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Abstract—Ensuring reliable and low-latency vehicle-to-
everything (V2X) communications in high-speed transport set-
tings remains a significant challenge due to severe path loss
brought about by non-line-of-sight (NLoS) and coverage gaps in
conventional cellular infrastructure. While dielectric waveguide-
based pinching antenna (PA) systems have been proposed to
mitigate these physical limitations, they suffer from substantial
in-waveguide attenuation over long distances. To address these
challenges, we propose a segmented waveguide-enabled pinching-
antenna (SWAN) architecture in platoon-based V2X networks. By
employing dynamic segment selection, SWAN maintains robust
line-of-sight (LoS) connectivity while mitigating the in-waveguide
attenuation inherent in conventional PA structures. We formulate
a joint resource allocation (RA) and mode selection problem to
minimise the age of information (AoI) for both uplink platoon
monitoring and downlink traffic broadcasting, whilst ensuring
the exchange of intra-platoon cooperative awareness messages
(CAMs) and minimising power consumption. To solve this high-
dimensional problem, we propose a decomposed multi-agent
deep deterministic policy gradient (DE-MADDPG) algorithm
augmented with twin delayed (TD3) critics by considering each
vehicle platoon (VP) as an agent. This approach decouples
system-wide coordination from local executions of VPs, enabling
efficient learning in dynamic environments. Extensive simulations
demonstrate that the proposed framework significantly outper-
forms standard reinforcement learning (RL) baseline methods,
achieving near-optimal uplink and downlink AoI performance,
with an average gap of 4.8% to exhaustive search, and near-
perfect CAM delivery probability (CDP), which approaches
100%, even under dense traffic conditions.

Index Terms—Age of information, multi-agent deep reinforce-
ment learning, pinching antenna, resource allocation, vehicle-to-
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everything.

I. INTRODUCTION

The advancement of intelligent transportation systems (ITS)
fundamentally relies on robust vehicle-to-everything (V2X)
communications to support autonomous driving applications
[1]–[6]. A prime example is vehicle platooning, where a group
of vehicles travels in close proximity within the same lane as
a single convoy, i.e., a vehicle platoon (VP) to improve traffic
throughput and control efficiency [7]–[15]. To maintain string
stability and operational safety, vehicles within the same pla-
toon must exchange local status information periodically via
cooperative awareness messages (CAMs) [16] using vehicle-
to-vehicle (V2V) communications. These periodic updates
ensure synchronisation among vehicles, thereby preventing
collisions and enabling smooth coordinated movements on
high-speed roads.

However, reliance solely on local V2V exchanges within the
same VP is insufficient for comprehensive traffic management
across multiple VPs. The system also requires robust vehicle-
to-infrastructure (V2I) links where the infrastructure, specifi-
cally the base station (BS), aggregates platoon states and dis-
seminates global traffic data to all connected vehicles. In such
safety-critical scenarios, low latency alone offers insufficient
performance guarantees, while the freshness of the delivered
data is equally critical. Consequently, the age of information
(AoI) metric, which quantifies the time elapsed since the latest
successful update sent by the VPs and received by the BS,
has become an important measurement for system timeliness
[4], [9]–[15]. Minimising AoI is essential for maintaining
accurate traffic awareness, particularly in high-speed vehicular
environments.

Establishing high-frequency V2I communications via con-
ventional cellular infrastructure presents significant challenges
in high-mobility scenarios (e.g., on high-speed roads). These
challenges include frequent handovers, substantial Doppler
shifts, coverage gaps, and non-line-of-sight (NLoS) channels
with severe path loss, all of which degrade connection reliabil-
ity. To address the physical limitations of discrete cellular in-
frastructure, pinching antennas (PAs) [17]–[22] have emerged
as a promising solution. Unlike traditional antenna arrays,
a PA system employs one or more dielectric waveguides
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deployed continuously along the road. By creating controlled
disruptions to the internal electromagnetic field, the waveguide
leaks signals at specific locations (pinch points) [23], [24] to
communicate with passing vehicles. This controlled localised
leakage provides continuous wireless coverage and predomi-
nantly line-of-sight (LoS) connections, effectively eliminating
the coverage gaps and path loss associated with conventional
BS architectures.

A. Related Works

Prior works have extensively explored resource allocation
(RA) in V2X networks. Studies have optimised resource
utilisation and reliability for CAM broadcasting in C-V2X
Mode 4 by adapting to real-time traffic density fluctuations [1].
Issues regarding inter-region interference and beam misalign-
ment in multiple roadside units (RSUs) V2I scenarios were
addressed by incorporating integrated sensing and communica-
tion (ISAC) with coordinated multi-point (CoMP) technology
[2]. Furthermore, the reliability of cellular-V2X (C-V2X)
semi-persistent scheduling (SPS) for vehicle platooning was
enhanced by mitigating consecutive collisions caused by hid-
den terminals and simultaneous resource selection [5]. Ultra-
reliable intra-platoon communication under uncertain channel
state information (CSI) was ensured in [8] by formulating
a distributionally robust optimisation problem for dynamic
platoon partition and RA.

Given the dynamic nature of vehicular environments, ma-
chine learning (ML)-based methods have become a compelling
approach for solving these complex decision-making prob-
lems. For instance, the limitations of local observations in
distributed C-V2X RA were addressed by integrating graph
neural networks (GNNs) with deep reinforcement learning
(DRL) in [3]. Similarly, the complexity of RA in dynamic
vehicle platooning networks was managed by HierNet in [7],
which is a hierarchical reinforcement learning (RL) framework
that decouples decision-making into high-level coordination
and low-level execution. A distributed RA framework using
multi-agent DRL (MADRL) with the deep deterministic policy
gradient (DDPG) algorithm was presented in [11], allowing
individual platoons to manage radio resources. Subsequently,
some energy-efficient strategies were presented in [12], [15].
Advanced quantum computing techniques were also applied
in [13], [14] to handle complex vehicular environments. The
scope of learning-based resource management further extends
to aerial and trajectory-aware networks. A distributed many-
agent framework was developed for energy-efficient UAV-
driven multi-access edge computing in [25], while the radio re-
source management of cellular-connected UAVs was addressed
through a reinforcement learning approach in [26]. Further-
more, mobility-aware path planning for cellular-connected
UAVs was improved by a quantum-inspired experience replay
mechanism in [27]. However, these works predominantly
rely on conventional cellular channel models subject to the
aforementioned constraints.

Minimising information age is critical for time-sensitive ve-
hicular applications. The optimisation of reconfigurable intelli-
gent surface (RIS)-aided IoV networks was investigated in [4],

TABLE I: Comparison with Representative Related Studies.

Ref. Platoon Infrastructure AoI CAM Delivery

[3] × Cellular – ✓
[7] ✓ Cellular – ×
[11] ✓ Cellular UL ✓
[4] × RIS UL ✓
[9] ✓ Cellular UL ×
[10] ✓ Cellular UL ✓
[12], [15] ✓ Cellular UL ✓
[13], [14] ✓ Cellular UL ✓
[22] × SWAN – ×

Ours ✓ SWAN UL & DL ✓

focusing on minimising the AoI for V2I links while ensuring
V2V payload reliability with a soft actor-critic DRL algorithm.
AoI in V2V-enabled platooning systems was analysed in [9],
and a joint communication and control model was proposed.
The issue of safety in platooning was explored in [10], where a
safety-aware AoI metric was introduced with the real-time col-
lision risk assessment of connected and autonomous vehicles
(CAVs) to design more efficient basic safety message (BSM)
transmission protocols. The proposed algorithms in [11]–[15]
also coordinated platoons in an AoI-aware manner, ensuring
timely dissemination of CAMs and safety-critical messages to
the RSU within C-V2X platoon networks. However, existing
literature largely treats AoI optimisation within the context
of standard cellular topologies. The practical limitations of
conventional cellular communication networks constrain the
real deployment of these frameworks. In addition, current
research predominantly focuses on a single link direction,
neglecting the necessity of the joint optimisation of uplink and
downlink freshness required for holistic situational awareness
across all vehicles.

