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Abstract—This paper proposes a novel flexible coupler antenna
array that incorporates additional degrees of freedom (DoF) in
radiation pattern reconfiguration to achieve strong mechanical
beamforming gains and enhanced communication coverage with
low hardware cost. Particularly, passive couplers move around
a fixed active antenna so that the induced currents on the
passive elements can be reshaped to achieve radiation pattern
reconfiguration. A new form of mechanical beamforming can
be obtained by moving only the passive couplers while keeping
the active antenna stationary. In addition, the flexible coupler
antenna can slide along a rail toward users, thereby enhancing
communication coverage. To fully exploit the potential of the
flexible coupler array, we formulate a two-timescale sum-rate
maximization problem with statistical channel state information
(CSI). The active antenna position is optimized based on scatter-
ing cluster-core statistics in the slow timescale, while mechanical
beamforming is optimized based on multipath channel statistics
in the fast timescale, subject to movement and energy constraints.
To address the coupling between timescales and the high cost of
extensive channel sampling, we develop a digital agent framework
that leverages an electromagnetic (EM) map to generate statisti-
cal channel information for different user and antenna positions.
Then, a deep neural network is trained to learn a slow-fast perfor-
mance (SFP) surrogate, which is fine-tuned with a small number
of real measurements and then applied for position optimization
at the slow timescale using projected gradient ascent. Mechanical
beamforming at the fast timescale is obtained by selecting per-
antenna radiation patterns from a predefined dictionary via
a convex relaxation. Simulation results demonstrate that the
proposed flexible coupler array significantly improves system
throughput, and the digital agent-assisted algorithm achieves sat-
isfactory performance with greatly reduced online computational
complexity.

Index Terms—Flexible coupler antenna (FCA) array, mechan-
ical beamforming, antenna and coupler position optimization,
reconfigurable antenna pattern, digital agent, deep learning.
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I. INTRODUCTION

MULTIPLE-INPUT multiple-output (MIMO) commu-
nication technology will remain pivotal for future

sixth-generation (6G) and beyond, where the demand for mas-
sive connectivity, ultra-low latency, and high energy efficiency
is driving the exploration of advanced wireless communication
technologies. The MIMO technology achieves these goals
through spatial multiplexing, high beamforming gains, and
multi-user communications [1], [2], [3], [4], [5], [6]. An
appealing feature of MIMO is that its performance gains
scale with the number of antennas. As MIMO dimensions
increase, however, it inevitably amplifies critical system-level
challenges, including steadily increasing signal processing
overhead, hardware cost, and computational complexity [7],
[8]. Moreover, since the antennas in conventional MIMO
systems are deployed at fixed positions, the system lacks the
capability to adaptively reconfigure the wireless channel within
the transmit-receive region in response to the user distribution
and the environmental dynamics [9]. Therefore, it is desirable
to enable flexible allocation of antenna resources in accordance
with the spatially nonuniform distribution of users to enhance
their performance gains.

To fully exploit spatial channel variations, the novel six-
dimensional movable antenna (6DMA) has recently been
proposed to increase MIMO system capacity without requiring
additional antennas [10], [11], [12]. This technique leverages
the adaptability of antenna positions and rotations (i.e., ori-
entations) in three-dimensional (3D) space at transceivers to
adaptively allocate antenna resources based on the spatial
distribution of channels. In [13], the authors proposed a six-
dimensional movable holographic surface-assisted integrated
data and energy transfer system. In [14], low-training-
complexity channel estimation algorithms were proposed by
exploiting a new directional-sparsity characteristic of 6DMA
channels. Then, a 6DMA-enabled wideband terahertz (THz)
communication system with a sub-connected hybrid beam-
forming architecture was studied in [15]. The authors in [16]
investigated a new unmanned aerial vehicle (UAV)-enabled
passive 6DMA architecture. The authors in [17] discussed two
special cases of 6DMA, namely a rotatable antenna with fixed
position and a translatable antenna with fixed rotation. Other
studies also explored 6DMA-enhanced integrated sensing and
communications (ISAC) [18], polarized 6DMA [19], and fluid
antenna systems [20]. Despite its promising applications, the
existing 6DMA designs move the active antenna element
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Fig. 1. Illustration of flexible coupler antenna array for mitigating large-scale path loss and enabling mechanical beamforming.

together with its radio-frequency (RF) feed over a sufficiently
large region with a size on the order of several to tens of wave-
lengths to exploit spatial channel variations, which introduces
substantial mechanical complexity and energy consumption.

Fortunately, the authors in [21] proposed a low-complexity
flexible coupler antenna, where mutual coupling can serve
as an enabler of advanced spatial processing to improve
system performance. By dispensing with the requirement that
each antenna be connected to a dedicated RF chain, each
flexible coupler antenna is connected to a single RF chain and
multiple passive couplers [21], [22]. By rotating or shifting
only passive couplers within a small area via electromagnetic
(EM) coupling, the induced coupling currents can be reshaped
to enhance communication performance without moving the
active antenna or the associated RF hardware [21], [22].
However, existing flexible coupler antennas typically permit
coupler translations on the order of several wavelengths. Such
constraints hinder the mitigation of large-scale path loss and
consequently restrict communication performance. Moreover,
optimization and channel estimation for flexible antenna sys-
tems mainly rely on real-world data measurements. As the
number of antennas and antenna reconfigurable parameters
increases, exhaustive testing in physical environments becomes
infeasible given the ultra-low latency requirements of future
wireless systems.

To address these challenges, we first design a flexible cou-
pler array that combines the small-range relocation of passive
couplers with large-scale active antenna translation, as shown
in Fig. 1. Then, we introduce digital agent, which is concep-
tually related to that of the digital twin [23], [24]. It replicates
physical assets in a digital space for testing and analysis
without interfering with the real system. Unlike digital twins
in manufacturing [25], which primarily focus on monitoring
and offline simulation, an antenna digital agent emphasizes
modeling network behavior, learning the characteristics of
the radio environment, and enabling real-time configuration
as well as customized network management. As a practical
implementation of a digital agent, the EM map, also referred
to as the channel knowledge map, has been proposed [26]. It

is a site-specific database tagged with the locations of trans-
mitters and receivers, containing channel-related information
useful to enhance environment-awareness and facilitate or even
obviate sophisticated real-time channel state information (CSI)
acquisition. Unlike conventional channel knowledge maps that
aim to predict instantaneous channel realizations, the EM map
considered in this paper stores slowly varying statistical chan-
nel information derived from environmental geometry, antenna
parameters, and user positions, which reduces the overhead
of channel reconstruction. In this way, the digital agent can
provide reliable statistical CSI and performance surrogates
under stringent latency constraints, thereby supporting efficient
antenna position optimization and mechanical beamforming
in flexible coupler systems. In practice, the proposed flexible
coupler array with digital agent can be deployed in different
applications. For example, a slide rail can be mounted along
the wall of a subway station, where the digital agent uses the
EM map to track user flows along the platform and adapt
active antenna positions and radiation patterns to overcome
strong blockage by pillars, thereby maintaining coverage.

