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Vehicular Communication via Rate-Splitting
Multiple Access With Antenna and RIS Partitioning

Maurice Nduwayezu, Kofi Amoako Ofori-Amanfo, Derek Kwaku Pobi Asiedu, Member, IEEE, and
Ji-Hoon Yun, Senior Member, IEEE

Abstract—Integrating rate-splitting multiple access (RSMA)
and reconfigurable intelligent surfaces (RIS) into vehicular com-
munication systems offers significant potential for enhancing
quality of service but also introduces challenges in radio re-
source allocation due to increased system complexity and the
heterogeneous mobility patterns of vehicles. In this paper, we
propose a vehicle-to-infrastructure (V2I) communication system
that leverages a partitioned antenna array and RIS elements
for reduced computational complexity, with RSMA serving
multiple vehicles and users therein. To mitigate inter-vehicular
interference, we employ a zero-forcing technique that decouples
precoding at the BS and decoding at the user equipment (UE)
into a zero-forcing factor and a precoding factor. For sum-rate
maximization, we develop a block coordinate descent (BCD)
algorithm, incorporating a dynamic partitioning scheme that
divides the BS antenna array and RIS elements into subplanes.
Each subplane is dedicated to a single vehicle for transmitting
private streams to UEs therein, along with common streams
for all UEs across all vehicles. The passive beamforming for
each RIS subplane is optimized using the Riemannian conjugate
gradient (RCG) method, while precoding at the BS subarray
is optimized using a weighted minimum mean square error
(WMMSE) approach. Simulation results and comparisons with
benchmarks demonstrate that the proposed partitioning scheme
achieves robust performance in terms of system sum rate while
significantly reducing computational complexity.

Index Terms—vehicular communication, reconfigurable intel-
ligent surface, BS array and RIS elements partitioning, rate
splitting multiple Access, mmWave, computational complexity.

I. INTRODUCTION

The Internet of Vehicles (IoV) is a rapidly evolving
paradigm that enables seamless data exchange between vehi-
cles, network infrastructure, and other connected devices, sup-
porting applications such as traffic management, autonomous
driving, and enhanced road safety [1]. Reliable and high-
spectral-efficiency vehicular communication systems are es-
sential for the success of IoV, as they offer real-time data
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transmission among vehicles. Achieving this requires lever-
aging wide bandwidth and ensuring strong channel gains.
Furthermore, vehicular communication systems must imple-
ment efficient multiple access schemes to support concurrent
user streams while maintaining low-complexity radio resource
allocation algorithms. This is particularly challenging in the
presence of heterogeneous vehicle velocities, which result in
diverse channel conditions and introduce channel estimation
errors.

Millimeter-wave (mmWave) communication systems have
emerged as a promising solution to address the exponen-
tial growth in mobile data traffic, leveraging the abundant
bandwidth available in the mmWave spectrum. The short
wavelength of mmWave signals enables the integration of a
large number of antenna elements within a compact physical
space, making it well-suited for high-density antenna arrays at
the base station (BS). This integration realizes highly direc-
tional beamforming to mitigate severe signal attenuation while
simultaneously supporting spatial multiplexing [2] [3] [4] [5].
In the context of vehicular communication, mmWave tech-
nology holds significant potential for delivering high-speed
data services to vehicles. However, the challenging nature of
vehicular propagation environments—characterized by vehicle
mobility and encountering obstacles such as buildings and
other vehicles—poses significant difficulties in maintaining
reliable mmWave links between BSs and vehicles or users
therein [2] [6] [7]. These conditions may result in signal
blockages and amplify the inherent high signal attenuation of
the mmWave spectrum, making it difficult to ensure consistent
and reliable connectivity in mmWave vehicular networks.

Emerging reconfigurable intelligent surfaces (RIS), con-
sisting of arrays of passive reflecting elements capable of
dynamically adjusting their reflection coefficients, provide
practical solutions to mitigate blockages in mmWave vehicular
communication [8] [9]. However, deploying RIS with a fixed
number of reflecting elements to assist specific vehicles may
not align with the highly dynamic nature of vehicular chan-
nel environments. Furthermore, the computational complexity
associated with large-scale RIS configurations can make the
system less cost-efficient and less responsive to real-time envi-
ronmental changes. Many works in vehicular communication
adopted large scale of unit elements at antenna array and/or
RIS technologies in order to improve the system’s throughput
[2] [8] [10] [11]. On the one hand, larger units elements will
cause larger array dimension and hence high computational
complexity for the optimization of the transmit beamforming
at BS and passive beamforming at RIS.



2

To enable concurrent multi-user streams with high spectral
efficiency in advanced vehicular communication systems, a
promising approach is the adoption of rate-splitting multi-
ple access (RSMA). RSMA provides the flexibility to split
each user’s rate into multiple message streams with varying
proportions, effectively managing interference by optimally
encoding messages into common and private streams [12] [13].
Integrating RSMA with RIS in vehicular communication in-
troduces significant challenges in radio resource allocation due
to the system’s inherent complexity. The optimization process
involves numerous coupled variables, including beamforming,
RIS reflection coefficients, and rate-splitting strategies, all of
which are highly interdependent. This makes real-time opti-
mization computationally intensive, particularly in dynamic
vehicular environments. Additionally, RSMA’s sensitivity to
interference requires careful management of inter-stream in-
terference, ensuring that it is either mitigated or effectively
treated as noise through optimal message encoding and decod-
ing. The primary challenge lies in achieving high spectral ef-
ficiency while minimizing computational complexity, making
the deployment of RIS and RSMA in vehicular communication
networks a demanding yet promising endeavor.

In this paper, we propose a novel V2I communication
system, named PARIS-RSMA-V2I (Partitioned Array and RIS
with RSMA-based V2I system), tailored to support downlink
communication for UEs inside moving vehicles. Additionally,
we present associated low-complexity optimization algorithms
aimed at maximizing the sum-rate. The PARIS-RSMA-V2I
system strategically partitions the BS antenna array elements
and RIS elements, ensuring that each pair is dedicated to
transmitting data streams to UEs within a specific vehicle. This
partitioning and the resulting subarray–subsurface–vehicle
mapping enable low-complexity radio resource allocation by
effectively addressing the heterogeneous channel characteris-
tics and estimation errors across vehicles, while exploiting the
similar channel conditions among UEs within the same ve-
hicle. Furthermore, this approach, combined with per-vehicle
encoding and decoding, enables efficient inter-vehicle interfer-
ence suppression using zero forcing, allowing the system to
concurrently support multiple user streams under RSMA.

The proposed radio resource allocation algorithms for the
PARIS-RSMA-V2I system are designed to balance the trade-
off between maximizing the overall sum rate and minimiz-
ing computational complexity. These algorithms optimize key
aspects, including the partitioning of BS subarrays and RIS
subsurfaces, precoding and beamforming at the BS, rate-
splitting strategies, and passive beamforming at the RIS. To
achieve this, we develop a block coordinate descent (BCD)
algorithm that incorporates a dynamic partitioning scheme, di-
viding the BS antenna array and RIS elements into subplanes.
The passive beamforming for each RIS subplane is optimized
using the Riemannian conjugate gradient (RCG) method, while
the precoding at the BS subarray is refined through a weighted
minimum mean square error (WMMSE) approach.

Simulation results and comparisons with benchmarks
demonstrate that the proposed partitioning scheme achieves
robust performance in terms of system sum rate while signif-
icantly reducing computational complexity.

The main contributions of our work are summarized as
follows:

• Design of the PARIS-RSMA-V2I system architecture: We
propose a novel system in which BS antennas and RIS
elements are partitioned, enabling a one-to-one mapping
between BS antenna subarrays, RIS element subsurfaces,
and per-vehicle RSMA stream groups. This design in-
corporates per-vehicle encoding and decoding, enabling
efficient suppression of inter-vehicular interference using
zero forcing, under speed-dependent heterogeneous chan-
nel characteristics and estimation errors.

• Development of a dynamic partitioning algorithm: We in-
troduce a partitioning algorithm that adapts to the varying
conditions of vehicles, dynamically dividing the available
BS antenna arrays and RIS elements into subarrays and
subsurfaces. Additionally, we provide a computational
complexity analysis that demonstrates the effectiveness
of the proposed algorithm in reducing complexity.

• Development of hybrid precoding and beamforming op-
timization algorithms: We formulate optimization algo-
rithms where precoding and beamforming at the BS are
addressed using the WMMSE and matched filter (MF)
methods, respectively. Meanwhile, passive beamforming
for the RIS subsurfaces is optimized using the RCG
method.

• Comprehensive simulation and performance evaluation:
We present an extensive simulation study that highlights
the performance gains of the proposed algorithm com-
pared to various benchmarks. The results demonstrate
improvements in computational complexity and sum-
rate under diverse network conditions and operational
strategies.

The remainder of this article is organized as follows. Section
II reviews and discusses recent works. Section III presents
the system and channel models. The solution architecture and
problem formulation are described in Section IV, while the
associated solution algorithms are developed in Section V.
Section VI provides the performance evaluation, including
simulation environment settings, results, and discussions. Fi-
nally, concluding remarks are presented in Section VII.

Notations: CM×N denotes the space of M ×N complex-
valued matrices. For a square matrix F, Tr(F) represents
its trace. For a complex-valued vector x, |x| denotes its
Euclidean norm. Given a complex-valued scalar x, R(x)
and Im(x) denote its real and imaginary parts, respectively,
while x∗ represents its complex conjugate. The matrix IN
denotes an N ×N identity matrix. The operator ⊙ represents
the Hadamard product. For an independent and identically
distributed (i.i.d.) random variable (RV) s, s ∼ CN (0, σ)
indicates that s follows a complex Gaussian distribution with
zero mean and variance σ. The frequently used notations are
listed in Table II.

