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Abstract—As a promising candidate for next-generation re-
configurable antennas (NGRAs), the reconfigurable holographic
surface (RHS) offers significant advantages in reducing hardware
costs and power consumption. To enable green millimeter-wave
(mmWave) Internet of Vehicles (IoV) operations in dynamic en-
vironments, this paper proposes an RHS-based robust hybrid co-
operative beamforming (HCBF) transmission scheme, integrated
with a machine learning (ML)-based optimization framework,
to minimize the total transmit power at the base station (BS)
while taking into account imperfect channel state information
(CSD). First, by leveraging the unique advantages of RHS, the
proposed HCBF fully exploits multi-antenna collaborative gain,
thereby effectively reducing overall power consumption of the
IoV system. To overcome the limitations of traditional ML-
based optimization methods, which require retraining the neural
network (NN) from scratch whenever the IoV network topology
varies due to the dynamic entry or exit of mobile vehicles (MVs), a
lifelong graph learning-based HCBF optimization method (LGL-
HCBF) is developed. Specifically, in LGL-HCBF, an incremental
graph convolutional network (IGCN) is employed to facilitate
parameter sharing and local structural information exchange
across different graph structures, thus providing stronger adapt-
ability to dynamic variations in IoV network topology. To further
address the potential stability-plasticity dilemma of LGL-HCBF,
two complementary mechanisms, namely, knowledge replay and
weight consolidation, are introduced to preserve the knowledge
learned from previous scenarios. Simulation results demonstrate
that the proposed RHS-based HCBF achieves much lower power
consumption compared with traditional phased-array beamform-
ing schemes under the same hardware-cost budget, deployment
scales, and rate constraints. Moreover, the proposed LGL-HCBF
exhibits faster adaptation, and superior approximation ratio,
outperforming several baseline methods.
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I. INTRODUCTION
A. Background

T is predicted that by 2035, over one billion connected

mobile vehicles (MVs) will be in operation worldwide [1],
leading to rapid growth of various emerging Internet of Vehi-
cles (IoV) applications, including autonomous driving, real-
time collaboration, and in-car entertainment & information
services [2]-[4]. These applications demand high data rate
and low transmission latency to facilitate seamless real-time
data transmission and exchange. However, the exponential
increase in the number of MVs, coupled with the surge
in communication demands, is exacerbating the scarcity of
available spectrum resources.

To address these issues, researchers have been exploring
higher frequency bands with abundant available unlicensed
bandwidth, such as the millimeter-wave (mmWave) band,
which can support ultra-high data rate and accommodate inte-
gration of a large number of antennas within compact devices
[5], [6]. However, one of the major challenges in mmWave
path propagation is the significant isotropic attenuation, as
the transmission environment over mmWave frequencies is
substantially more complex than that at lower-frequency bands
[7]. Moreover, the high signal attenuation of the mmWave
band also imposes strict limitations on the communication
distance in IoV systems.

In order to mitigate the severe path loss, beamforming
(BF) techniques implemented using large-scale phased antenna
arrays have been demonstrated to be effective, as they enable
the formation of information-carrying beams with precise
directional control and substantial antenna gains [8]. Neverthe-
less, since each phased antenna element requires a dedicated
radio-frequency (RF) chain, the hardware cost and power
consumption of mmWave devices increase dramatically as the
number of antenna elements grows [9]. Therefore, there is an
urgent need to develop novel antenna technologies capable of
substantially reducing the number of dedicated RF chains in
mmWave IoVs [10].

Fortunately, the rapid development of metamaterials has
spurred the emergence of innovative programmable antenna
technologies [11], particularly the reconfigurable holographic



surface (RHS) ' [14], which is able to realize hybrid coopera-
tive beamforming (HCBF) at the transceiver using only a few
RF chains [15]. In HCBE, the “cooperation” refers to the joint
optimization of digital beamforming (DBF) and holographic
beamforming (HoBF), coordinated interference management
among multiple users, and joint signal processing between the
base station (BS) and the RHS, with the aim of achieving
higher signal gain and enhanced interference suppression. As
shown in Fig. 1, compared with conventional phased-array
beamforming architectures, RHS-based HCBF significantly
reduces transceiver hardware cost and power consumption
by replacing the large number of power-intensive RF chains,
phase shifters, and parallel per-element feeding links with a
small number of feeds and amplitude control over a series-fed
holographic surface [15]. Notably, although RHS-based HCBF
employs fewer RF chains and lower circuit power, this does
not imply degraded transmit capability compared with phased
arrays of identical sizes, since the much smaller inter-element
spacing of RHS allows densely packed sub-wavelength holo-
graphic elements to still provide a large effective aperture and
directional beamforming gain [15]. Additionally, the material
and manufacturing costs of RHS panels are considerably lower
than those of the traditional phased antenna array, resulting in
a lower hardware cost of RHS. Owing to these compelling
advantages, RHS has been widely regarded as a promising
next-generation reconfigurable antenna (NGRA) technology.

Therefore, the integration of RHS-assisted HCBF into
mmWave IoV systems is expected to provide a promising
and practical paradigm for supporting the rapidly growing
demands of IoV communications in dynamic and complex
environments.

Phase-array beamforming architecture RHS hybrid cooperative beamforming architecture

Baseband processing
Digital beamformer

Baseband processing
Digital beamformer

Implement Large number of RF chains Reduced number of RF chains, RHS

Element spacing Half-wavelength spacing One quarter wavelength
Power consumption High Low

Material and manufacturing costs  High Low

Fig. 1: Structural comparison between phased array and RHS
beamforming architectures.

IThe RHS considered in this paper is totally different from the reconfig-
urable intelligent surface (RIS) [12], [13]. Specifically, the RIS is generally
used as a passive relay in wireless communications, while the RHS is
integrated with the transceiver serving as a metamaterial antenna.

B. Related Work

1) Application of RHS in wireless communications: Since
the concept of RHS was first introduced in [14], its feasibility
for dynamic multi-beam steering in wireless communica-
tion networks, thereby enhancing transmission performance,
has been demonstrated from both physical and algorithmic
perspectives [16]-[18]. Specifically, in [16], an RHS design
capable of generating multi-beam radiation patterns was pro-
posed, where each element’s amplitude was allowed to be
controlled via the ON/OFF state of its built-in PIN diode.
Similarly, in [17], another type of RHS utilizing liquid crystal
materials for the radiation elements was proposed, where the
amplitude of each element was adjusted by tuning the liquid
crystal capacitance. Additionally, in [18], an effective sidelobe
cancellation algorithm was designed to optimize the beam
pattern of RHSs.

2) HCBF Optimization in RHS-assisted wireless commu-
nications: More recently, the HCBF optimization exploiting
RHS has also been extensively studied in various wireless
network scenarios [19]-[26], including traditional multi-user
networks [19], [20], low Earth orbit (LEO) satellite commu-
nication networks [21], edge computing networks [22], posi-
tioning systems [23], radar and radar-communication systems
[24]-[26]. Particularly, in [19] and [20], the sum rate and
hardware impairment-constrained energy efficiency (EE) were
maximized, respectively, by optimizing HCBF in RHS-assisted
multi-user networks. In [21], the sum rate was maximized
by optimizing HCBF in RHS-assisted LEO satellite com-
munication networks. Besides, in [22], the latency in RHS-
assisted distributed edge computing networks was minimized
by jointly optimizing the portion of tasks processed locally,
the local computing frequency, and the HCBF. Also, in [23],
the positioning error was minimized for multi-band RHS-
assisted positioning systems by jointly optimizing the HCBF,
the position estimator vector, sets of adaptation functions,
and the scheduling probability vectors. Furthermore, in [24]
and [25], multi-target detection accuracy was maximized for
the RHS-assisted radar systems by jointly optimizing the
radar waveform and RHS amplitudes. Moreover, in [26],
radar signal-to-interference-plus-noise ratio (SINR) was max-
imized for the RHS-assisted wideband dual-function radar-
communication systems with frequency-selective reconfig-
urable intelligent surface, by jointly optimizing the HCBF and
passive beamforming.

3) Learning-based Optimization of loVs: Nevertheless, ex-
isting works have primarily optimized HCBF in non-IoV sys-
tems via conventional convex theory-based iterative methods,
and have yet to study RHS-based HCBF in mmWave IoV
systems. Compared to other wireless networks, IoV networks
exhibit significantly higher dynamics due to the mobility
of MVs, which leads to time-varying channels, as well as
frequent access and departure of MVs, resulting in frequent
changes in network topology [27]. Under such conditions,
if conventional iterative optimization methods are deployed,
they require frequent recalculation to update the beamforming
vectors and resource allocation, which gives rise to high
computational complexity and low efficiency. To better accom-



modate practical dynamic environments, some recent works
have proposed machine learning (ML)-based methods, such as
deep reinforcement learning (DRL)-based [28], [29] and graph
neural networks (GNN)-based [30]-[34] methods, which are
capable of handling the high dynamics of IoV by adapting to
rapidly changing environments. Specifically, in [28], energy
consumption, latency, and cost were jointly optimized within
a multi-objective framework, where a double deep Q-network
was employed to perform real-time perception and feature
extraction of system states in IoVs. In [29], three DRL-
based methods were designed to independently optimize task
offloading decisions and computation resource allocation for
the IoVs. Furthermore, heterogeneous-GNN-based methods
[30], [31] and dynamic-GNN-based methods [32], [33] were
proposed to optimize service mode selection and target vehicle
association in IoV integrated sensing and communication
systems. An integrated GNN and multi-agent DRL method
[34] was proposed to optimize distributed resource allocation
in dynamic IoVs.

