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Abstract

The rapid expansion of the Internet of Vehicles (IoV) necessitates high-capacity backhaul
connectivity, yet the deployment of such networks under strict hardware and power con-
straints poses significant computational challenges for network optimization. To address
this challenge, this paper investigates a joint transmit–receive beamforming optimization
problem for narrowband wireless backhaul in IoV networks under constant-modulus
constraints. Unlike ideal digital architectures, we focus on cost-effective analog phase
shifters, which introduce strictly non-convex constant-modulus constraints, rendering the
optimization problem mathematically intractable for standard solvers. Since the resulting
problem is highly non-convex, we develop two structured numerical methods: an iterative
alternating optimization (AO) method and a joint optimization (JO) method, where AO
employs auxiliary WMMSE-guided alternating updates together with constant-modulus
projection, while JO jointly updates both beamformers over the constant-modulus feasi-
ble set. We compare their achievable sum-rate performance with that of a CDO-based
benchmark and analyze their dominant computational costs through representative Big-O
complexity expressions. Furthermore, we examine the effect of SVD-based and random
feasible initializations on empirical convergence behavior, runtime, and final achievable
performance. Simulation results demonstrate that the proposed computational methods sig-
nificantly improve achievable sum-rate performance compared with the CDO benchmark.
Moreover, SVD-based initialization provides a more structured starting point and generally
leads to better convergence behavior and lower runtime than random feasible initialization.
The empirical timing results further show that AO exhibits faster empirical convergence
and requires lower runtime, whereas JO achieves better final sum-rate performance after
more iterations.

Keywords: IoV backhaul; network resource allocation; computational complexity; non-convex
optimization

MSC: 46N10; 03D15

1. Introduction
The Internet of Vehicles (IoV) is a cornerstone of next-generation intelligent transporta-

tion systems. The explosion of sensor data—such as LiDAR streams and high-definition
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video—demands not only high-capacity wireless backhaul links between roadside units
(RSUs) and edge servers [1,2] but also highly efficient computational frameworks for
real-time network resource allocation. In these point-to-point infrastructure links, multiple-
input multiple-output (MIMO) beamforming is a primary mechanism for enhancing sum
rate. However, as network density increases, the computational burden of optimizing these
high-dimensional MIMO systems becomes a critical bottleneck for system performance
and reliability [3,4].

Research on beamforming schemes for IoV-based MIMO systems has evolved from
basic mathematical models to advanced deep learning, with extensive analysis comparing
the structural trade-offs between iterative alternating optimization and global joint opti-
mization frameworks [5–12]. Molisch et al. addressed practical massive-MIMO hybrid
beamforming deployment by surveying key architectures and design tradeoffs, providing
guidance for implementable hardware-constrained beamforming [5]. Ioushua and Eldar
targeted limited-RF-chain hybrid beamforming and proposed a family of analog–digital
designs that approach fully digital performance with reduced RF hardware cost [6]. Luo
et al. addressed the difficulty of non-convex quadratic beamforming formulations and
summarized semidefinite relaxation tools that enable tractable approximations with useful
theoretical insights [7]. Ibrahim et al. provided a comprehensive state-of-the-art survey
on RIS-aided wireless networks, systematically evaluating joint optimization designs and
performance metrics while identifying key research gaps in areas such as computational
efficiency, multi-objective optimization, and adaptive configuration for dynamic 6G en-
vironments [8]. Arora et al. addressed efficient constant-modulus analog beamforming
design and proposed scalable algorithms that improve performance–complexity trade-offs
in phase-only beamformer construction [9]. Nguyen et al. targeted the high computational
burden of iterative hybrid/CM beamforming and proposed deep-unfolding designs that
accelerate inference while maintaining strong spectral-efficiency performance [10]. Luo
et al. addressed the spectrum congestion challenges in future networks by investigat-
ing the deployment of reconfigurable intelligent surfaces within integrated sensing and
communication systems [11]. Griffiths and Jim introduced a foundational generalized
sidelobe canceller structure that simplifies linearly constrained adaptive beamforming
into a hardware-efficient, unconstrained framework, providing a robust methodology for
analyzing steering errors and interference suppression [12].

Recent studies have further expanded the algorithmic landscape of hardware-
constrained beamforming and related vehicular communications. In the context of large-
scale and high-frequency MIMO systems, representative surveys and overviews have
highlighted both the opportunities and implementation challenges of massive-array beam-
forming and hybrid architectures [13,14]. For vehicular and V2X-related scenarios, recent
works have investigated massive-MIMO beamforming, robust secure transmission under
CSI uncertainty, and energy-efficient resource allocation for vehicular edge computing
networks [15–17]. In addition, constant-envelope design problems have received sustained
attention in large-scale MIMO precoding [18,19], while learning-based and manifold-based
approaches have also been explored for hybrid beamforming and RIS-related phase opti-
mization [20–22].

