |hrp|?> € R are the channel power gains for the S-D, S-R, and R-D
links, respectively, reflecting the real-time dynamic characteristics of the Rayleigh fading
channel; v € RL is the semantic triple value vector, characterizing the normalized im-
portance of each triple; and Pmax € Rt is the system total power constraint, defining the
boundary condition for continuous power allocation.

4.1.2. Action Space

The action space adopts a hybrid variable structure, containing discrete semantic
decisions and continuous power allocation parts, specifically represented as:

a=(M,D,P), (16)

where discrete action M € {1,2,3,...,L} is the number of transmitted semantic triples,
determining the degree of information compression at the semantic layer and the rate
requirement at the physical layer. Continuous action (P, P>) € [0, Pyyra1] X [0, Prorar] are
the transmit powers of the source node and relay node, needing to satisfy the power
constraint P; 4+ P, < Py, achieved through Softmax normalization in the policy network’s
output layer.

4.1.3. Reward Function

In the optimization problem constructed in this paper, the agent’s decision-making
goal is to maximize the end-to-end semantic communication success rate ps;c.. Therefore,
the reward function is set as the end-to-end semantic communication success rate:



Electronics 2025, 14, 4937

13 of 26

¥ = Psucc (Mt/ Pl,tr PZ,t/' St)/ (17)

By maximizing the cumulative discounted reward Y/, v'r;, the agent will learn to
choose the combination of (M, P;, P») that achieves the maximum semantic communication
success rate.

4.2. Problem Optimization Based on MP-DQN Algorithm

The semantic-cooperative cross-layer optimization problem involves coupled decision-
making across discrete variables (number of transmitted triples M) and continuous vari-
ables (transmit powers Pj, P»), presenting significant challenges for traditional deep rein-
forcement learning algorithms. Discrete-action algorithms such as DON (Deep Q-Network)
lack the capability to directly generate continuous power parameters, while continuous-
action algorithms like DDPG (Deep Deterministic Policy Gradient) must approximate
the discrete variable M through continuous relaxation, often resulting in compromised
precision in semantic triple ranking.

The MP-DON algorithm framework is based on an Actor-Critic structure, mainly
including three modules: the discrete Q network, the continuous policy network, and
the value evaluation network. The discrete Q network takes the current channel state
and semantic value distribution as input, outputs the Q values corresponding to different
M values, and selects the optimal number of triples M* through an e-greedy policy; the
continuous policy network, for the selected M*, combined with real-time channel power
gains |higp|?, |hsr|?, |hrp|*, dynamically outputs the power allocation scheme (Py, P,); the
value evaluation network is used to fit the true value of the end-to-end semantic success
rate psucc, updating the parameters of both the discrete Q network and the continuous
policy network simultaneously through temporal difference error. Compared to the shared
gradient path design of P-DQN (Parameterized Deep Q-Network), MP-DQN effectively
avoids the “discrete variable gradient being diluted by continuous parameters” issue in
traditional methods by separating the discrete action value and continuous policy gradients.

The update process of the MP-DQN algorithm mainly includes two parts: the Critic
network and the Actor network, and utilizes experience replay and target network tech-
niques to stabilize training.

4.2.1. Critic Network Update

The role of the Critic network is to evaluate the Q value Q(s, M, P;, P>) under a given
state s and action a = (M, P, P,), i.e. he expected cumulative reward. Its update objective
is to minimize the temporal difference error. Specific steps are as follows:

¢ Randomly sample a mini-batch of size B from the experience replay buffer D:
(s, M, Py, P, 1,5").

¢ Calculate the target Q value y. To stabilize training, a target network is used to
compute the target value. The target network is a delayed copy of the main network,
whose parameters are updated slowly:

y=r+ ’YHI}/EF/X sup Qtarget(sl/ M, P1/; PZ/} Qgrget)’ (18)
P1/IP2/

In practice, the sup operation is approximated by the target Actor network.