II. RELATED WORK

Several studies have explored the interplay between RSMA
and RIS. In [25], B. Clerckx et al. and in [26], A. S. de
Sena et al. presented a general model for RIS-aided RSMA
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TABLE I
SUMMARY OF RELATED WORKS ON RSMA+V2I, ANTENNA PARTITIONING, RIS PARTITIONING, AND RIS+V2I

Reference Objective V2X
scenario

Multiple
access
scheme

RIS RIS Par-
titioning

Antenna
Partition-
ing

Heterogeneous
vehicular
speeds

Cai et al.
[14]

Channel capacity maximization by optimizing transmit co-
variance and RIS reflection phase in a MIMO system

NOMA Yes Yes No No

Pala et al.
[15]

Sum-rate maximization by optimizing precoder at BS, block-
length of common and private symbols of each user, and
passive beamforming at RIS in a URLLC system

RSMA Yes No No No

Duan et
al., [16]

Time-averaged maximization by optimizing active beam-
forming at the VS and passive beamforming at RIS based
on statistical CSI feedback

OMA Yes No No Yes

Wu et al.
[17]

Sum-rate maximization by optimizing analog and digital
beamforming at BS, and passive beamforming at RIS using
a transformer in a Terahertz MIMO system

RSMA Yes No No Yes

Khaleel et
al. [18]

Spectrum efficiency enhancement by improving the ergodic
rate and maximizing user fairness via the optimization of
RIS partitioning in an environment where the BS and RIS
serve users in different clusters

NOMA Yes Yes No No

Wang et al.
[11]

Sum-rate maximization by optimizing the splitting of RIS
elements into sub-surfaces and then optimizing the passive
beamforming in each sub-surface in a large scale RIS ele-
ments based multi-user wireless network environment

NOMA Yes Yes No No

Kim et al.
[19]

Transmit power and computational complexity minimization
by optimizing the splitting of RIS elements into sub-surfaces
in RIS assisted NOMA system

NOMA Yes Yes No No

Jiang et al.
[20]

Aim to achieving the balance between the modeling accuracy
and complexity by partitioning the RIS elements for the
investigation of the small-scale fading characteristics of the
RIS-assisted V2V channel

Yes OMA Yes Yes No No

Wang et
al., [5]

Received signal power maximization by jointly optimizing
the BS transmit precoding vector and RIS reflection coef-
ficient matrix in a RIS assisted mmWave communication
system

OMA Yes No No No

Gao et al.,
[4]

Energy efficiency maximization by optimizing partitioning
of the antenna array and SIC precoding in mmWave MIMO
systems

OMA No No Yes No

Chen et al.,
[7]

Link capacity maximization by jointly optimizing the BS
transmit power, RIS reflection coefficient matrix and spec-
trum allocation in a RIS assisted V2I communication

Yes OMA Yes No No No

Pala et al.,
[21]

Sum-rate maximization by jointly optimizing the BS transmit
power and RIS reflection coefficient matrix under ICSI with
DRL in a RIS-aided Full-Duplex-RSMA V2I Communica-
tions

Yes RSMA Yes No No Yes

Houran et
al., [22]

overall network sum-rate maximization by assigning either
a single or multiple RIS to the BS-user pair in a RIS aided
RAN V2I

Yes OMA Yes No No No

Saikia et
al., [23]

Achievable sum-rate maximization by optimizing RIS ele-
ments phase shifts with DRL in a 2 RIS based FD 6G V2I
communication

Yes OMA Yes No No No

Cui et al.,
[6]

channel capacity maximization by jointly optimizing active
beamforming at the BS and passive beamforming at the RIS
with a 2 phase transformer network architecture in a RIS
assisted Internet of Vehicles

Yes OMA Yes No No No

Zhang et
al., [24]

Energy efficiency maximization by jointly optimizing the
RIS dynamic element partitioning and beamforming with
DRL for green symbiotic communications in IoT

OMA Yes Yes No No

Wang et
al., [11]

sum-rate maximization by optimizing the RIS partition-
ing, passive beamforming of each beamforming and active
beamforming at BS in Segmented RIS Assisted Multi-User
Wireless Networks

OMA Yes Yes No No

This work Sum-rate maximization by optimizing BS antenna and RIS
partitioning, beamforming, and RIS phase shifts in a RSMA-
RIS based V2I system

Yes RSMA Yes Yes Yes Yes
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systems and illustrated the rate regions under both perfect and
imperfect channel conditions. Using simulation case studies,
[25] showed that RIS can enable RSMA to ensure a private
message is sent exclusively to the intended UE. Sama Wahb et
al. in [27] further integrated RSMA with cooperative relaying
and RIS to enhance the spectral efficiency of multi-user
communications. They proposed a selective approach where
certain users decode the common stream using successive
interference cancellation (SIC) while treating private streams
as noise, whereas other users treat the common stream as noise
without decoding it. The authors employed the alternating
optimization (AO) technique to jointly optimize time slot
allocation, the precoding matrix, common rate allocation, and
RIS phase shifts for both direct and cooperative transmission
phases iteratively.

There have been some studies on the partitioning of RIS
elements for OMA and NOMA, but not for RSMA. In
line with the concept of separating messages intended for
specific users, as discussed in [27] and [25], the work in
[14] explored the partitioning of RIS into subsurfaces. This
approach optimizes the phase shifts at the subsurface level
to direct the reflected signal toward a desired direction, with
the subsurface sizes adaptively adjusted based on channel
conditions. The paper introduces a scalable solution to the joint
active and passive beamforming design problem, adopting a
linear phase variation structure for RIS partitioning to achieve
anomalous reflection. Yonghwi Kim et al. in [19] proposed
a closed-form partition-based multiple access (MA) scheme
that simultaneously allocates RIS elements and determines
the decoding order. The proposed method efficiently covers
only the essential spatial area by forming multiple beams
simultaneously, aligning suitable channels for each user to
leverage NOMA. By exploiting the benefits of RIS-NOMA,
the partition-based MA approach achieves low complexity
and reduced transmit power. Aymen Khaleel in [18] proposed
a RIS partitioning scheme in which the BS and RIS are
dedicated to serving different clusters of users, with each
subsurface utilized to serve a specific user. The authors for-
mulated an RIS partitioning optimization problem to allocate
RIS elements among users, aiming to maximize user fairness.
Similarly, Xiaoqing Wang et al. in [11] tackled the sum-rate
maximization problem under a RIS segmentation structure.
Their framework adaptively adjusts the distribution and size
of each segmentation to balance optimality and complexity
in RIS-assisted multi-user systems. The system divides RIS
arrays into subsurfaces and optimizes passive beamforming
by calculating a reflection coefficient shared by all elements
within a subsurface. In the work of Hao Jiang [20], the RIS is
partitioned to achieve a planar wavefront assumption for the
partitioned RIS subarrays. This approach balances modeling
accuracy and computational complexity in analyzing the small-
scale fading characteristics of RIS-assisted V2V channels.

Some studies have worked on the partitioning of BS antenna
arrays. Sung Hoo Chae et al. in [28] proposed a general rate-
splitting-enabled hybrid beamforming framework applicable
to both fully connected and subarray hybrid beamforming
structures. This framework enables flexible assignment of
streams to each user by dividing streams into an arbitrary

number of common and private substreams Private substreams
are recoverable only by their intended user, while common
substreams can be decoded by all users. The authors developed
a joint optimization of analog and digital beamforming to
transmit common and private substreams, maximizing both the
sum rate and the minimum rate across multiple users. In the
work presented by Zhiqiang Wei et al. in [3], where a beam-
splitting technique dynamically partitions the entire antenna
array associated with an RF chain into multiple subarrays,
forming disjoint beams. This method creates multiple analog
beams for each NOMA group of UEs, facilitating downlink
NOMA transmission by leveraging channel sparsity and the
large-scale antenna array at the BS.

The literature reviewed in this section highlights the promis-
ing advantages of integrating RIS and RSMA, and also shows
that significant sum-rate performance can be achieved while
reducing computational complexity by partitioning RIS and
BS antenna elements. However, no prior work has explored
the simultaneous partitioning of both BS antennas and RIS
elements for the transmission of multiple user streams under
RSMA. Furthermore, existing studies have not considered
partitioning techniques tailored to V2I communication while
accounting for the unique channel characteristics of UEs
within vehicles. To the best of our knowledge, this work
is the first to partition both BS antennas and RIS elements
while forming beams using paired subarrays and subsurfaces,
dynamically adapting to the heterogeneous conditions of vehi-
cles. A detailed comparison of our work with closely related
studies is provided in Table I.

III. SYSTEM MODEL

The system’s general model and communication architec-
ture are illustrated in Fig. 1. We consider a downlink commu-
nication scenario where an M -antenna BS, with an antenna set
denoted as M = {1, · · · ,M}, serves K UEs, each equipped
with L antennas, and placed in vehicles V = {1, · · · , V }. Each
vehicle v contains a set of UEs denoted as Kv = {1, · · · ,Kv},
such that the total number of UEs satisfies

∑
v∈V Kv = K.

We consider a scenario where the line-of-sight (LOS) paths
between the BS and the vehicles are obstructed by obstacles
such as buildings or other vehicles. To overcome this, we
deploy an N -element RIS on a roadside unit (RSU) to establish
virtual end-to-end (E2E) LOS links. Both the BS and RIS are
equipped with uniform planar array (UPA) structures, with
the RIS reflecting element set defined as N = {1, · · · , N}. To
ensure that all vehicles can be served by the BS, we assume
M ≥ V and N ≥ V .