The main contributions of this paper are summarized as
follows.
• We propose the flexible coupler antenna that moves

passive couplers around an active antenna, where passive-
coupler position variations induce mechanical beamform-
ing for radiation pattern reconfiguration. The flexible
coupler antenna can also slide along a rail to move close
to the receiver, thereby establishing a strong communica-
tion link and mitigating large-scale path loss. Here, the
active antenna moves over a much larger range along
the rail, whereas the passive couplers only perform local
wavelength-scale adjustments around the active antenna.
Mechanical beamforming enables a reconfigurable radia-
tion pattern that extends angular coverage, which reduces
the number of required slide rails and the hardware cost
for achieving full spatial coverage. Moreover, moving
passive couplers instead of the active antenna avoids
moving RF hardware, thus providing fine beam-steering
capability while reducing mechanical complexity.
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• We formulate an optimization problem to maximize the
user sum rate by jointly designing the mechanical beam-
former and the active-antenna position vector based on
channel statistics. To solve the problem, we develop a
digital agent-assisted two-timescale optimization frame-
work for flexible coupler array. At the fast timescale,
the mechanical beamformer is optimized to maximize
the ergodic sum rate under statistical CSI by convex
relaxation. At the slow timescale, we extract statistical
CSI from an EM map to train a slow-fast performance
(SFP) surrogate with a deep neural network for pre-
dicting the optimized sum rate as a function of the
active-antenna position vector, which already accounts
for the fast-timescale mechanical-beamforming optimiza-
tion. The surrogate is further fine-tuned online and
used to update active antenna position by a single pro-
jected gradient step. The proposed design avoids repeated
fast-timescale mechanical beamforming during position
optimization, reduces online complexity, and removes the
need for explicit prior knowledge of the instantaneous
channel.

• Extensive simulations are conducted to validate the capa-
bility of the proposed flexible coupler array to enhance
system performance, as well as the effectiveness of the
proposed digital-agent-aided two-timescale algorithm in
reducing online computational complexity and adapting
to changing environments.

The rest of this paper is organized as follows. Section II
presents the flexible coupler array together with the corre-
sponding channel and signal models. Section III introduces
the slow and fast timescale protocol for the flexible coupler
system and formulates the sum rate maximization problem by
jointly designing mechanical beamforming and active antenna
positions under practical constraints. Section IV describes
the digital agent-aided algorithm for active antenna position
and mechanical beamforming design. Section V discusses
numerical results for performance evaluation and comparison.
Finally, Section VI concludes this study.

Notations: Boldface upper-case and lower-case letters
denote matrices and vectors, respectively, (·)H and (·)T
respectively denote conjugate transpose and transpose, and
E[·] denotes the expected value of a random variable. For a
scalar a, |a| denotes its magnitude. For a vector a, ‖a‖2 and
‖a‖1 denote the `2-norm and `1-norm, respectively. Operator
diag(x) denotes a diagonal matrix with the diagonal entries
specified by vector x, [a]j denotes the j-th element of vector
a, [A]i,j denotes the element of matrix A at the i-th row and
j-th column, ⊗ denotes the Kronecker product, IM denotes an
M ×M identity matrix, blkdiag{A1,A2, . . . ,AM} denotes
a block diagonal matrix, vec(A) denotes the vectorization
operator that stacks all the columns of a matrix A into a
single column vector, O(·) denotes the big-O notation, R and
C denote the real and complex fields, respectively, N (µ, σ2)
denotes a real Gaussian distribution with mean µ and variance
σ2, and CN (µ,Σ) denotes a circularly symmetric complex
Gaussian distribution with mean µ and covariance matrix Σ.

Fig. 2. Top view of the flexible coupler antenna with reconfigurable coupler
position.

II. SYSTEM MODEL

We consider an uplink system where a base station (BS)
serves a set of single-antenna users K = {1, . . . ,K}, with K
denoting the total number of users. As illustrated in Fig. 1,
the BS is equipped with a flexible coupler array, where N
flexible coupler antennas are mounted on one slide rail, and
each flexible coupler antenna can move along the slide rail on
a scale much larger than a wavelength and can be positioned
close to users to form a strong communication link. The slide
rail is installed at a fixed height of d and aligned parallel to the
x-axis. As shown in Fig. 2, each flexible coupler antenna con-
sists of one fixed-position active antenna and multiple passive
couplers that move within a designated area around the active
antenna [21], [22]. The positions of the passive couplers can be
mechanically adjusted with the aid of drive components such
as micro-electromechanical systems (MEMS), which provide
low power consumption and fast response [22]. Each passive
coupler is modeled as a thin straight-wire dipole. The active
antenna is connected to a single RF chain, and the receiver
is assumed to have a fixed single antenna. By moving the
passive couplers around the fixed active radiator, the antenna’s
radiation pattern is reconfigured through the induced currents
on the passive coupler without moving the active antenna’s
RF chains [21].

The users are distributed within a known two-dimensional
area, e.g., a rectangular region with a size of Sx × Sy m2.
The location of the active antenna in the n-th flexible coupler
antenna on the slide rail in the Cartesian coordinate system is
given by [pn, 0, d], where 0 ≤ pn ≤ X denotes the position
of the active antenna on a slide rail of length X .

A. Mechanical Beamforming

We refer to the capability of steering and shaping the EM
radiation pattern by mechanically relocating the passive cou-
pler elements around the fixed active antenna as mechanical
beamforming [21]. In mechanical beamforming, the beam
direction and beam shape are controlled through the geometry
and positions of the passive couplers, while the RF chains of
the active antenna remain fixed.
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Fig. 3. Reconfigurable antenna pattern for flexible coupler antenna.

To quantify the performance gains enabled by mechanical
beamforming with flexible couplers, we establish a mathemat-
ical model for the radiation pattern and the associated channel
characteristics. The flexible coupler introduces an additional
DoF in the angular domain, which expands the information
coverage of a conventional antenna from a one-dimensional
spatial representation to an M -dimensional angular representa-
tion, where M is the number of uniformly sampled directions.
The reconfigurable radiation pattern in the angular domain is
therefore characterized over M discrete angular directions (see
Fig. 3). To model reception characteristics, we introduce the
virtual angular-index channel for any flexible coupler antenna,
denoted as

z ∈ {0, 1}M , (1)

which serves as an index vector indicating the spatial angles
at which the user is located.