*  Calculate the loss function Lg for the Critic network, which is the Bellman error:

1
LQ(GQ) = E(S,M,P],Pz,r,s’)ND E(]/ - Q(S/ M, PerZ; 6Q)>2 . (19)
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*  Compute the gradient of the loss Ly with respect to the Critic network parameters g
via backpropagation and update the parameters using an optimizer.

4.2.2. Actor Network Update

The role of the Actor network is to output the optimal continuous action (P, P;) given
a state. Its update objective is to maximize the Q value evaluated by the Critic network.
Specific steps are as follows:

e For the current state s, use the Actor network to generate continuous actions 74(s, M)
for each M.

*  Use the discrete Q network to select the optimal discrete action M*:

M* = arg max Q(s, M, mg(s, M);0q). (20)

*  Calculate the loss function Ly for the Actor network. This loss function is the negative
value of the Q value corresponding to its output action, aiming to maximize the Q
value through gradient ascent:

Lx(0x) = —Essimp [Q(S, M, u(s; Gx)}GQ)]- (21)

*  Compute the gradient of the loss L, with respect to the Actor network parameters ¢
via backpropagation and update the parameters using an optimizer.

4.2.3. Target Network Update

To ensure training stability, both the Critic and Actor networks have corresponding
target networks. After each main network update, the parameters of the target networks
are slowly updated using the soft update method:

Gtarget 104+ (1 _ T) . etarget’ (22)
where T is a small number (e.g., 0.005), ensuring smooth changes in the target networks.

4.2.4. Algorithm Process

The algorithm process of this study is as follows:

* Initialization Phase: Initialize the weights of the Critic network, Actor network, and
target networks, create an experience replay buffer, and set parameters such as explo-
ration rate, discount factor, and soft update rate.

*  Exploration and Exploitation: For each episode and each time step ¢, the agent explores
with probability ¢, randomly selecting discrete action M; and sampling continuous
actions Py 4, P, ;; with probability 1 — g, it exploits, calculating the Q value Qy cor-
responding to each possible discrete action k via the multi-pass method, selecting
the action M} with the highest Q value, and having the Actor network generate the
corresponding continuous actions Py, Py ;.

*  Execution and Storage: Execute the selected action (M, P{;, P5,) in the environ-
ment, obtain reward r; and the next state s;;1, and store the transition tuple
(s¢, M}, Pl*,t, Py, 1, s¢+1) into the experience replay buffer D.

*  Network Update: When the amount of data in the buffer meets the training condition,
start network update. First, sample a batch from D. For each sample in the batch,
repeat the “multi-pass” calculation to determine the max;psupp Qtarget in the target
Q value calculation. Then, update the Critic network by minimizing the TD error,
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update the Actor network by maximizing the Q value, and finally update the target
network weights using the soft update rule.

The detailed algorithm is shown in Algorithm 1.

Algorithm 1 Multi-channel Deep Q-Network

Require: State space s includes gains (|hsp|?, |hsr|?, |irp|?) and semantic triple ranking
(v =1i"7); Hybrid action space: discrete action M € {1,2,..., L}, continuous parame-
ters Py € [0, Piotatl, P2 € [0, Piotal]

Ensure: Optimized policy 7(s), state-action mapping (M, Py, P>)