C. Motivation and Contributions

Although DRL-based methods can learn online decision
policies for dynamic IoV environments, they rely on fixed-
dimensional neural network (NN) architectures. Therefore,
when the number of connected MVs changes, the NN structure
often needs to be redefined and the model retrained, resulting
in high computational overhead. In contrast, GNN-based meth-
ods can naturally accommodate variable-size IoV topologies
through graph representations and parameter sharing. How-
ever, despite their structural adaptability, GNN-based meth-
ods do not guarantee the preservation of previously learned
topology-dependent beamforming knowledge when updated
on newly encountered scenarios. Thus, direct fine-tuning may
cause catastrophic forgetting, whereas retraining from scratch
for each new scenario remains inefficient. To address these
challenges, we employ the lifelong graph learning (LGL)
framework for efficient HCBF optimization in RHS-assisted
mmWave IoV systems, since it naturally supports incremen-
tal learning across tasks by transferring previously acquired
knowledge to new learning tasks while preserving important
knowledge learned from earlier ones.

To the best of our knowledge, this is the first work on
designing an LGL-based method for addressing dynamic opti-
mization challenges in IoVs, as LGL was originally presented
in the field of graph learning [35] to tackle the problem of
lifelong learning over dynamically evolving graph-structured
data, such as social networks [36], traffic prediction [37],
and recommender systems [38]. Designing an LGL-based
HCBF optimization method (LGL-HCBF) for IoVs is non-
trivial, as it requires balancing plasticity and stability. Specif-
ically, in IoVs, the dynamic evolution of network topology
requires LGL-HCBF to possess sufficient plasticity so that
it can continually learn new topology features and rapidly
adapt to newly encountered scenarios. Meanwhile, given that
similar network conditions may repeatedly arise in practical
IoVs, the LGL-HCBF should possess sufficient stability to
effectively retain and accumulate knowledge learned from

previous scenarios. As a result, striking an effective balance
between enhancing the model’s adaptability to new scenarios
and preventing the forgetting of historical knowledge remains
a significant and challenging problem in IoVs. To address
this challenge, we propose two mechanisms, i.e., a knowledge
replay mechanism and a weight consolidation mechanism. The
main contributions of this paper are summarized as follows.

« To enable green mmWave IoV communications, an RHS-
based HCBF scheme is proposed by leveraging the low-
cost and low-power characteristics of the RHS. As it is
difficult to acquire perfect CSI in practical IoV scenarios,
we formulate a transmit power minimization problem
taking into account imperfect CSI by optimizing the
HCBF matrix for each scenario, subject to satisfying the
rate requirements of each MV.

o Due to the non-convexity of the formulated optimization
problem, as well as dynamic network topology variations
and time-varying channel conditions, an LGL-HCBF op-
timization method is proposed, in which an incremental
graph convolutional network (IGCN)-based beamformer
is developed to facilitate parameter sharing and exchange
of local structural information across different graph
structures, thereby providing stronger adaptability to rapid
changes in IoV scenarios.

o To address the stability-plasticity dilemma of LGL-
HCBF, we propose two complementary mechanisms, i.e.,
knowledge replay mechanism and weight consolidation
mechanism, which work collaboratively to preserve im-
portant knowledge learned from previous scenarios during
incremental updates. A stability—plasticity tradeoff factor
is introduced to balance stability and plasticity.

« Simulation results show that the proposed RHS-based
HCBF scheme achieves lower power consumption than
traditional phased-array beamforming schemes under
identical hardware cost, deployment scales, and rate
constraints. Moreover, the proposed LGL-HCBF exhibits
superior adaptability by leveraging knowledge learned
from similar scenarios, and achieves a higher approxi-
mation ratio on previously learned scenarios, consistently
outperforming other baseline LGL methods in terms of
stability and transferability.

The remainder of the paper is structured as follows. Section
II introduces the system model of the RHS-assisted IoV net-
works and formulates the transmit power minimization prob-
lem. Section III presents the proposed LGL-HCBF method,
and provides a detailed explanation of the algorithmic process.
Section IV provides extensive simulation results associated
with the RHS and the proposed method, while the conclusions
of the work are summarized in Section V.

Notation: In this paper, lower-case letters represent scalars,
lower-case bold letters denote column vectors, and upper-
case bold letters indicate matrices. The superscripts (-)7 and
()H refer to the transpose and conjugate transpose operators,
respectively. CM*N and RM*N denote M x N complex and
real matrix spaces, respectively. The Euclidean norm of a
vector a is denoted by ||a||2, and its squared norm is denoted
by |a|>. The notation Diag(a) forms a diagonal matrix from



TABLE 1
List of Notations

Symbol Definition

M Number of RHS elements.

N Number of feeds (RF chains) of the RHS.

My, M; Index sets of RHS elements along y and z axes.

M)',, M.  Number of RHS elements along y- and z-axis.

seS Scenario (topology) index; S: set of scenarios.

1 MYV index in scenario s.

t Time-slot index; 7': sampling period.

hy [] BS-MV channel vector for MV [ in scenario s at time slot ¢.
Ly Number of propagation paths of the BS-MV link.

ﬂls”it Complex gain of the i-th path at time slot 7.

hlsy’it Large-scale fading coefficient of the i-th path at time slot ¢.
PL() Path loss (dB); «: path-loss exponent; D: link distance.
PLy Path loss at the reference distance of 1 meter.

PL, Shadow fading; a—f: its variance.

a(p, y) Transmit steering vector.

¢Is,i’ z//f; ;  Azimuth/elevation AoD of the i-th path for MV [ in scenario s.
dy, d; RHS element spacing along y and z axes.

A Carrier wavelength.

o7 Temporal correlation coefficient.

5 Maximum Doppler shift for MV [ in scenario s.

ﬁ‘l‘ [t-T] Estimated CSI at the beginning of the previous slot.

Ahy[z] Channel error term.

7 Error covariance matrix.

Vs DBF matrix in scenario s.

Vsl Digital beamforming vector for MV [ in scenario s.

¥ Reference wave matrix.

M Holographic amplitude matrix in scenario s.
ufny,mz Amplitude of RHS element (my,, m) in scenario s.
Qs HoBF matrix in scenario s.

Ry [t] Achievable rate of MV [ in scenario s at time slot 7.

Minimum rate requirement of MV [ in scenario s.
loa Noise power.

Py Total transmit power at the BS in scenario s.

P Maximum transmit power constraint at the BS in scenario s.

T Sequence of learning tasks.

ez, Exemplar in training stage s.

As 2 Performance evaluation metric for exemplar e at stage s.

A 2 Stored soft label of exemplar e  obtained at training stage s.

£, Os Balance factors in A(-).

) BS transmit power for exemplar e  at training stage s.

R;N Achievable rate of the i-th MV in exemplar e at stage s.

~;S)l Rate requirement of the i-th MV in exemplar e  at training
stage .

& Stability-plasticity tradeoff factor.

vector a, and diag(A) extracts the diagonal vector from matrix
A. The calligraphic uppercase letter A denotes a set. The
expectation operator is denoted by E{-}, and ® represents
the Kronecker-product operation. The circularly symmetric
complex Gaussian (CSCG) distribution with mean zero and
variance X is represented as CN (0, X).

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Network Model

As illustrated in Fig. 2, we consider a typical downlink
multiple-input single-output (MISO) mmWave IoV commu-
nication system. Specifically, the BS transmits multiple data
streams to multiple single-antenna MVs. To reduce overall
system hardware cost and power consumption, an RHS panel
is integrated at the BS to perform HCBF by leveraging the
holographic principle, thereby reducing the need for large-
scale RF chains and phase-shifting circuits [39]. Generally,

RHS side _

BS side

Fig. 2: System model of RHS-assisted mmWave IoV.

the RHS consists of three main components, i.e., M sub-
wavelength RHS elements, N feeds, and a waveguide. The
RHS elements are arranged in a uniform planar array (UPA)
on the y-z plane, forming an array size of M = My xM,, where
My and M, represent the number of elements along the y and
z axes, respectively. These elements are indexed by the sets
My={1,...,my,...,My}and M, ={1,...,m,,...,M,}. In
contrast to conventional phased-array architectures, which rely
on per-element phase shifters and parallel feeding networks,
the RHS adopts a fundamentally different operating mech-
anism based on reference-wave propagation and amplitude-
controlled elements. Due to the dynamic mobility of MVs,
they frequently enter or exit the network coverage area, leading
to dynamic changes in the IoV network topology.