We define sets A and R to represent all subarrays and
subsurfaces as A = {A1, · · · ,AA} and R = {R1, · · · ,RS},
respectively, where the number of all subarrays is A and
the number of all subsurfaces is S. The subsets Aa and Rs

represent the elements within subarray a and subsurface s,
respectively. Specifically, Aa = {1, · · · ,Ma} denotes the set
of elements in subarray s, where ma refers to antenna element
m within subarray a. Similarly, Rs = {1, · · · , Ns} represents
the set of RIS elements within subsurface s, where ns denotes
RIS element n of subsurface s.
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TABLE II
LIST OF NOTATIONS

Notation Definition
M The set of transmit antennas at BS
M Total number of transmit antennas at BS
N The set of reflecting elements at RIS
N The total number of reflecting elements at RIS
K Total number of UEs
L Receive antennas at UE
V The set of all vehicles
V Total number of vehicles
Kv The set of UEs within vehicle v
Kv Number of UEs within vehicle v
A The set of subarrays
R The set of subsurfaces
As Total number of subarrays
As Total number of subsurfaces
As The set of antennas in subarray s
Rs The set of RIS elements in subsurface s
ms Antenna element in subarray set As

ns RIS element in subsurface set Rs

Ms Total number of antennas in As

Ns Total number of RIS elements in subsurface Rs

Hb,s Channels between subarray b and subsurface s
Hs,k Channels between subsurface s and UE k
ηb,s The complex path gain of the link b and s
αb BS subarray response vector
αs RIS subsurface response vector
ϑD
b Azimuth angle of departure at the BS subarray

φD
b Elevation angle of departure at the BS subarray

ϑA
s Azimuth angle of arrival at the RIS subsurface

φA
s Elevation angle of arrival at the RIS subsurface

ϑA
k Azimuth angle of arrival at the UE k

φA
k Elevation angle of arrival at UE k

Bb,s Reference path gain at a distance of 1 meter
db,s Distance between subarray b and subsurface s
fD Doppler frequency
vk Speed of UE k
λ Wavelength of the system carrier frequency
Θ Vector of reflection coefficients for all subsurfaces
Θs Diagonal reflection coefficients of subsurface s
κs,n Amplitude of the reflection coefficient of element ns

θs,n Phase of the reflection coefficient of element ns

δs Reflection coefficients associated with subsurface s
δs,n Reflection coefficient associated with element ns

A. Channel Models

We define the channel from BS subarray Aa to RIS sub-
surface Rs as Ha,s ∈ CMa×Ns and the channel from RIS
subsurface Rs to UE k as Hs,k ∈ CNs×L. These channels
are modeled using the Saleh-Valenzuela mmWave channel
model [29], [30], where each cluster (scatterer) is assumed
to have a single propagation path. Since the RIS establishes a
virtual line-of-sight (LOS) link, we assume this virtual LOS
component dominates.

The channel between a transmitting point t and a receiving
point r (from a BS antenna to a RIS element or from a RIS
element to a UE antenna) is given by

ht,r =
√
MtNr

√
Bt,r
dt,r

αt(ϑ
D
t , φD

t )αr(ϑ
A
r , φ

A
r ), (1)

where Mt and Nr denote the number of transmitting and
receiving antennas (or elements), respectively, Bt,r is the
reference path gain at a distance of 1 meter (m), and dt,r
represents the propagation distance between the transmitter
and the receiver. Additionally, αt(ϑ

D
t , φD

t ) is the transmitter
response vector, where (ϑD

t , φD
t ) denote the azimuth and

Fig. 1. System model

elevation angles of departure (AOD) at the transmitter, while
αr(ϑ

A
r , φ

A
r ) is the receiver response vector, where (ϑA

r , φ
A
r )

denote the azimuth and elevation angles of arrival (AOA) at
the receiver.

The RIS operates by reflecting incident signals using a
reflection coefficient matrix, denoted as

Θ = [Θ1, . . . ,Θs, . . . ,ΘS ], (2)

where Θs ∈ CNs×Ns represents the reflection coefficient
matrix for subsurface s and is defined as

Θs = diag(κs,ne
jθs,n), ∀ns ∈ Rs, (3)

where κs,n and θs,n denote the reflection amplitude and phase,
respectively, of element ns. The vector δs contains all the
reflection coefficients for subsurface s and is expressed as

δs = [δs,1, · · · , δs,n, · · · , δs,Ns
], where δs,n = κs,ne

jθs,n .
(4)

We assume that the reflecting elements are ideally passive,
meaning that κs,n = 1.

We define the cascaded channel Ha,s,k ∈ CMa×L, which
represents the channel from the subarray a of the BS to UE
k through the subsurface s of the RIS as follows:

HH
a,s,k = HH

s,kΘsH
H
a,s. (5)

B. Imperfect Channel Estimation

We consider imperfect channel state information (CSI) due
to vehicle mobility and delays in CSI reporting from the UE
to the BS. Consequently, we express the channel in Eq. (5) at
time t as

Ha,s,k(t) = ϵHa,s,k(t− T ) +
√
1− ϵ2ea,s,k(t), (6)

where T is the time elapsed since the latest channel es-
timation, ϵ represents the time correlation coefficient, and
ea,s,k(t) ∈ CMa×L denotes the channel estimation error,
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whose elements are independently and identically distributed
(i.i.d.) as CN (0, 1). The time correlation coefficient ϵ follows
Jake’s model, given by

ϵ = J0(2πfDT ), (7)

where J0 is the zeroth-order Bessel function and fD represents
the Doppler frequency, expressed as

fD =
−υk
λ

sinϑA
k sinφA

k , (8)

where λ is the wavelength of the carrier frequency, and υk
denotes the speed of the vehicle in which UE k is located.

IV. SOLUTION ARCHITECTURE AND PROBLEM
FORMULATION

A. Architecture

Our proposed PARIS-RSMA-V2I system is designed to
concurrently transmit multiple user streams to UEs within
vehicles using RSMA, while ensuring both efficiency and
low complexity. To achieve this, our solution incorporates the
following key features:

• Per-vehicle precoding: Since UEs within the same
vehicle share similar channel characteristics, including
channel estimation errors, due to their common velocity,
treating them as a group with both per-vehicle and per-UE
precoders enhances processing efficiency and simplifies
inter-vehicle interference suppression, as discussed next.

• Inter-vehicle interference suppression: Transmitting
multiple user streams using non-orthogonal multiple ac-
cess introduces inter-UE interference across vehicles. To
mitigate this, the proposed solution applies per-vehicle
precoding alongside zero-forcing precoders and decoders
to effectively suppress inter-vehicle interference. Mean-
while, inter-UE interference within the same vehicle is
managed using successive interference cancellation (SIC),
following the standard RSMA decoding process.

• Subarray–subsurface–vehicle mapping: To maintain
low complexity, our solution establishes a one-to-one
mapping between BS antenna subarrays, RIS element
subsurfaces, and vehicles. Each vehicle is assigned a
dedicated subarray and subsurface, leading to a parti-
tioning of M BS antennas and N RIS elements into S
subplanes. Consequently, we set A = S = V and use
a unified notation s to indicate the paired subarray a
and subsurface s. This leads to the notation Hs,s,k for
Ha,s,k and allows the mapped vehicle index v and s to
be used interchangeably, depending on the context and
convenience.

The structure of PARIS-RSMA-V2I is illustrated in Fig. 2.
In the RSMA framework, the BS multiplexes the messages
intended for all UEs, where each message xv,k for UE k in
vehicle v is split into two components: a common part xc

v,k

and a private part xp
v,k. The private messages are then encoded

into private data streams, while the common parts from
all UEs are aggregated and encoded into a single common
message xc. The common message stream is intended to be
decoded by all UEs across all vehicles in the network, whereas

each private part is exclusively decoded by its corresponding
UE. All private parts intended for the UEs, along with the
encoded common stream containing messages from all UEs,
are superposed. To enable this process, a dedicated subarray
at the BS and a corresponding subsurface of the RIS are
assigned to each vehicle, ensuring efficient signal transmission
and superposition.

Before transmission, a precoder F is applied, which is
defined as

F = [f1, · · · , fv, · · · , fV ], (9)

where fv ∈ C1+Kv represents the precoding vector for vehicle
v. The message streams xc

v and xp
v,k, for k ∈ Kv , intended for

vehicle v, are individually precoded using the vector

fv = [f c
v , f

p
v,1, · · · , f

p
v,k, · · · , f

p
v,Kv

], (10)

where f c
v ∈ C and fp

v,k ∈ C denote the precoding coefficients
for the common and private streams, respectively, of the
message intended for UE k in vehicle v. After precoding, the
streams are further processed using beamforming, represented
by G:

G = [g1, · · · ,gv, · · · ,gV ], (11)

where gv ∈ CMs×1 is the beamforming vector for the subarray
s assigned to serve vehicle v. At the receiver, the signal is
processed using a decoder vector Ψk ∈ CL×1 for UE k.

B. Inter-Vehicle Interference Suppression

We employ a complete zero-forcing (CZF) precoding and
decoding scheme [31] at the BS and UE, respectively, to elim-
inate inter-vehicle interference. To achieve this, we decompose
the BS active precoders for both common and private streams,
f c
v and fp

v,k in Eq. (10), as well as the UE active decoder
Ψk, into two components: one dedicated to eliminating the
interference from other vehicles (denoted with a superscript
z) and the other responsible for common and private stream
beamforming (denoted with a superscript d). Accordingly, we
define

f c
v = f c−z

v f c−d
v , fp

v,k = fp−z
v,k fp−d

v,k , Ψk = Ψz
k ∗Ψd

k,
(12)

where f c−z
v ∈ C and f c−d

v ∈ C represent the ZF precoder
and the data stream precoder for the common part of the
message, respectively, while fp−z

v,k ∈ C and fp−d
v,k ∈ C

correspond to the CZF precoder and the data stream precoder
for the private part of the message, respectively, for UE k.
Similarly, Ψz

k ∈ CL×1 and Ψd
k ∈ CL×1 denote the decoders

for ZF and stream beamforming, respectively, and ∗ is an
element-wise multiplication operator. Since the common and
private streams intended for the same UE k experience the
same inter-vehicular interference, both the corresponding ZF
precoders f c−z

v and fp−z
v,k take the same value, thus we denote

f c−z
v = fp−z

v,k = fz
v,k.