Although MIMO beamforming has been widely studied, hardware cost and power
consumption are major concerns for large-scale RSU deployment. Traditional fully digital
beamforming is too expensive for practical use. Instead, analog beamforming using low-
cost phase shifters is more suitable, but it introduces strict constant-modulus constraints.
Related unimodular optimization ideas are also relevant to phase-only beamformer de-
sign [23]. Currently, relatively limited work has explicitly examined joint transmit–receive
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beamforming for such power-limited backhaul systems under stringent constant-modulus
hardware constraints [24–28].

Motivated by the above observations, this paper investigates joint beamforming
optimization for narrowband IoV backhaul from a computational perspective. Although
existing studies have provided important results on hybrid/analog beamforming, constant-
modulus design, and related optimization methods, relatively limited attention has been
paid to a narrowband IoV backhaul setting in which both the transmit beamformer and
the receive combiner are subject to constant-modulus constraints and are optimized jointly
under a sum-rate objective. To address this problem, we develop two structured algorithmic
frameworks, namely alternating optimization (AO) and joint optimization (JO), for the
resulting non-convex constrained formulation. In addition, we study the influence of
SVD-based and random feasible initializations on the empirical convergence behavior
of the proposed algorithms. Our emphasis is on clarifying the computational trade-offs
among convergence behavior, runtime, and achievable performance under different feasible
initialization strategies. The main contributions are as follows:

• We formulate and study a joint beamforming scheme for IoV MIMO systems, aiming
to maximize achievable sum rate subject to constant-modulus constraints at both the
transmitter and receiver.

• We employ both AO and JO methods to handle the joint beamforming optimization
problem and analyze the impact of these different approaches on system performance.

• We investigate the empirical convergence behavior of the algorithms under both SVD-
based and random feasible initializations, and discuss how the initialization choice
affects iteration-level convergence performance and final solution quality.

Throughout the paper, bold uppercase letters such as H and F denote matrices, while
bold lowercase letters such as s and wt denote column vectors. The symbols (·)T and
(·)H stand for the transpose and the conjugate transpose, respectively. The notation [A]m,t

denotes the entry of matrix A at the mth row and tth column. The operator ∥ · ∥2 denotes
the Euclidean norm of a vector, and ∥ · ∥F denotes the Frobenius norm of a matrix.

The remainder of this paper is organized as follows: Section 2 presents the system
model and formulates the sum rate for multiple data streams. Section 3 formulates the
joint beamforming optimization problem and provides the AO and JO methods. Section 4
reports simulation settings and numerical results. Section 5 concludes the paper.

2. System Model
We consider a narrowband wireless backhaul link within an IoV network, modeled as

a high-dimensional resource optimization problem. A roadside access point (AP) with Nt

antennas communicates with a stationary edge node with Nr antennas. This architecture,
delivering Ns spatial data streams, is characterized by its quasi-static channel state, which
provides a stable temporal window for executing advanced computational optimization
algorithms. Unlike high-mobility scenarios, the fixed-location geometry allows for a more
precise mathematical formulation of the beamforming matrices. However, the deployment
of large-scale arrays at both ends significantly increases the computational search space,
especially when incorporating strict hardware constraints. To systematically address this,
the Ns streams are processed through optimized beamforming operators, as defined by the
variables summarized in Table 1. The considered narrowband IoV backhaul architecture is
illustrated in Figure 1. In this work, both F and W are implemented by analog phase-shifter
networks, so only their phases are adjustable while their entry magnitudes remain constant.
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Figure 1. System model.

Table 1. Main symbols in the system model.

Symbol Description Symbol Description

Nt Number of AP transmit antennas Nr
Number of effective receive an-
tennas

Ns Number of spatial data streams L Number of propagation paths
αℓ Complex gain of the ℓth path B Bandwidth
φ
(t)
ℓ AoD of the ℓth path φ

(r)
ℓ AoA of the ℓth path

H Narrowband MIMO channel ma-
trix s Transmitted symbol vector

st The tth stream symbol F Transmit beamforming matrix

W Receive combining matrix U Digital MMSE combiner used in
AO

V WMMSE weight matrix used in
AO SINRt SINR of the tth stream

t Stream index R Achievable sum rate

P Total transmit power σ2 Noise variance per receive an-
tenna

In the considered point-to-point backhaul link, the transmitter first maps the Ns

data streams to the antenna array through the beamforming matrix F, and the receiver
then applies the combining matrix W to separate the desired streams from inter-stream
interference and noise. Therefore, F and W jointly determine the effective channel seen
by each stream and directly affect the achievable sum rate. The underlying narrowband
MIMO channel is modeled by a geometric Saleh–Valenzuela model [2,29]. This model
captures the small-scale multipath structure of the narrowband channel through a finite
number of dominant propagation paths, where each path is characterized by a complex
gain αℓ, an angle of departure ϕ