Definition 1: (The s-th Scenario) The network topology
consisting of s connected MVs simultaneously served by the
BS is defined as the s-th scenario.

According to Definition 1, for an IoV system with S MVs,
there exist at most S possible network scenarios 2, forming
the scenario set denoted as S = {1,...,s,...,S}. Particularly,
in the s-th scenario, the /-th MV is denoted with [ for short,
where [ € {1, ..., s}.

2It is worth clarifying that the scenario index does not correspond to
independent mobility patterns. Instead, all scenarios are extracted from a
continuous mobility process by grouping time slots according to the number
of connected MVs.



B. Channel Model

1) MmWave Channel Model: According to [40]-[43], a
time-varying Saleh-Valenzuela scattering model is considered
to characterize the mmWave channels when the Doppler effect
is introduced. Specifically, let hj[t] € CM*1 denote the
channel gain from the BS to the /-th MV in the s-th scenario
at time slot ¢, given by

hj[1] = a(o7,05:) (1)

I Zﬁ
M

where s is a normalization factor, L} represents the number
of propagatlon paths for the BS-MV links, with i = 1
denoting the line-of-sight (LoS) path, i > 2 denoting the non-
LoS (NLoS) paths. ﬂi’i’ = hls”i’ eI2707T denotes the time-
varying complex gains incorporating the Doppler shift fls’i
and sampling period T, respectively. The large-scale fading
coefficient of the i-th propagation path for the /-th MV at
time slot ¢ is defined as hi’[’ ~ CN |0, IO_O'IPL;”"[), where
PL(dB) = PLj + 10a log,y(D) + PL,, PLg is the path loss
at the reference distance of one meter, @ denotes the path-
loss exponent, D (in meters) represents the individual link
distance, and PL; ~ CN (0, 0'3) is the shadow fading with
variance O'SZ. Similar to [44], a ¢f’i, l,bil. e CM*1 denotes the
transmit steering vector for the /-th MV corresponding to the
i-th propagation path, which is given by

a(¢ii,zﬁ;‘,i)=ay(¢;‘,i,w;,,.)®az(zp;"i), Vs, i, (2)

where ¢‘l“’l. and w;’i are the i-th angles of departure (AoD)
in azimuth and elevation of the /-th MV in the s-th sce-
nario, respectively. Specifically, ay q)ls’l.,z,bls’l. denotes the y-
axis steering vector of the i-th path for the [-th MV in the
s-th scenario, which is given by

[1’ej27”dy sinq)f’i sinl,b;;i, o
vy 3)

. 5 AT
eJ(Myfl)%dy sin 7 ; sinyy’; Vs, 1, i,

ay ((ﬁ,i’ wls,i) =

and a, (zplsi) denotes the steering vector along the z-axis of
the i-th path for the /-th MV in the s-th scenario, which is

a4 (w?z) =

1 [1,6j27”dz€08¢ii,.~-,
VM, )

. 2 T
with dy, and d being the element spacing of the RHS along the
y- and z-axes, respectively, and A being the carrier wavelength.

2) Imperfect CSI: Due to the high mobility of MVs and
the resulting short coherence time in IoV systems, channel
estimates quickly become outdated, making it impractical for
the BS to acquire perfect CSI [45]-[47]. In this context, the
temporal correlation coefficient, denoted as p;' , is introduced to
characterize the correlation between the true CSI and the out-
dated CSI, based on the Jakes’ model [48], [49]. Specifically,

e} =Jo (271 1 T), where Jj is the zeroth-order Bessel function

of the first kind, and f;* = max( ls’l, cees fls’Lf) represents the
maximum Doppler shift. Therefore, the channel evolution over
time can be modeled as a function of the value estimated at
the beginning of the time slot, plus an unknown residual error
that obeys a certain distribution [50], which is given by
hi[1] = pihS [t = T] + AR [1], v, (5)
where fl‘l‘ [# —T] denotes the estimated outdated CSI, Ah; (7]
represents the unknown residual error that follows Ahj[7] ~

CN (0, (1 - |pls|2) 2;) and Zf > 0 is the positive semidefinite
error covariance matrix.

C. RHS-based HCBF Transmission Model

Since the RHS panel lacks digital processing capability,
baseband signal processing is performed at the BS. As shown
in Fig. 2, for the s-th scenario, the intended signal vector
for MVs is denoted as x,[t] = [xf [t],...,x$ [t]]T e ¢,
and the BS encodes s data streams via a DBF matrix V; =
[vf,...,vj] € CN*S. The processed signals are then up-
converted to the carrier frequency by the RF chains, each
of which feeds to the corresponding RHS feed. These feeds
transform the high-frequency currents into electromagnetic
waves, represented by the reference-wave matrix W € CM*N
Accordingly, the reference wave generated by feed n at the

(my, m,)-th radiation element is given by

W, = el ), (6)
where k, is the propagation vector of the reference wave,
and rmy m, 1s the distance vector from the feed n to the
(my, m,)-th element. The reference wave propagates along the
RHS through the waveguide, exciting the RHS elements. The
amplitude of the reference wave at each element is controlled

by the holographic amplitude matrix M, € RM*M which is

M, = Diag (1} 5.+l ) (7)
with umy m, € [0,1] denoting the continuous amplitude-
control coefficient of the RHS elements for modulating the
reference wave. In an ideal case, the radiation elements whose
radiated waves are in phase with the desired directional beam
are tuned to radiate strongly, while the radiation elements that
are out of phase are detuned so as not to radiate. Therefore,
the HoBF matrix Qg € CM*N for the s-th scenario is given
by

Qs = M,Y. ®)

The desired directional beams are generated by the coherent
superposition of electromagnetic waves from the activated
RHS elements. Since the feeds of the RHS are directly
connected to the RF chains, no channel attenuation occurs
between BS and RHS. As a result, the signal received by the
[-th MV in the s-th scenario at time slot ¢ is given by

Y[ = A" Quu s [+ 117 Q, Y vy [11+2] 1], (9)

U#l



where vf € CNX! ig the [-th column of the matrix V, and
Z[t] ~CN (0, 02) is the additive white Gaussian noise. Thus,
the achievable rate of the /-th MV in the s-th scenario is

h? H Ssz
et ),
02+ Yy 05[] Qv

Finally, the total transmit power at the BS in the s-th scenario
is given by

R} [t] =log, (l +

P, =Tr(QSVSVSHQfI). (11)

D. Problem Formulation

We aim to minimize the total transmit power at the BS
across various topology scenarios S with different numbers
of MVs, by jointly designing the DBF matrix Vj, and the
HoBF matrix Q for each scenario s € S, while satisfying the
MYV rate requirements, the BS maximum transmit power con-
straint, and the RHS amplitude constraint under imperfect CSI.
Accordingly, the optimization problem for the s-th scenario is
formulated as

‘gncg‘)lv Py (12a)
SURI 2R, Vie{l,..s},VseS, (12b)
Py <P, VseS, (12¢)
ufny’mz e [0,1], Vmye My, Vm, e M,, (12d)

where I?ls is the minimum required rate threshold for the [-
th MV and Pj,, is the maximum transmit power of the BS
in the s-th scenario. Specifically, constraint (12b) indicates
that the achievable rate for the /-th MV should meet its re-
quired threshold, ensuring that each MV satisfies its minimum
rate requirement across different scenarios. Constraint (12c)
imposes a maximum transmit power at the BS. Constraint
(12d) defines the allowable range of amplitudes for the RHS
elements. Considering imperfect CSI, the RHS-assisted oV
system should be capable of achieving robust HCBF optimiza-
tion, satisfying certain communication rates while minimizing
power consumption.

The optimization problem (12) involves multiple scenarios,
each with distinct network topologies, which introduces addi-
tional complexity, as the model must generalize across these
scenarios. Besides, it is noted that the problem in (12) is NP-
hard because of the non-convex constraints and the highly cou-
pled variables, which involve optimization in the complex do-
main with multiplicative coupling of the variables, while being
subject to amplitude constraints defined in the real domain for
each scenario. On this basis, both conventional mathematical
optimization methods and learning-based approaches such as
DRL [51] are not well suited to the formulated problem, since
the former typically require multiple iterative optimization
under channel variations, whereas the latter often need to be
retrained from scratch when the topology changes, both of
which incur substantial computational overhead and limit rapid
adaptation. The above challenges have motivated the develop-
ment of the LGL method in recent years, which is capable of
continuously learning rather than training from scratch when
the topology changes, while maintaining the performance in

previously learned scenarios. Instead of explicitly solving the
NP-hard problem through online iterative optimization, the
LGL method reformulates the original problem as a graph
learning task and trains a GNN-based beamformer to learn
the mapping from topology-dependent imperfect CSI to the
corresponding DBF and HoBF solution. In this way, the
difficulty caused by the non-convex and coupled variables
is shifted from repeated online optimization to offline model
training. During deployment, only graph construction and one
forward inference are required to generate the beamforming
solution. Therefore, the LGL-HCBF method is proposed to
address such problems in the following section.