To null-out inter-vehicle interference, the following two
conditions must be satisfied:

Ψz
kHa,s,kf

z
v,k ̸= 0,∀k ∈ Kv,

Ψz
k′Ha,s,k′fz

v,k = 0,∀k′ ∈ K −Kv.
(13)
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Fig. 2. RSMA encoding and decoding model

A sufficient condition for satisfying the second criterion in
Eq. (13) is given by

Ha,s′f
z
v,k = 0 and Ψz

k′Hs,k′ = 0, (14)

where the first condition indicates that the interference from
a BS subarray to unintended subsurfaces (paired with other
vehicles) is zero, and the second condition indicates that the
interference from a subsurface to other-vehicle users is zero.

The feasible regions for Ψz
k and fz

v,k can be deter-
mined using the horizontally concatenated matrices Ps,k ∈
CMa×Ns(S−1) and Ds,k ∈ CNs×L(K−1), which aggregate the
channels as

Ps,k = [Ha,R1
, · · · ,Ha,s′ , · · · ,Ha,RS

], s′ ̸= s,

Ds,k = [Hs,1, · · · ,Hs,k′ , · · · ,Hs,K ] , k′ ̸= k.
(15)

According to the singular value decomposition (SVD)
entropy theorem in [32], for any real or complex matrix
H ∈ Cm×n, there exist unitary matrices U ∈ Cm×m and
V ∈ Cn×n, which are also orthogonal, such that

H = UΣVH , (16)

where Σ ∈ Cm×n is a diagonal matrix containing the singular
values of H. Therefore, the SVD of Ps,k and Ds,k can be
expressed as

Ps,k = UPΣPV
H
P =

[
U1

P U0
P

] [ Σ1
P 0
0 0

] [
V1

P

V0
P

]
,

Ds,k = UDΣDVH
D =

[
U1

D U0
D

] [ Σ1
D 0
0 0

] [
V1

D

V0
D

]
.

(17)
Based on the interference elimination criteria using channel
decomposition via SVD, as applied in [31], inter-vehicle
interference is suppressed by assigning

fz
v,k = V 0

p , Ψz
k = U0

D, ∀v ∈ V, k ∈ K (18)

where V 0
p is the first element of V0

p.
After computing these per-vehicle precoders and decoders,

the remaining precoders and decoders including the per-UE
ones, namely f c−d

v , fp−d
v,k , and Ψd

k, are formulated as part of
the main optimization problem and solved subsequently.

C. Received Signal and SINR
The received signal at UE k in vehicle v is given by

yk =

ΨkH
H
a,s,kgvf

c
vx

c︸ ︷︷ ︸
Common signal for this vehicle

+ΨkH
H
a,s,k

∑
l∈Kv

gvf
p
v,lx

p
v,l︸ ︷︷ ︸

Private signals for this vehicle

+

∑
m∈M\a

∑
n∈N\s

ΨkH
H
m,n,k

∑
u∈V\v

(
guf

c
ux

c +
∑
l∈Ku

guf
p
u,lx

p
u,l

)
︸ ︷︷ ︸

Signals for other vehicles

+nk

(19)
where nk ∼ CN (0, σ2

k) denotes complex Gaussian noise at UE
k with power σ2

k. The signal-to-interference-plus-noise ratio
(SINR) for decoding the common stream at UE k is given by

γc
k =

|ΨkH
H
a,s,kgvf

c
v |2∑

l∈Kv
|ΨkHH

a,s,lgvf
p
v,l|2+Ipv,k + σ2

k

(20)

where Ipv,k is the interference power from private signal
streams of vehicles other than v, given by

Ipv,k =
∑

u∈V\v

(∑
l∈Ku

|ΨkH
H
a,s,kguf

p
u,l|

2

)
. (21)

Similarly, the SINR for decoding the private stream at UE k
is expressed as

γp
k =

|ΨkH
H
a,s,kgvf

p
v,k|2∑

l ̸=k|ΨkHH
a,s,kgvf

p
v,l|2+Ipv,k + σ2

k

. (22)
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We recall that the channel considered in the received signal
equations above consists of both the true part ϵHa,s,k(t− T )
and the error part

√
(1− ϵ2)ea,s,k(t). However, when ana-

lyzing the channel components separately, the expressions for
the SINR are modified as follows. The SINR for decoding the
common stream at UE k becomes

γc
k =

|ΨkϵH
H
a,s,kgvf

c
v |

2+|
√

(1−ϵ2)Ψke
H
a,s,kgvf

c
v |

2∑
l∈Kv

(|ϵΨkHH
a,s,kgvf

p
v,l|2+|

√
(1−ϵ2)ΨkeH

a,s,kgvf
p
v,l|2)+Ip

v,k+σ2
k

.

(23)
Similarly, the SINR for decoding the private stream at UE k
is given by

γp
k =

|ϵΨkH
H
a,s,kgvf

p
v,k|

2+|
√

(1−ϵ2)Ψke
H
a,s,kgvf

p
v,k|

2∑
l ̸=k(|ϵΨkHH

a,s,kgvf
p
v,l|2+|

√
(1−ϵ2)ΨkeH

a,s,kgvf
p
v,l|2)+Ip

v,k+σ2
k

.

(24)
The interference Ipv,k resulting from signal streams of vehi-

cles other than v under CZF is expressed as

Iv =
∑

u∈V\v

(∑
l∈Ku

|
√
(1− ϵ2)Ψke

H
c,t,kguf

p
u,l|

2

)
. (25)

The updated expressions in Eqs. (23), (24), and (25) result
from decomposing the overall channel in Eq. (6) as

|ΨkH
H
a,s,kgvf

p
v,k|

2≈
|ϵΨkH

H
a,s,kgvf

p
v,k|2+|

√
(1− ϵ2)Ψke

H
a,s,kgvf

p
v,k|2,

(26)

where the approximation holds because the product terms
involving both the true and error components are neglected
due to the fact that as 0 ≤ ϵ < 1, the product of itself
and

√
(1− ϵ2) gets even smaller, thus can be neglected

[33]. A similar approximation applies to the common stream
component. However, when deriving the expressions involv-
ing precoders and decoders from other vehicles, the true
channel component vanishes due to CZF, leaving only the
error component. This follows from the CZF design, which
eliminates interference from other vehicles by canceling the
true channel component while the residual error remains
[33]. Consequently, the interference term Ipv,k contains only
the error terms, as the BS can track and remove the true
components using CZF.

For brevity, we will refer to the two components of the
channel ϵHH

a,s,k and
√
(1− ϵ2)eHa,s,k simply as HH

a,s,k and
eHa,s,k, respectively, omitting the explicit notation of the scaling
factors ϵ and

√
(1− ϵ). But, they will be implicitly included

in all terms involving their respective channel components.
The rates of the common and private streams of UE k are

obtained as

rck = w log2(1 + γc
k), rpk = w log2(1 + γp

k). (27)

To ensure successful decoding of the common stream xc
v by

all UEs in V , its encoding rate is set as the minimum rate
among all UEs:

Rc = min
k∈V

rck. (28)

Since the common message transmitted by the BS contains
parts of messages from all UEs, the rate allocation of Rc

among users is proportional to the contribution of each UE’s

message to the common stream. Letting Ck denote the portion
of Rc allocated to UE k for its common message, the total
common rate allocated across all UEs is

Rc =
∑
k∈V

Ck. (29)

The total rate for UE k is the sum of its allocated common
rate and its private rate:

Rk = Ck + rpk. (30)

Defining k̄ ≜ argmink∈K(r
c
k), and assuming equal distri-

bution of Rc among all UEs in all vehicles, we set Ck =
1
K mink∈V rck, where K =

∑
v Kv . Thus, the total rate for

UE k is
Rk =

1

K
rck̄ + rpk. (31)

The total system capacity is the sum of the private rates of all
UEs and the minimum common stream rate:

C =
∑
v∈V

Cv (32)

where Cv =
∑

k∈Kv
(rpk + 1

K rc
k̄
).

D. Problem Formulation

We aim to maximize the system capacity C for V2I commu-
nication under BS antennas and RIS partitioning and vehicle
mapping. To achieve this, we optimize subarray partitioning
A, subsurface partitioning R, the RIS reflection coefficient
matrix (passive beamforming) Θ, the precoder F and decoder
matrix Ψk, as well as the beamforming G. The optimization
problem is formulated as follows:

P : max
A,R,Θ,Ψd

k,F,G
C (33a)

s.t. |δs,n|= 1 (33b)
0 ≤ θs,n ≤ π (33c)

∥[gv]j,r∥2F= 1, j = 1, . . .Ms, (33d)∑
v

tr(WvW
H
v ) ≤ Pt (33e)

Rc = min
k∈V

rck, (33f)∑
s∈S

Ms = M,
∑
s∈S

Ns = N, (33g)

where Wv := gv(f
p−d
v,k )H . In Eq. (33), constraint (33b)

ensures that the reflection coefficients of the RIS elements
have a unit modulus. Constraint (33c) enforces the reflection
phases of the RIS elements to be within the range [0, π].
Constraint (33d) ensures that the beamformer applies constant
modulus phase shifts to the antenna beams, maintaining their
normalization to one. Here, r represents the r-th RF chain.
Constraint (33e) limits the total active beamforming power of
the precoder so that it does not exceed the allocated power for
a BS subarray. Constraint (33f) guarantees that the common
stream rate is equal to the minimum rate among all UEs in
all vehicles, ensuring that every UE can successfully decode
the common stream. Constraint (33g) enforces that the sum
of all subarray antenna elements matches the total BS antenna
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Fig. 3. BCD diagram to solve the formulated problem

budget, and the total number of RIS elements is sufficient
to cover all RIS subsurface elements. This ensures proper
resource allocation and system configuration.