1: Initialization
2. Critic network Qg(s, M, P;, P,) with random weights 6

3:  Actor network 714 (s, M) with weights ¢
4 Target networks Qg, 77y (initialize as 6’ < 6, ¢’ < ¢)
5. Experience replay buffer D with capacity N
6:  Exploration rate ¢, discount factor vy, soft update rate T
7: for episode = 1 to maximum number of episodes do
8: Initialize environment parameters sg
9: fort =1to T do
10: if random() < ¢ then
11: Randomly select M € {1,2,...,L}
12: Sample P; ~ Uniform(0, Pyyta1), P> ~ Uniform(0, Pyotar)
13: else
14: fork=1to L do
15: Generate: Pl(k),Pz(k) = 11¢(st, k)
16: Compute: Qx = Qp(st, k, Pl(k),Pz(k))
17: end for
18: Select: My = arg maxy Qy
19: Obtain: P}, Py = 71y(st, My)
20: end if
21: Execute action (M;, Plt, Pzt), observe reward r; and next state s;11
22: Store transition (s;, M, Plt, Pzt, ¢, 5t+1) in D
23: if training condition is satisfied then
24: Sample batch B ~ D
25: for each (s;, M;, P{, Pé,rj, sj+1) € Bdo
26: fork=1to L do
27: Generate: Plk),Pz(k) = 7Ty (sj41,k)
28: Compute: Q. = Qp (sj41,k, Pl(k),Pz(k))
29: end for
30: Sety; = r; + v - max; Q;
31 end for )
3. Update Critic: Minimize loss Lo = iy X, 1y 1 ) (vj — Qo(s, M;, P, P)))
33: Update Actor: Maximize VL = —ﬁ Zs], 216:1 Qo (sj k, (s, k))
34: Soft update target networks:
35: 0« 10+ (1—1)¢
36: P10+ (1-1)¢
37: end if
38: end for
39: end for

Theorem 1. Under mild conditions (bounded rewards, discount factor v < 1, and learn-
ing rate o decaying appropriately), the expected TD error E[é;] decreases over iterations, as
8 = r+ ymax Q' — Q — 0 (proof follows Bellman optimality [33]).
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4.3. Theoretical Analysis of MP-DQN
4.3.1. Computational Complexity Analysis

The computational complexity of the MP-DQN algorithm can be formally analyzed in
terms of both time and space requirements. For a batch size N and network dimension D,
the forward and backward propagation operations scale as O(N - D?) per iteration, which
is consistent with standard deep Q-networks. The space complexity is dominated by the
weight matrices, requiring O(D?) memory. Compared to traditional DQN that requires
L separate networks for each discrete action (where L is the number of semantic triples),
MP-DQN’s shared network architecture reduces the parameter count by approximately
60%, leading to more efficient training [32].

4.3.2. Convergence Analysis

The convergence properties of MP-DQN can be established under standard reinforce-
ment learning assumptions. Following the theoretical framework established in [32,34], we
consider the following conditions:

Assumption 1. The MDP is finite with bounded rewards |r;| < Rmax, and the learning rate
sequence {a;} satisfies the Robbins-Monro conditions: Y5> oy = oo and Y5>y a? < oo.

Theorem 2 (Convergence of MP-DQN). Under Assumption 1, the Q-value updates in MP-
DQN converge to the optimal Q-function Q* with probability 1. Specifically, for any state-action
pair (s, a), we have: lim;_,oo Qt(s,a) = Q*(s,a) a.s.

Proof. The proof follows the standard stochastic approximation argument for Q-learning.
The key steps are: (1) The Q-update can be viewed as a stochastic approximation to the
Bellman optimality equation. (2) The contraction property of the Bellman operator ensures
that the sequence {Q;} is bounded and forms a quasi-martingale. (3) The multi-pass
structure of MP-DQN preserves the contraction property while handling the hybrid action
space. (4) The Robbins-Monro conditions on learning rates ensure convergence to the
fixed point. The detailed proof can be found in [32] and extends the classical Q-learning
convergence results [35]. O

4.3.3. Training Stability Analysis

Training stability in deep reinforcement learning is often challenged by issues such as
catastrophic forgetting, high variance in gradient estimates, and non-stationarity. MP-DQN
incorporates several stabilization techniques:

e  Experience Replay: By storing transitions in a replay buffer and sampling mini-
batches randomly, temporal correlations are broken, reducing the variance in gradient
estimates by approximately 30% in our experiments.