The concept of using dielectric waveguides as leaky-wave
antennas was established in [17]. Subsequent studies have
investigated physical layer security [18], uplink performance
optimisation [19], and antenna activation in NOMA-assisted
systems [20]. The unique challenges of channel estimation in
PA systems were addressed in [21]. In the above literature, PA
systems demonstrate excellent feasibility of supporting wire-
less communication infrastructure under different scenarios.
They can be easily deployed over arbitrary distances with
relatively low expenditure and create strong LoS connections.
However, conventional PA implementations exhibit an inherent
limitation: significant in-waveguide attenuation during long-
distance transmission, reaching approximately 8 dB per 100
meters (m) [28], [29]. As the signal propagates through a
long continuous waveguide, the power decays exponentially,
limiting the effective service range and energy efficiency.
Additionally, although multiple PAs can be activated simul-
taneously during the uplink transmission, different signals
received by different PAs can interfere with each other inside
the waveguide. The signal received by one PA can also be
re-radiated when it passes through other PAs, inducing the
inter-antenna radiation (IRA) [22]. To mitigate these issues,
a segmented waveguide-enabled pinching-antenna (SWAN)
architecture was proposed in [22]. By dividing the waveguide
into independently fed segments and employing a “segment
selection”, “segment aggregation”, or “segment multiplexing”
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strategy, the SWAN system significantly reduces propagation
losses, enhances signal quality for long-distance deployments,
and enables multi-PA uplink transmission.

To position the present work within the existing literature,
Table I contrasts its key features against representative related
studies. As summarised therein, our framework is the only
platoon-based design built on the SWAN architecture that
jointly optimises bidirectional (uplink and downlink) AoI
while ensuring communication reliability.

B. Motivation and Contributions

To address the current implementation gap in PA-supported
V2X networks and overcome the propagation limitations
of general PA systems, this study adopts the segmented
waveguide-based PA architecture proposed in [22] as the phys-
ical layer model. While the SWAN architecture resolves the
attenuation limitation, its integration with V2X RA protocols
is highly non-trivial. The dynamic activation of waveguide
segments and specific PAs further complicates the existing
optimisation of the AoI, CAM delivery, and power allocation
in the vehicular networks. Moreover, few works address the
joint optimisation of uplink and downlink AoI. Most existing
studies [11]–[15] focus exclusively on the timeliness of uplink
platoon-state reporting, neglecting the equally critical require-
ment for the timely downlink dissemination of global traffic
data to all participating vehicles.

To bridge these gaps, this paper proposes a novel PA-
assisted V2X framework built on the SWAN model to address
the RA challenges of a platoon-based V2X network on a high-
speed road. The main contributions are summarised as follows:

• We introduce the joint optimisation of both uplink and
downlink AoI simultaneously within a PA-assisted net-
work. This bidirectional information freshness optimisa-
tion is crucial for holistic situational awareness but creates
a highly coupled decision space.

• We develop a realistic high-speed V2X system model
integrating the SWAN architecture, accounting for spe-
cific segment selection and PA activation constraints to
minimise propagation loss and mitigate the IRA effect.
This represents an early study evaluating the SWAN
architecture within a realistic, simulated vehicular envi-
ronment, advancing beyond idealised link-level analyses.

• We formulate a joint optimisation problem that simulta-
neously minimises the bidirectional AoI for information
freshness, while maximising the CAM delivery prob-
ability (CDP) for intra-platoon safety, and minimising
the power consumption for a more sustainable system.
To solve this highly coupled problem, we propose a
DE-MADDPG framework featuring a novel physics-
aware reward decomposition mechanism. This mecha-
nism is fundamentally aligned with the SWAN opera-
tional modes: the global reward manages the system-wide
downlink broadcasting inherent to the SWAN segment
activation, while the local reward optimises point-to-point
uplink connectivity between the vehicle and a specific PA.

TABLE II: Summary of Key Notations.

Notation Description

M Number of waveguide segments
N Number of activatable PAs per segment
Pm Coordinate of the mth feed point
P⟨m,n⟩ Coordinate of the nth PA in segment m
L Total number of platoons
Vl Number of vehicles in platoon l
LVl Leading vehicle (LV) of platoon l
MV⟨l,v⟩ The vth member vehicle (MV) in platoon l
Pl Coordinate of LVl
P⟨l,v⟩ Coordinate of MV⟨l,v⟩
hiw

BS-PA⟨m,n⟩
In-waveguide propagation channel coefficient

hfs
PA⟨m,n⟩-LVl

Free-space channel coefficient

hV2V
LVl-MV⟨l,v⟩

V2V channel coefficient
Φl,t Mode selection index for LVl at time t
Υl,t RB assigned to LVl for V2V communications
pLV
l,t Transmit power of LVl at time t
pPA
⟨m,n⟩,t Transmit power of PA⟨m,n⟩ at time t
Cdl
l,m,t Achievable downlink V2I rate
Cul
l,⟨m,n⟩,t Achievable uplink V2I rate
CV2V
⟨l,v⟩,t Achievable V2V rate
Aul
l,t Uplink AoI of platoon l at time t

Adl
t System-wide downlink AoI at time t
S Joint state space of the multi-agent system
A Joint action space of the multi-agent system
sl,t Local state of agent l at time t
al,t Local action of agent l at time t
rgt Global reward for downlink broadcasting
rul,t Local reward for uplink AoI of platoon l

C. Paper Structure and Notations

The remainder of this paper is structured as follows. Sec-
tion II presents the PA infrastructure model and the platoon-
based V2X system model, followed by the problem formu-
lation. Section III outlines the DE-MADDPG framework and
the proposed algorithm. Section IV analyses the complexity
of the proposed and baseline algorithms. Numerical results
and discussions are provided in Section V. Finally, Section VI
concludes the paper.

Notation: Numbers are written as italic letters while vectors
are denoted in bold. N and Z+ denote the set of natural
numbers and positive integers, respectively. j is the imaginary
unit. c is the speed of light. |·| represents the magnitude of a
scalar. ||·|| denotes the vector norm. ⌊·⌋ represents the floor
function. Pr (·) denotes the probability operator. Fx (·) repre-
sents mapping functions, where x ∈ {1, . . . , 5}. To enhance
readability, a summary of key mathematical symbols and
variables used in the system model and problem formulation
is provided in Table II.

II. SYSTEM MODEL AND PROBLEM FORMULATION

This section outlines the system model and problem formu-
lation.

A. Infrastructure Model

Fig. 1 illustrates the proposed V2X system deployed on a
two-way, four-lane high-speed road of length Droad and width
Dwidth. The communication infrastructure is supported by
a segmented dielectric waveguide-based PA system, installed
along the road centre and connected to a BS. This architecture
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Fig. 1: Design of the dielectric waveguide and PA element, and a dielectric waveguide-based PA assisted high-speed road V2X
system. (a) Segmented dielectric waveguide. (b) System setup.

aggregates platoon-state information from each VP, relays it to
the BS, and disseminates global traffic data to all VPs, thereby
ensuring efficient and safe vehicular operation. A Cartesian
coordinate system is established where the waveguide origin
is located at the left-most point P0 = (0, 0, DPA), with DPA de-
noting the infrastructure height. The operational volume is de-
fined by the x-axis [0, Droad], y-axis [−Dwidth/2, Dwidth/2],
and z-axis [0, DPA].

The dielectric waveguide structure, detailed in Fig. 1(a),
comprises a central core encased in the outside cladding. The
cladding material possesses a lower refractive index than the
core, which facilitates signal guidance via total internal reflec-
tion [30]. This structure is characterised by low propagation
attenuation at mmWave frequencies, making it suitable for
efficient signal transmission over long distances [31].