III. PROPOSED LGL-HCBF METHOD
A. Theory Background

The LGL method is a paradigm dedicated to enabling GNNs
to effectively handle continuously evolving graph structures
and data throughout long-term learning [52]. It combines
the concepts of GNN [53] and lifelong learning [54]-[56],
aiming to leverage knowledge from previous learning tasks
to assist the model in continuously learning to solve new
tasks while preserving the knowledge learned from previous
ones [35]. In LGL, learning tasks are presented to the GNN
model sequentially, where each learning task is trained by fine-
tuning the GNN model based on the previous learning task.
However, naive fine-tuning can lead to catastrophic forgetting,
where the model forgets the old knowledge from previous
learning tasks when trained on new learning tasks [52]. In
the worst case, newly acquired knowledge may completely
overwrite old knowledge, making it inaccessible. Conversely,
being overly cautious about updating its parameters to avoid
forgetting past knowledge would prevent rapid adaptation to
new learning tasks. This phenomenon is called the stability-
plasticity dilemma [57]. Therefore, the LGL method should
be designed properly not only to maintain plasticity for in-
tegrating new knowledge, but also to keep stability to retain
previous knowledge.

B. Architecture of the Proposed LGL-HCBF Method

To minimize the BS transmit power by jointly optimiz-
ing the DBF and HoBF under imperfect CSI, the proposed
method first models the downlink transmission scenario of the
IoV as a fully connected directed (FCD) graph. The graph
structure directly affects the joint DBF-HoBF optimization
by transforming explicit inter-link interference and coupling
relationships in the analytical formulation into structured in-
formation propagation in the embedding space. Specifically,
the achievable rate of each MV depends not only on its own
digital and holographic beamforming vectors, but also on the
beamforming decisions associated with other MVs due to
multi-user interference and shared transmit power constraints.
This creates strong cross-link coupling in both the objective
function and the constraints. To reflect this structure, each
BS-MV communication link is regarded as a node, with node
feature embedding imperfect CSI (i.e., fl‘l‘ ) to characterize the
link gain. Each edge represents the interference relationship
between MVs, with the normalized inter-vehicle distance and
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Fig. 3: Architecture of the proposed LGL-HCBF method.

lane index adopted as edge features to encode geometric
proximity and spatial configuration, which together determine
the interference strength in the physical channel. Whenever
MVs enter or exit the coverage area, the graph is adaptively
updated by adding or removing the corresponding nodes and
associated edges, without redefining the network architecture.
The same IGCN parameters are shared across all nodes and
edges, and each node aggregates information from its cur-
rent neighbors through a permutation-invariant operator (e.g.,
sum). Therefore, the layer structure and parameter dimensions
remain unchanged when the number of MVs varies, while the
output representation is insensitive to node ordering, thereby
ensuring scalability and stability to neighborhood variations.
With such a construction, each node updates its embedding by
aggregating edge-weighted messages from neighboring nodes,
thereby capturing an implicit representation of the aggregated
interference impact from other links. Through multiple layers
of message passing, the IGCN propagates information beyond
one-hop neighbors, allowing the node embeddings to capture
the complex dependencies inherent in the joint DBF-HoBF

optimization, including cross-link coupling, multi-user inter-
ference, the shared transmit power constraint, and the common
RHS amplitude design, after which the readout layer directly
maps these embeddings to the DBF and HoBF decisions.

As time evolves, continuously moving MVs induce dynamic
variations in the number of connected vehicles, thereby giving
rise to topology scenarios with different connection scales,
which can be mapped to different learning tasks in the pro-
posed LGL-HCBF method to enable incremental knowledge
transfer and retention in continuously evolving IoV topologies.
Specifically, in the learning process, the proposed LGL-HCBF
receives a sequence of tasks 7 = {71,...,7,...,7s}, each
corresponding to an HCBF optimization task under a particular
IoV topology scenario, with the objective of minimizing the
BS transmit power. The learning task transition is triggered
when the number of connected MVs changes, i.e., when one
or more MVs enter or leave the coverage area. Topology
variations induced by vehicle mobility, such as changes in
inter-vehicle distances and CSI evolution, are treated as intra-
task dynamics and are modeled within the same learning task
via time-varying node and edge features. These learning tasks



are learned by the proposed LGL-HCBF method sequentially.
According to Definition 2, the learning process consists of
S training stages for sequentially completing S learning tasks.
For each learning task, parameter inheritance is adopted, where
the model is initialized using the optimized parameters learned
from the previous learning task, thereby providing a fine-tuned
starting point for further adaptation. To address the stability-
plasticity dilemma of LGL-HCBE, we propose two comple-
mentary mechanisms, i.e., a knowledge replay mechanism and
a weight consolidation mechanism, which work collaboratively
to preserve previously learned knowledge. As shown in Fig.
3, each training stage contains four steps, namely, graph
construction, model training, importance scores of weights
calculation and memory buffer establishment. Specifically,
the graph construction is identical in all training stages.
The model training is mainly aimed at training the IGCN,
which learn topology-dependent representations and output
the corresponding HCBF solution. The importance scores of
weights are calculated by the proposed weight consolidation
mechanism, which evaluates the contribution of each weight to
the previous learning tasks, reduces the plasticity of important
weights to make them less susceptible to being overwritten
during new task training, and allows unimportant weights
to adjust freely, thereby enabling the model to retain prior
knowledge while learning new information. Furthermore, the
memory buffer stores the samples selected by the proposed
knowledge replay mechanism, which replays a small set of
representative exemplars from previous learning tasks during
the training of new tasks, helping the model preserve knowl-
edge from previous learning tasks. The specific details are
described as follows.

Definition 2: (Training stage s) The training stage s is
defined as the s-th learning phase of the proposed LGL-HCBF,
during which the model is trained for learning task ;.

1) Training stage 1: The dataset D; = {(gl,,-)}ii‘] for the
first scenario is adopted in training stage 1 to train the model
O, aiming to obtain the IGCN-based beamformer A (-, ©7)
by optimizing A (-,0), where D represents the number of
dataset samples, and Gy, represents each sample. @] is the
optimized model parameter at training stage 1, which maps the
node features to the desired DBF matrix V; and HoBF matrix
Q. After model training, the importance scores of weights I
are calculated. Weights that make a large contribution to previ-
ous learning tasks are assigned lower plasticity, whereas less
important weights are allowed higher plasticity. Meanwhile,
a small subset of 9, selected as exemplars and denoted by

N ) .
e1 = {(e})};_,, is stored in the memory buffer for replay in
later training stages, where Z; is the number of exemplars and
satisfies Z; < D;j.

2) Training stage s € (2,...,8): Later, training stages
after stage 1 are incremental learning stages. In training stage
s € (2,...,5), model @Oy is initialized with the parameters
of ®,_; and updated using dataset Dy = {(Qs,i)}g"l along
with exemplars €.5_1 = {e1,€2,...,€5-1} to obtain A (-, ©7).
After the model training, the importance scores of weights I
are updated and a small subset of exemplars €5 is stored in
the memory buffer for replay in future training stages.

C. Steps in Each Training Stage

1) Graph Construction: For training stage s, the considered
RHS-assisted IoV system for the s-th scenario is modeled as
Gs = {Vs, Es, X, Y}, where Vi represents the node set of
BS-MV communication links, and &; represents the edge set
of MV-MV interference links with ¢y = s X (s—1) edges. X =
{xs.1})_, is the set of nodes’ features and x5, is the feature of
the /-th node in training stage s. Y = {ef’l/}l,pe{l ,,,,, s} denotes
the set of edge feature vectors in training stage s, with els, y
being the feature vector of the edge from the /-th node to the
[’-th node.

2) Model Training: After converting the considered RHS-
assisted IoV into the FCD graph, model ®; is optimized for
learning task s at training stage s. To efficiently optimize the
HCBF, an IGCN-based beamformer Ay with B + 2 blocks is
designed. We aim to learn a shared model ® parameterized
by W = {W(b)}f:; that is able to perform well among all
learning tasks 7.