(t)
ℓ , and an angle of arrival ϕ

(r)
ℓ . Let L denote the number of

dominant propagation paths and H ∈ CNr×Nt be the channel matrix. Under this model,

H =

√
NtNr

L

L

∑
ℓ=1

αℓ ar

(
φ
(r)
ℓ

)
aH

t

(
φ
(t)
ℓ

)
. (1)

Accordingly, the small-scale fading behavior is reflected by the superposition of these
path-dependent complex gains and steering responses. Large-scale effects such as path
loss and shadowing are not modeled separately in the present formulation and can be
absorbed into the overall channel gain, since the focus of this work is on the beamforming
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optimization under a normalized quasi-static backhaul link. For a uniform linear array
with antenna spacing d and carrier wavelength λ, the transmit and receive array response
vectors are given by

at(φ) =
1√
Nt

[
1, ej2π

d
λ sin φ, . . . , ej2π

d
λ (Nt−1) sin φ

]T
, (2)

ar(φ) =
1√
Nr

[
1, ej2π

d
λ sin φ, . . . , ej2π

d
λ (Nr−1) sin φ

]T
. (3)

Let s = [s1, . . . , sNs ]
T ∈ CNs denote the transmitted data streams, normalized as

E[ssH] = INs . The transmit beamformer is F = [ f1, . . . , fNs ], and the transmitted signal is
x = Fs. Therefore, the average transmit power satisfies

P = E
[
∥x∥2

2
]
= ∥F∥2

F. (4)

The received signal at the edge node is given by

y = HFs + n, (5)

where n ∼ CN (0, σ2 INr ) denotes spatially white receiver noise. The receiver applies linear
combining W = [w1, . . . , wNs ] to estimate the transmitted streams. After combining, the
stream estimates are

ŝ = WHy = WHHFs + WHn. (6)

To evaluate per-stream performance, we focus on the tth stream output ŝt. By expand-
ing Equation (6) along the tth combiner wt, the output naturally decomposes into three
parts: the desired signal of stream t, the inter-stream interference contributed by all k ̸= t,
and the filtered noise term. Specifically,

ŝt = wH
t H ftst + ∑

k ̸=t
wH

t H fksk + wH
t n. (7)

The desired signal is the tth stream after passing through its matched beamforming
pair wt and ft. Moreover, the interference arises from all other streams fk (k ̸= t) that are
also captured by the combiner wt. Furthermore, the effective noise is the antenna noise
scaled by the norm of the receive combiner wt.

SINRt =

∣∣wH
t H ft

∣∣2
∑
k ̸=t

∣∣∣wH
t H fk

∣∣∣2 + σ2∥wt∥2
2

. (8)

The rate of each individual stream is determined by its corresponding signal-to-
interference-plus-noise ratio (SINR). Accordingly, the achievable sum rate of the considered
system can be expressed as

R(F, W) = B
Ns

∑
t=1

log2
(
1 + SINRt

)
. (9)

Since this performance metric is jointly determined by the transmit beamformer F
and the receive combiner W through the effective SINRs of all streams; the subsequent
beamforming design problem aims to optimize F and W so as to maximize R(F, W) under
the constant-modulus constraints.
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3. Problem Formulation
To solve the joint beamforming problem, we consider two different optimization strate-

gies. The first one is AO, which alternately updates the transmit and receive beamformers
by solving simpler subproblems while keeping the other side fixed. The second one is JO,
which treats the transmit and receive beamformers as a coupled variable pair and updates
them jointly through projected gradient iterations. Therefore, AO emphasizes stepwise
decoupling and stable local improvement, whereas JO emphasizes direct joint search over
the original non-convex feasible set.