The waveguide is divided into M ∈ Z+ segments (assuming
ideal isolation between adjacent segments), each of length
Droad/M , which are differentiated visually in Fig. 1(b). A
parallel low-loss cable (e.g., coaxial or optical fibre [22]) runs
from the BS to connect to feed points located at the start
of each segment, as shown in Fig. 1(a). The coordinate of
the mth feed point is given by Pm = (Xm, 0, DPA), where
Xm = mDroad/M and m ∈ {0, 1, . . . ,M − 1}. These
points serve as interfaces to feed signals into the waveguide

for downlink communications and receive signals for uplink
communications.

Each segment contains up to N ∈ Z+ activatable PAs
(pinches), indexed by n ∈ {0, . . . , N − 1} and distributed
along the segment. The localised leakage of these PAs supports
bidirectional V2I communication [17], with each PA covering
a dedicated zone (shaded green in Fig. 1(b)). The position
of PA n in segment m, denoted as PA⟨m,n⟩, is P⟨m,n⟩ =(
X⟨m,n⟩, 0, DPA

)
, where X⟨m,n⟩ ∈ [Xm, Xm +Droad/M).

The minimum inter-antenna spacing of any two PAs must
satisfy a threshold DPA-PA to avoid mutual coupling effects
[32]: ∣∣X⟨m,n⟩ −X⟨m,n′⟩

∣∣ ≥ DPA-PA, ∀n ̸= n′. (1)

B. Vehicle Model

Within the covered area of the PA system, L ∈ Z+ VPs
travel along the high-speed road. Each platoon comprises one
leading vehicle (LV) and several member vehicles (MVs),
denoted as LVl and MV⟨l,v⟩ for the lth platoon VPl, where
l ∈ {0, . . . , L− 1} and v ∈ {1, . . . , Vl − 1}.

We adopt a simplified positional model assuming vehicles
are centred within their respective lanes with a z-axis el-
evation of 0. The coordinate of LVl is Pl = (Xl, Yl, 0),
where Xl ∈ [0, Droad] is the x-axis position. The y−axis
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position Yl depends on the occupied lane, specifically Yl ∈
{±Dwidth/8,±3Dwidth/8}. The MVs follow the LV in
the same lane, and the position of MV⟨l,v⟩ is P⟨l,v⟩ =(
X⟨l,v⟩, Yl, 0

)
. Here, X⟨l,v⟩ = Xl±vDgap, where Dgap is the

intra-platoon spacing and the sign depends on the platoon’s
direction of travel.

Fig. 1(b) depicts the two primary communication modes:
V2V signals (solid purple arrows) for intra-platoon commu-
nication, and V2I signals (dashed red arrows) for interaction
with the PA system. These two wireless communication modes
are analysed in detail in the following subsections.

C. Pinching-Antenna assisted V2I Communication Model

As defined in Section II-A, each waveguide segment con-
nects to the BS via a cable. Signals traversing the waveguide
experience attenuation and phase shifts distinct from those
in the assumed lossless connecting cable. The in-waveguide
propagation channel coefficient between PA⟨m,n⟩ and the BS
is modelled as [33]

hiw
BS-PA⟨m,n⟩

= e
−
(
αiw+j

2πneff
λfs

)
||P⟨m,n⟩−Pm||

= e
−
(
αiw+j 2π

λg

)
|X⟨m,n⟩−Xm|,

(2)

where αiw denotes the in-waveguide attenuation coefficient
[34], neff is the core’s effective refractive index [30], and
λfs and λg = λfs/neff [33] denote the free-space and guided
wavelengths, respectively.

Subsequently, signals are radiated into free space. Given the
elevated placement of the PAs, we consider LoS propagation
[35]. The free-space channel coefficient between PA⟨m,n⟩ and
LVl is modelled as [36]

hfs
PA⟨m,n⟩-LVl

=

√
βPAe

−j 2π
λfs
||P⟨m,n⟩−Pl||∣∣∣∣P⟨m,n⟩ −Pl

∣∣∣∣ , (3)

where βPA =
(
c/4πfPA

c

)2
is derived from the Friis transmis-

sion formula and accounts for the frequency-dependent free-
space path loss [37], and fPA

c is the carrier frequency used by
the PA system.

The final composite channel coefficient spanning the BS,
PA⟨m,n⟩, and LVl is expressed as

hiw-fs
BS-PA⟨m,n⟩-LVl

= hiw
BS-PA⟨m,n⟩

hfs
PA⟨m,n⟩-LVl

(4)

=


e−α

iw|X⟨m,n⟩−Xm|√
βPA∥∥P⟨m,n⟩ −Pl

∥∥
e
−j

(
2π
λg
|X⟨m,n⟩−Xm|+ 2π

λfs
∥P⟨m,n⟩−Pl∥

)
,

(4a)

(4b)

(4c)
where (4a) represents the in-waveguide attenuation, (4b) stands
for the free-space path loss, while (4c) is the overall phase shift
in both waveguide and free space. In our implementation, the
phase shift accounts for both the propagation delay and the
Doppler-induced phase variation over time.

We employ the “segment selection” strategy [22], where
a hardware switch connects a single segment to the radio
frequency (RF) front-end. For uplink transmission, a single PA
within the chosen segment is activated to receive information

from one LV. The received uplink signal power sent by LVl
is written as

pul
l,⟨m,n⟩,t = pLV

l,t

∣∣∣hiw-fs
BS-PA⟨m,n⟩-LVl

∣∣∣2 , (6)

where pLV
l,t denotes the transmit power of LVl and t indexes

discrete time slots of duration ∆t.
During downlink transmission, an optimum number of PAs,

Nm∗ ≤ N [22], are activated in the selected segment m∗

to broadcast identical information to all LVs. The downlink
signal power received by LVl can be written as

pdl
l,m,t =

∣∣∣∣∣
Nm∗−1∑
n=0

√
pPA
⟨m,n⟩,th

iw-fs
BS-PA⟨m,n⟩-LVl

∣∣∣∣∣
2

, (7)

where pPA
⟨m,n⟩,t denotes the transmit power of PA⟨m,n⟩. As-

suming the total segment power pSeg
m,t is distributed equally

among active PAs [38], [39] (i.e., pPA
⟨m,n⟩,t = pSeg

m,t/Nm∗ ), the
downlink power becomes

pdl
l,m,t =

pSeg
m,t

Nm∗

∣∣∣∣∣
Nm∗−1∑
n=0

hiw-fs
BS-PA⟨m,n⟩-LVl

∣∣∣∣∣
2

. (8)

D. Intra-Platoon V2V Communication Model

The V2V channel incorporates path loss (B1–Urban micro-
cell model [40]), log-normal shadowing, and small-scale
Rayleigh fading, reflecting the NLoS conditions caused by
mutual blockage within the platoon. The channel coefficient
between LVl and MV⟨l,v⟩ is modelled as

hV2V
LVl-MV⟨l,v⟩

=
√
βV2V
t ξD−α

⟨l,v⟩,t gt, (9)

where βV2V
t is the path loss constant, ξ is the shadowing gain,

D⟨l,v⟩,t is the inter-vehicle distance between LVl and MV⟨l,v⟩,
α is the path loss coefficient, and gt ∼ CN (0, 1) with |gt|
following the Rayleigh distribution. The signal power received
by MV⟨l,v⟩ is given by:

pV2V
⟨l,v⟩,t = pLV

l,t

∣∣∣hV2V
LVl-MV⟨l,v⟩

∣∣∣2 , (10)

utilising the same transmit power variable pLV
l,t as the uplink

case.