As shown in Fig. 4, the IGCN-based beamformer A
starts by embedding the input node and edge features into
higher-dimensional representations, capturing deeper features
and patterns through nonlinear transformations. Thus, for
embedded block By, given the input node feature vector hs,

() ¢ pC .

the embedded node feature vector xz , €R™e s
wfll) =f (fz (ng)fl (flf))) ,
where fi(-) : CM — R?M is the complex-to-real function,
W&g) € RO X2M denotes the learnable weight matrix in the
embedded block By, and C\(,g) is the corresponding dimension.
f2(-) and f3(-) denote the batch normalization and a nonlinear
operation (e.g., ReLU), respectively. For each graph edge,
given the distances and lane information between the /-th and
the I’-th nodes, the embedded edge feature vector e?" v € Rce(;))
is transformed as

13)

el = £ (WL, (14)

T
where I, = [dls,l,,LAls,LAls,] . dj, and LAj represent
the normalized distance between two nodes ang) the lane
index of the /-th node, respectively. Wég) € R% 3 is the

learnable weight matrix for the edge feature, and Ce(g) is the
corresponding dimension.

To capture inter-node relationships, B update blocks, each
corresponding to a GCN layer and a ResNet-inspired layer,
are used to obtain the structural information. Specifically,
each GCN layer consists of three processes, i.e., the message
passing, the message aggregation and the node update.

e Message Passing: For each edge I — [’, the message

vector mibl) , of the b-th GCN layer is formed by

concatenating the source node feature :cibl), destination
(b) ’

node feature x, . and the edge feature ef o which is
b b b)
mi,l),p = wi,l)’wi,lz’e;,l’ 7forb € {1,...,B}, (15)
. (0) .
with mibl)l, € ch(b)+ced , and c® being the feature

dimension of the node in the b-th GCN layer.
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o Message Aggregation: In the aggregation step, each node
aggregates messages from all its neighbors [’ € N(I),
which is expressed by

()

28 = i (m), 11 eN ), (16)
) 4c® - ®) 4
with f4(-) : R(2C *Ca )X<S b, R(ZC *Caa ) being the
permutation-invariant aggregation function (e.g., sum()).

o Node Update: After aggregation, the node feature vector

g&” 1€ RE™ are updated in terms of
(b+1) (b) ~(b)
Toen.si = I3 (WGCN 5,1 ) 17
(b) Ccbh zc(b)+ce(0)
where WGCN ( d )

To preserve information flow and mitigate vanishing gradi-
ent issues, residual connections are introduced. At each update
block, the input node features are also fed into a ResNet-
inspired layer, which performs a transformation and then adds
the resulting feature vector to the output of the current GCN
layer. The combined output is fed into the subsequent update
block to generate :c(bl RC(M), ensuring that both the
original features and the newly learned representations are
jointly exploited in the learning process, as expressed by

(b+1) _ (b) ..(b) (b+1)
z, =L (WRES ) T Toens, 1 (18)
where Wl(;];)s RCIxC®)

The output z! l) is then fed into the readout block, which
consists of a DBF generation layer and a HoBF generation
layer to output the initialized DBF vector 'v‘m C?N and the
RHS amplitude vector ulsm eRM, respectlvely, as given by

vl = f5 (MLPDBF( (5 ))),

2
n /5 (MLPHOBF( (li))) ,

u =
where f5(-) represents a nonlinear operation (e.g., Tanh), and
MLP denotes multi-layer perceptrons. It is worth noting that
the square-and-root operation in Eq. (19) guarantees that the
elements of u"“l are constrained to the range [0, 1], thereby
satisfying the physical and mathematical constraint (12d).
Furthermore, a post-processing step is employed to map

the model outputs into optimization variables through a series

19)

of mathematical operations. Specifically, the DBF vector is
given by vy = PS5, U1, where Uy = vis“il et * vi‘j}’imag
is the normalized DBF vector, with 'Ui“} eq and v;‘j}’imag
being the real and imaginary outputs of the DBF generation
layer, respectively. The holographic amplitude vector is then
obtained by averaging the initialized RHS amplitude vectors

across all users, i.e.,

1<
i = D, (20)
I=1
M = Diag(ﬁs), 210

€ RM denotes the averaged RHS amplitude vector.
ini

where ug
By taking the arithmetic mean of the initial amplitudes u
for all MVs in each scenario, the amplitude design of each
RHS elements simultaneously accounts for the requirements
of all MVs, rather than biasing toward any particular MV.

3) Knowledge Replay Mechanism: In training stage s €
(2,...,S), the knowledge replay mechanism 3 is employed to
preserve knowledge acquired in previous training stages and
mitigate catastrophic forgetting. Specifically, for each training
stage s, a small exemplar set €5 = jej, €3, .. 32 is selected
for replay, where Z; is the number of exemplars in the s-
th scenario. To improve computational efficiency and reduce
storage requirements, the selected exemplars should effectively
represent the core characteristics of the dataset. Therefore,
the herding method [59] is adopted, which iteratively selects
samples closest to the mean of the data distribution, and

.,e

zs—1
el, — argmin |, — — |Xo i+ Y €| |Xoi € Godll, (22)
gs ieDs Zs i=1
. 7=
ZXs,iEQS,i Xs,i
where pg = % is the mean of the data distribution.

Instead of directfy using the exemplars to train the model,
a performance-based data regularization mechanism is intro-
duced to penalize the degradation in performance on exem-
plars, rather than enforcing exact matching of historical out-
puts. To this end, a scalar performance evaluation metric A(-)

3This mechanism relies on a retraining process from previous task samples
to keep the performance of previous experiences on previously learning tasks
[58], [59].



is designed to jointly capture the transmit power consumption
and rate-constraint satisfaction for a given exemplar. Specif-
ically, for exemplar e; at training stage s, the performance
evaluation metric is defined as

5 K] R‘s 2
2 7L
Asz =¢ (P, ;Z(R+—1), (23)

i=1 Zs,l

with ¢ and 6 being the balance factors, Ps ;, R;é and
I§5 ; denoting the transmit power at the BS for exemplar
e§ , the achievable rate and the rate requirement of the i-
th MV in exemplar e in training stage s, respectively. By
design, a smaller value of A, . indicates better performance,
corresponding to lower transmit power and improved con-
straint satisfaction, whereas a larger value reflects performance
degradation or increased constraint violations. For exemplar
e}, the corresponding soft label is defined as the performance
value attained by the optimized model parameterized by @}

at training stages s, which is given by
2
) ) (24)

5 S RS .

Mo =C(PLo)+3 ), ( i

i=1 sl
where P; , and RS denote the transmit power and achiev-
able rate, respectlvely These soft labels serve as performance
anchors to characterize the performance achievable by the
optimized model on the corresponding exemplars at training
stage s. Importantly, these soft labels are stored together with
the exemplar in the memory buffer and remain frozen during
subsequent training stages. When the model is updated at a
later training stage s’ (s’ > s), its performance on exemplar
e; is evaluated using the same metric, yielding Ay ; . The

resulting performance difference is quantified as

*
AY’ Zs As,zA

l+€ (Av .28 As,zs).

Us',s,zs = (25)
A positive value of vy s . indicates that the current model
suffers performance degradation on exemplar e;  relative to
the stored soft label, whereas a non-positive value indicates
that the current model has preserved the previously acquired
knowledge on that exemplar, and may even achieve a better
solution. With this design, Eq. (25) avoids directly constraining
the model to reproduce historical beamforming outputs, and
instead regularizes learning at the performance level, thereby
preventing error accumulation across training stages, even
when the historical solutions are not optimal.

To make the knowledge replay mechanism directly affect
model training, the performance differences on all stored
exemplars from previous training stages are aggregated into
a replay regularization term, which is incorporated into the
training stage-s training loss as

s—1

1
‘_—IZZ Z Us,n,zn-

i=1 “i pn=1z,€Z,

-EIX(R(@S) = (26)

By minimizing this term, the current model is encouraged to
preserve the historical performance recorded by the soft labels
while adapting to the new learning task, thereby mitigating
catastrophic forgetting across training stages.

4) Weight Consolidation Mechanism: After training task
75, the optimized model parameterized by @} are obtained.
It is well known that not all model weights contribute equally.
Those weights that significantly contributed to the output
are assigned lower plasticity to preserve previously acquired
knowledge, while less important weights are given higher plas-
ticity to facilitate adaptation in new learning tasks. Specifically,
at training stage s, the importance scores of the model weights
are computed based on the gradients of the task-related (TR)
loss, where the gradient magnitudes are used as indicators of
parameter importance. Accordingly, the importance scores are
given by

1

S
DS + Zi:l Zi gs,j€<€]:s—1UDS) (27)
ILig (A (Gs.). 0)))
00 ’
where the TR loss is defined as
5 2
s (R}
s 5 \2 ’?“' CYZ;-:] (R_f—l)
LTR = (PC) eanax + B (28)

N

and « is the balancing hyper-parameter. Accordingly, a weight
consolidation term is designed to constrain important param-
eters from deviating excessively from their previously opti-
mized values, thereby preserving historical knowledge during
incremental training, which is given by

-1
L{vc(gs) =

® (0, - 0F)’. (29)

The objective of the Weight consolidation mechanism is to
allow weights with low importance scores to be adjusted more
freely, while preserving weights with high importance scores.
In training stage 1, only the task-related objective is con-
sidered. For the subsequent training stage s € (2,...,S), the
model should not only minimize the BS transmit power while
satisfying the rate requirements of the current scenario, but
also preserve the knowledge acquired from previous training
stages. To this end, the overall training loss is defined as

- 1
L(0y) = o > LiglA(Gs. 0y))

S GsieDy
+§[£;S<R(®s) + Livc(ﬁ)s)] )

where & is the stability-plasticity tradeoff factor. Both the
knowledge replay mechanism and the weight consolidation
mechanism are incorporated into the overall loss as weighted
regularization terms, thereby imposing soft constraints rather
than hard restrictions on model updating. When the new
learning task differs significantly from previous ones, e.g., in
the number of MVs, the strength of these regularization terms
can be relaxed by adjusting the stability-plasticity tradeoff
factor, allowing the current task loss to dominate the param-
eter optimization and thus preserving sufficient plasticity for
adaptation.

s> 2,



Then, the parameters of model @, are updated according to
[Os] — [0s] - ¥V, Ls(Oy), (€3]

where vy is the learning rate.