Let qn denote the position vector of the passive couplers in
the n-th flexible coupler antenna. Since the radiation pattern
is determined by the relative geometry between the active
antenna and passive couplers, the resulting pattern of the
n-th flexible coupler antenna in the EM angular domain can
be represented as a function of qn, denoted by

gn(qn) ∈ RM , (2)

with each element corresponding to the radiation gain in one
of the M discrete directions. Consequently, the effective gain
of the n-th flexible coupler antenna in the EM angular domain
can be written as

Bn = zTgn(qn), (3)

which quantifies the radiation intensity directed toward the
user’s actual spatial angle. By optimizing the radiation pattern
gn(qn) to align with the angular-domain channel charac-
teristics z, their correlation and thus the effective radiation
efficiency, Bn, is maximized. This formulation serves as the
foundation for the following theoretical analysis and optimiza-
tion.

Building upon the radiation pattern model of a single
flexible coupler antenna presented above, we extend this model
to characterize the programmable radiation pattern of the entire
flexible coupler array at the BS, which consists of N flexible
coupler antennas. The resulting mechanical beamforming (also
called radiation beamforming) in the EM angular domain is
expressed in the following matrix form

G(q) , blkdiag{g1(q1), . . . ,gN (qN )} ∈ RMN×N , (4)

where the m-th element of gn(qn) represents the radiation
gain of the n-th flexible coupler antenna in the m-th angu-
lar direction. To ensure fairness in pattern design, the total
energy of each antenna’s radiation pattern is normalized as
‖gn(qn)‖2 = 1, ∀n.

To further characterize the spatial mapping of the flexible
couplers, we introduce the virtual angular-index channel

Z̄k , blkdiag{Zk,1, . . . ,Zk,N} ∈ {0, 1}MN×LkN , (5a)

Zk,n ,
[
zk,n,1, zk,n,2, . . ., zk,n,Lk

]
∈ {0, 1}M×Lk , (5b)

where Zk,n specifies the spatial angles associated with the n-
th flexible coupler antenna and the k-th user. Each column
zk,n,l ∈ {0, 1}M contains exactly one nonzero entry, indi-
cating the angular direction of the l-th (l ∈ {1, 2, · · · , Lk})
propagation path on the n-th flexible coupler antenna for
user k, with Lk being the number of propagation paths.
Consequently, radiation gain Bk ∈ RLkN×N of all flexible
coupler antennas toward the k-th user can be formulated as

Bk = Z̄
T
k G(q) = blkdiag

{
ZTk,1g1, . . ., ZTk,NgN

}
. (6)

In summary, matrices G(q) and Z̄k mathematically cap-
ture the additional DoF introduced by flexible coupler array,
enabling a more flexible and adaptive radiation beamforming
strategy in the EM angular domain. Note that active-antenna
position vector p = [p1, p2, · · · , pN ]T and mechanical beam-
forming vector G(q) are the design parameters that we tune
to optimize the flexible coupler system throughput.

Remark 1: Unlike prior 6DMA designs that steer beams
only by moving the active antenna [10], the proposed flexible
coupler array supports dual motion, where the active antenna
translates over a large range along the slide rail, while the
passive couplers in each flexible coupler antenna move locally
around it in the reactive near field. The induced currents on the
passive couplers reshape the radiation pattern, thereby yielding
fine angular resolution with much lower mechanical and RF
complexity [21].

B. Channel Model

Due to the sparse scattering characteristics of wireless
channels at high frequencies, e.g., millimeter-wave (mmWave)
bands, the channel typically consists of a few dominant
clusters, each containing multiple propagation paths [27]. Let
Ck denote the total number of scattering clusters for user k,
and Lc,k denote the number of multipaths in cluster c for
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user k. Then, the near-field channel between the n-th flexible
coupler antenna and the k-th user can be expressed as

hk,n(pn)=

Ck∑
c=1

Lc,k∑
lc=1

αk,c,lc
rc,lc,n(pn) rk,c,lc

e−j
2π
λ

(
rc,lc,n(pn)+rk,c,lc

)
,

(7)
where λ denotes the carrier wavelength, αk,c,lc ∈ C is the
complex scattering coefficient associated with the (c, lc)-th
path for user k, rk,c,lc is the distance from user k to the lc-
th scatterer in cluster c, and rc,lc,n(pn) is the distance from
that scatterer to the n-th flexible coupler antenna located at
position pn on the sliding rail.

The distance, rc,lc,n, can be described as

rc,lc,n = r̄c,n + ∆rlc,n, (8)

where r̄c,n denotes the nominal distance from the c-th cluster
center to the n-th candidate position on the slide rail, and
∆rlc,n denotes the deviation of the lc-th ray from the cluster
nominal center, following a Gaussian distribution

∆rlc,n ∼ N (0, ς2n,c), (9)

with ς2n,c indicating the distance spread. Similarly, rk,c,lc can
be described as

rk,c,lc = r̄k,c + ∆rk,lc , (10)

where r̄k,c denotes the nominal user-cluster distance for the
c-th scattering cluster and user k, and ∆rk,lc denotes the
corresponding deviation, following a Gaussian distribution

∆rk,lc ∼ N (0, ι2k,c), (11)

with ι2k,c indicating the distance spread.
For clarity, we define Lk ,

∑Ck
c=1 Lc,k as the total number

of paths. With this notation, the near-field spatial channel
coefficient between the n-th flexible coupler antenna and the
k-th user in (7) can be reformulated as

hk,n(pn) =

Lk∑
l=1

αk,l
rl,n(pn) rk,l

e−j
2π
λ

(
rl,n(pn)+rk,l

)
. (12)

Furthermore, the integration of the reconfigurable pattern
extends the channel representation from a one-dimensional
to an M -dimensional formulation by incorporating additional
radiation channel information, i.e., Z̄k in (5a). The dimension-
extended channel for the n-th flexible coupler antenna, denoted
by hk,n(pn) ∈ CM , is given by

hk,n(pn) =

Lk∑
l=1

αk,l
rl,n(pn) rk,l

e−j
2π
λ

(
rl,n(pn)+rk,l

)
zk,n,l. (13)

By stacking the channel vectors hk,n(pn) ∈ CM of all N
antennas, we obtain the complete channel vector for user k as
follows

hk(p) = [hTk,1(p1), · · · ,hTk,N (pN )]T (14a)

= Z̄k h̄k(p) ∈ CMN , (14b)

where Z̄k is defined in (5a) and

h̄k(p) = vec
(
AT
k (p)

)
∈ CNLk , (15)

with Ak(p) = [αk,1 ak,1(p), . . ., αk,Lk ak,Lk(p)] ∈ CN×Lk

and ak,l(p)=

[
e−j

2π
λ

(rl,1(p1)+rk,l)

rl,1(p1) rk,l
, . . ., e−j

2π
λ

(rl,N (pN )+rk,l)

rl,N (pN ) rk,l

]T
.