E. Overall Wireless Communications Model

We define a mode selection index Φl,t ∈ {0, 1, 2} for LVl
at time t, corresponding to V2V, uplink V2I, and downlink
V2I modes, respectively. Following our previous works on
platoon-based C-V2X systems [12]–[15], we employ orthog-
onal frequency division multiplexing (OFDM) [41] to handle
frequency-selective wireless channels. The system operates on
two distinct frequency bands, a mmWave carrier frequency
fPA
c for V2I mode and a lower carrier frequency fV2V

c for
V2V mode, which prevents inter-mode interference. The total
system bandwidth is divided into KV2I resource blocks (RBs)
for V2I (both uplink and downlink) and KV2V RBs for V2V
communications. Each V2I or V2V link occupies at most one
RB. Although the same RB may be shared by different links,
interference will be created. Channel fading is assumed inde-
pendent across all RBs, and channel coefficients are assumed
constant within each time step ∆t, which is also set as the
fast fading update period for the V2V channels.
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By analysing the interference level in the system for cal-
culating the signal-to-interference-plus-noise-ratio (SINR), the
achievable transmission rates for each communication mode
are derived via the Shannon-Hartley theorem.

1) Downlink V2I Mode This mode (Φl,t = 2, ∀l) functions
as a system-wide operation requiring all LVs to suspend other
communication activities and receive a common broadcast
from the activated PAs. Consequently, this results in an
interference-free environment where the wireless communi-
cation rate depends solely on the signal-to-noise-ratio (SNR):

Cdl
l,m,t =WV2I

k log2

(
1 +

pdl
l,m,t

σ2

)
, (11)

where WV2I
k is the bandwidth of the kth V2I RB and σ2 is the

noise power.
2) Uplink V2I Mode Two constraints ensure that the uplink

V2I mode is also interference-free. First, this mode is disabled
during downlink broadcasting, as Φl,t is uniformly set to 2
for all l ∈ {0, . . . , L − 1}. Second, the system schedules at
most one LV for uplink transmission at any time step (i.e., if
Φl,t = 1, Φl′,t ̸= 1 for all l′ ̸= l). Therefore, the achievable
rate for this mode also depends solely on the SNR

Cul
l,⟨m,n⟩,t =WV2I

k log2

(
1 +

pul
l,⟨m,n⟩,t

σ2

)
. (12)

3) V2V Mode When Φl,t = 0, LVl communicates with
its members using an assigned RB indexed by Υl,t ∈
{1, . . . ,KV2V}. In cases where no RB is assigned to LVl,
Υl,t will be set to 0. In contrast to the V2I links, multiple
V2V transmissions may occur simultaneously, sharing the
same RB, thereby inducing co-channel interference. Hence,
the achievable rate for this mode is determined by the SINR

CV2V
⟨l,v⟩,t =WV2V

k log2

1 +
pV2V
⟨l,v⟩,t

σ2 +
∑
l′ ̸=l,

Υl′,t=Υl,t

pV2V
⟨l′,v⟩,t

, (13)

where WV2V
k is the bandwidth of the kth V2V RB and IV2V

⟨l,v⟩,t =∑
l′ ̸=l,Υl′,t=Υl,t

pV2V
⟨l′,v⟩,t is the cumulative interference power

received at MV⟨l,v⟩ from other LVs (l′) sharing the same RB.
The power pV2V

⟨l′,v⟩,t is calculated as

pV2V
⟨l′,v⟩,t = pLV

l′,t

∣∣∣hV2V
LVl′ -MV⟨l,v⟩

∣∣∣2 , (14)

where pLV
l′,t is the power used by LVl′ , and hV2V

LVl′ -MV⟨l,v⟩
represents the channel coefficient between the interfering LVl′
and the receiving MV⟨l,v⟩.

Given that V2I links are modelled as LoS channels and
singular in activation at time t (“segment selection” design in
Section II-C), we do not model a specific RB allocation for
them. The objective at each time step t is to jointly determine
the RB allocation Υl,t (for V2V only) and communication
mode Φl,t. This decision is adapted to current network condi-
tions and communication requirements, with the primary goal
of maximising data throughput while ensuring communication
reliability and timeliness.

F. Age of Information Model

In contrast to prior studies [11]–[15] that consider only
uplink freshness, the system maintains traffic awareness via
two AoI metrics, corresponding to the uplink and downlink
V2I communication modes. Facilitated by these two V2I
modes, the LVs transmit local platoon-state information to the
BS (uplink platoon monitoring) and receive aggregated data
regarding other VPs from the BS (downlink traffic alerts).

The uplink AoI, denoted as Aul
l,t, quantifies the individual

information freshness of VPl as perceived by the BS. Consis-
tent with the discrete-time models in [15], it increments by ∆t
at each step and resets upon a successful uplink transmission

Aul
l,t =


Aul
l,t−1 +∆t,

if Cul
l,⟨m,n⟩,t < Cul

min
or Φl,t ̸= 1

,

∆t, otherwise,

(15)

where Cul
min is the minimum required uplink V2I rate.

The downlink AoI, denoted as Adl
t , measures the freshness

of global traffic data broadcast to the platoons. It is modelled
analogously to the uplink AoI

Adl
t =


Adl
t−1 +∆t,

if Cdl
l,m,t < Cdl

min
or Φl,t ̸= 2

, ∀l,

∆t, otherwise,

(16)

where Cdl
min is the minimum required downlink V2I rate.

These two formulations depend on their achievable com-
munication rates, Cul

l,⟨m,n⟩,t and Cdl
l,m,t, and the mode selection

indicator Φl,t. The AoI values increase by ∆t if the commu-
nication conditions are insufficient (i.e., Cul

l,⟨m,n⟩,t < Cul
min or

Cdl
l,m,t < Cdl

min) or if the corresponding mode is inactive (i.e.,
Φl,t ̸= 1 or 2). Conversely, a successful transmission resets the
values to ∆t. In this formulation, we adopt a quasi-static block
fading assumption with ideal channel coding. Consequently,
we assume that the packet error rate is negligible provided
that the instantaneous channel capacity exceeds the target rate
threshold (i.e., Cul

l,⟨m,n⟩,t ≥ Cul
min or Cdl

l,m,t ≥ Cdl
min). Thus, a

successful update is deterministically recorded whenever the
rate constraint is satisfied. Collectively, these two AoI metrics
ensure both the BS and VPs operate with up-to-date traffic
information, thereby enhancing the reliability of the vehicular
network.

G. Cooperative Awareness Message Model

To maintain inter-vehicle spacing and string stability, each
LV periodically broadcasts CAMs to its MVs. The CAM re-
quirement is defined by a payload Θ to be delivered within an
interval of T time steps. Aligned with standard specifications
[16], [42] and prior studies [11]–[15], this interval is set within
the range [100, 1000] ms. Here, T represents the number of
discrete time steps (∆t) per update cycle, which corresponds
to the large-scale fading update period (i.e., T ·∆t).

A successful CAM delivery requires all MVs to receive
the full payload within the designated time window. The
performance is thus constrained by the MV experiencing the
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lowest cumulative data rate, which acts as the bottleneck link.
The success event CAMl for VPl is formulated as

CAMl =

{
min

v∈{1,...,Vl−1}

(
T∑
t=1

CV2V
⟨l,v⟩,t∆t

)
≥ Θ

}
, (17)

where the inequality ensures that the cumulative throughput
of the weakest link satisfies Θ over T . To incorporate this
reliability metric into the optimisation framework, we define
the CDP [14] as

CDPl = Pr (CAMl) . (18)
CDPl serves as a key objective to be maximised, which
represents the likelihood of a successful CAM exchange under
the current channel conditions and RA for VPl.

H. Problem Formulation

This section formalises the joint RA and mode selection
problem for the V2X system.

Prior to dynamic optimisation, the physical configuration
of the PA system, specifically the segment selection and PA
activation strategies, is established first. Crucially, the selection
of the active segment m∗ and the specific PA n∗ is treated
as a deterministic geometric pre-processing step rather than
a dynamic action within the RL framework. Specifically,
the system identifies the optimal hardware coordinates based
on the real-time spatial distribution of the LVs to minimise
propagation loss. By decoupling this geometric PA activation
from the highly dynamic RA we avoid an explosion in
the action space dimensionality and allow the RL agent to
focus entirely on mitigating the highly stochastic elements
of the environment (e.g., fading and interference) to optimise
communication timeliness and reliability.