D. Complexity Analysis of LGL-HCBF

The overall computational complexity of the proposed
LGL-HCBF method consists of two main components:
graph construction and IGCN inference. According to [35],
the computational complexity of graph construction is
O (2Ms +3s(s — 1)). The computational complexity of the
model inference primarily arises from three components: fea-
ture embedding, iterative graph convolutional updates, and
readout operations. The computational complexity of the fea-
ture embedding is O(sM C‘(,g + 3s2C23)), The core computa-
tional load stems from the IGCN, which consists of B update
blocks. Each block includes message passing, aggregation,
and node update steps with the computational complexity
o (s2 . (2C<b) + Cég)) . C(b”)). Lastly, the readout block in-

cur a complexity of O(sC® D). Therefore, the overall com-
putational complexity of training is

o(smcl? +52cly)

B 0 (32)
+ Y st (20 4 ) ¢V 45 D),
b=1

where the dominant term is O(Bs>C?), with C representing
the upper bound of the feature dimension per layer. It is worth
noting that the two lifelong learning mechanisms are no longer
required during inference. The total computational complexity
of the proposed method is

O(2Ms +3s(s—1)+ sMC‘(,g) + SZCSZJ)

B
2 (b) 0)) ~(b+1) (B)p) = 202
+;s (2c® +c) ¥V +5c® D) = 0(Bs5C?).
(33)

I'V. NUMERICAL RESULTS

In this section, simulation results are provided to demon-
strate the advantages of the proposed RHS-based HCBF
scheme over traditional phased-array beamforming schemes.
Moreover, the proposed LGL-HCBF method is compared with
state-of-the-art methods to highlight its superior performance.

A. Simulation Settings

The simulated IoV network consists of a 1 km bidirectional
two-lane road segment [60] aligned with the y-axis, where the
MVs move along the positive or negative directions of the y-
axis. A standard lane width of 3.5 m is adopted to model
a typical roadside coverage scenario [60]. Due to vehicle
mobility, MVs may continuously enter and leave the cover-
age area of the BS, which is located at (0, 10,20), thereby
leading to dynamic changes in the network topology. Under
this setting, the proposed LGL-HCBF method incrementally
learns multiple topology scenarios characterized by different

numbers of connected MVs. Specifically, eight representative
scenarios are considered, where the number of MVs varies
from 2 to 16 to capture traffic conditions ranging from sparse
to moderately dense [61]. In particular, the s-th scenario
corresponds to a case with s connected MVs, where s €
{2,4,6,8,10, 12, 14, 16}, while more congested cases with 18
to 50 connected MVs are also evaluated. Moreover, MV speeds
are set within the range of 5-30 m/s to represent mobility
levels from urban roads to highways [62], which directly
influence the Doppler spread and channel time variations in
practical IoV systems. Unless otherwise stated, the system
parameters and the hyperparameters of the proposed LGL-
based method are summarized in Table II [63].

TABLE II
System Parameters and Hyperparameters Setting.
System parameters Symbol  Value
Antenna number N 16
Car velocity v 5,10, ..., 30 m/s
Maximum transmit power Pox 47 dBm
RHS element spacing dy /d; 025cm
Carrier frequency f 30 GHz
Bandwidth B 600 MHz
Propagation vector on the RHS k, 200V3 7
Size of RHS M 64
Noise density o? -80 dBm/Hz
Propagation paths number L; 2
Carrier wavelength a 1 cm
Path loss at the reference distance PLy 61.4 dB
Path-loss exponent a 22
Variance of shadow fading o2 5.8 dB
Hyperparameters Symbol  Value
Learning rate y 45%x107
The number of epochs for each learning task A 5000
The size of dataset for each learning task D 5000
The size of exemplar for each learning task & 50
Batch size By 128
The number of update blocks B 4
B. Hyperparameters Selection via Simulations
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Fig. 5: Convergence rate of different learning rates for the
proposed LGL-HCBF method.



1) Learning rates selection: Since the learning rate greatly
affects the convergence rate of the proposed LGL-HCBF
method, we simulate the influence of different learning rate
selections on the convergence rate and the loss. Specifically,
it compares the average logarithmic loss obtained as it varies
with the episode under different learning rate selections. As
shown in Fig. 5, a relatively large learning rate (i.e., 4.5x1072)
results to increased oscillations, with periodic spikes in the
logarithmic loss function, which indicates instability in the
learning process. On the contrary, a relatively small learning
rate (i.e., 4.5x 107 and 4.5x 107°) takes too long to converge.
Although the learning rate of 4.5 x 107 converges faster than
the two mentioned above, it stabilizes at higher logarithmic
loss values compared to the setting of 4.5 x 107*. Therefore,
we adopt a learning rate of 4.5 x 107 for the following
simulations.

2) Sequential training order design: To avoid training in-
stability or overfitting when handling scenarios with large dis-
tribution shifts, the training order should be carefully designed.
Since the learning tasks are generated from a continuous
mobility process, adjacent scenarios are inherently correlated
rather than completely independent. This property enables the
sequential arrangement of highly similar tasks, allowing the
model to gradually adapt to topology variations and stably
capture the characteristics of different scenarios. Therefore,
to quantify the similarity between different scenarios, graph
edit distance (GED) [64] is introduced as the similarity metric.
GED quantifies the minimum transformation cost between two
graphs by measuring the total cost of edit operations, such as
node and edge insertion, deletion, and feature replacement.
Specifically, the GED between the dataset 9D, and Dy is
expressed by

ZzD:TI ZJD;{ Q(gs,ia gs’,j)
Ds X Ds’
where G ; € Dy, Gy,j € Dy, and 0(Gs,i, Gy, ;) is the editing
cost function.
Definition 4: (Editing cost function) The editing cost
function is defined as

GED(Dy, Dy) =

. (G4

i1 ;/:1 B(@s,i.zy ;)

A (S, S,) +A (Ls’ Ls’) + = sXs’

Q(gs,is gs’,j) = 3 )
(35)
with A (a,b) = 420~ and B(a,b) = g being cosine
similarity.

According to Definition 4, the editing cost function consid-
ers both the cost caused by the node or edge insertion/deletion,
and feature replacement. The higher the value of the editing
cost, the greater the difference between the two graph, and
similarly, between the datasets. Thus, the scenario similarity
between the dataset D and Dy is given by

Sim(Dy, Dy) = 1 — GED(D;, Dy). (36)

The similarity among the simulated scenarios with different
numbers of MVs (i.e., 16, 14,12, 10, 8,6,4,2) is presented in
Table III. Consequently, the proposed LGL-HCBF method is
trained incrementally across these scenarios in a sequential
manner, following a decreasing order in the number of MVs,
ie, 1651451251058 >6 >4 — 2.

TABLE III

The scenario similarity

1-2
16 — 14
0.844

1-3 1—-4
1612 | 16 - 10
0.633 0.45

1-5
16 - 8
0.294

1—-6
16 > 6
0.197

1-7
16 — 4
0.117

1 -8
16 -2
0.055

Training stage
The number of MVs
Scenario diversity

Transmit Power (W)

Fig. 6: Transmit power
tradeoff factors.

versus different stability-plasticity

3) Stability-plasticity tradeoff factor selection: Since the
stability-plasticity tradeoff factors significantly impact the abil-
ity to integrate new knowledge while preventing the forgetting
of previous knowledge, Fig. 6 shows the transmit power at the
BS for each learning task, under various stability-plasticity
tradeoff factors £. As shown in Fig. 6, when the factor is
set to a relatively small value, the model tends to overly
focus on the performance in its subsequent scenario, leading to
catastrophic forgetting of knowledge from previous scenarios.
Specifically, when the stability-plasticity tradeoff factor is set
to 1, it results in lower transmit power in the 8-th training stage
compared to other configurations with relatively larger factors.
However, in the previously learned scenarios, the transmit
power increases drastically due to catastrophic forgetting. In
contrast, when the factor is set to a relatively large value
(e.g., 100), the model performs poorly in subsequent scenarios,
with higher transmit power, which indicates a weaker ability
to adapt to new scenarios. However, in the previous learned
scenarios, the model manages to maintain lower transmit
power. This suggests that with a larger factor, the model
favors the preservation of old knowledge but prevents the rapid
learning of new scenarios. Therefore, we adopt a stability-
plasticity tradeoff factor & = 60 for the following simulations.