Primarily, our goal is to jointly design F and W to maximize R(F, W), which can be
described as

max
F,W

R(F, W) (10)

In power-limited IoV MIMO systems, analog phase shifters and power-efficient
RF components often impose constant-modulus constraints. We therefore consider
constant-modulus constraints on the transmit beamformer entries together with a total
power constraint

∥F∥2
F = P,

∣∣[F]m,t
∣∣ = √

P
Nt Ns

. ∀m, t (11)

At the receiver, we consider the constant-modulus constraint with normalized ampli-
tude, which can be expressed as

|[W]m,t| =
1√
Nr

, ∀m, t (12)

Considering the power-limited nature of IoV MIMO systems and the hardware con-
straints imposed by analog phase shifters, we formulate the joint sum rate maximization
problem subject to transceiver constant-modulus constraints as

max
F,W

R(F, W) (13a)

s.t.
∣∣[F]m,t

∣∣ = √
P

NtNs
, ∀m, t, (13b)

∣∣[W ]m,t
∣∣ = 1√

Nr
, ∀m, t (13c)

The optimization problem in Equation (13) is non-convex in both the objective function
and the feasible set. Specifically, the objective R(F, W) is not jointly concave in F and W,
because each SINRt in Equation (8) is a ratio of coupled quadratic terms involving the
bilinear form wH

t H fk, and the desired-signal and inter-stream interference terms are jointly
coupled across all streams. In addition, the constraints are also non-convex. The constant-
modulus equalities |[F]m,t| =

√
P/(NtNs) and |[W]m,t| = 1/

√
Nr define non-convex

feasible sets, since a convex combination of two feasible phase-only points does not, in
general, preserve the same modulus. Therefore, Equation (13) is intrinsically non-convex,
which motivates the AO and JO algorithms developed below.

3.1. AO Method

AO is introduced as a computationally light alternating heuristic for the hardware-
constrained problem. Unlike JO, the AO scheme does not directly solve each block of the
original constant-modulus problem. Instead, for a given transmit beamformer, we first
compute an auxiliary digital MMSE combiner and the associated WMMSE weight matrix,
and then use them to construct a tractable surrogate update for the transmit side. The
actual hardware-feasible receive combiner is not the digital MMSE combiner itself, but
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its phase-projected constant-modulus version. Therefore, the auxiliary variables are used
only to guide the alternating updates, while the final beamforming matrices remain the
constant-modulus pair (F, W). Since the receive-side and transmit-side projections break
the exact WMMSE equivalence of the unconstrained setting, the AO scheme should be
interpreted as a WMMSE-inspired heuristic algorithm. Accordingly, no rigorous stationary-
point convergence guarantee is claimed for AO, and only empirical convergence behavior
is reported in Section 4.

For a fixed transmit beamformer F, define the received covariance matrix as

Ryy = HFFHHH + σ2 INr . (14)

The corresponding auxiliary digital MMSE combiner is

U = R−1
yy HF. (15)

To obtain a hardware-feasible analog receive combiner, we project U onto the constant-
modulus set:

[W ]m,t =
1√
Nr

exp
(

j∠([U]m,t)
)
, ∀m, t. (16)

Hence, U is only an auxiliary digital variable, whereas W is the actual analog combiner
used to evaluate the achievable sum rate.

Using U, the WMMSE error matrix is written as

E = INs − FHHHU − UHHF + UH
(

HFFHHH + σ2 INr

)
U. (17)

We then define the WMMSE weight matrix as

V =
(
E + δINs

)−1, (18)

where a small δ > 0 is used for numerical stability. For fixed U and V , an unconstrained
transmit-side surrogate update is

Fraw =
(

HHUVUHH + ϵINt

)−1
HHUV , (19)

where ϵ > 0 is a small regularization parameter. Finally, the transmit beamformer is
projected onto the constant-modulus feasible set:

[F]m,t =

√
P

NtNs
exp

(
j∠([Fraw]m,t)

)
, ∀m, t. (20)

It is worth emphasizing that the AO method operates through auxiliary digital updates
followed by constant-modulus projections. Therefore, unlike the standard unconstrained
WMMSE framework, the resulting AO iteration is not an exact block-coordinate opti-
mization procedure for the original constant-modulus problem. In particular, the present
manuscript does not claim strict monotonicity of the objective sequence or a formal proof
of convergence to a stationary point. The role of AO in this work is to provide a practical
low-complexity heuristic baseline for comparison with JO. The detailed steps of the AO
procedure are summarized in Algorithm 1.
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Algorithm 1 AO Method (WMMSE-Inspired Alternating Heuristic)

Require: Channel H, noise variance σ2, power P, number of streams Ns, maximum itera-
tions Imax, tolerance ε, small constants δ, ϵ

Ensure: F⋆, W⋆, sum rate R⋆

1: Compute SVD H = UHΣVH
H

2: Initialize transmit beamformer by SVD-phase projection: F(0) =
√

P
Nt Ns

exp
(

j∠(VH(:

, 1 : Ns))
)

3: Compute R(0)
yy = HF(0)(F(0))HHH + σ2 INr

4: Compute the auxiliary digital combiner U(0) = (R(0)
yy )

−1HF(0)

5: Obtain the feasible analog combiner W (0) by (16)
6: Compute R(0) = R(F(0), W (0))
7: for i = 0, 1, . . . , Imax − 1 do
8: Compute R(i)

yy = HF(i)(F(i))HHH + σ2 INr

9: Compute the auxiliary digital combiner Ũ = (R(i)
yy )