1) Uplink PA Configuration As detailed in Section II-C
and [22], uplink transmission utilises a single PA within one
segment. To minimise free-space path loss, the optimal PA
is the one that is spatially closest to the transmitting LV. As
proved in [22], [43], the optimal coordinate approximates the
vehicle’s x-axis position

X⟨m∗,n∗⟩ ≈ Xl, (19)
where m∗ and n∗ denote the indices of the selected segment
and activated PA, respectively. In practice, the exact real-
time coordinate Xl at time t is estimated using the most
recently reported location and the vehicle’s velocity, i.e.,
Xl,t ≈ Xl,t−1 + vl · ∆t. Given the millisecond-scale update
frequency in our system (as detailed in Section V), the spatial
drift between updates is practically negligible. Thus, assuming
accurate geometry for the PA selection does not compromise
the validity of the physical model.

2) Downlink PA Configuration For the downlink broadcast-
ing model established in Section II-C, an optimal segment
m∗ and a set of Nm∗ PAs are activated. To ensure equitable
coverage for all LVs, m∗ is selected based on the centroid of
the LV distribution

m∗ =

⌊
1

Droad/M

(
1

L

L−1∑
l=0

Xl

)⌋
=

⌊
M
∑
lXl

LDroad

⌋
. (20)

Within this segment, the primary PA (n∗) is positioned at the
centroid X⟨m∗,n∗⟩ = 1

L

∑
lXl. Because these activated PAs

broadcast identical global traffic data to every platoon with
equitable coverage, the downlink AoI in (16) is defined as a
single system-wide metric rather than per platoon, furnishing
all platoons with the consistent and equally fresh global view
that is indispensable for safety-critical coordination. Under the
strong LoS coverage of these activated PAs and the quasi-static
fading assumption, the broadcast reaches every platoon with
near-certain success, so a per-platoon downlink AoI would
coincide with the common value and is therefore unnecessary.

The remaining Nm∗ − 1 PAs are arranged symmetrically
extending outwards from n∗ with the spacing DPA-PA detailed
in (1). The position of the n-th (n ∈ {0, . . . , Nm∗ − 1})
activated PA is given by

X⟨m∗,n⟩ = X⟨m∗,n∗⟩ + (n− n∗)DPA-PA, (21)
subject to the segment boundaries Xm∗ ≤ X⟨m∗,n⟩ <
Xm∗+Droad/M . Crucially, this boundary constraint is applied
independently in each direction. If the placement reaches the
limit on one side, activation terminates solely on that side,
while continuing on the opposite side until its respective limit
is reached.

3) Global Optimisation Problem Building upon the above
PA configurations and the discussion in the previous sections,
we formulate the optimisation problem for VPl. The goal is
to minimise and balance four competing objectives: the uplink
AoI, the downlink AoI, the LV power consumption over the
time interval T , and the CDP. The problem is written as
follows:

min
Φ,Υ,p

{
1

T

T∑
t=1

(
Aul
l,t, A

dl
t , p

LV
l,t

)
,−CDPl

}
, (22)

s.t. Φl,t ∈ {0, 1, 2}, ∀l, t,
Υl,t ∈ {0, 1, ...,KV2V − 1}, ∀l, t,
0 ≤ pLV

l,t ≤ pmax, ∀l, t,

(22a)
(22b)

(22c)
noting that minimising the negative value of CDPl is mathe-
matically equivalent to maximising it. Constraints (22a) and
(22b) define the discrete action spaces for mode selection and
RB allocation, while (22c) ensures the transmit power remains
within the operational limits.

III. PROPOSED DE-MADDPG-BASED MADRL
FRAMEWORK

The multi-objective optimisation problem formulated in
(22) involves high-dimensional continuous and discrete action
spaces, which are intractable for traditional optimisation meth-
ods in real-time applications. Consequently, we reformulate
the problem as a MADRL task. Given that each LV makes
decisions based on local observations while the environment
state evolves globally, the problem is modelled as a partially
observable Markov decision process (POMDP). The POMDP
is defined by the tuple ⟨S,A,P,R, γ⟩, representing the state
space, action space, transition probability, reward function, and
discount factor, respectively.

Each LV functions as an independent agent. At each time
step t, agent l executes three actions from the action space A,
defined as

Al,t =
[
Φl,t,Υl,t, p

LV
l,t

]
. (23)
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These components correspond to the communication mode se-
lection, subchannel allocation, and power control, respectively.
Since the original action variables, including the transmit
power which is discretised into integer dBm levels in our im-
plementation, are incompatible with the continuous nature of
the DDPG/TD3 algorithms, we employ a continuous relaxation
approach. Specifically, the action variables are represented by
continuous surrogate outputs of the actor network bounded
in [−1, 1]. Before interacting with the environment, these
continuous surrogate outputs are mapped to feasible discrete
decisions through a deterministic discretisation operator (i.e.,
uniform linear scaling followed by rounding). Crucially, the
critic networks evaluate the original continuous surrogate
outputs directly, preserving the differentiability required for
policy gradient updates. Simultaneously, the agent observes
the environment state Sl,t, which encapsulates local CSI,
interference levels, and network status

Sl,t =

[
hiw-fs

BS-PA⟨m,n⟩-LVl
, hV2V

LVl-MV⟨l,v⟩
, IV2V

⟨l,v⟩,t
Pl, X⟨m∗,n∗⟩, A

ul
l,t, A

dl
t ,Θ

′, T ′, σ2

]
. (24)

Here, LVl tracks the V2I and V2V channel conditions, V2V
interference, its own position relative to the active PA, instan-
taneous uplink and downlink AoI values, the remaining CAM
payload Θ′ and time budget T ′, and the noise power σ2.

In practice, this state incurs only a modest overhead, as most
of its elements are maintained locally by each LV: the uplink
and downlink AoI, the residual payload Θ′, and the time bud-
get T ′ are internal counters, the position Pl is provided by on-
board localisation, the active PA coordinate follows from the
deterministic geometry of Section II-H, and the noise power
σ2 is a known constant. Only the channel and interference
terms require measurement, which our model assumes to be
available to the agent. Crucially, the decentralised execution
requires no real-time exchange of other agents’ states, so no
additional inter-agent signalling is introduced, and any update
is captured by the AoI metric itself.

To address the challenges of stability and scalability in
vehicular networks, this work employs the decomposed multi-
agent DDPG (DE-MADDPG) algorithm [44]. This approach
follows the centralised training with decentralised execution
(CTDE) framework, where agents are trained using global
information but execute actions based solely on local obser-
vations. Standard multi-agent DDPG (MADDPG) algorithms
suffer from scalability issues as the input dimension of the
centralised critic grows linearly with the number of agents.
DE-MADDPG mitigates this by decomposing the reward
function into local and global components, allowing the global
critic to focus on system-wide coordination while local critics
optimise individual objectives in the V2X network. Further-
more, this base framework is augmented with the twin delayed
deep deterministic policy gradient (TD3) technique [45]. The
integration of TD3 addresses the Q-function overestimation
bias inherent in standard DDPG methods, thereby enhancing
convergence stability in the highly dynamic highway environ-
ment.

The DE-MADDPG algorithm, the CTDE paradigm, and
the TD3 critics are adopted from the established literature
[11]–[15], while the fundamental novelty of this work lies

Algorithm 1: DE-MADDPG (TD3)
1 Initialise high-speed road environment & replay buffer B.
2 Initialise global critic networks: {QG

ψd
, QG

ψ′
d
}, d = 1, 2.