*  Target Networks: Using separate target networks for value estimation prevents
the “moving target” problem and stabilizes training. The soft update mechanism
(0~ < 16+ (1 — 7)87) ensures smooth changes in target values.

*  Gradient Clipping: Limiting the gradient norm to a maximum value (typically 10)
prevents exploding gradients, especially important in the hybrid action space where
discrete and continuous gradients have different scales.

*  Double Q-Learning: MP-DQN naturally incorporates double Q-learning by using
separate networks for action selection and value estimation, reducing overestimation
bias [36].

These techniques collectively ensure that the training process remains stable even in
the dynamic IoV environment with rapidly changing channel conditions. The theoretical
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justification for these stabilization methods is well-established in the deep reinforcement
learning literature [37,38].

5. Results and Discussion
5.1. Simulation Parameter Settings

This paper constructs a semantic-cooperative cross-layer optimization model for the
IoV emergency communication scenario. To ensure the practicality and credibility of the
simulation results, the parameter settings strictly follow the characteristics of the IoV
environment and semantic communication, as detailed below:

A simulation environment is constructed for urban road IoV scenarios, with parame-
ters set strictly following the C-V2X communication standard. The carrier frequency is set
to 5.9 GHz, which is the dedicated C-V2X frequency band for IoV in the 3GPP standard.
The bandwidth is set to 10 MHz, meeting the C-V2X standard requirements. Compared
to traditional 1 MHz bandwidth communication, it can provide higher data transmission
rates while meeting the low latency requirements of IoV scenarios. In terms of topology,
the source-destination (S-D) distance is 50 m, the source-relay (S-R) distance is 20 m, and
the relay-destination (R-D) distance is 35 m. This configuration simulates the typical distri-
bution in urban road IoV scenarios. The path loss exponent is set to 2.8, a value based on
measurement data from urban road IoV environments.

To incorporate mobility in simulations, vehicle speeds are set to vary between
30-120 km/h with Gaussian-distributed acceleration (mean 0 m/ sz, std. dev. 2 m/ sz) and
random lane changes modeled as angular jumps in ;; every 10-20 s, reflecting real Internet of
Vehicles (IoV) dynamics and their impact on large-scale fading (path loss variations) [28,29].

For the semantic information modeling of the IoV emergency communication scenario,
parameters are set based on the core concept of semantic communication, “transmitting
meaning rather than bits.” The semantic triple size is set to 300 bits. Taking typical traffic
accident information as an example, core semantic information such as “location-time-event
type” can be expressed in single bits. The total number of semantic triples is set to 10,
based on the analysis of typical oV emergency information, which can fully express key
information without excessively increasing the transmission burden. The Zipf distribution
parameter 7 is set to 1.2, reflecting the distribution skewness of semantic value, ensuring
high-value information is prioritized for transmission. The semantic reasoning capability
coefficient k is set to 1.3, indicating that the receiver can infer most of the complete semantic
information from the received high-value semantic triples. This setting is based on the
assessment of the receiver’s semantic reasoning capability in actual IoV scenarios.

For the MP-DQN algorithm solving process, the discount factor 7 is set to 0.95, the
initial exploration rate ¢ is set to 1.0, linearly decaying to 0.02 during training, with decay
steps set to 500; to enhance the exploration capability for continuous actions, Ornstein-
Uhlenbeck noise is used, with parameters 8 = 0.15, ¢ = 0.2; the soft update rate 7 is
set to 0.005. In terms of training details, the batch size is set to 64, the experience replay
buffer capacity is set to 50,000, the initial learning threshold is set to 500, the learning rate
is uniformly set to 0.0005, and the gradient clipping value is set to 10. This combination
of parameters ensures the convergence performance of the algorithm while guaranteeing
computational efficiency.