−1HF(i)

10: Form Ẽ using (17) with F = F(i) and U = Ũ
11: Set Ṽ =

(
Ẽ + δINs

)−1

12: Compute Fraw from (19) with U = Ũ and V = Ṽ
13: Project Fraw by (20) to obtain F(i+1)

14: Compute R(i+1)
yy = HF(i+1)(F(i+1))HHH + σ2 INr

15: Compute the auxiliary digital combiner U(i+1) = (R(i+1)
yy )−1HF(i+1)

16: Obtain the feasible analog combiner W (i+1) by (16)
17: Compute R(i+1) = R(F(i+1), W (i+1))

18: if
∣∣R(i+1) − R(i)

∣∣/ max{1, R(i)} ≤ ε then
19: break
20: end if
21: end for
22: Output F⋆ = F(i+1), W⋆ = W (i+1), R⋆ = R(i+1)

3.2. JO Method

JO follows a different philosophy: instead of splitting the variables into alternating
subproblems, it directly optimizes the original objective under the joint constant-modulus
constraints. We rewrite the problem as minimizing the negative sum rate:

min
F,W

− R(F, W) (21a)

s.t. (11) and (12). (21b)

A practical approach is to apply gradient-based updates and then project the updated
variables back onto the constant-modulus sets. In the revised manuscript, the JO method
is implemented with an Armijo backtracking line search, so that each iteration consists
of gradient evaluation, a joint update of F and W , and element-wise projection onto the
constant-modulus feasible sets. Since the problem is non-convex, the final solution may
depend on the initialization. Therefore, JO is combined with multi-start, and the best
solution across different initial points is selected as the final output [30].

To explicitly state the gradient expressions used in JO, let et ∈ RNs denote the tth
canonical basis vector and define

Jt = INs − eteTt . (22)
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Note that Jt is real and symmetric, i.e., JTt = Jt. For the tth stream, define

Qt = HHwtwH
t H, (23)

where wt is the tth column of W . Then the tth stream rate can be written as

Rt(F, W) = B log2

(
ut

vt

)
, (24)

with
ut = Tr(FHQtF) + σ2∥wt∥2

2, vt = Tr(FHQtF Jt) + σ2∥wt∥2
2. (25)

Hence,

R(F, W) =
Ns

∑
t=1

Rt(F, W). (26)

Using Wirtinger calculus, the derivative of R(F, W) with respect to F∗ is

∂R
∂F∗ =

B
ln 2

Ns

∑
t=1

(
QtF
ut

− QtF Jt

vt

)
. (27)

Therefore,
∂(−R)

∂F∗ = − ∂R
∂F∗ . (28)

For the receive side, define

C = HFFHHH + σ2 INr , Dt = HF JtFHHH + σ2 INr . (29)

Then ut = wH
t Cwt and vt = wH

t Dtwt, and the derivative of R(F, W) with respect to
w∗

t is
∂R

∂w∗
t
=

B
ln 2

(
Cwt

ut
− Dtwt

vt

)
. (30)

By stacking the columnwise derivatives, we obtain

∂R
∂W∗ =

[
∂R

∂w∗
1

,
∂R

∂w∗
2

, . . . ,
∂R

∂w∗
Ns

]
. (31)

Therefore,
∂(−R)
∂W∗ = − ∂R

∂W∗ . (32)

The JO update then takes the form of a projected gradient step:

F(i+1) = ΠF
(

F(i) − µi
∂(−R)

∂F∗

)
, (33)

W (i+1) = ΠW
(

W (i) − µi
∂(−R)
∂W∗

)
, (34)

where µi is chosen by Armijo backtracking line search, and ΠF (·) and ΠW (·) denote the
element-wise constant-modulus projections:

[ΠF (X)]m,t =

√
P

NtNs
exp

(
j∠([X]m,t)

)
, [ΠW (Y)]m,t =

1√
Nr

exp
(

j∠([Y ]m,t)
)
. (35)

It is also worth noting that, for each fixed SNR value and each fixed initialization in
the inner loop, the JO updates constitute a line-search projected gradient scheme over the
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compact constant-modulus feasible set. Since σ2 > 0, all SINR denominators are strictly
positive, and therefore the objective function −R(F, W) is smooth on the feasible set. More-
over, the constant-modulus projection in Equation (35) can be interpreted as a retraction
on this feasible set. Therefore, by standard convergence results for projected/Riemannian
gradient methods with line search [27,28], the corresponding objective sequence is non-
increasing, and every accumulation point of the generated inner iterate sequence is a
first-order stationary point of Equation (21). The detailed steps of the JO procedure are
summarized in Algorithm 2.