4) Effect of node and edge feature selection on transmit
power performance: To verify the impact of feature selection
on the transmit power performance, as shown in Fig. 7, we
compare the proposed node-edge feature design with three
other different feature design schemes, namely, removing node
features; using only the channel gain magnitude of imperfect
CSI as node features; and removing edge features. Under
different MV velocity conditions, the required BS transmit
power subject to the QoS constraints is compared across all
schemes. It indicates that removing node features causes the
transmit power to rise rapidly and quickly drives the system
into the infeasible region as the MV velocity increases. The
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Fig. 7: Transmit power versus velocity of the MVs under
different node and edge feature design.

reason is that without CSI-driven node features, the model
can hardly distinguish the quality differences among commu-
nication links, thereby failing to effectively learn the HCBF
strategy. Although using only the channel gain magnitude as
the node feature outperforms removing node features, ignoring
phase information and richer structural CSI severely limits
its capability to characterize multi-user interference coupling,
leading to notable performance degradation. Moreover, remov-
ing edge features degrades the model performance, as the
lack of geometric and topological information hinders accu-
rate modeling of the dynamic interference structure, thereby
increasing the transmit power to satisfy QoS constraints. In
contrast, the proposed node and edge feature design consis-
tently achieve the lowest transmit power requirement across all
velocity ranges. These results demonstrate that feature design
has a significant impact on the transmit power, and that the
proposed node-edge features enable more accurate charac-
terization of channel conditions and multi-user interference,
thereby reducing the transmit power.

C. The Gain Achieved by RHS-based HCBF

1) Comparison of the transmit power under identical size
and hardware cost constraints: To show the advantages of
the RHS in terms of size and hardware cost, Fig. 8 shows
the transmit power at the BS versus the required rate for each
MYV, ie., I?f , and compares the performance of RHS-based
HCBF scheme with phased-array beamforming scheme at the
identical size and hardware cost. Specifically, for the aspect
of size, the element spacing of the phased arrays is typically
about half wavelength [65], while for the RHS, it is set to one
quarter wavelength #. For the aspect of cost, the major cost
of a phased array lies in the T/R modules, which account for

4According to effective medium theory, increasing the density of RHS
elements enlarges the effective aperture and improves radiation performance
[66]. However, such gains do not scale linearly with the number of elements,
and overly dense deployments exacerbate mutual coupling effects and increase
manufacturing complexity. Therefore, by balancing the tradeoff between
manufacturing complexity and radiation performance, the element spacing
of the RHS is set to one quarter wavelength [67].
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Fig. 8: Transmit power versus required rate for each MV in
same size and hardware cost of different type antenna network.

53% of the total hardware cost [68]. In contrast, the primary
cost of an RHS comes from the metamaterial elements, which
are less expensive than T/R modules [69]. The hardware cost
of a metamaterial element is denoted by Cy, while the cost of
a T/R module is ¢ - Cyp, and the cost of other components is
%c - Cy, where ¢ represents the cost ratio of a phased array’s
T/R module to a metamaterial element. In general, ¢ is in the
range of 2 to 10 [70]. Therefore, the hardware cost of an RHS
with N elements is equivalent to the cost of a phased array
with 5?6’32,6 - N antenna elements.

From Fig. 8§, it is observed that when the required data rate is
low, the transmit power for both the phased-array beamforming
scheme and the RHS-based HCBF scheme, regardless of
whether they have the same size or cost, is similar. The reason
is that, in low-rate scenarios, despite having fewer antenna
elements, phased arrays can still utilize spatial gain to satisfy
the rate requirements of MVs with relatively low transmit
power. However, as the required rate for each MV increases,
the RHS-based HCBF scheme outperforms the phased-array
beamforming scheme by achieving the required rate with
lower transmit power. This is because the phased arrays, with
their limited number of antenna elements, cannot fully exploit
spatial gain to meet the increasing rate requirements, and thus
have to increase transmit power. Consequently, the superiority
of the RHS in terms of size and hardware cost savings becomes
more apparent as both the required rate for each MV and the
cost ratio increase.

2) Effects of the size of RHS on the transmit power with dif-
ferent amplitude-controlled mode: To illustrate the advantages
of the continuous amplitude-controlled mode, Fig. 9 plots the
transmit power versus the size of the RHS, M, for different
amplitude-controlled modes. It is seen that HCBF with contin-
uous amplitude control achieves lower transmit power at the
BS and outperforms both the discrete binary amplitude control
and random amplitude control modes. The transmit power
decreases rapidly as the RHS size increases, then gradually
levels off as the size continues to grow, because the array gain
saturates as the size increases further, causing the reduction
in transmit power to plateau. This indicates that the RHS
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Fig. 9: Transmit power versus the size of the RHS with
different amplitude-controlled modes.

does not rely on extremely large-scale elements to achieve
significant performance gains °. Besides, as the size of the
RHS increases, the transmit power gap between the continuous
amplitude-controlled RHS and the binary amplitude-controlled
RHS gradually narrows. The reason is that, when the RHS
size is small, the precision of amplitude control significantly
impacts beamforming accuracy. The continuous amplitude-
controlled RHS can adjust coefficients more precisely, allow-
ing for better control of beam direction and power distribution,
thereby significantly reducing transmit power. In contrast, the
binary amplitude-controlled RHS exhibits lower adjustment
precision, which limits its performance at small sizes and
results in higher transmit power. As the size increases, the
binary amplitude-controlled RHS, despite its lower adjustment
precision, still benefits from certain multiplexing gains. Once
the size reaches a certain threshold, its multiplexing perfor-
mance approaches that of the continuous amplitude-controlled
RHS, causing the transmit power gap to narrow.

D. Performance of the Proposed LGL-HCBF Method

To quantify how well the model retains knowledge from pre-
vious learning tasks or its learning ability on the current task,
a specific metric called the approximation ratio is defined.
The metric aims to reflect both the performance changes of
the updated model on previous learning tasks and its learning
ability on the current task, thereby helping identify potential
forgetting and non-learnability risks. Based on this, the ap-
proximation ratio is defined as the ratio between the model’s
output on these learning tasks and the optimal performance
obtained by the single-scenario re-training (SSRT) method,
which serves as the upper bound in our simulation. Specif-
ically, unlike LGL-based methods, which balance between
retaining knowledge from previous scenarios and adapting to
new ones, the SSRT method involves training the model in-
dependently and exclusively for each scenario, initializing the

5 Although RHS eliminates the power consumption associated with ac-
tive amplification and complex phase-shifting circuits, the additional power
overhead introduced by element biasing and control networks becomes non-
negligible in ultra-large-scale RHS deployments [71], thereby reducing the
overall energy efficiency gains.

parameters from scratch every time without considering any
previous learning tasks. Therefore, the performance achieved
by SSRT in each scenario is taken as the theoretical optimum,
providing a benchmark to evaluate how closely LGL-based
methods can approach single-task optimality. The comparison
is divided into two parts: 1) whether the rate requirements of
MVs are satisfied, and 2) whether the new model significantly
increases transmit power while executing these learning tasks.

Definition 3: (Approximation ratio) The approximation
ratio F;_,, for model ®; performed on learning tasks n < i is
expressed as

Ni—pn—1 2
oA if Zen <1,
Fi—>n - P;; _(,714_:("71)2 . Pl:n (37)
Pron e . if P_:, > l,
Ri»—m
where 1, = L—ln Z/L.;'l W, L, is the number of MVs in

. . J
learning task n, and « is the hyperparameter that controls the
width of the Gaussian function. R ™", P;_,,, R;.“* and P;
represent the achievable rate of MVs and transmit power at
BS achieved by the model ®; and @;SRT’" on the learning
task n.
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Fig. 10: Transmit power versus different amount of MVs in
the varying network topology scenarios.

1) The adaptability performance of the proposed LGL-
HCBF: To show the superiority of the proposed LGL-HCBF
method in terms of adaptability, Fig. 10 simulates the transmit
power at the BS using the proposed method and the SSRT
method across different network topology scenarios, ranging
from 16 to 2 MV scenarios. The SSRT method cannot leverage
any knowledge learned from previous tasks. In Fig. 10, the
transmit power at the BS shows a steady decline as the number
of MVs decreases for both methods. The performance of the
proposed LGL-HCBF method in its first training scenario
is comparable to that of the SSRT method, as the model
has not yet accumulated prior knowledge, and the data and
learning task characteristics are identical in both methods. As
subsequent scenarios are introduced, gradually transitioning
from more complex scenarios (e.g., 16 MVs) to simpler ones
(e.g., 2 MVs), the proposed LGL-HCBF method leverages the
knowledge gained from similar scenarios to quickly adapt to
subsequent scenarios. This enables the model to achieve faster
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Fig. 12: Approximation ratio versus unseen scenarios under different methods

convergence during training and stronger adaptability, thereby
reducing the time required for repetitive training.