This additional positional flexibility on a scale much larger
than a wavelength enables the proposed flexible coupler array
to establish a stronger and more stable communication link
to the user than conventional fixed-antenna systems, which
lack the ability to dynamically reconfigure or reconstruct the
wireless channel.

C. Signal Model

We consider the uplink transmission from K single-antenna
users to the BS. The received signals at the BS are given by

y = GH(q)H(p)x + n, (16)

with

H(p) = [h1(p),h2(p), · · · ,hK(p)] ∈ CMN×K , (17)

denoting the multiple-access channel from all K users
to the flexible coupler array at the BS. In (16), x =√
ρ[x1, x2, · · · , xK ]T ∈ CK×1 with xk denoting the transmit

signal of user k with the average power normalized to one, and
ρ representing the transmit power of each user (assumed to be
identical for all users). Vector n ∼ CN (0, σ2IN ) denotes the
complex additive white Gaussian noise (AWGN) vector at the
BS with zero mean and average power σ2.

According to Shannon’s formula, the achievable sum-rate
of all users over unit radio spectrum bandwidth is given by

R(p,G(q))

= log2 det

(
IN +

1

σ2

K∑
k=1

ρGH(q)hk(p)hHk (p)G(q)

)
= log2 det

(
IN +

ρ

σ2
GH(q)H(p)HH(p)G(q)

)
, (18)

in bits per second per Hertz (bps/Hz), which depends only
on the set of selected active antenna positions, rather than
on the specific assignment of these positions to individual
antennas. It is worth noting that, in contrast to the conventional
multiuser channel with fixed-position antennas, the capacity
of the flexible coupler-enabled wireless channel in (18) is
determined by active antenna positions p and mechanical
beamforming (i.e., radiation beamforming) G(q).

III. PROBLEM FORMULATION

A. Two Timescale Protocol With Statistical CSI

The proposed flexible coupler array encounters practi-
cal challenges, including high channel estimation overhead
and considerable movement complexity. Specifically, joint
optimization of active antenna positions and mechanical beam-
forming based on instantaneous CSI requires high-speed and
frequent mechanically controlled translations, which incur
substantial implementation cost and complexity. Moreover, the
adjustment speed of such mechanical movements is inherently
slow, so the movement duration may exceed the coherence
time of the instantaneous channel, which makes instantaneous-
CSI-based designs impractical.
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To address this limitation, we adopt statistical CSI, under
which each flexible coupler antenna moves much more slowly
and less frequently to adapt to long-term channel statis-
tics. Even under statistical CSI, the timescales of translation
and mechanical beamforming must be treated hierarchically.
Active antenna positions involve mechanical movements over
distances much larger than the wavelength, typically from
a few to several tens of meters, which limits their update
speed and makes them suitable for adapting to slow-level
variations, where the scattering cluster core remains nearly
constant over extended periods. In contrast, the mechanical
beamforming of the flexible coupler array is realized by
adjusting the positions of the passive couplers via MEMS
[21]. Since the couplers move only within a small range on the
order of the wavelength, their positions can be rapidly adjusted
to track fast-level variations, where the intra-cluster multi-
path statistics remain approximately stationary. Motivated by
these considerations, we propose a hierarchical transmission
framework that operates on scattering cluster-core statistics
in the slow timescale and multipath channel statistics in the
fast timescale to balance implementation feasibility and system
performance, as illustrated in Fig. 4.
• Slow timescale: The considered time frame, T , is

partitioned into TS super-frames, denoted by TS =
{1, 2, . . . , TS}. In each super-frame, the BS extracts
cluster-core statistics (using the EM map discussed in
Section IV) and optimizes the active-antenna position
vector to adapt coverage to the dominant scattering-core
geometry.

• Fast timescale: Each super-frame is further divided into
TF frames, defined as TF = {1, 2, . . . , TF }. In each
frame, the BS acquires a statistical multipath channel
within the scattering clusters to update the mechanical
beamformer for enhancing array gain.

This hierarchical framework is to reduce channel estima-
tion overhead while ensuring efficient active antenna position
and mechanical beamforming adaptation across different
timescales.

B. Problem Formulation

Based on the flexible coupler array, we aim to maximize
the achievable sum rate of the users by jointly design-
ing the mechanical beamforming matrix G(q) in the fast
timescale and the active-antenna position vector p in the slow
timescale, subject to the radiation-pattern energy constraint
and the active-antenna position constraints. To simplify the
optimization, we directly optimize the induced mechanical
beamforming matrix G over a predefined radiation-pattern
dictionary generated by candidate coupler positions. Thus, the
design is formulated as

(P1) max
p,G

E
[
R(p,G)

]
(19a)

s.t. ‖gn‖2 = 1, ∀n, (19b)
0 ≤ pn ≤ X,∀n, (19c)
|pn − pn′ | ≥ dmin, ∀n 6= n′, (19d)

where constraint (19b) normalizes the radiation pattern energy
of each antenna to ensure fairness across antenna elements.
Constraint (19c) confines active antenna positions within the
physical limits of the slide rail. Constraint (19d) enforces
a minimum separation between antennas to avoid collisions
and excessive mutual coupling. In (19a), E[·] denotes the
expectation over multipath channel realizations at the fast
timescale, conditioned on the scattering cluster-core statistics
at the slow timescale. To address problem (P1), we need to
overcome the following two challenges.

1) Limited real data in high-dimensional antenna con-
figurations. Collecting user-level channels for every
position-radiation combination of a flexible coupler
array is prohibitively time-consuming and costly. A
lightweight digital agent is therefore needed to pro-
vide reliable statistical CSI and performance surrogates
within real-time constraints.

2) Cross-timescale coupling between active antenna posi-
tion and mechanical beamforming. When a conventional
two-timescale optimization scheme [28] is used to solve
problem (P1), each slow-timescale update triggers a
full re-execution of the fast-timescale inner loop, which
creates nested outer-inner iterations. The overall com-
plexity thus scales rapidly with the number of antennas,
leading to heavy computational load and substantial
online latency.

In the following subsections, we present a novel digital-
agent-based antenna algorithm that enables intelligent opti-
mization of active antenna position and mechanical beamform-
ing, thereby addressing the two challenges.

IV. ANTENNA POSITION AND MECHANICAL
BEAMFORMING DESIGN VIA DIGITAL AGENT

In this section, we first describe the design of fast timescale
mechanical beamforming, and then elaborate on the con-
struction of the antenna digital agent for slow timescale
active-antenna position vector optimization.