The simulations and algorithmic implementations were conducted using Python 3.11.1
(Python Software Foundation, Wilmington, DE, USA) with the PyTorch 2.0.1 framework
(Meta Al, Menlo Park, CA, USA) for constructing and training the MP-DQN model. The
semantic triple ranking process employed the ChatGPT 4.0 model (OpenAl, San Francisco,
CA, USA). All experiments were executed on a workstation equipped with an Intel Core
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i7-11700K processor (Intel Corporation, Santa Clara, CA, USA), 16 GB of RAM, and an
NVIDIA GeForce GTX 1660 Ti GPU (NVIDIA Corporation, Santa Clara, CA, USA).

5.2. Simulation Results Analysis
5.2.1. Algorithm Convergence Performance

Figure 3 shows the convergence performance comparison of MP-DQN with seven
baseline methods on the IoV semantic-cooperative cross-layer optimization problem. From
the figure, it can be observed that MP-DQN (blue curve) shows significant convergence
advantages: it reaches stability within about 50 training episodes, achieving the fastest con-
vergence among all algorithms. PPO, as an on-policy method, requires about 120 episodes
to converge and exhibits higher variance during training. SAC and TD3, while showing
competitive convergence speeds (90 and 75 episodes, respectively), still lag behind MP-
DQON. The discrete-only DON variant demonstrates the slowest convergence (150 episodes)
and lowest asymptotic performance, highlighting the importance of continuous power
optimization in our hybrid action space. The convergence speeds of P-DQN, DDPG, and
DQN remain consistent with our previous observations (100, 110, and 120 episodes, respec-
tively). These results collectively verify the effectiveness of MP-DQN in decoupling the
gradient propagation paths for discrete decisions and continuous parameters through its
dual-path network structure. In the dynamic IoV environment, the instantaneous changes
in Rayleigh fading channels require the algorithm to have rapid adaptation capability. The
fast convergence characteristic of MP-DQN enables it to quickly adjust the strategy when
the channel changes abruptly, ensuring the end-to-end semantic communication success
rate. Furthermore, the reward curve of MP-DQN is smooth without obvious oscillation,
indicating that by separating the update processes of the discrete Q network and the con-
tinuous policy network, it reduces policy update conflicts. The entire training process for
MP-DQN (500 episodes) takes approximately 1 h on our experimental setup with Intel Core
i7 CPU and NVIDIA GTX 1660 Ti GPU, demonstrating practical efficiency for real-time IoV
applications. The quantitative performance comparison across all methods is summarized
in Table 2. Experimental results show that the convergence speed of MP-DQN is about
40% higher than that of P-DQN and 120-200% higher than PPO and discrete-only DQN,
respectively. This improvement is of great significance for the low-latency, high-reliability
transmission requirements in IoV emergency communication scenarios.
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Figure 3. Algorithm Convergence Performance Comparison.

MP-DON delivers key advantages including a high task success rate, fast training
convergence, and competitive energy efficiency.
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Table 2. Quantitative Baseline Comparisons [39,40].
o Convergence Energy Efficiency
Method Success Rate (%) Episodes (bits/])
MP-DQN (Ours) 85 50 0.75
PPO 80 60 0.72
P-DOQN 70 80 0.60
SAC 78 70 0.68
DDPG 65 100 0.55
TD3 75 65 0.70
DON 60 120 0.50

5.2.2. Performance Analysis Under Various Conditions (SNR, Mobility, and
Semantic Content)

Figure 4 presents a comprehensive performance comparison of the proposed MP-DQN
framework against five baseline methods under three critical conditions: signal-to-noise
ratio (SNR), vehicle speed, and the number of semantic triples. Figure 4a demonstrates the
impact of SNR on the end-to-end success rate. As expected, all methods exhibit monotonic
performance improvement with increasing SNR, since higher SNR indicates better channel
quality and lower transmission error probability. The proposed MP-DQN consistently
achieves the highest success rate across all SNR levels, reaching 94% at 25 dB, which rep-
resents a 6 percentage point improvement over DeepSC-IoV and an 11 percentage point
advantage over Full Transmission. This superiority stems from MP-DQN’s joint optimiza-
tion of semantic compression and power allocation, which enables efficient adaptation to
varying channel conditions. Traditional DRL methods (SAC and TD3) show moderate per-
formance, while fixed strategies (DeepSC-loV and Full Transmission) demonstrate limited
adaptability to channel quality variations.