2) The stability-plasticity performance of the proposed
LGL-HCBF: To evaluate the stability and plasticity of the
proposed method, which refers to its ability to retain per-
formance from previous scenarios and learning new ones
during continual training, Fig. 11 plots the approximation ratio
achieved by the proposed LGL-HCBF method, compared with
state-of-the-art benchmark methods, namely elastic weight
consolidation (EWC), incremental classifier and representation
learning (iCARL), and transfer learning (TL), across eight
training stages. The results show that the proposed LGL-
HCBF method significantly enhances stability throughout the
training process with minimal plasticity cost, consistently
outperforming the benchmark methods. Specifically, the TL
method performs relatively well when learning new scenarios,
i.e., high plasticity; however, it suffers from severe catastrophic

forgetting. As the training stage progresses, its performance
on previously learned scenarios degrades substantially. This
is because the core mechanism of TL is model fine-tuning,
which adjusts the entire NN to adapt to new scenarios,
which gradually forgets knowledge learned from previous
ones. Compared to TL, iCARL and EWC perform better,
particularly in alleviating forgetting of previous scenarios, but
their overall effectiveness remains suboptimal, with forgetting
still occurring as training progresses. The approximation ratio
achieved by the proposed LGL-HCBF method significantly
outperforms that of the baseline methods. As the number
of scenarios increases, the anti-forgetting capability of the
proposed method becomes increasingly prominent. Compared
to TL, the proposed method achieves an approximately 75%
improvement in stability with only an 8% plasticity cost.
This superior performance stems from two anti-forgetting
mechanisms, which enable dynamic adjustment of network



weights while preserving knowledge from previous scenarios.

3) The transfer ability of the proposed LGL-HCBF: The
transfer ability of the method is crucial for real-world applica-
tions, as it is impractical to provide the model with all possible
training scenarios. A model with strong transfer ability can
leverage knowledge learned from one set of scenarios to
generalize to unseen ones, thereby enhancing its generaliza-
tion in dynamic environments. Fig. 12 shows the transfer
performance of the proposed method and several baseline
methods in both similar scenarios and expansion scenarios.
During the training stage, the model is trained on scenarios
with {16, 14,12, 10, 8, 6,4,2} MVs. Subsequently, the trained
model is transferred to similar scenarios, which test its ability
to generalize to scenarios that are close in structure but differ
slightly in terms of the number of MVs. As shown in Fig. 12a,
the proposed LGL-HCBF method consistently outperforms the
baseline methods in similar scenarios, with the approximation
ratio remaining above 0.7. As shown in Fig. 12b, the trained
model is transferred to more congested cases with 18 to 50
MVs. As the complexity of the scenarios increases (i.e., more
MYVs5s), the similarity to the learned scenarios decreases, leading
to a gradual decline in the approximation ratio of the proposed
method. This trend shows that the transfer ability of the
proposed method weakens as the network topology similarity
decreases. Nevertheless, despite this performance degradation,
the proposed method consistently outperforms all baseline
methods across all expansion scenarios. Besides, to address
realistic traffic dynamics beyond constant-speed motion, we
also evaluate LGL-HCBF under state-of-the-art mobility mod-
els, including Gipps-, Krauss-, and intelligent driver model
(IDM)-type car-following behaviors. These results show that
the proposed method is insensitive to the mobility model,
as it only requires time-indexed MV states generated by the
mobility process, such as vehicle positions, topology relations,
and the corresponding CSI.
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Fig. 13: Transmit power versus velocity of the MVs under
different scenarios.

4) The robustness of the proposed LGL-HCBF: To show
the robustness of the proposed LGL-HCBF method to CSI
uncertainty induced by MV mobility, Fig. 13 simulates the
transmit power across various scenarios for different veloc-

ities by comparing the robust HCBF scheme based on the
proposed method with the non-robust HCBF scheme using
the maximum ratio transmission (MRT) method. The DBF
and HoBF matrices {Vj, Q;} are constructed using only the
estimated CSI, treating the estimated CSI {ﬁf [z - Td]} as the
true CSI. Fig. 13 shows that the transmit power at the BS
increases with vehicle speed for both the robust and non-robust
schemes across different scenarios, albeit to different degrees.
Specifically, there is a relatively slight rise in terms of transmit
power obtained by the proposed LGL-HCBF method, whereas
that of the non-robust scheme grows markedly. Moreover,
the robustness gap between the non-robust scheme and the
proposed LGL-HCBF method widens as MV speed increases,
indicating that the non-robust scheme requires significantly
more transmit power to meet the rate demands of MVs. This
trend can be explained by the impact of MV speed on the
temporal correlation coefficient, pls. As MV speed increases,
p; decreases monotonically, thereby rendering the estimated
CSI more outdated. In such cases, the non-robust scheme,
which relies on outdated CSI, suffers a greater performance
loss. To compensate for this loss and ensure reliable transmis-
sion, the BS needs to increase transmit power. In contrast,
the LGL-HCBF method demonstrates better robustness to
these variations and requires less transmit power to maintain
performance.
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5) Effectiveness of the knowledge replay mechanism and the
weight consolidation mechanism: To verify the effectiveness
of the knowledge replay mechanism and the weight consolida-
tion mechanism, ablation experiments are designed. As shown
in Fig. 14, the proposed LGL-HCBF method exhibits strong
anti-forgetting performance across all scenarios, maintaining
an approximation ratio consistently above 0.8. Besides, the
approximation ratio achieved by the variant that directly
uses exemplars for training is approximately 10% lower than
that of the proposed LGL-HCBF method. This highlights
that the model in our proposed method benefits from soft-
labeled exemplars, enabling it to learn the optimal mapping
relationship more effectively. Furthermore, the approximation
ratio obtained by the proposed LGL-HCBF method without



the knowledge replay mechanism is approximately 24% lower
than that of the LGL-HCBF method. Moreover, it can be
seen that without the weight consolidation mechanism, the
approximation ratio experiences the most significant decline,
approximately 33%, particularly as the number of scenarios
increases, which shows that the weight consolidation mecha-
nism plays a crucial role in the model, as it effectively helps
preserve knowledge from earlier scenarios while adapting to
new ones. The approximation ratio of the model without
any anti-forgetting mechanism drops sharply, especially in the
subsequent scenarios, with performance nearing 0.3, which
verifies that both mechanisms are essential for preventing
catastrophic forgetting in the model.
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6) Training efficiency and inference latency of the proposed
LGL-HCBF: To validate the training efficiency and real-
time feasibility of the proposed LGL-HCBF method, Fig. 15
compares the performance of the proposed method with that
of traditional proximal policy optimization (PPO)-based DRL
method in terms of the number of training episodes required
for convergence and the inference latency across training
stages. The proposed LGL-HCBF consistently requires far
fewer training episodes to converge than the DRL baseline.
Although the number of training episodes required by the
DRL method decreases across training stages, this reduction
is mainly attributable to task simplification resulting from
the decrease in the number of connected MVs, i.e., the
reduction in the state-action space dimensionality and inter-
user interference, rather than any intrinsic improvement of the
DRL algorithm itself. In contrast, the convergence accelera-
tion of the proposed LGL-HCBF is not solely attributed to
the learning task simplification. Instead, it stems from the
lifelong learning design, in which parameter inheritance en-
ables effective reuse of previously acquired knowledge across
scenarios, as evidenced by the training efficiency gap across
training stages. Moreover, the proposed LGL-HCBF achieves
microsecond-level inference latency (below 80 us), which is
shorter than the CSI coherence timescale in high-mobility
IoV [72], ensuring that beamforming decisions are generated
before the CSI becomes outdated and thereby demonstrating
real-time feasibility.

V. CONCLUSION

This paper studied a downlink RHS-aided IoV communi-
cation system and proposed an RHS-based HCBF scheme
to reduce the system power consumption. Besides, an LGL-
HCBF optimization method was proposed to minimize the
total transmit power at the BS, with imperfect CSI. To better
adapt to changes in IoV network topology, IGCN was em-
ployed in the proposed LGL-HCBF method to enable param-
eter sharing and the exchange of local structural information,
without retraining from scratch when the network topology
changes. To further overcome the stability-plasticity dilemma,
two complementary mechanisms, namely, knowledge replay
and weight consolidation, were designed to retain knowledge
learned from previous scenarios. Simulation results demon-
strated that the proposed method showed faster adaptation, and
maintained a higher approximation ratio on previously learned
scenarios, outperforming several baseline methods.
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