A. Fast Timescale Mechanical Beamforming

At the fast timescale, mechanical beamformer G mainly
aims to establish a basic antenna pattern alignment with the
statistical multipath channel. In each fast timescale frame, the
BS first estimates the statistical multipath channel given active
antenna-position vector p, and then obtains the fast timescale
mechanical beamforming matrix by solving

(P2) max
G

R̃(G) (20a)

s.t. ‖gn‖2 = 1, ∀n, (20b)

where R̃(G) = E[R(G)] , 1
Zs

∑Zs

t=1R
(
G; H(t)

)
denotes

the ergodic sum-rate evaluated over Zs fast-timescale channel
samples H(t) ∈ CMN×K given in (17), which are gener-
ated based on statistical CSI. The statistical CSI is obtained
during uplink channel estimation, where all users simultane-
ously transmit pilot signals to the BS, and the BS applies
the space alternating generalized expectation maximization
(SAGE) algorithm to extract the channel statistics [29].
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Considering the hardware implementability of mechanically
controlled flexible couplers, we adopt a practical approach
by selecting the optimal radiation pattern from a predefined
set, rather than designing arbitrary patterns with unrestricted
directions and shapes. This approach ensures a balance
between implementation efficiency and real-world hardware
constraints. To be specific, the mechanical beamforming
matrix is reformulated as

G = QS, (21)

where Q = IN ⊗Q ∈ RMN×UN with Q ∈ RM×U denotes
a predefined dictionary that contains the radiation patterns
generated under U candidate patterns over M spatial sampling
angles. The matrix

S , blkdiag{s1, s2, . . ., sN} ∈ {0, 1}UN×N , (22)

denotes the radiation-pattern selection matrix, where each sn ∈
{0, 1}U is a one-hot vector satisfying ‖sn‖1 = 1, which selects
one candidate state of the coupler-position vector qn, and thus
the corresponding radiation pattern, from the dictionary. By
substituting (21) into (18), we have

R̃(S) = E
[
log2 det

(
IN +

ρ

σ2
SHQHH(p)HH(p)QS

)]
(23a)

= E
[
log2 det

(
IK +

ρ

σ2
HH(p)QSSHQHH(p)

)]
,

(23b)

where (23b) is obtained based on Sylvester’s determinant
theorem, i.e., det(I + AB) = det(I + BA) [30].

Based on the formulation in (23b), the original problem
in (P2) is equivalently transformed into a more practical
optimization problem focused on optimizing the radiation
pattern-selection matrix S, given by

max
S

R̃(S) (24a)

s.t. [sn]u ∈ {0, 1}, ∀n, u, (24b)
‖sn‖1 = 1, ∀n. (24c)

The non-convex optimization problem in (24) is particularly
challenging because the Boolean constraint (24b) is both
non-smooth and non-convex. The optimal selection algorithm
is an exhaustive search over all possible radiation pattern
combinations. However, since the total number of feasible
pattern selections is UN , exhaustive search is impractical due
to the extremely large number of possible antenna pattern
combinations. Hence, a more tractable optimization strategy is
required. Specifically, for each fast-timescale channel sample,
we let

Wt = (H(t)(p))HQ ∈ CK×UN . (25)

Moreover, since S is a block diagonal matrix and each sn
is a binary indicator vector with exactly one unity entry, the
product SSH becomes a diagonal selection matrix. Its diagonal
is given by v , [sT1 , . . . , s

T
N ]T ∈ {0, 1}UN . Therefore, we

obtain
diag(v) = SSH ∈ CUN×UN . (26)

By substituting (25) and (26) into (23b), the ergodic sum-rate
reduces to

R̃(v) =
1

Zs

Zs∑
t=1

log2 det
(
IK + ρ

σ2 Wtdiag(v)WH
t

)
. (27)

We then optimize the binary selector, v ∈ {0, 1}UN , to
maximize R̃(v) subject to per-antenna selection constraints.
Since the variables in v are binary integer, the optimization
problem becomes NP-hard. To overcome this challenge, we
relax the binary constraint on each element of v to a weaker
continuous constraint such that [v]i ∈ [0, 1]. The original
problem in (24) can be relaxed to the following problem.

max
v

1

Zs

Zs∑
t=1

log2 det
(
IK + ρ

σ2 Wtdiag(v)WH
t

)
(28a)

s.t.
U∑
u=1

[v]φ(n,u) = 1, n = 1, . . . , N, (28b)

0 ≤ [v]i ≤ 1, i = 1, . . . , UN. (28c)

where φ(n, u) = u + (n − 1)U . Problem (28) is a convex
optimization problem that can be solved in polynomial time
using CVX [31].

After solving problem (28) and obtaining the optimal
relaxed solution v∗, we recover a feasible per-antenna binary
selection vector by groupwise rounding. Specifically, for each
flexible coupler antenna n, we have

χ∗n = arg max
u∈{1,...,U}

[
v∗
]
φ(n,u)

, n = 1, . . . , N, (29)

sn = eχ∗n ∈ {0, 1}
U , n = 1, . . . , N, (30)

where eu denotes the u-th canonical basis vector in RU . With
the optimal radiation pattern selection vector {sn} and known
radiation pattern dictionary Q, the mechanical beamformer is
constructed as G = QS in (21).

The computational complexity of solving problem (P2)
in each fast timescale mainly depends on the solu-
tion of problem (28), whose complexity is of order
O
(√

2UN log
(

1
ξ

)
((UN)3 + ZsK

2UN + ZsK
3)
)

, where ξ
denotes the accuracy tolerance of the CVX solver.

B. Digital Agent for Slow Timescale Position Optimization

Over the slow timescale, active-antenna position vector
p is optimized to place the array in the vicinity of the
scattering-cluster cores and users, thereby strengthening the
large-scale channel links. This design relies only on cluster-
core information, namely the estimated nominal distances from
users/antennas to the cluster cores. Accordingly, the cluster-
core channel, hC,k(p), is defined as

hC,k(p) = Z̄C,k h̄C,k(p) ∈ CMN , (31)

where h̄C,k(p) ∈ CCkN collects the spatial-domain channel
components contributed by the Ck scattering-cluster cores,
and Z̄C,k ∈ {0, 1}MN×CkN is a binary mapping matrix
that encodes the angle information of the scattering cluster
cores. Consequently, we substitute the instantaneous multipath
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Fig. 4. Proposed slow and fast timescale protocol for flexible coupler array.

channel, hk(p), in the channel expression (14b) and the sum-
rate formulation (18) with the scattering-cluster-core channel
hC,k(p), thereby defining the slow-timescale sum rate R̃(p)
as our optimization objective. Given mechanical beamformer
G, the slow timescale active antenna position design problem
is then formulated as

(P3) max
p

R̃(p) (32a)

s.t. 0 ≤ pn ≤ X,∀n, (32b)
|pn − pn′ | ≥ dmin, ∀n 6= n′. (32c)

When optimizing the active-antenna position vector in (P3),
deriving closed-form expressions of the achievable sum rates
of all users, R̃(p), in terms of the active-antenna position
vector p only is difficult, because we are unable to obtain
the optimal mechanical beamforming matrices as explicit
functions of the active-antenna position vectors. As the number
of antennas and the number of candidate positions increase,
nested iterations over the resulting large parameter space under
the strict latency requirements of future wireless links become
infeasible for conventional control loops. To make the problem
tractable, we propose an SFP surrogate training approach with
a digital agent, where the surrogate of the objective function is
constructed based on appropriately generated channel realiza-
tions/samples and the current active-antenna position vector.