V. SOLUTION ALGORITHMS

The problem (33) is inherently non-convex due to its non-
convex objective function and constraints, making it difficult to
solve directly. To tackle this challenging optimization problem,
we decompose it into two subproblems, P1 and P2. In P1,
we focus on optimizing A, R, and the beamformer G, while
keeping the RIS phase shift Θ and the precoder and decoder F
and Ψ fixed. In P2, we concentrate on optimizing the passive
and active beamforming at the level of a single subarray-
subsurface pair. This involves determining the optimal values
for Θs and Ψd

k along with fdv,k, as introduced in Eq. (12), for
each subarray-subsurface pair.

The BCD diagram to solve the whole problem is shown in
Fig.3.

A. Subarray and Subsurface Partitioning Algorithm

The subarray and subsurface partitioning scheme developed
in this subsection dynamically allocates the available BS
antenna elements and RIS elements to different vehicles in
the V2I network at each transmission interval Tc. To determine
this allocation, the algorithm evaluates the system capacity C,
as defined in Eq. (32), and assigns an antenna element m and
its corresponding RIS element n to a vehicle based on the
resulting capacity gain.

However, assigning more antennas to a particular vehicle
results in a higher SINR and, consequently, greater capacity
compared to other vehicles. Additionally, the first allocated
antenna contributes the largest SINR increment, leading to a
greater initial capacity gain. As a result, maximizing system
capacity alone may violate Jain’s fairness criterion [34]. To
balance user fairness with the objective of capacity maximiza-
tion, we address this problem by considering the maximum
capacity increment ∆C [9].

Our algorithm sets the number of UEs in each vehicle as
the threshold for the minimum number of antenna elements
and RIS elements that must be allocated to the corresponding
vehicle, subarray, and subsurface. This initial allocation serves
as the first condition for partitioning fairness, as the number
of UEs determines the required number of antennas in any
MIMO communication system [9]. We denote this threshold
as As

th for subarrays and Rs
th for subsurfaces.

The partitioning algorithm is presented in Algorithm 1. Its
objective is to optimize the allocation of additional antenna

and RIS elements to each vehicle to maximize the objective
function. We define τa and τs as a step size vector repre-
senting the additional antennas and RIS elements assigned to
each subarray and subsurface, respectively. The problem is
formulated as follows.

P1 : max
τa,τs,G

∆C (34a)

s.t. (33d), (33e), (33g) (34b)

A = {A1
th + τ1, . . . , A

a
th + τa, . . . , A

A
th + τA} (35)

R = {R1
th + τ1, . . . , R

s
th + τs, . . . , R

S
th + τS} (36)

∆C = C(Aa
th + τs, R

s
th + τs)− C(Aa

th, R
s
th) (37)

We address the problem (34) by optimizing the vector τ =
[τ1, · · · , τa, · · · , τA] and τ = [τ1, · · · , τs, · · · , τS ] to maximize
∆C , which is achieved by iteratively increasing the step size
τa and τs for each subarray and subsurface, respectively.

By allocating each antenna and RIS elements to an RF chain
based on the maximum increment of ∆C , we ensure a balance
between user (vehicle) fairness and the maximization of the
system’s total capacity [9].

Upon incrementing τa and τs for each vehicle, we compute
the system’s capacity increment and iteratively identify the
vehicle (subarray and subsurface) that achieve the highest in-
crease in ∆C . The subarray and subsurface associated with the
greatest capacity gain is assigned the additional antenna and
RIS elements, as it provides the most significant improvement
in ∆C compared to other subarrays and subsurfaces. The algo-
rithm continues until all available antennas and RIS elements
are allocated to their respective subarrays and subsurface, at
which point the optimized allocation vector is denoted as τ ∗

a

and τ s
s .

To track the remaining unpartitioned antenna elements, we
define the variable α, which is initialized as max{αa = M −∑

v∈V AV
th, αs = N −

∑
v∈V RV

th}.
The precoding and decoding values are fixed using zero-

forcing techniques, while the passive beamforming values are
set as constants determined by the BS.

1) Beamforming: To optimize beamforming, we adopt the
matched filter (MF) approach, considering the practical lim-
itation that the phase shifts are quantized into B bits. To
maximize the channel gain between the subarray elements
and the subsurface reconfigurable elements, the optimal set
of beamformers is formulated as follows:

gv = e−j
2πn0

B ,
n0 = argminn∈{0,1,···,2B−1}| ̸ hms,ns

− 2πn
B |,

∀ms ∈ As,∀ns ∈ Rs

(38)

where hms,ns represents the channel between the subarray
antenna ms and the subsurface IRS element ns. Further details
on this formulation can be found in [17].
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Algorithm 1 Dynamic subarray and Subsurface partitioning
1: Initialize: M and N
2: Initialize Kv

3: Initialize A as A0 = {A1
th, . . . , A

A
th}

4: Initialize R as R0 = {R1
th, . . . , R

S
th}

5: Initialize optimal τa as τOpt
a = {0, . . . , 0}

6: Initialize optimal τs as τOpt
s = {0, . . . , 0}

7: Initialize ∆C by using Eq. 37 with τOpt

8: for i = 1 : α do
9: for v = 1 : V do

10: Increment τOpt
a and τOpt

s by 1
11: Update Cv by using the incremented τOpt

a and τOpt
s

12: ∆C ← ∆Cv

13: record argmax ∆C as vbest
14: Increment τOpt

a of vbest by 1
15: Increment τOpt

s of vbest by 1
16: end for
17: end for

In the unpartitioned antenna scenario, all vehicles are served
by a single beam formed using all available antennas. In this
case, the beamforming is given by

g =
1√
M

[1, · · · , ej(M) 2π
λ d sinϑD

b ]. (39)

Now that we have solved the subarray antenna and sub-
surface element assignment, as well as the beamforming, we
proceed to solve for the active and passive precoding along
with receiver decoding. By utilizing the relationship in Eq. (3),
we can replace Θs with δs. Consequently, the optimization
problem is reformulated as

P2 : max
δs,fd

v,k,Ψ
d
k

Cv(δs, f
c−d
v,k , fp−d

v,k ,Ψd
k) (40a)

s.t. (33b), (33c), (33e) (40b)

To solve this problem, we first optimize δs while keeping
f c−d
v,k , fp−d

v,k , and Ψd
k fixed.

B. Optimization of RIS Phase Shifts

We address the optimization problem by first solving for
the RIS subsurface reflection coefficient δs, while keeping the
remaining variables fd

v,k and Ψd
k fixed. This reformulates the

problem as follows:

P2 : max
δs

Cv(δs, f
c−d
v,k , fp−d

v,k ,Ψd
k) (41a)

s.t. (33b), (33c)

where

Cv =∑
k(log2(1+

|Ψd
kH

eff
s,k gvf

p−d
v,k |2+|Ψd

ke
eff
s,k gvf

p−d
v,k |2∑

i∈K,i ̸=k(|Ψd
i H

eff
s,k gvf

p−i
v,i |2+|Ψd

i e
eff
s,k gvf

p−i
v,i |2)+Iv+σk

))

+(log2(1+
|Ψd

k̄
Heff

s,k̄
gvf

c−d

v,k̄
|2+|Ψd

k̄
eeff

s,k̄
gvf

c−d

v,k̄
|2∑

i∈K(|Ψd
kH

eff

s,k̄
gvf

p−i
v,k |2+|Ψd

ke
eff

s,k̄
gvf

p−i
v,k |2)+Iv+σk

))

(42)

where the effective channel and channel estimation error are
defined as follows:

Heff
s,k ≜ Ψz

kHs,kdiag(δs)Hb,s,kgvf
z
v,k,∀k ∈ K (43)

eeffs,k ≜ Ψz
kes,kdiag(δs)eb,s,kgvfz

v,k,∀k ∈ K. (44)

To further simplify the problem, we introduce the following
quantities:

υp
k ≜ (Ψd

kdiag(Ψz
kH

H
s,k)Hb,s,kf

z
v,kgvf

p−d
v,k )

υp
ke ≜ (Ψd

kdiag(Ψz
ke

H
s,k)eb,s,kf

z
v,kgvf

p−d
v,k )

υc
k ≜ (Ψd

kdiag(Ψz
kH

H
s,k)Hb,s,kf

z
v,kgvf

c−d
vk̄

)

υc
ke ≜ (Ψd

kdiag(Ψz
ke

H
s,k)eb,s,kf

z
v,kgvf

c−d
vk̄

).