Algorithm 2 JO Method (Projected Gradient with Armijo Line Search and Multi-Start)

Require: Channel H, noise variance σ2, nominal transmit-side SNR set {γdB}, maximum
iterations Imax, number of starts Nstart, Armijo parameters

Ensure: For each SNR: F⋆, W⋆, sum rate R⋆

1: Compute SVD H = UHΣVH
H

2: Initialize warm start as empty
3: for each γdB do
4: Set γ = 10γdB/10 and P = γσ2

5: Build SVD-phase feasible initialization: Fsvd =
√

P
Nt Ns

exp
(

j∠(VH(:, 1 : Ns))
)
,

Wsvd = 1√
Nr

exp
(

j∠(UH(:, 1 : Ns))
)

6: Set best value R⋆ = −∞
7: for q = 1, 2, . . . , Nstart do
8: If q = 1, use warm start if available; otherwise use (Fsvd, Wsvd)
9: If q ≥ 2, generate random feasible phases satisfying the constant-modulus con-

straints
10: for i = 0, 1, . . . , Imax − 1 do
11: Compute ∂(−R)

∂F∗ and ∂(−R)
∂W∗ using (27), (28), (30), and (32)

12: Choose the step size µi by Armijo backtracking line search
13: Update F and W using (33) and (34)
14: end for
15: Compute achieved R(F, W) and update the best solution if larger than R⋆

16: end for
17: Update warm start with the best solution at this SNR
18: end for

At the end of this section, we emphasize the role of feasible initialization. Here, the
warm start means that the best solution obtained at the previous SNR is reused as the
first initialization for the next SNR, which improves continuity in the SNR sweep and re-
duces unnecessary research. Since the problem is non-convex and the feasible set is highly
constrained by constant modulus, different initial points can lead to different stationary
solutions and different convergence speeds. Therefore, we adopt SVD-phase initializa-
tion as a practical default because it provides a structured and usually strong starting
point, and we additionally compare SVD-phase versus random feasible initializations in
the convergence analysis to quantify the convergence speed and stability advantage. In
addition, the phase-shifter adjustment in both AO and JO is implemented through simple
constant-modulus projection, while the main extra computational burden mainly comes
from the SVD-based initialization and the multi-start strategy adopted by JO. Hence, similar
iteration counts should not be directly interpreted as similar overall computational cost.

3.3. Computational Complexity Analysis

We next provide a representative Big-O analysis for one problem instance, i.e., one
channel realization at one SNR point, in order to compare the computational behaviors of
AO and JO. Here we retain only the dominant operations, such as matrix multiplications,
matrix inversions or linear-system solves, singular value decomposition, gradient-related
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evaluations, and constant-modulus projection, while lower-order terms, constant factors,
and implementation-dependent overhead are omitted. Let IAO and IJO denote the iteration
numbers of AO and JO, respectively. When repeated restarts are used in JO, their number
is denoted by Nstart.

First, both algorithms can employ the same SVD-phase feasible initialization. For the
channel matrix H ∈ CNr×Nt , the one-time economy-size SVD incurs the cost

CSVD = O
(

min{Nr N2
t , NtN2

r }
)

. (36)

This term is paid once for each problem instance and is therefore more naturally
viewed as a preprocessing cost.

For AO, each outer iteration consists of alternating updates of the receiver-side and
transmitter-side beamformers, together with the corresponding constant-modulus pro-
jection steps. At a representative level, the dominant computations arise from forming
effective covariance or Gram-type matrices, carrying out matrix multiplications, and solv-
ing the associated linear-algebra subproblems. Therefore, a representative upper bound for
the per-iteration complexity of AO can be written as

CAO,iter = O
(

N3
r + N3

t + N2
r Ns + N2

t Ns + Nr NtNs

)
. (37)

Accordingly, the total complexity of AO may be expressed as

CAO = O
(

min{Nr N2
t , NtN2

r }+ IAO

(
N3

r + N3
t + N2

r Ns + N2
t Ns + Nr NtNs

))
. (38)

In the common regime Ns ≪ min{Nt, Nr}, the AO complexity can be further summa-
rized as

CAO ≈ O
(
CSVD + IAO(N3

r + N3
t )
)

. (39)

This expression should be interpreted as a scaling law rather than an exact run-
time model.