An overview of antenna digital agent-based wireless sys-
tems is given in Fig. 5. The framework leverages the EM
map to generate statistical channel information across different
active antenna positions and user locations. Based on this
synthetic dataset, a deep neural network is trained to learn
an SFP surrogate that captures the coupling between active
antenna position and mechanical beamforming. To enhance
generalization, the surrogate is further fine-tuned using a
limited number of real channel measurements. This digital-
agent-assisted algorithm enables efficient position optimization
at the slow timescale and mechanical beamforming design
at the fast timescale, while avoiding the nested iterations
required in conventional two-timescale algorithms. The pro-
posed antenna digital agent comprises the following steps.

1) EM Map: According to (14), besides active-antenna
position vector p, the wireless channel is determined by the
environmental model, the user position distribution, and the
propagation operator, which captures how EM waves interact
with the medium and surrounding objects. In an ideal imple-
mentation, the agent would maintain up-to-date information
on all dynamic scatterers. However, real-time mapping of
every movable antenna is often impractical due to cost, power,
and computational constraints. Since large-scale propagation
parameters are determined by the environmental geometry and

user positions, path loss and angular characteristics exhibit
slow temporal variation. This makes it feasible to pre-store a
set of statistical information within the EM map (also referred
to as channel knowledge map [26]). Unlike existing channel
knowledge maps [26], which aim to predict instantaneous
channel parameters by mapping geographic locations to instan-
taneous channel realizations, the EM map here stores slowly
varying statistical channel information. This approach is to
reduce the overhead of channel reconstruction.

Specifically, analogous to the angle index graph constructed
in [26], we assume the existence of an ideal EM map that
contains the geometry and material data of the environment.
The EM map represents the environment by a 3D EM model,
denoted by ω, which encodes the positions and EM properties
of the BS, user terminals, and static reflectors or scatterers.
The 3D EM model, ω, can be reconstructed from sensors or
preexisting geographic databases. Consequently, given active
antenna position control information, the statistical channel
information in the EM map is expressed as

Ξk,c,n = {r̄c,n, r̄k,c, ς2n,c, ι2k,c} (33a)

= EMM
(
ω, υk, pn

)
, (33b)

for arbitrary active antenna positions pn, scatterers c, and
user locations υk, where EMM(·) denotes the location-to-
statistical-channel mapping function. The constructed EM map
essentially serves as a database rooted in the location domain
and establishes a mapping between user locations, antenna
parameters, and statistical channel information, thereby guid-
ing both active antenna position optimization and mechanical
beamforming design.

2) Label Data Generation With Optimized Mechanical
Beamforming: We generate multiple samples of active antenna
positions. {pj}

Ns
j=1 such that the active antenna position

space is uniformly covered, where the subscript j is used
to denote the index of the j-th training sample, and Ns is
the total number of samples. Based on the EM map, we
then generate the cluster-core channel H̃C(pj) ∈ CMN×K

for every active-antenna position vector pj . Moreover, for
every pj , we draw Zs statistical multipath channel realiza-
tions, denoted by {H̃j,i(pj)}

Zs
i=1 with H̃j,i(pj) ∈ CMN×K ,

conditioned on cluster core and multipath statistics obtained
in EM map. Specifically, for each cluster c, we draw
per-realization sub-rays {rlc,n, rk,c,lc} around {r̄c,n, r̄k,c}
according to {ς2n,c, ι2k,c}.

The resulting channel matrix samples can then be post-
processed to extract key performance indicators. Specifically,
given the set {H̃j,i(pj)}

Zs
i=1, we solve the fast-timescale ray-

level problem (P2) to obtain the corresponding set of optimized
matrices {G∗j}.

Next, by substituting the obtained G∗j , pj , and the
cluster-core channel h̃C,k(pj) into the objective function of
problem (P3), we obtain the sum rate of all users for active
antenna position pj as R̄j . Then, the tuple

(
H̃j(pj), R̄j

)
is referred to as the j-th training sample, where H̃j(pj) ={{

H̃j,i

(
pj
)}Zs

i=1
, H̃C

(
pj
)}

. We repeat the above process

multiple times to generate the entire training data set.
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Fig. 5. The proposed antenna digital agent architecture.

3) Slow-Fast Performance Surrogate Pre-Training: The
SFP surrogate is a data-driven function that takes statistical
cluster-core and multipath channel as input and directly pre-
dicts the corresponding optimized user sum rate, which already
accounts for the fast-timescale mechanical-beamforming opti-
mization. In the following, the elements of the chosen deep
neural network model for SFP surrogate training are described.

The proposed deep neural network architecture is designed
as a Multi-Layer Perceptron network, which is well-
established as a universal function approximator [32]. The
proposed network consists of Q̄ layers, as illustrated in Fig. 5.
The network alternates between fully connected and nonlinear
layers. The q-th layer in the network has a stack of Nq neurons.
For the non-linearity layers, Rectified Linear Units (ReLUs)
are employed [33]. The input of the network is the real and
imaginary parts of channel H̃, and the output of the network
is the sum rate R̄. This model learns how to map an input (i.e.,
sampled channel vector) to an output (i.e., predicted achievable
rate). All samples are normalized using dataset-level scaling
[33], i.e., H̃

norm
= H̃

∆ with ∆ = maxi,j |[H̃]i,j |. This
normalization choice preserves distance information encoded
in the environment descriptors. Since modern implementations
of deep learning models mainly use real-valued computations,
each complex entry of the input data is split into real and
imaginary values. For output normalization, let Rmax =
maxj∈J R̄j be the largest sum-rate value in the training set,
where J = {1, 2, · · · , Ns}. Prior to training, each label is
normalized as R̄j

Rmax
,∀j ∈ {1, 2, · · · , Ns}.

Let Fτ (H̃(p)) : RMN → R denote the proposed neural
network with parameters τ . We use the entire training data
set, {H̃j(pj), R̄j

}
, to optimize the weights of the neural

network τ . The cost function is defined as the mean squared
error (MSE) between the label R̄j and the neural network
output. Specifically, the model is trained using a regression
loss function. The training is guided through minimizing the

following loss function

Fτ =
1

Ns

Ns∑
j=1

(
Fτ (H̃j(pj))− R̄j

)2
. (34)

After convergence, surrogate Fτ accurately predicts the
expected sum-rate that is already maximized over G, rendering
the inner mechanical beamforming optimization loop unnec-
essary online.