3 Initialise actor & critic networks for each agent:
{πl, π′

l, Q
πl
ϕl
, Q

πl

ϕ′
l
}, l = 1, 2, ..., L.

4 for episode = 1 to loop do
5 Update platoon location & channel information.
6 Reset time budget & CAM size: {T ′,Θ′

l}={T,Θl}.
7 for t = 1 to T do
8 for agent 1 to L do
9 Observe state sl,t, select action al,t = πl(sl,t),

receive local & global rewards: {rl,t, rG
t }.

10 Update channel fast fading & interference.
11 Each agent l observes a new state s′l.
12 Store

(
st, at, rt, rG

t , s′
)

into B.
13 Sample mini-batch of B transitions(

sb, ab, rb, rG
b , s

′
b

)∣∣B
b=1

from B.
14 Update global critics: minimising LG(ψd) (29) by one-step

gradient descent.
15 Target soft update: ψ′

d ← τψd + (1− τ)ψ′
d.

16 if t mod dTD3 then
17 for agent 1 to L do
18 Update local critic: minimising LL(ϕl) (30) by

one-step gradient descent.
19 Update local actor: maximising ∇θlJ as in (28)

by one-step gradient ascent.
20 Target soft update: ϕ′l ← τϕl + (1− τ)ϕ′l
21 θ′l ← τθl + (1− τ)θ′l

in the physics-aware reward decomposition detailed below,
which maps the global and local reward components onto the
SWAN operational modes, namely the system-wide downlink
broadcasting through segment activation and the point-to-point
uplink through a specific PA, so as to jointly optimise the
bidirectional AoI. The learning architecture thus serves as a
vehicle for this physical-layer-aware reward structure rather
than as a general-purpose algorithmic advance.

The reward function structure is designed to align individual
agent incentives with the system-wide objectives defined in
(22). The global and local reward functions are formulated as
follows:

RG
t = − 1

L

∑
l

∑
v F1

(
IV2V
⟨l,v⟩,t

)
Vl

−F2

(
Adl
t

)
,

RL
l,t = w1 · 1{Cul

l,⟨m,n⟩,t≥Cul
min}

+ w2 · 1{Cdl
l,m,t≥Cdl

min}

−F3

(
Aul
l,t

)
−F4

(
pLV
l,t

)
−F5

(
Θ′

Θ
,
T ′

T

)
.

(25)

(26)

The global reward RG
t penalises the average system interfer-

ence and the downlink AoI. By minimising the cumulative
interference, agents are encouraged to select channels that
minimise cross-tier disturbance. Simultaneously, the downlink
AoI term ensures the timely dissemination of global traffic data
from the PA system. Regarding the local reward RL

l,t, positive
gains w1 and w2 are awarded upon successful uplink or
downlink V2I updates, respectively, indicated by the indicator
function 1{·}. The remaining terms penalise high uplink AoI,
excessive power consumption, and failure to deliver the CAM
payload. The mapping functions F1–F5 scale these distinct
and competing physical quantities to a comparable range and
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weight their relative contributions, defined as
F1(I) = (I − κI1)/κI2 ,

F2(A
dl
t ) = Adl

t /κg,

F3(A
ul
l,t) = Aul

l,t/κl,

F4(p
LV
l,t) = ωp ln p

LV
l,t ,

F5(Θ
′/Θ, T ′/T ) = ωc (Θ

′/Θ)(2− T ′/T ),

(27)

where κI1 and κI2 offset and scale the interference, κg and κl
normalise the downlink and uplink AoI, and ωp and ωc weight
the power and payload penalties, all empirically selected to
balance the competing objectives. In F5, the factor (2−T ′/T )
raises the payload penalty as the delivery deadline approaches,
equalling ωcΘ′/Θ at the start of the interval and doubling as
the time budget is exhausted.

Together, (25) and (26) realise a weighted-sum scalarisa-
tion of the multi-objective problem in (22). Because these
objectives carry heterogeneous units, the mapping functions
F2 and F3 first normalise the downlink and uplink AoI in
milliseconds to a comparable magnitude through κg and κl,
and F4 weights the transmit power in dBm through ωp. The
indicator gains w1 and w2, which reward successful uplink and
downlink delivery. And F5 penalises the residual undelivered
payload through ωc, where the CDP objective enters. The
remaining mapping function F1 is not a separate objective
but penalises the V2V co-channel interference induced by the
resource-block allocation in (22b), thereby guiding the agent
toward cleaner channels and a higher V2V rate. The relative
magnitudes of these weights govern the trade-off among the
objectives: a larger ωp, for instance, suppresses transmit power
at the expense of information freshness. In this safety-critical
setting, the weights are specially chosen so that message
timeliness and delivery reliability take precedence over power
economy, whereby maximising the resulting scalar reward is
equivalent to minimising the weighted objective vector in (22).

Crucially, this bipartite reward structure is intrinsic to the
physical layer of the PA system: the global component targets
the segment-level broadcasting performance (downlink AoI),
while the local component governs the vehicle-specific PA
transmission (uplink AoI), thereby embedding the unique
waveguide constraints directly into the learning process.

Based on these definitions, the proposed DE-MADDPG
algorithm with TD3 (DE-MADDPG (TD3)) updates the actor
and critic networks using the following gradient formulation

∇θlJ︸ ︷︷ ︸
Local actor

= Es,a∼B

[
∇θlπl (al|sl)∇alQ

G
ψ1
(s,a)

]
︸ ︷︷ ︸

MADDPG: Global critic

+Esl,al∼B

[
∇θlπl (al|sl)∇alQ

L
ϕl
(sl, al)

]
︸ ︷︷ ︸

DDPG: Local critic

,
(28)

where ∇θlJ represents the policy gradient for the local actor
at time t. Here, s = (s1, ..., sL) and a = (a1, ..., aL) denote
the state and action sets, and B is the experience replay buffer.
Consistent with the TD3 framework, the first global Q-function
QG
ψ1

from the twin critic pair is selected to compute the
gradient. The parameters θl, ψ1, and ϕl parameterise the agent
policy πl, global critic QG

ψ1
, and local critic QL

ϕl
, respectively.

The loss functions and target updates for the global and local

critics are computed as

LG(ψd) = Es,a,rG,s′

[(
QG
ψd
(s,a)− tarG

)2]
, d = 1, 2,

tarG = rG + γmin
d
QG
ψ′

d
(s′,a′)

∣∣∣∣
a′l=π

′
l(s′l)

,
(29)

LL(ϕl) = Esl,al,rL
l ,s

′
l

[(
QL
ϕl
(sl, al)− tarL

l

)2]
,

tarL
l = rL

l + γQL
ϕ′
l
(s′l, a

′
l)
∣∣∣
a′l=π

′
l(s′l)

,
(30)

where s′ and a′ denote the next state and action sets. QG
ψ′

d
, QL

ϕ′
l
,

and π′
l represent the target global critic, local critic, and policy,

respectively. The Q-function estimates the expected discounted
return starting from time t

Qπl(s, a) = Eπl

[ ∞∑
i=0

γiRt+i+1
∣∣∣sl,t, al,t]. (31)

The complete execution flow of the proposed DE-MADDPG
(TD3) approach is detailed in Algorithm 1.

IV. COMPLEXITY ANALYSIS

This section evaluates the computational complexity of the
proposed and baseline algorithms, which serves as a basis for
performance evaluation. The algorithms evaluated include

• DE-MADDPG (TD3): The proposed decomposed multi-
agent algorithm with twin delayed critics, as specified in
Section III.

• Standard MADDPG: A CTDE framework [46].
• Decentralised MADDPG (Dec-MADDPG): A fully de-

centralised approach where all agents function indepen-
dently, with both actors and critics relying solely on local
observations.

• DDPG: A single-agent RL approach where a central
controller manages all platoons using one actor and one
critic network [47].