For JO, each iteration jointly updates the transmit and receive beamformers according
to the adopted optimization strategy, followed by feasibility enforcement on the constant-
modulus constraints. In a representative implementation, the dominant arithmetic burden
comes from forming effective products involving H, F, and W, together with the corre-
sponding objective-related or search-direction-related computations. Since the element-
wise constant-modulus projection is only linear in the number of entries, it is usually not
the dominant cost. A representative per-iteration complexity estimate for JO is

CJO,iter = O
(

Nr NtNs + (Nr + Nt)N2
s

)
. (40)

If multiple restarts or multiple candidate initializations are adopted, the total JO
complexity scales linearly with the corresponding number of trials. Hence, a representative
total complexity expression is

CJO = O
(

min{Nr N2
t , NtN2

r }+ Nstart IJO

(
Nr NtNs + (Nr + Nt)N2

s

))
, (41)

where one may simply set Nstart = 1 when no restart mechanism is used.
The above expressions indicate that AO and JO exhibit different computational char-

acteristics at the asymptotic level. More importantly, these complexity expressions should
be understood as theoretical scaling descriptions rather than exact predictors of measured
wall-clock time. In practice, the observed runtime is also affected by factors such as ini-
tialization quality, restart policy, convergence tolerance, and implementation overhead.
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Therefore, the computational comparison between AO and JO should distinguish between
asymptotic complexity and empirical runtime, and the latter will be further examined in
the simulation results.

4. Simulation Results and Analysis
In this section, we evaluate the proposed computational frameworks under a represen-

tative narrowband IoV backhaul scenario with constant-modulus transceiver constraints.
Simulation parameters are summarized in Table 2.

Table 2. Simulation parameters.

Symbol Value Symbol Value

Nt 64 Nr 16
Ns 4 σ2 0.01
L 10 B 1
γdB 0:5:40 dB d/λ 0.5

Specifically, γdB denotes the nominal SNR defined by γ = P/σ2. To ensure a consistent
physical interpretation, the channel matrix H is normalized such that E[∥H∥2

F] = Nr Nt.
Under this normalization, γ effectively represents the average receive SNR per antenna, as
the channel does not introduce additional bulk path loss in the statistical sense. The actual
receive-side performance is then evaluated by the post-combining SINR in Equation (8).
For each channel realization, the narrowband MIMO channel is generated according to
the geometric Saleh–Valenzuela model with L dominant paths, ensuring that the reported
results account for the corresponding multipath small-scale fading.

All simulations are implemented in MATLAB (R2025B). No external dataset is used
in this work. Instead, all numerical results are obtained from synthetically generated
narrowband MIMO channel realizations according to the geometric Saleh–Valenzuela
model. For each SNR point, the results in Figure 2 are averaged over 100 independent
channel realizations. The boxplot in Figure 3 is also obtained from 100 independent Monte
Carlo trials.

We compare three schemes, namely, the proposed joint optimization (JO) method, the
alternating optimization (AO) method, and the CDO-based benchmark. The CDO-based
benchmark is adopted as the main reference because it provides a direct and fair comparison
under the same constant-modulus transceiver constraints as the proposed methods. In
particular, CDO operates on the same hardware-feasible design space and does not rely
on relaxed unconstrained digital beamforming assumptions. Therefore, compared with
benchmarks based on mismatched feasible sets, CDO constitutes a more relevant baseline
for evaluating the effectiveness of AO and JO in the present problem. The effectiveness
of these methods is evaluated from four complementary aspects: achievable sum-rate
performance, statistical performance distribution, convergence behavior under different
feasible initializations, and computation-time comparison.

Figure 2 illustrates the achievable sum rate of JO, AO, and the CDO benchmark
versus the nominal transmit-side SNR. As the SNR increases, the sum rate of all three
methods improves monotonically, since a higher transmit power enhances the effective
communication link. Among the compared methods, JO consistently achieves the highest
sum rate over the entire tested SNR range, while AO remains the second-best method and
maintains a clear performance advantage over the CDO benchmark. In addition, the growth
of all three curves becomes less pronounced in the medium-to-high SNR region, indicating
a gradual saturation trend. Overall, these results show that both JO and AO are effective
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structured optimization approaches under the considered constant-modulus constraints,
with JO providing the best achievable sum-rate performance in the present setting.

Figure 2. Achievable sum rate versus nominal transmit-side SNR for JO, AO and CDO.

Figure 3. Boxplot of achievable sum rate over independent Monte Carlo trials for JO, AO and CDO.

Figure 3 provides a statistical comparison of the achievable sum rate obtained by JO,
AO, and CDO at SNR = 20 dB. The boxplot shows that JO attains the highest median sum
rate and also occupies the highest overall performance region among the three methods.
AO ranks second, with its distribution clearly below that of JO but still noticeably above the
CDO benchmark. In contrast, CDO is centered at a substantially lower rate level, indicating
an evident performance disadvantage under the same simulation setting. Moreover, the
distributional separation among the three methods suggests that the advantage of JO is not
due to only a few favorable samples, but is reflected in the overall sample statistics as well.