4) Fine-Tuning for Accurate Position Optimization: Wire-
less networks exhibit inherent dynamics in both large-scale and
small-scale statistics. In our two-timescale framework, cluster-
core statistics vary slowly, whereas intra-cluster multipath-ray
statistics fluctuate rapidly and are already handled by the
fast-timescale mechanical-beamforming optimizer for G in
problem (P2). Consequently, the offline-learned SFP surrogate
may become mismatched at the slow timescale, leading to
performance degradation when applied online. To mitigate this
issue, we adopt a transfer-learning strategy [34], where the
online deep neural network (DNN) is initialized by the offline
SFP model and subsequently fine-tuned using a limited num-
ber of newly labeled samples from the current environment.

Specifically, we collect a small set of samples that capture
the present channel conditions:{

HW
j (pj), R̄

W
j

}Nw

j=1
, Nw � Ns, (35)

where HW
j (pj) denotes the collected channel samples for

active antenna position pj , R̄
W
j is the corresponding average

sum rate, and Nw is the number of newly collected channel
samples for fine-tuning, which is much smaller than the size
of the offline training dataset Ns.

Then, we refine the pre-trained SFP network via domain
adaptation, where a subset of layers is frozen, and only the
remaining layers are fine-tuned so that the DNN adapts to the
current cluster-core channel coefficients. Mathematically,

Fτ̄

(
HW(p)

)
= FFL

τ̄

(
FTL
τ∗
(
HW(p)

))
, (36)
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TABLE I
SIMULATION PARAMETERS

where FTL
τ∗ (·) denotes the frozen layers with parameters τ ∗

obtained in the pre-training stage, and FFL
τ̄ (·) denotes the fine-

tuned layers with updated parameters τ̄ . Because only the
small set {HW

j (pj), R
W
j } is required, the online retraining

time meets the stringent latency requirements of the flexible
coupler system.

Replacing the objective function in problem (P3) by the
learned SFP surrogate yields

(P4) max
p

Fτ̄

(
HW(p)

)
(37a)

s.t. 0 ≤ pn ≤ X, ∀n, (37b)
|pn − pn′ | ≥ dmin, ∀n 6= n′. (37c)

where Fτ̄ (·) is a trained neural surrogate evaluated numer-
ically. Based on problem (P4), the BS observes the current
cluster-core CSI feature and updates p via projected gradient
ascent [35]. By indexing the flexible coupler antennas along
the rail in nondecreasing order of their positions (i.e., p1 ≤
· · · ≤ pN ), the nonconvex constraints (37c) can be simplified
as the following linear constraints:

pn − pn−1 ≥ dmin,∀n = 2, · · · , N. (38)

Then, we define

T,
{

p ∈ RN : 0≤p1, pn+1−pn≥dmin (n=1, . . . , N−1),

pN ≤ X
}
, (39)

as a nonempty and closed convex polyhedron. Note that T is
guaranteed to be nonempty since X ≥ (N −1)dmin. Next, for
iteration t, we execute

e(t) = ∇p Fτ̄

(
HW(p(t))

)
, (40a)

p(t+1) = ProjT
(
p(t) + η e(t)

)
, (40b)

and terminate when ‖e(t)‖ < ε, where ε is a predefined
tolerance and η is the fixed step size of the projected-gradient
update [36]. Here, the Euclidean projection ProjT (x) maps
any vector x onto the closed convex set T by returning the
unique point in T that minimizes the Euclidean distance to x.

The overall digital agent-assisted two-timescale optimiza-
tion algorithm for flexible coupler array is detailed in
Algorithm 1. The algorithm guarantees convergence to local
optimal points since the objective value is non-decreasing in
each iteration. In Algorithm 1, the computational complexity
of active antenna position optimization is O(2K+2LMN3 +
2KLN) where L = max{L1, L2, . . . , LK} [34].

V. SIMULATION RESULTS
In the simulation, the users are randomly distributed within

a two-dimensional rectangular region of size Sx = 8 m by
Sy = 15 m. The total number of flexible coupler antennas is
N = 16. The carrier frequency is 28 GHz. We set U = 14
and M = 360. In this scenario, all K = 10 users operate
under a scattering-cluster channel with Ck = 3 clusters, each
consisting of Lc,k = 3 multipaths. The nominal distances of
these scattering clusters, r̄c,n and r̄k,c, are randomly drawn
from the range [2, 4] m, while the distance spreads are set to
ςn,c = 0.4 m and ιk,c = 0.4 m. In the proposed digital agent
algorithm, the DNN is composed of four dense layers, with
the number of neurons as 500, 250, 100, and 50, respectively.
Unless otherwise specified, the simulation parameters are sum-
marized in Table I. The EM map is constructed via intelligent
ray tracing [37], where physical paths are grouped in the joint
angle and delay domain. For each cluster, we compute the
mean delay and the delay variance. These statistics determine
the cluster core distances and the corresponding distance
variance parameters for each user and active antenna position.

We consider the traditional two-timescale optimization
structure as the baseline scheme. At the fast timescale,
the BS first estimates the statistical CSI and generates
multipath channel samples to evaluate the ergodic sum
rate, and then obtains the mechanical beamforming matrix
by solving problem (P2). At the slow timescale, the BS
first computes the cluster-core CSI and then iteratively
updates the active-antenna position vector p(t) using
the conditional gradient algorithm [10]. At each outer
iteration of the position update, it calls the fast mechanical
beamforming subproblem (P2) as the inner loop to obtain
G(t), and the process continues until p(t) converges. The
complexity of updating the slow-timescale position vector p is
O
(
I
(
TH J

(√
2UN log 1

ξ ((UN)3 + ZsK
2UN + ZsK

3)
)

+

NK2
))

[10], where I denotes the number of iterations in
the position optimization, J denotes the number of iterations
in the mechanical beamforming, and TH denotes the number
of fast channel samples used per slow-timescale position
update.

Fig. 6 compares the proposed digital-agent algorithm with
the traditional two-timescale optimization for flexible coupler
systems under a deliberately mismatched cluster-core distri-
bution. In this scenario, the nominal distance range of the
scattering clusters for each user is enlarged to [3, 5] m, while
{Ck} and {Lc,k} remain unchanged. The traditional baseline
fails to adapt to channel variations, which results in a sharp
decline in the average sum rate. In contrast, the digital agent
adapts well to channel information and simultaneously reduces
the online complexity of the traditional two-timescale methods
to O(2K + 2LMN3 + 2KLN). For example, the proposed
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Algorithm 1 Digital Agent-Assisted Two-Timescale Opti-
mization Algorithm for Flexible Coupler Array

1: Inputs: Number of samples Ns; step size η; tolerance ε.
2: Outputs: Active antenna position vector p∗ and mechan-

ical beamformer G∗.
3: Step 1: Slow timescale active antenna position opti-

mization
• Antenna digital agent pre-training

1) EM map construction.
2) Generate optimized mechanical beamforming
matrices {G∗j} by running Step 2 and generate label
data.
3) Calculate the average sum rate R̄j for pj .
4) Repeat the above process multiple times to gen-
erate the entire training data set {H̃j(pj), R̄j}

Ns
j=1.