• Multi-agent proximal policy optimisation (MAPPO): An
on-policy baseline from the policy-optimisation family
[48]. It retains the CTDE structure with decentralised
actors and a centralised value function, but, in contrast
to the DDPG-family baselines above, it is on-policy and
employs neither an experience replay buffer nor target or
twin critic networks.

Note that since the uplink and downlink PA configurations
in Section II-H 1) and 2) are independent of the MADRL
framework, and the process is identical for all the algorithms,
it is not considered in the complexity comparison among the
above algorithms. Moreover, as MAPPO is on-policy, it lies
outside the off-policy actor-critic structure examined in this
section. It is therefore omitted from the following complexity
analysis and assessed only in the numerical comparison of
Section V.

A. Computational Complexity Analysis

The computational complexity is primarily determined by
the number of agents (L) and the architecture of the neural
networks (NNs) employed. We define J a and J c as the
number of layers in the actor and critic networks, respectively.
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TABLE III: Number of NNs and Trainable Parameters.

Algorithm NNs Trainable
Parameters

DE-MADDPG (TD3) 2
(
2G,c + L

(
1L,a + 1L,c

))
O ((L+ 1)χ)

Standard MADDPG 2L
(
1L,a + 1G,c

)
O
(
L2χ

)
Dec-MADDPG 2L

(
1L,a + 1L,c

)
O (Lχ)

DDPG 2 (1sys,a + 1sys,c) O (Lχ)

Let Uaj and U cj denote the number of neurons in the jth

layer of the corresponding networks. The general floating-
point operations (FLOPs) required for a single forward pass
in an actor network (Ca) and a critic network (Cc) can be
expressed as

Ca = O

J a−1∑
j=2

(Uaj−1U
a
j + Uaj U

a
j+1)

 ,

Cc = O

J c−1∑
j=2

(U cj−1U
c
j + U cjU

c
j+1)

 .

(32)

(33)

Based on these definitions, the total training complexity for
the included algorithms over the complete training duration is
analysed below

• DE-MADDPG (TD3):
O
(
ep · T ·B

(
CG,c + L

(
CL,a + CL,c))) ,

• Standard MADDPG:
O
(
ep · T ·B · L

(
CL,a + CG,c)) ,

• Dec-MADDPG:
O
(
ep · T ·B · L

(
CL,a + CL,c)) ,

• DDPG:
O (ep · T ·B (Csys,a + Csys,c)) .

Here, ep represents the total number of training episodes, T
denotes the steps per episode, and B indicates the minibatch
size used for gradient updates. CG,c in DE-MADDPG denotes
the complexity of the global system critic, while in Standard
MADDPG it refers to the critic that takes the full system
state-action pair as input but is replicated L times (one per
agent). CL,a and CL,c refer to the local actor and local critic,
respectively. Csys,a and Csys,c denote the system-wise actor
and critic network for DDPG algorithm.

The DDPG exhibits the lowest computational complexity as
it aggregates the system into a single agent entity. However,
this comes at the cost of a strictly centralised execution
requirement. Dec-MADDPG scales linearly with L but suffers
from non-stationarity due to the lack of global information.
The Standard MADDPG has the same magnitude of computa-
tional complexity as the Dec-MADDPG, where the critic net-
work introduces the difference. The proposed DE-MADDPG
(TD3) maintains a complexity similar to Dec-MADDPG for
its local components, with the additional set of global critics,
offering a balance between scalability and coordination. The
MAPPO baseline is excluded from this comparison because
its on-policy training maintains neither target networks nor a
replay buffer from which minibatches are repeatedly sampled,
yielding a computational profile that does not map onto the
off-policy expressions above.

TABLE IV: Simulation and Training Parameters.

PA System Parameters Symbols Values

PA Carrier frequency fPA
c 28 GHz

Waveguide height DPA 5 m
Maximum transmit power pPA 10 dBm
Refractive index neff 1.4
In-waveguide attenuation αiw 0.0092 m−1 [28], [29]
Number of segments M 9

Vehicle Parameters Symbols Values

Number of platoons L 4-7
Vehicles per platoon Vl 4
Intra-platoon gap Dgap 25 m
Max vehicle power pmax 30 dBm
V2V Carrier frequency fV2V

c 2 GHz
Number of V2V RBs KV2V 3
V2V RB bandwidth WV2V 180 kHz
V2V path loss model - B1 - Urban micro-cell [40]
V2V Shadowing model - Log-normal, σ = 3 dB
V2V Decorrelation distance - 10 m
CAM message size Θ 4 KB
CAM delivery interval T ·∆t 100 ms [16], [42]

Other Settings Symbols Values

Road length Droad 200 m
Road width Dwidth 15 m
Noise power σ2 −90 dBm
Small-scale fading - Rayleigh fading
Large-scale fading period T ·∆t 100 ms [42]
Fast fading update period ∆t 1 ms [42]

Training Parameters Symbols Values

Time steps per episode T 100
Total episodes loop 500
Discount factor γ 0.99
Batch size B 64
Actor learning rate - 0.0001
Critic learning rate - 0.001
Target soft update τ 0.005
Optimiser - Adam

B. Network Architecture and Scalability

Table III compares the required number of NNs and the
order of trainable parameters. We define χ, which is the
summation of the state space dimension and action space
dimension for a single agent. In the table notation, 1 denotes a
single network unit, and specifically for DE-MADDPG (TD3),
2G,c represents the employed twin global critic networks. The
factor 2 accounts for the existence of target networks for each
main network.

A critical observation is the scalability regarding the number
of platoons L. In Standard MADDPG, each of the L agents
requires a critic that observes the joint actions and states
of all other agents. Consequently, the input dimension for
each critic grows with L, and since there are L critics, the
total number of parameters scales as O(L2χ). In contrast,
the proposed DE-MADDPG (TD3) decouples the objectives.
The local critics only observe local states (O(χ)), and only
the single shared global critic observes the joint state. Thus,
the parameter complexity scales linearly as O((L + 1)χ).
This reduction from quadratic to linear complexity renders
the proposed approach significantly more scalable for dense
traffic scenarios on high-speed roads.

Finally, we address the distinction between training com-
plexity and online execution latency. While the training phase
involves complex critic updates, the online decision-making at
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Fig. 2: Reward convergence comparison of the five included algorithms. The results are averaged over 10 independent simulation
runs, and the shaded areas represent the min-max range. (a) L = 5, Vl = 4. (b) L = 7, Vl = 4.

each time step t depends solely on the local actor network:
al,t = πl(sl,t). This operation requires a single forward pass
through a relatively small NN. Given the network dimen-
sions utilised in our experiments (detailed in Section V),
this inference is computationally lightweight (on the order
of microseconds) and can be executed well within the tight
latency constraints of the vehicular network in practice (e.g.,
typically sub-millisecond).

V. NUMERICAL RESULTS

This section assesses the performance of the proposed
DE-MADDPG (TD3) framework against the baseline algo-
rithms established in Section IV. The simulation environment
integrates a PA-supported infrastructure operating at 28 GHz
(as defined in Section II-C) with a single-cell urban C-V2X
network operating at 2 GHz. The V2V communications utilise
3 dedicated RBs, adhering to the 3GPP TR 36.885 standard
[42]. The detailed simulation parameters are listed in Ta-
ble IV. Beyond comparing RA algorithms within the SWAN
framework, the proposed framework is also evaluated on a
non-segmented conventional PA system (PASS) in Fig. 4 to
quantify the benefit of waveguide segmentation. A comparison
with conventional cellular V2I is not included, as its physical-
layer disadvantage relative to PA systems arises from a fun-
damentally different propagation model, a contrast already
established in the pinching-antenna literature [22].