(45)

With these definitions, problem (41) can be rewritten as

P2 : max
δs

Cv(δs, f
c−d
v,k , fp−d

v,k ,Ψd
k) (46a)

s.t. (33b), (33c) (46b)

where the total sum rate associated with a single vehicle is
expressed as

Cv =
∑

k(log2

(
1 +

|υp
kδs|2+|υp

keδs|2

Ip
v+I

v
′+σk

)
+ log2

(
1 +

|υc
k̄
δs|2+|υc

k̄e
δs|2

Ic
v+Iv+σk

)
)

(47)

where the interference terms are given by

Iv′ =
∑

v′∈V,v′ ̸=v

∑
k∈K

v
′

|υp

v′ ,ke
δv′ |2, (48)

Ipv =
∑

i∈K,i̸=k

(|υp
i δs|

2+υp
ieδs|

2), (49)

Icv =
∑
i∈K

(|υc
i δs|2+|υc

ieδs|2). (50)

Since the problem (46) is continuously differentiable with
respect to δs, and the constraint (33b) forms a complex
cyclic manifold [35], we adopt the Riemannian Conjugate
Gradient (RCG) method to determine the optimal phase shifts.
Similar to [35], the constraints in (46) can be interpreted
as a Riemannian manifold. The rich geometric structure of
Riemannian manifolds allows for the definition of gradients
for cost functions, enabling efficient optimization. The RCG
method consists of three key steps, which are developed as
follows. The complete algorithm for computing the phase shift
matrix is detailed in Algorithm 2.
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a) Riemannian Gradient: The Euclidean gradient of Ck

is evaluated as follows:

∆Cv(l + 1) = 2(Rk̄c +
∑
k∈K

Rkp)

where
Rk̄c =(
((υc

k̄
)H(υc

k̄
)Hδs)+((υc

k̄e
)H(υc

k̄e
)Hδs)+

∆Icv
2 +

∆I
v
′

2

|(υc
k̄
)Hδs|2+|(υc

k̄e
)Hδs|2+Ic

v+I
v
′+σk̄

)
−
(

∆Icv
2 +

∆I
v
′

2

Ic
v+I

v
′+σk̄

)
and
Rkp =(
((υp

k)
H(υp

k)
Hδs)+((υp

ke)
H(υp

ke)
Hδs)+∆I

p
v

2 +
∆I

v′
2

|(υp
k)

Hδs|2+|(υp
ke)

Hδs|2+Ip
v+I

v
′+σk

)
−
(

∆I
p
v

2 +
∆I

v
′

2

Ip
v+I

v
′+σk

)
.

(51)

where l represents the iteration step.
Next, ∆Cv(l+1) is projected orthogonally onto the complex

circle to obtain the Riemannian gradient:

gradCv = Projectδs
(∆Cv(l + 1))

= ∆Cv(l + 1)−R[∆Cv(l + 1)⊙ δ∗s (l + 1)]⊙ δs(l + 1)
(52)

where δ∗s denotes the complex conjugate of δs.
b) Search direction: The search direction is defined as

the tangent vector conjugate to the Riemannian gradient, which
is evaluated as

d(l + 1) = −gradCv(l + 1) +W1(l + 1)J (l + 1) (53)

where W1 represents the Polak-Ribiére parameter, calculated
as given in [36]:

W1(l + 1) = max

{
(∆Cv(l + 1))H [∆Cv(l + 1)−∆Cv(l)]

(∆Cv(l + 1))H∆Cv(l)
, 0

}
.

(54)
The term J denotes the transport function, which is obtained
as

J (l + 1) = d(l)−R[d(l)⊙ δ∗s (l + 1)]⊙ δs(l + 1). (55)

c) Retraction: To update the optimization variable, the
tangent vector, known as a transport vector, is mapped from
one tangent space to another. In other words, this transport
vector is projected back onto the complex circle manifold,
and the new δs is updated as

δs(l + 1)← δs(l) +W2(l)d(l)

|δs(l) +W2(l)d(l)|
(56)

whereW2 represents the Armijo backtracking line search step
size, which is computed as

W2 = εβ (57)

with ε initialized to 1 and β being a given parameter such that
β ∈ (0, 1), as referenced in [37] and [38].

Algorithm 2 RCG for optimal phase shift matrix
1: Initialize δs
2: Initialize l = 0
3: Initialize d(0) = −gradCv(0) using 52
4: Repeat
5: Evaluate W2(l) using 57
6: Evaluate δs(l + 1) using 56
7: Evaluate Rk̄c and Rk̄p

8: Evaluate gradCv(l + 1) and Rk̄p using 52
9: Evaluate W1(l + 1) using 54

10: Evaluate J (l + 1) using 55
11: Evaluate d(l + 1) using 53
12: l← l + 1
13: Until convergence is reached

C. Optimization of BS Beamforming

After determining the preliminary active beamforming in
Subsection III-B and optimizing the passive beamforming
in Subsection V-B, we now compute the remaining active
beamforming factors, f c−d

v,d and fp−d
v,k , at the BS, as well as

the decoder Ψd
k at the UE. The optimization problem P2 in

Eq. (40) can then be reformulated as

P2 : max
fd
v,k,Ψ

d
k

Cv(δs, f
c−d
v,k , fp−d

v,k ,Ψd
k) (58a)

s.t. (33e).

We begin by determining the receiver decoder Ψd
k. By fixing

the precoder fd
v,k to the same value as in the previous problem

(46), we can then solve for Ψd
k. Consequently, the problem can

be reformulated without constraints as

P2 : max
Ψd

k

Cv(δs, f
c−d
v,k , fp−d

v,k ,Ψd
k). (59a)

By incorporating the optimized passive beamforming into
the effective channel, Heff

b,s,k is expressed as follows (noting
that at this stage, we do not consider the error channel):

Heff
b,s,k = ΨH

v,k,a(Hs,b,kdiag(δ∗s )Hs,u,k)f
z
v,k,∀k ∈ K.

(60)
For brevity, we denote Heff

b,s,k as Ĥb,k. According to [31], the
left singular vector of the SVD of Hseff in Eq. (60) is a
matrix containing the first Hs,u,k left singular vectors. Thus,

ΨH
v,k,a(Hs,b,kdiag(δ∗s )Hs,u,k)f

z
v,k

=
[
U1
b U0

b

] [ Σ1
b 0
0 Σ0

b

] [
V 1
b

V 0
b

]
(61)

where Ψd
k = U1

b , considering that in (18), we selected the first
column of the first singular vectors for Ψz

k.
Next, we substitute the value of Ψd

k into problem P2

and proceed to solve for the remaining precoder fd
v,k, which

consists of private and common active beamforming. The
optimization problem P2 is now reformulated as

P2 : max
fd
v,k

Cv(δs, f
c−d
v,k , fp−d

v,k ,Ψd
k) (62a)

s.t. (33e).
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To solve (62), we employ the WMMSE algorithm. By defining
ŝc,k̄ = ec,k̄yk̄ and ŝp,k = ep,k(yk − Ĥb,k

H
f c
v,dsc) as the

estimated common and private streams at UE k̄ and k, respec-
tively, where ec,k̄ and ep,k are their corresponding equalizers,
the mean squared errors (MSEs) for decoding the common
and private data streams are formulated as

ϵc,k̄ = E{|ŝc,k̄ − sc,k̄|2}
≈ |ec,k̄|2Tc,k̄ − 2R{ec,k̄Ĥb,k̄f

c−d
v,k̄
}+ 1,

ϵp,k = E{|ŝp,k − sp,k|2}
≈ |ep,k|2Tp,k − 2R{ep,kĤb,kf

p−d
v,k }+ 1

(63)

where
Tc,k̄ = Icv + Iv′ + σk̄,
Tp,k = Ipv + Iv′ + σk

(64)

represent the average received power of the common signal
and the private signal (after removing the common signal),
respectively.

By setting ∂ϵc,k̄
∂ec,k̄

= 0 and ∂ϵp,k
∂ep,k

= 0, the minimum mean
squared error (MMSE) equalizers are derived as

e∗c,k̄ =
Ĥbk̄f

c−d
v,k̄

Tc,k̄

, e∗p,k =
Ĥbkf

p−d
v,k

Tp,k
. (65)

Substituting Eq.(65) into Eq.(63), the MMSE expressions are
obtained as

ϵ∗c,k̄ = 1−
|Ĥbk̄f

c−d
v,k̄
|2

Tc,k̄

, ϵ∗p,k = 1−
|Ĥbkf

p−d
v,k |2

Tp,k
. (66)

The SINRs of the common and private data streams can then
be rewritten as γc

k̄
= 1

ϵ∗
c,k̄

− 1 and γp
k = 1

ϵ∗p,k
− 1. Accordingly,

the achievable rates for the common and private streams are
expressed as Rc

k̄
= − log2 γ

c
k̄

and Rp
k = − log2 γ

p
k .

An augmented weighted mean squared error (AWMSE)
is introduced to establish a feasible optimization framework,
expressed as

Υc,k̄ = µcϵc,k̄ − log2 µc, Υp,k = µpϵc,k̄ − log2 µp (67)

where µc and µp are the weights associated with the MSEs
for the k̄-th and k-th UEs, respectively. By setting ∂Υc,k̄

∂µc,k̄
= 0

and ∂Υp,k

∂µp,k
= 0, the optimal weights are derived as

µ∗
c,k̄ = (ϵ∗c,k̄)

−1, µ∗
p,k = (ϵ∗p,k)

−1. (68)

Substituting Eqs. (66) and (68) into Eq. (67), the rate-AWMSE
relationship is given by

Υ∗
c,k̄ = 1 + log2 ϵ

∗
c,k̄, Υ∗

p,k = 1 + log2 ϵ
∗
p,k. (69)

Using this relationship, the optimization problem P1 can be
formulated as

max
fc−d

vk̄
,fp−d

v,k ,e,µ
Υw =

∑
k

(
1

K
Υc,k̄ +Υp,k)

s.t. (33e)
(70)

where e = [ec,1, · · · , ec,K̄ , e1, e2, · · · , eK ]H and µ =
[µc,1, · · · , µc,K̄ , µ1, µ2, · · · , µK ]H represent the equalizer and
weight vectors for both the common and private streams,
respectively.

Algorithm 3 WMMSE based RSMA baseband precoding

1: Initialize f c−d
v,k̄

and fp−d
v,k

2: for i = 1 : I do
3: Update e and µ using (65) and (68) with fixed f c−d

v,k̄

and fp−d
v,k

4: Update f c−d
v,k̄

and fp−d
v,k by solving (70) with fixed e and

µ
5: end for

By adopting Lemma 1 from [39], we derive a closed-form
solution for the optimization problem (70), as it is subject to
only one constraint. The lemma states that the optimal solution
f∗
v,k of the original problem (70) and the optimal solution
f∗∗
v,k of its unconstrained transformation satisfy the following

relationship:
f∗
v,k = η(f∗∗

v,k), (71)

where η =
√
Pt

(
∑

k Tr(f∗∗
v,k(f

∗∗
v,k)

H))
1
2

is a scalar factor that ensures

the power constraint is satisfied. To transform problem (70)
into an unconstrained form, the expressions for (64) are
rewritten as follows [39], [40]

Tc,k̄ = Icv + Iv′ + σk̄

∑
k(f

c−d
vk̄

)(f c−d
vk̄

)H

Pt
,

Tp,k = Ipv + Iv′ + σk

∑
k(f

p−d
v,k )(fp−d

v,k )H

Pt
.