Figure 4b illustrates the effect of vehicle mobility on communication reliability. As ve-
hicle speed increases from 30 to 150 km/h, all methods experience significant performance
degradation due to enhanced Doppler effects and rapid channel variations. The proposed
MP-DON decreases from 0.91 at 30 km/h to 0.33 at 150 km/h, which, while showing
a notable decline, still outperforms other comparative methods. This descending trend
arises from the exacerbated Doppler shift and shortened channel coherence time under
high mobility, making channel estimation and adaptive transmission more challenging.
DeepSC-IoV and Full Transmission, as fixed strategies, cannot adapt to rapid channel state
changes, exhibiting the most significant performance degradation. SAC and TD3, although
possessing certain adaptive capabilities, show limited optimization effectiveness in highly
dynamic channels. In contrast, MP-DQN, through its hybrid action space optimization, can
make more reasonable transmission decisions under high-speed conditions. Although the
absolute performance decreases, its relative advantage remains evident.

Figure 4c examines the relationship between semantic content volume and communi-
cation success. DeepSC-IoV and Full Transmission, being fixed strategies that transmit all
semantic triples and raw bits respectively, show constant performance levels regardless of
the number of triples. In contrast, MP-DQN, SAC, and TD3, as learning-based approaches,
exhibit bell-shaped curves with optimal operating points. The proposed MP-DQN achieves
peak performance (87%) when transmitting 6 semantic triples, balancing semantic com-
pleteness against transmission reliability. This optimal point reflects MP-DQN'’s capability
to intelligently prioritize critical semantic information while avoiding channel overload.
SAC and TD3 reach their respective peaks at 5 triples but with lower success rates (79% and
81%), indicating suboptimal trade-offs in the hybrid action space. Equal Power allocation
shows the poorest performance due to inefficient resource distribution. These results col-
lectively validate MP-DQN'’s superiority in adapting to diverse environmental conditions
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and semantic requirements, making it particularly suitable for dynamic IoV emergency
communication scenarios.

Performance Comparison under Various Conditions

(a) Impact of SNR (b) Impact of Mobility (c) Impact of Semantic Content

o
3

o
o

o
o

o
s

End-to-End Success Rate
)
W

End-to-End Success Rate
End-to-End Success Rate

=O= MP-DON
-0~ sAC

o3
b4 ~>+ DeepsC-lov
0.1 —7~ Full Transmission 0.1 0.1
-0~ Equal Power

0 25 40 0 140 2 10

0 15 2 60 80 100 12 4 6 8
Signal-to-Noise Ratio (dB) Vehicle Speed (km/h) Number of Semantic Triples

Figure 4. Performance comparison under various conditions.

5.2.3. Impact of Zipf Skew Parameter on End-to-End Semantic Communication
Success Rate

Figure 5 illustrates the trend of the end-to-end semantic communication success rate
with respect to the number of semantic triples M under different skew parameters 7y
of the Zipf distribution. This figure intuitively reveals the critical impact of the semantic
information value distribution on system performance. As shown, a larger y value indicates
that semantic value is more concentrated in the top-ranked triples. For instance, the blue
curve (7 = 1.2) reaches its performance peak (0.85) with a smaller number of transmitted
triples (M = 4), but the curve declines rapidly thereafter, indicating higher sensitivity to
transmission overload. Conversely, a smaller o value corresponds to a flatter semantic
distribution. The red curve (y = 0.5) requires transmitting more triples (M = 7) to reach
its peak (0.81), but its performance curve is flatter, demonstrating better robustness. This
phenomenon is closely related to the trade-off between the cumulative semantic value and
the transmission outage probability: a high < high semantic gain with few transmissions,
thereby reducing the demand on channel capacity; a low y necessitates increasing M to
enhance semantic completeness, but this raises the transmission rate and increases the
outage risk. All curves decline after M > 7, indicating that even with a flat semantic value
distribution, excessively high M values will cause the transmission burden to exceed the
system capacity, validating the correctness of the theoretical model and highlighting the
importance of the proposed MP-DQN algorithm in dynamically adjusting M to adapt to
different semantic distributions.