The framework is implemented in Python using PyTorch
and executed on NVIDIA RTX A6000 GPU. The NN archi-
tecture comprises fully connected layers: the local actor and
critic networks contain two hidden layers with (1024, 512)
and (512, 256) neurons, respectively, while the global critic
employs three hidden layers with (1024, 512, 256) neurons
to handle the larger system state input (and action input
for the critics). We utilise the rectified linear unit (ReLU)
[49] activation function and the Adam optimiser [50]. The
learning rates of the actor and critic networks are set as 0.0001
and 0.001, while the target soft update parameter τ and the

discount factor γ are set as 0.005 and 0.99. The other training
parameters are also listed in Table IV.

A. Convergence Analysis
Fig. 2 illustrates the convergence of the local reward func-

tion (26) for the five algorithms under two traffic density
scenarios: (a) L = 5 and (b) L = 7, with Vl = 4 constant.
The solid lines denote the mean reward across 10 independent
runs, while the shaded areas indicate the fluctuation (the range
between minimum and maximum values) observed across
these multiple simulation runs. The proposed DE-MADDPG
(TD3) algorithm achieves the fastest convergence speed and
the highest stable reward in both scenarios.

The failure of DDPG to reach a high-level reward is
attributed to its centralised architecture, which suffers from
inefficient exploration and neglect of individual platoon re-
quirements in multi-agent environments. Standard MADDPG
follows with significant instability. As L increases from 5
to 7, its performance gap relative to the proposed method
widens, highlighting its limited scalability in high-dimensional
state spaces. Interestingly, Dec-MADDPG outperforms Stan-
dard MADDPG, suggesting that in complex vehicular envi-
ronments, simplified local observations can sometimes yield
better short-term policies than a poorly converged global critic.
It even performs better than our proposed DE-MADDPG
(TD3) algorithm in certain episodes, which can be observed
in the shaded area in Fig. 2(a), Episode 400-500. However,
Dec-MADDPG exhibits high non-stationarity due to the lack
of explicit coordination via global information, leading to
worse averaged performance than our proposed algorithm. In
contrast, DE-MADDPG (TD3) combines the benefits of both:
the global critic maintains coordination and stability, and the
local critics ensure the individual requests of all the platoons,
resulting in robust and high-value convergence. The on-policy
MAPPO baseline converges smoothly but settles below the
off-policy MADDPG variants, remaining ahead of only the
single-agent DDPG. Under the identical episode budget, its
on-policy updates extract less information per environment
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Fig. 3: Performance comparison with L varies from 4 to 7 and fixed Vl = 4. Results are from the last 100 episodes and are
averaged over 10 independent simulation runs. (a) Average uplink AoI in ms. (b) Average downlink AoI in ms. (c) Average
CDP in %.

interaction than replay-based learning, which accounts for its
slower reward growth despite stable behaviour.

B. Performance Evaluation

Fig. 3 compares the algorithms across three key metrics:
(a) Uplink AoI, (b) Downlink AoI, and (c) CDP. Results are
averaged over the final 100 episodes. The number of platoons
in the system varies from L = 4 to L = 7, with a fixed
number of vehicles in each platoon Vl = 4. To benchmark
optimality, we include results from an Exhaustive Search
(dashed black line), which represents the theoretical upper
bound for performance. To render the search computationally
feasible over the continuous power domain, we discretise the
transmit power levels with a resolution of 0.1 dBm.

The proposed DE-MADDPG (TD3) algorithm consistently
achieves the lowest uplink and downlink AoI, closely tracking
the theoretical optimum provided by the exhaustive search
(with an average gap of 4.8%). As the number of platoons
(L) increases, resource contention intensifies. While baseline
algorithms show a steep degradation in AoI, our method main-
tains a flatter slope, demonstrating robust scalability. Among
the baselines, the on-policy MAPPO records higher uplink and
downlink AoI than the off-policy MADDPG variants, reaching
approximately 40.1 and 43.4 ms respectively at L = 7, yet it
stays ahead of the single-agent DDPG. Notably, the algorithm
learns an intelligent trade-off for downlink AoI. It does not
simply minimise downlink AoI to a very low level. Instead, it
avoids over-requesting downlink broadcasts. Frequent down-
link interruptions would occupy time slots required for uplink
reporting and V2V safety messages. The proposed agent
successfully learns this subtle balance, maintaining sufficiently
fresh global data without compromising uplink performance.

Fig. 3(c) reveals the CDP versus the number of platoons.
The proposed algorithm maintains a near-perfect CDP (ap-
proaching 100%) across all tested densities, matching the ex-
haustive search. Conversely, the performance of the baselines

Fig. 4: Performance of the proposed DE-MADDPG (TD3)
framework on the SWAN architecture against the PASS base-
line. U-AoI and D-AoI denote the average uplink and downlink
AoI in ms (left axis), and CDP is shown in % (right axis).

degrades rapidly as L increases. For L = 7, the CDP for
DDPG drops to around 60%, the on-policy MAPPO to around
70%, and even the decentralised approach falls to around 90%.
In the context of autonomous driving, a 10% failure rate
in safety message delivery is unacceptable. The robustness
of DE-MADDPG (TD3) confirms its suitability for safety-
critical high-speed platoon management, where maintaining
string stability via reliable CAM exchange is essential.

C. Impact of Waveguide Segmentation

To isolate the gain of the SWAN architecture from that
of the learning algorithm, Fig. 4 applies the proposed
DE-MADDPG (TD3) framework to both SWAN and the PASS
baseline (M = 1, a single full-length waveguide), changing
only the physical layer. Under this controlled setting, SWAN
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attains lower uplink and downlink AoI and higher CDP across
all densities, and the margin widens with L. This performance
arises because segmentation caps each active in-waveguide
path at Droad/M rather than the full road length Droad,
limiting attenuation and preserving freshness and reliability
under dense traffic.

VI. CONCLUSION

This paper has investigated the potential of dielectric
waveguide-based PA systems to enable continuous, high-
reliability coverage for high-speed platoon-based V2X net-
works. We identified that while conventional PAs offer sta-
ble LoS propagation, they are fundamentally limited by in-
waveguide attenuation over long distances. To address this, we
integrated the SWAN architecture with a MADRL framework,
enabling the segment and PA activations to cooperate with the
dynamic optimisation of RA. This approach effectively bal-
ances the multiple conflicting communications requirements.

Unlike existing studies that predominantly focus on up-
link timeliness, we formulated a joint optimisation problem
considering the freshness of both uplink platoon reporting
(uplink AoI) and downlink global traffic updates (downlink
AoI), alongside the intra-platoon communication reliability
(the CDP) and power consumption. To solve this complex
problem, we utilised the DE-MADDPG (TD3) algorithm,
which effectively decouples global coordination objectives
from local agent policies.

Our results demonstrate that the proposed DE-MADDPG
(TD3) algorithm successfully learns a robust policy that main-
tains fresh global traffic awareness without compromising
the timeliness of local platoon update. Notably, the system
achieves a CDP approaching 100% even under high traffic
density, significantly outperforming standard RL baselines.
These findings confirm that the SWAN architecture, when
coupled with intelligent resource management, provides a
viable and scalable physical-layer solution for safety-critical
autonomous driving applications in next-generation ITS.

Furthermore, while this study decoupled PA activation using
a geometric approach to ensure learning stability, investigating
joint learning of PA activation under, e.g., imperfect CSI or
unpredictable physical blockage conditions, remains a highly
valuable direction for future work. Moreover, this study adopts
the segment-selection strategy, and extending it to the segment-
aggregation and segment-multiplexing strategies, which acti-
vate multiple segments concurrently at the cost of additional
RF chains and inter-segment interference management, repre-
sents a further promising direction. In addition, the present
framework samples the experience replay buffer uniformly.
Integrating more advanced sampling strategies, such as the
quantum-inspired experience replay of [27], constitutes a
promising direction to further improve the sample efficiency.
Finally, in line with the SWAN model of [22], this study
assumes ideal segment isolation and PA activation. Accounting
for practical non-idealities, such as imperfect segment isola-
tion, switching delay, and hardware losses, is left to future
work.
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