(72)

Then, the closed-form expressions for f c,d

v,k̄
and fp−d

v,k are
given by

f c−d
v,k̄

=
1

K

(
bc,k̄ +

∑
k=1

αc,k̄ĥs,k(ĥs,k)
H

)−1 (
αc,k̄ĥs,k

)
,

fp−d
v,k =

(
bp,k +

∑
k=1

αp,kĥs,k(ĥs,k)
H

)−1

(αp,kĥs,k)

(73)
where αc,k̄ = ec,k̄µc,k̄, αk = ekµk, and

bc,k̄ =
σk

pc

∑
k=1

(
µc,k̄|ec,k̄|2+µk|ek|2

)
bp,k = bc,k̄ + σCSI

k

∑
k′∈Kv\k

µc,k̄|ec,k̄|2.
(74)

The algorithm for updating f c−d
v,k̄

and fp−d
v,k , along with the

equalizer vector e and the weight vector µ, is presented in
Algorithm 3.

Next, we formulate the Block Coordinate Descent (BCD)
method for the joint optimization of both active and passive
beamforming at the subarray level. A detailed description can
be found in Section 4.

D. Computational Complexity Analysis

In this subsection, we analyze the computational complexity
of the proposed solution, highlighting the impact of parti-
tioning on complexity reduction. Table III summarizes the
complexity of each component of the solution, both with and
without partitioning. Additionally, we provide computation
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Algorithm 4 BCD-based joint precoding and beamforming
phase shift matrix optimization

1: Input: Antenna and RIS elements partitioning vectors
A,R from Algorithm 1, Maximum power Pt, optimal
beamforming G,Hb,s,Hs,u, set ϱ to a small value

2: Initialize the convergence checker ϱ to a small value.
3: Initialize the precoder fv by zero forcing precoder and

phase shift matrix as δs to fixed phase by the BS, set the
iteration interval t = 0

4: for All vehicles do
5: Repeat
6: Compute the subcarrier optimal beamforming

using Eq. (38)
7: Run Algorithm 2 to compute the optimal phase

shift matrix δs
8: Run Algorithm 3 to compute the optimal pre-

coder f c
k̄
fp
k

9: Realize k̄ = argmink∈K rck and evaluate the
problem Cv

10: Until t > 2 and Cv(t)− Cv(t− 1) ≤ ϱ
11: end for

time measurements in the simulation section, as shown in
Tables V and VI.

For Algorithm 1, which handles the partitioning of BS
antennas and RIS elements by allocating a total of M BS
antennas and N RIS elements to V vehicles, the computational
complexity is given by:

O(V (M +N)). (75)

For Algorithm 2, which computes the RIS reflection coef-
ficients, the computational complexity is primarily dominated
by the gradient computation and retraction steps (Steps 6 and
8 in Algorithm 2). It can be expressed as

O(Ircg(V KvN
2
s )) +O(Ircg(V K2

vN
2
s )), (76)

where Ircg represents the total number of iterations required
for convergence.

For Algorithm 3, which employs the WMMSE algorithm to
compute private and common stream precoding, the computa-
tional complexity is given by

O(IwmmseV K2
v ), (77)

where Iwmmse is the total number of iterations required for
convergence.

In the non-partitioned scheme, there is no complexity asso-
ciated with the partitioning algorithm. However, the complex-
ity increases due to beamforming processing at the BS and
RIS, which must handle all elements for each vehicle. The
computational complexity associated with RCG in this case is

O(Ircg(V KvN
2)) +O(Ircg(V K2

vN
2)), (78)

while the complexity of WMMSE remains

O(IwmmseV K2
v ), (79)

but with an increased overhead due to the larger channel matrix
size at each UE.

TABLE III
COMPUTATION COMPLEXITY COMPARISON

Scheme RCG alg WMMSE
Alg

Partitioning
Alg

Main
scheme

O(Ircg(V KvN2
s )) +

O(Ircg(V K2
vN

2
s ))

O(IdigV K2
V ) O(V (M+

N))
No partition-
ing

O(Ircg(V KvN2)) +
O(Ircg(V K2

vN
2))

O(IdigV K2
V ) N/A

TABLE IV
SIMULATION PARAMETERS (DEFAULT VALUES ARE UNDERLINED)

Parameter Value (s)
Road width 750/2 m
Road length 1299/2 m
Lane width 3.5 m

BS position on the urban grid (750, 1299/2) m
RIS position on the urban grid (750/2, 1299) m

Number of vehicles (|V|) [3, 4, 5, 6]
Number of vehicle random drops 10
Number of UEs per vehicle (K) [1, 2, 3, 4]

Number of antennas (M ) [16, 32, 64, 80]
Number of RIS elements (N ) [80, 100, 128, 148]

BS transmit power budget (Pt) [25, 30, 35, 40]
UE noise power (σk) -96 dBm

Maximum speed of vehicles (vmax) [0, 10, 20, 30] m/s
Carrier frequency (f ) 30 GHz

Channel bandwidth (B) 60 MHz
Antennas and RIS elements separation distance (d) λ

2
Azimuth angle (ϑ) 90
Elevation angle (φ) 60

Communication time (Tc) 1 ms

VI. PERFORMANCE EVALUATION

In this section, we present simulation results and evaluate
the performance of our proposed approach in comparison with
various benchmark schemes.

A. Simulation Setup

We adopt the simulation setup for an urban road grid
scenario as specified in 3GPP TR 36.885 [41]. Vehicles
are randomly placed on the grid and move in one of four
possible road directions based on predefined probabilities. The
specifications for road grid dimensions, drop model, speed
range, and movement directions are detailed in Table IV. The
positions of the BS and RIS are also provided in Table IV,
where they remain fixed during each period Tc and are updated
at the start of each new period. The table also underscores
the values of the key variables and parameters used in the
simulation.

For assigning the movement speeds of individual vehicles,
we set their maximum speed (vmax) and randomly select a
speed value between max 0, vmax − 9 and vmax.

B. Benchmarks

In this subsection, we define the benchmark schemes used
for comparison. Our proposed scheme is referred to as Prop-
Main.

• No partitioning (NoParti): In this scheme, the large-scale
antenna array at the BS and the RIS elements remain
unpartitioned, meaning all antennas and RIS elements
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Fig. 4. Convergence analysis over BCD iterations
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Fig. 5. Total system’s capacity over UEs

jointly serve all vehicles without subarray-subsurface
mapping.
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Fig. 6. Total system’s capacity over deployed vehicles
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Fig. 7. Total system’s capacity over speed

• NoPartiLimitIter: This benchmark is similar to NoParti,
but the simulation is conducted over a limited number
of iterations to analyze the impact of computational
constraints.

• No Zero Forcing scheme (NoZF): This scheme evaluates
the performance of the main scheme when CZF is not
applied, allowing inter-vehicular interference to persist.

• Random Reflection Coefficient with CZF (RanZF): This
scheme assesses the system performance when the RIS
reflection coefficients are randomly generated instead of
being optimized, while still applying CZF.

• Non-RIS (NoRIS): This scheme evaluates the performance
of PropMain without the RIS, assuming a direct com-
munication link between the BS and vehicles, bypassing
RIS-assisted signal enhancement.

• Random UE grouping (RandGroupedUEs): In this
scheme, UEs are randomly grouped across vehicles,
whereas PropMain groups UEs within the same vehicle.
The number of UEs per group remains consistent with
PropMain.

• NOMA: This scheme evaluates the performance of the
proposed PropMain, but replaces RSMA with NOMA for
multiple access.
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C. Performance Results

1) Convergency and complexity: The convergence behavior
of our proposed partitioning-based scheme (PropMain) and the
NoParti scheme, both in terms of iterations and computation
time, is illustrated in Fig. 4, with numerical values provided
in Tables V and VI in the Appendix. As shown in Fig. 4(a),
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Fig. 11. CDF over speed of vehicles
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method
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Fig. 13. Comparison of the proposed scheme under RSMA and with the
proposed scheme under NOMA

PropMain converges in approximately 100 iterations, whereas
NoParti requires 150 iterations, demonstrating a faster con-
vergence rate. When comparing the total computation time
required for convergence, the gap between the two schemes
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becomes even more significant. Fig. 4(b) shows that PropMain
requires substantially less computation time per iteration, ul-
timately leading to a 50% reduction in total computation time
compared to NoParti. This indicates that when computational
resources are constrained and NoParti is unable to reach
full convergence within the available budget, PropMain may
achieve a higher sum rate. As defined earlier, NoPartiLim-
itIter represents a scenario where the computational budget
is restricted to match the convergence time of PropMain. As
shown in Fig. 4(b), while PropMain achieves 89 Mbps after
convergence, NoPartiLimitIter achieves only 73 Mbps, which
is an 18% lower performance than PropMain.

From the tables in the Appendix, it is evident that parti-
tioning significantly reduces computational time but comes
at a trade-off in sum rate performance. However, the dis-
crepancy between the sum rate gap and the reduction in
total computational time highlights the overall benefits of our
dynamic partitioning approach. In Table V, we observe that
the BCD algorithm’s computation time is primarily dominated
by the partitioning, WMMSE, and RCG algorithms, while the
computational costs of other components in our solution are
relatively minor.