Figure 4 compares the convergence trajectories of JO, AO, and CDO at SNR = 20 dB
under SVD-based initialization. It can be observed that all three methods improve rapidly
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during the initial iterations and then gradually approach stable solutions. Among them, JO
maintains the highest sum-rate level throughout almost the entire iteration process and
reaches the highest stable performance. AO also exhibits faster empirical convergence, but
its stable rate remains below that of JO. In contrast, CDO stays consistently lower than both
JO and AO over the whole iteration range. In addition, mild fluctuations can be observed
before the curves fully stabilize, which is typical in iterative non-convex optimization.
Overall, these results indicate that under SVD-based initialization at 20 dB, JO achieves the
best convergence trajectory and the highest final sum-rate performance, while AO remains
competitive and CDO is clearly inferior.

Figure 4. Convergence comparison of JO, AO and CDO under SVD-phase initialization.

Figure 5 shows the convergence trajectories of JO, AO, and CDO at SNR = 20 dB under
random feasible initialization. Compared with the SVD-based initialization case in Figure 4,
the overall convergence becomes slightly slower and the early-stage fluctuations are more
visible, indicating a higher sensitivity to the initialization quality. Nevertheless, all three
methods still exhibit stable empirical convergence behavior after sufficient iterations. In
terms of final performance, JO remains the best-performing method, AO reaches the second-
highest stable rate, and CDO stays at the lowest level. Therefore, although random feasible
initialization degrades the convergence behavior to some extent relative to SVD-based
initialization, it does not change the overall performance ranking among the three methods.

Table 3 reports the measured computation time of JO, AO, and CDO under SVD-based
and random feasible initializations. In both initialization settings, JO shows the highest
runtime, AO requires the least runtime, and CDO remains between the two. Moreover,
random initialization consistently results in longer runtime than SVD-based initialization
for all three methods. This suggests that initialization quality affects the practical compu-
tational efficiency in addition to the iteration-level convergence behavior. Overall, these
empirical timing results are in line with the discussion in Section 3.3, where the computa-
tional comparison is understood to depend on both asymptotic complexity characteristics
and practical factors such as iteration count and initialization sensitivity.
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Table 3. Computation time comparison of JO, AO, and CDO under different initializations

Initialization JO (s) AO (s) CDO (s)

SVD 2.9273 0.0105 0.0602
Random 4.2412 0.0177 0.0713

Figure 5. Convergence comparison of JO, AO and CDO under random feasible initialization.

Taken together, the above results also help clarify the practical advantages and limita-
tions of the proposed methods.

Compared with the CDO benchmark, both proposed methods achieve clear perfor-
mance gains under the same constant-modulus transceiver constraints. In particular, JO
attains the highest achievable sum-rate performance, while AO also consistently outper-
forms CDO, which confirms the effectiveness of the proposed optimization frameworks for
the considered hardware-constrained beamforming problem. Meanwhile, the two methods
exhibit different practical tradeoffs. JO is more favorable in terms of final performance,
but its limitation is the higher runtime required to achieve such performance. By contrast,
AO is more attractive in terms of runtime and computational efficiency, but its limitation
is that the final achievable sum-rate level is generally lower than that of JO. Therefore,
the proposed methods should be viewed as two complementary solution choices rather
than uniformly superior solutions, with JO being more suitable for performance-oriented
settings and AO being more suitable for computation-constrained implementations.

5. Conclusions
This paper investigated the joint beamforming optimization problem for narrowband

IoV backhaul under constant-modulus constraints. To address the non-convexity arising
from this formulation, two structured numerical frameworks, namely AO and JO, were
developed. Simulation results showed that both methods can significantly improve the
achievable sum rate compared with the CDO benchmark. Meanwhile, the complexity
analysis and numerical results also revealed that AO and JO exhibit different computational
and convergence characteristics. Specifically, AO exhibits faster empirical convergence
and lower measured runtime, whereas JO requires more iterations but achieves better final
sum-rate performance. In addition, the comparison under different initialization strategies
shows that SVD-based initialization provides a more structured starting point and generally
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leads to better empirical convergence behavior and lower runtime than random feasible
initialization. These findings suggest that the practical comparison between AO and JO
should not be based solely on the final achievable performance, but should also take
into account convergence speed, initialization sensitivity, and empirical computational
efficiency. Future work will focus on improving the empirical convergence behavior of
AO, reducing the initialization sensitivity and runtime of JO, and extending the current
framework to more realistic wideband and time-varying IoV channel scenarios. These
results provide a valuable computational reference for the deployment of high-capacity
and reliable wireless backhaul solutions in future intelligent transportation systems.
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