o
©

e
g

o
o

IN
~

o
w

—e— Zipf Parametery = 1.2

Zipf Parameter y = 1.0
E —A— Zipf Parameter y = 0.8
7 --¥-- Zipf Parameter y = 0.5

e
N

End-to-End Semantic Communication Success Rate
o
n

1 2 3 4 5 6 7 8 9 10
Number of Transmitted Semantic Triples (M)

Figure 5. Impact of Zipf Skew Parameter on End-to-End Semantic Communication Success Rate.
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5.2.4. Impact of Path Loss Exponent on End-to-End Semantic Communication Success Rate

Figure 6 shows the variation trend of the end-to-end semantic communication success
rate with the number of semantic triples M under different path loss exponents. This
figure intuitively reflects the key impact of IoV environmental characteristics on system
performance. As shown in the figure, the smaller the path loss exponent, the better the
channel condition, such as on urban highways (blue curve for « = 2.2), the peak end-to-end
semantic communication success rate is higher and lasts longer; whereas the larger the
path loss exponent, the worse the channel condition, such as in dense urban areas (red
curve for & = 3.4), the success rate drops rapidly, and the peak position shifts left. This
phenomenon is closely related to the outage probability in the system model: an increase
in the path loss exponent leads to a decrease in channel gain, requiring higher power or
a lower rate (smaller M) to maintain reliability. Specifically, for good channel conditions
a = 2.2, the success rate is highest when M = 5-8. At this point, the semantic reasoning
success rate reaches its highest, and due to the good channel environment, the increased
data volume caused by the increase in M remains within the channel capacity, so the
end-to-end semantic communication success rate remains stable. When M > 8, a decline
occurs, indicating that even under good channel conditions, excessively high M values can
still cause the transmission rate requirement to exceed the channel capacity, verifying the
correctness of the theoretical model.
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Figure 6. Impact of Path Loss Exponent on End-to-End Semantic Communication Success Rate.

5.2.5. Impact of Total Power on End-to-End Semantic Communication Success Rate

Figure 7 shows the variation trend of the end-to-end semantic communication success
rate with the number of semantic triples M under different total power levels.This figure
reveals the complex trade-off relationship between power resources and the degree of
semantic compression. It can be seen from the figure that as the total power increases
from 0.1 W to 0.3 W, the system performance improves, but the improvement is limited
when the power further increases to 0.4 W. The red curve only increases to 0.85 at M = 6.
This is because high power can alleviate the pressure of rate requirements but is limited
by channel noise and semantic compression efficiency. It is worth noting that all power
curves reach their peak at M = 6-7 and then decline. For example, the 0.4 W curve drops
to a success rate of 0.68 M = 9, indicating that even high power cannot fully offset the
surge in rate demand brought by an increase in M. Furthermore, the higher the power,
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the larger the optimal M value. This is consistent with the matching relationship between
power and rate demand in the system model: high power supports the transmission of
higher data volumes, but M needs to be dynamically adjusted via MP-DON to balance
effectiveness and reliability. This result provides a quantitative basis for the power design
of IoV equipment: under the premise of ensuring communication reliability, excessively
high power not only causes energy waste but may also increase system interference, while
excessively low power cannot support the transmission of sufficient semantic information,
affecting the completeness of emergency information.
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Figure 7. Impact of Total Power on End-to-End Semantic Communication Success Rate.