2) Impact of the number of UEs per vehicle: The impact
of the number of UEs per vehicle on the system sum rate is
illustrated in Fig. 5. As the number of UEs increases, the sum
rate decreases due to inter-user interference, which CZF alone
cannot fully mitigate.

Among all schemes, NoParti achieves the highest sum rate
across different numbers of UEs. However, when its iterations
are limited (NoPartiLimitIter), its performance drops below
that of the proposed scheme. This demonstrates that under a
similar computational budget, the proposed scheme achieves
the highest sum rate among all benchmarks.

The other three schemes show significantly lower sum rates,
highlighting the importance of optimal resource allocation.
Specifically, NoRIS emphasizes the crucial role of RIS in
improving system performance, while RandZF illustrates the
necessity of optimizing RIS configurations, as its performance
remains suboptimal despite the presence of RIS. Lastly, NoZF
confirms that suppressing inter-vehicle interference is an es-
sential component of the proposed architecture for maintaining
high sum-rate performance.

3) Impact of the number of vehicles: Fig. 6 illustrates the
system sum rate as the number of vehicles in the network
varies. Due to the CZF technique, the sum rate slightly
increases with the number of vehicles, as interference sup-
pression allows for more efficient resource allocation.

The proposed scheme achieves the highest sum rate among
all benchmarks except NoParti. However, PropMain consis-
tently outperforms NoPartiLimitIter, regardless of the number
of vehicles, demonstrating the efficiency of partitioning in
optimizing performance under a constrained computational
budget.

The other three schemes show significantly lower sum rates,
underscoring the importance of integrating RIS deployment,
optimal RIS configuration, and CZF within our solution. In
particular, NoZF shows a declining sum rate as the number of
vehicles increases, due to the growing impact of inter-vehicle

interference. This further confirms that CZF-based interference
suppression is crucial for maximizing the system sum rate in
the proposed architecture.

4) Impact of vehicular speed: The impact of vehicle speed
(and consequently, UE mobility) on the system sum rate is
illustrated in Fig. 7. The sum rates of all schemes are highly
influenced by vehicle speed, with performance decreasing by
nearly 50% when vehicles move at 10 m/s, compared to a
stationary scenario. This decline is primarily due to channel
degradation and increased estimation errors caused by the
Doppler frequency shift resulting from vehicular motion [42].
Despite these challenges, our proposed solution effectively
mitigates the impact of increasing vehicular speed.

The relative performance gap between NoParti, PropMain,
and NoPartiLimitIter remains nearly constant across different
speeds. Similarly, the other three schemes show significantly
lower sum rates, further highlighting the importance of par-
titioning, RIS configuration, and CZF in maintaining system
performance.

In Fig. 12, we compare the sum rate of our main scheme,
which groups UEs per vehicle, with a scheme where UEs
are randomly grouped across all vehicles. For instance, a UE
group in the random scheme could consist of the 1st UE from
Vehicle 1, 4th UE from Vehicle 2, 3rd UE from Vehicle 3, and
1st UE from Vehicle 4. The results show that when UEs are
randomly grouped across vehicles, performance deteriorates
more significantly as speed increases, compared to our main
scheme, which groups UEs within the same vehicle. This high-
lights the benefits of per-vehicle UE grouping in mitigating the
adverse effects of mobility on system performance.

5) Impact of the number of antennas and RIS elements:
The impact of the number of BS antenna elements and RIS
elements on the system sum rate is illustrated in Figs. 8 and
9, respectively. The sum rate steadily increases as the number
of antennas grows across all schemes.

Among the evaluated schemes, NoParti achieves the high-
est sum rate. However, its advantage over PropMain is not
substantial, particularly when the total number of antenna ele-
ments is below 64, where both schemes show nearly identical
performance.

A notable performance gap is observed between the first
three schemes (NoParti, PropMain, and NoPartiLimitIter) and
the last three schemes (RandZF, NoZF, and NoRIS). Fur-
thermore, the first three schemes demonstrate a better ability
to leverage an increasing number of BS antennas for sum
rate enhancement compared to the latter three schemes. A
similar trend is observed when increasing the number of
RIS elements, reinforcing the importance of optimal resource
allocation and interference suppression in achieving higher
system performance.

6) Impact of BS transmit power: Fig. 10 illustrates the
impact of the BS transmit power Pt on the system sum rate.
As Pt increases, all schemes show a corresponding increase
in sum rate. NoParti outperforms PropMain; however, at Pt =
25 dBm, both schemes achieve nearly identical sum rates.

For higher Pt, the performance gap between PropMain and
the other three schemes (RandZF, NoZF, and NoRIS) widens.
However, at Pt = 25 dBm, the relative gain of PropMain over
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these schemes diminishes significantly, and NoPartiLimitIter
even falls below them in performance.

These trends indicate that, at higher transmit power levels,
the benefit of RIS-assisted signal enhancement becomes less
pronounced, as the schemes rely less on the path gain provided
by RIS.

7) CDF: Fig. 11 compares the cumulative distribution
function (CDF) of user rates for the proposed scheme and
the benchmark schemes. PropMain consistently outperforms
NoPartiLimitIter across most samples, demonstrating its effi-
ciency in optimizing user rates. The CDF curve of PropMain
closely follows that of NoParti up to 60% of the samples.
However, for the remaining 40% of samples with higher
user rates, the gap between the two schemes widens. This
indicates that the performance gain of NoParti primarily comes
from higher user rates for UEs experiencing good channel
conditions, rather than an overall system-wide improvement.
NoZF and NoRIS show significantly lower user rates, with
20% of samples having zero rate, highlighting the importance
of interference suppression and RIS deployment in maintain-
ing user performance. RandZF, while benefiting from RIS
assistance, achieves much higher and more stable user rates
than NoZF and NoRIS. However, it still falls significantly
short of PropMain, emphasizing the critical role of optimal
RIS configuration in maximizing user rates.

8) Impact of UE grouping: Fig. 12 shows the impact of
UE grouping on the system sum rate for varying vehicular
speed by comparing two different schemes: PropMain and
RandGroupedUEs. As the speed increases, both schemes ex-
perience a significant decline in sum rate, which is expected
due to the Doppler effect, channel variations, and increased
estimation errors at higher speeds. However, PropMain consis-
tently outperforms RandGroupedUEs across all speed levels,
demonstrating the advantage of per-vehicle UE grouping in
maintaining higher sum rates. At low speeds (0–10 m/s), the
gap between the two schemes is relatively small, suggesting
that even random grouping can achieve reasonable perfor-
mance under stable channel conditions. However, as the speed
increases beyond 10 m/s, the performance gap widens, with
RandGroupedUEs showing a much steeper decline in sum rate.
This indicates that random UE grouping exacerbates the effects
of mobility-induced channel degradation, whereas PropMain’s
structured UE grouping better preserves communication effi-
ciency in high-mobility scenarios. At 30 m/s, the sum rate
for RandGroupedUEs is nearly zero, whereas PropMain still
maintains a non-negligible sum rate, further highlighting the
robustness of the proposed method in handling high-mobility
environments.

9) Impact of multiple access scheme: Fig. 13 compares
the sum rate of PropMain with RSMA and PropMain with
NOMA across different vehicular speeds. As expected, the
sum rate decreases for both schemes as speed increases, due to
channel weakening and estimation errors caused by Doppler
shifts. However, PropMain with RSMA consistently outper-
forms PropMain with NOMA across all speeds, demonstrating
the superior interference management and spectral efficiency
of RSMA. The performance gap between the two schemes
remains relatively stable across speed levels, indicating that

RSMA is more resilient to mobility-induced impairments. At
30 m/s, the sum rate of PropMain with RSMA is significantly
higher than PropMain with NOMA, highlighting RSMA’s abil-
ity to better handle high-mobility environments. This suggests
that RSMA is a more suitable multiple access scheme for high-
speed vehicular communication systems compared to NOMA.

VII. CONCLUSION

In this paper, we investigated the trade-off between sum rate
maximization and computational complexity in a mmWave
V2I communication system using RSMA with BS antenna and
RIS element partitioning. We developed a dynamic partitioning
algorithm that efficiently creates subarrays and subsurfaces,
enabling the transmission of private RSMA streams to their
corresponding UEs within a vehicle. This approach signifi-
cantly reduces computational time while maintaining a high
system sum rate. To mitigate inter-vehicular interference, we
incorporated CZF. Additionally, we designed two key opti-
mization algorithms: RCG for passive beamforming at RIS
subsurfaces and WMMSE for precoding at BS subarrays.
Through extensive simulations, we compared our proposed
scheme against multiple benchmarks. The results demonstrate
that our scheme achieves a competitive sum rate while signif-
icantly reducing computational cost.

For future work, we plan to enhance our approach by
integrating machine learning models to optimize beamforming
at each subarray, further improving the partitioning strategy to
match or even exceed the sum rate performance of the no-
partitioning scheme.

APPENDIX

TABLE V
COMPUTATIONAL COMPLEXITY RESULTS OF MAIN SCHEME ALONG WITH

SUM RATE (TIME IS SEC AND SUM RATE IN MBPS)

Iterations
for
Main

BCD
Time

BCD
Sum Rate

RCG
Time

WMMSE
Time

Partitioning
AlgTime

Iterations 1 28.92 71.64 23.436 2.8564 1.3756
Iterations 5 144.6 72.928 117.18 14.282 6.8779
Iterations 10 289.2 80.585 234.36 28.564 13.756
Iterations 60 1735.2 83.76 1406.2 171.38 82.535
Iterations 100 2892 88.78 2343.6 285.64 137.56
Iterations 150
(Compare to
NoParti)

4338.1 89.207 3515.5 428.46 206.34

Iterations 200 5784.1 89.207 4687.3 571.28 275.12
Iterations 300 8676.1 89.207 7030.9 856.92 412.67
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