5) A neural network Fτ (H̃(p)) is trained by mini-
mizing (34) to serve as a surrogate for SFP.
• Antenna digital agent online fine-tuning and
control:

1) Refresh statistical channel state information with
the current environment.
2) Collect retraining data from (35).
3) Update the fine-tuned DNN parameters τ̄ via
(36).
4) while ‖e(t)‖ > ε do
Update e(t) and p(t+1) via (40a) and (40b), respec-
tively.
5) end while
6) Set p∗ = p(t+1).

4: Step 2: Fast timescale mechanical beamforming with
given p∗

• while no convergence of S do
1) Update v by solving problem (28).
2) Update radiation pattern selection vector sn by
(30).
• end while
• Construct the mechanical beamformer G∗ by (21).

Fig. 6. Comparison of the digital agent and traditional two-timescale
optimization algorithms.

digital agent algorithm achieves 95% of the final average sum

Fig. 7. Impact of the reserved area’s horizontal length Sx on flexible coupler
system performance.

rate within approximately 32.4 s, whereas the baseline requires
approximately 10.9 min, since each slow-timescale update
requires rerunning the inner fast-timescale loop. When the
channel statistics drift, the agent fine-tunes only the last two
network layers with a small number of labeled channel real-
izations, which preserves adaptability without incurring large
online cost. These results indicate that the proposed digital
agent ensures reliable performance by solving the optimization
within the digital agent rather than relying entirely on the
physical environment.

Fig. 7 illustrates the average sum rate as a function of
transmit power for the proposed flexible coupler array and
the conventional fixed antenna with fixed position, rotation,
and radiation pattern, evaluated for deployment areas with
horizontal lengths of Sx = 5 m and Sx = 10 m. As
observed, the proposed flexible coupler array consistently
achieves a higher average rate compared to the conventional
system, which demonstrates its ability to provide enhanced
communication performance. In addition, the average rate of
the proposed flexible coupler array remains nearly identical
for both deployment areas, while the conventional system
experiences a significant degradation when transitioning from
Sx = 5 m to Sx = 10 m. This advantage is attributed to
the flexibility of the flexible coupler antenna to adjust its
position along the slide rail to be closer to the user, effectively
mitigating path loss and maintaining strong communication
links. This behavior highlights that the flexible coupler per-
formance is less sensitive to variations in deployment area,
which confirms that dynamic positioning effectively mitigates
the adverse effects of increased propagation distance. In con-
trast, the conventional system suffers significant performance
degradation due to the fixed position of its antenna, which
amplifies the path loss in wireless propagation as the horizontal
length Sx increases.

Fig. 8 plots the average sum-rate versus transmit power for
the proposed flexible coupler system and fixed-pattern trans-
latable antenna system (i.e., an antenna with a fixed rotation
and pattern that can only slide along a rail), evaluated for
deployment areas of vertical length Sy = 8 m and Sy = 15 m.
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Fig. 8. Impact of the reserved area’s vertical length Sy on flexible coupler
system performance.

Fig. 9. The sum-rate of flexible coupler system versus the angle of the user.

It can be observed that extending the reserved area increases
the propagation distance, thereby degrading the throughput
of the fixed-pattern translatable antenna. In contrast, the two
curves corresponding to the proposed flexible coupler array
remain close, with only minor differences attributable to the
additional path loss introduced by the taller service region.
These results verify that the combination of sliding mobility
and radiation pattern reconfiguration of couplers effectively
mitigates the geometric penalty of a larger vertical coverage
area, thereby sustaining nearly optimal performance across the
entire coverage range. It is worth noting that the robustness
of the proposed flexible coupler array is achieved using a
single slide rail, as each antenna element can both slide and
reshape its radiation pattern. In comparison, the fixed-pattern
translatable antenna design typically requires multiple parallel
rails to achieve comparable rates, which substantially increases
hardware complexity and deployment cost.

Fig. 9 illustrates the sum-rate variation with respect to the
user’s angular position relative to the flexible coupler array,
where K = 1 and N = 1. The proposed flexible coupler
array maintains robust performance across a wide range of
user angles by dynamically adjusting the pattern orientations
as the user position deviates from the optimal direction.

Fig. 10. The sum-rate of flexible coupler system versus the coverage angular
range.

In contrast, the fixed-pattern translatable antenna achieves
satisfactory performance only when the user is positioned per-
pendicularly to the array, where the antenna gain is maximized.
These results underscore the robustness and versatility of the
proposed mechanical beamforming approach, demonstrating
that dynamic pattern reconfiguration not only compensates
for variations in user location but also substantially enhances
the overall system performance and reliability across diverse
deployment scenarios.

Fig. 10 presents the average sum rate versus the total user
coverage angle for two antenna configurations, namely pro-
posed flexible coupler array with fixed active antenna positions
and the rotatable antenna with a fixed radiation pattern (i.e.,
the active antenna remains at a fixed position with a fixed
pattern, but it can rotate around its own axis). We can see
that when the coverage angular range is small, both schemes
achieve similar performance because their main lobes can
remain aligned with the users. As the angle increases (i.e., the
users are more widely dispersed), the fixed-pattern rotatable
antenna experiences rapid performance degradation due to
misalignment. By contrast, the proposed flexible coupler array
exhibits a much slower performance decline, since coupler
movement keeps the array oriented toward the prevailing user
sector, while pattern reconfiguration compensates for residual
offsets and angular dispersion among users. These results
indicate that flexible coupler array is essential for sustaining
high sum-rate performance over wide angular coverage.

VI. CONCLUSION

We have proposed a flexible coupler antenna array that
combines the small-range relocation of passive couplers with
large-scale antenna translation. The array introduces an addi-
tional radiation DoF with relocating couplers and reduces
large-scale path loss by enabling near-user placement. We have
then designed a two-timescale optimization framework that
maximizes the sum rate by jointly optimizing active antenna
position at the slow timescale and mechanical beamforming
at the fast timescale. To solve this problem, we have pro-
posed a digital-agent-aided optimization algorithm to reduce
online computational complexity. The proposed coupler posi-
tion reconfiguration provides a cost-effective way to enhance
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communication performance without moving active antennas,
thereby improving antenna adaptability with a compact struc-
ture and low hardware overhead. For our future work, we will
investigate channel estimation for the flexible coupler array,
since each new configuration of passive coupler positions
results in a different channel as well as varied coupling with
the active antenna element.
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