5.2.6. Ablation Study of Component Contributions

Figure 8 presents the ablation study results to validate the effectiveness of each com-
ponent in the proposed SACC framework. The full SACC framework achieves the highest
end-to-end success rate of 85.2%, serving as the baseline for comparison. When semantic
prioritization is removed (w/o Semantic Prioritization), the success rate drops to 68.5%,
indicating a 19.6% performance degradation. This significant decline underscores the
importance of Zipf-based semantic value ranking in prioritizing critical emergency infor-
mation. The exclusion of relay cooperation (w/o Relay Cooperation) results in an even
more substantial performance loss, reducing the success rate to 59.3% (30.4% degradation),
which highlights the crucial role of cooperative transmission in combating channel fading
under high-mobility conditions. Equal power allocation, which disregards the channel
state and semantic importance, achieves 71.8% success rate, demonstrating the necessity of
joint power optimization. Full transmission of all semantic triples without compression
yields 62.4% success rate, validating the effectiveness of selective transmission based on se-
mantic value. DeepSC-IoV, as a state-of-the-art semantic communication baseline, achieves
72.6% success rate but still falls short of the proposed framework by 12.6 percentage points.
These ablation results collectively confirm that each component of the SACC framework
contributes significantly to the overall performance, with the synergistic integration of
semantic prioritization and cooperative transmission being particularly critical for reliable
IoV emergency communication.
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Ablation Study: Component Contributions
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Figure 8. Ablation study results demonstrating the contribution of each component in the proposed
SACC framework. Error bars indicate 95% confidence intervals over 100 independent runs.

5.3. Robustness to Imperfect CSI

As discussed in Section 3, the proposed optimization framework assumes perfect CSI
for analytical tractability. However, in practical IoV scenarios, CSI estimation errors are
inevitable due to high mobility and Doppler effects. To evaluate the robustness of our
approach under imperfect CSI, we conducted supplementary simulations with varying
levels of channel estimation error. The results show that our MP-DQN-based framework
maintains acceptable performance even with moderate CSI errors (62 < 0.1), experiencing
only a 10-15% reduction in the end-to-end success rate compared to perfect CSI condi-
tions. This degradation is comparable across all benchmark algorithms, indicating that
the performance loss stems from the inherent limitations of cooperative communication
under channel uncertainty rather than the optimization algorithm itself. These findings
suggest that our current framework provides a solid baseline for ideal conditions, while
highlighting the need for future work on robust optimization schemes explicitly accounting
for CSI imperfections in high-mobility IoV environments.

6. Conclusions

This paper addressed the real-time reliable transmission problem in emergency com-
munication scenarios and proposed an MP-DQN-based joint optimization framework for
semantic-cooperative communication. First, by jointly optimizing the semantic compres-
sion variables and the cooperative communication transmit power variables, the MP-DQN
algorithm for hybrid discrete-continuous action space was introduced to maximize the
end-to-end semantic communication success rate. Finally, simulation results verified the
superiority of the proposed algorithm under different channel qualities and semantic value
distributions, providing an efficient solution for instantaneous resource optimization in
semantic communication. Future work will focus on enhancing the generalization of the
learned policy, and investigating its performance in entirely unseen network topologies
(e.g., multi-relay or dynamic cluster-based IoV scenarios) and under significantly different
semantic data distributions.
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Abbreviations

The following abbreviations are used in this manuscript:

IoV Internet of Vehicles

ITS Intelligent Transportation Systems
V2X Vehicle-to-Everything

SNR Signal-to-noise ratio

GANs Generative Adversarial Networks

MINLP Mixed-Integer Nonlinear Programming
MP-DQN  Multi-Pass Deep Q-Network

DQN Deep Q-Network
DDPG Deep Deterministic Policy Gradient
SACC Semantic-Aware Cooperative Communication
RSU Road side unit
AWGN Additive white Gaussian noise
SINR Signal-to-interference-plus-noise ratio
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