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Abstract—Fluid antenna systems (FAS) introduce additional
spatial degrees of freedom (DoF) by dynamically adjusting
antenna positions. When integrated with multiple-input multiple-
output (MIMO) technologies (forming MIMO-FAS), this capabil-
ity significantly enhances wireless communication performance.
However, the joint optimization of high-dimensional port selec-
tion and beamforming in MIMO-FAS presents a challenging non-
convex combinatorial problem. In this paper, we propose a novel
large language model (LLM)-based intelligent framework for
jointly optimizing port selection and beamforming in multiuser
MIMO-FAS systems. The objective is to maximize the sum rate
under base station (BS) power and port activation constraints.
Departing from the conventional two-stage approaches, where
port selection and beamforming are handled sequentially, we
adopt a parallel output strategy that simultaneously determines
port indices and beamforming coefficients, leveraging the multi-
task learning capabilities of LLMs. To enhance efficiency, we
incorporate low-rank adaptation (LoRA) for fine-tuning pre-
trained LLMs, significantly reducing training cost while main-
taining generalization performance. Also, we employ Gumbel-
Sinkhorn stochastic relaxation to make discrete port selection dif-
ferentiable, enabling end-to-end optimization. Numerical results
demonstrate that the proposed method outperforms state-of-the-
art techniques in terms of sum rate, validating the effectiveness
of the LLM-driven joint optimization approach.

Index Terms—Fluid antenna system, large language model
(LLM), multiuser MISO, port selection, LoRA fine-tuning.

I. INTRODUCTION

ULTIPLE-input multiple-output (MIMO) is the most

celebrated mobile technology in the modern history of
wireless communications. The current fifth generation (5G) is
relying on massive multiuser MIMO in the physical layer [1],
[2], [3]. Going forward, an extra-large version of MIMO in
the form of a cell-free network architecture is anticipated [4].
Understandably, the power of MIMO comes from the number
of antennas at the base station (BS). With or without the cell-
free setup, nonetheless, we cannot expect that the number of
antennas continues to increase without bound. In fact, recent
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discussion for the sixth generation (6G) seems to suggest that
each BS has only 32 antennas, less than that in 5G, contrary
to most of the early predictions that a BS in 6G would have
hundreds or even thousands of antennas. With not so massive
MIMO at the BS but still aiming for more ambitious goals, a
new degree of freedom (DoF) needs to be sought [5], [6].

This has motivated the effort of the fluid antenna system
(FAS), which promotes an integrated reconfigurable physical-
layer system exploiting shape-flexible position-reconfigurable
antenna systems to empower the physical layer with more DoF
[71, [8]. First introduced by Wong et al. in [9], [10], FAS is
also encouraged by the recent advancements in reconfigurable
antenna technologies such as movable arrays [11], [12], liquid
antennas [13], pixel-based antennas [14], and metamaterials-
based antennas [15], [16]. Since the emergence of FAS, there
have been discussion about the potential of utilizing artificial
intelligence (AI) [17] and large language model (LLM) [18]
in FAS system optimization. Moreover, Lu et al. in [19]
offered an explanation of FAS from an electromagnetic per-
spective. Wu et al. in [20] categorized various technologies
for implementing FAS and emphasized their strengths and
characteristics.

With position reconfigurability, FAS has been demonstrated
to have tremendous spatial diversity given a fixed space [21],
[22]. For instance, with a space of 0.5\ x 0.5\ (with A\ being
the carrier wavelength) at both ends, a fixed MIMO channel
would have a diversity order of 16' but the diversity order
for FAS-assisted MIMO systems (MIMO-FAS) reaches 169,
a tenfold increase.

However, the capability of FAS originates from the pos-
sibility of finding the optimal antenna positions (known as
port selection) in conjunction with beamforming [23] which
is an non-deterministic polynomial-time hard (NP-hard) com-
binatorial optimization problem. Traditional optimization ap-
proaches typically address this problem by solving partially
relaxed convex approximations, employing techniques such
as semidefinite relaxation (SDR) [24] or successive convex
approximation (SCA). Another commonly used approach is
alternating optimization (AO) [25], which iteratively optimizes
beamforming for fixed port selections, and vice versa, until
convergence. Nevertheless, these optimization methods entail
high computational complexity, often requiring repeated solu-
tions of large-scale convex optimization problems or exhaus-
tive search subproblems. Moreover, even after applying convex
relaxation methods, the obtained solutions remain suboptimal
without guaranteed optimality. Consequently, when the num-
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ber of ports becomes moderately large, the computational cost
of these algorithms grows dramatically.

Alternatively, learning-based methods can make decisions
via one-shot model inference, hence potentially lowering
online computation overhead while preserving performance.
For example, the authors in [26] investigated an over-the-
air federated learning system where fluid antennas (FA) are
integrated at the access point and proposed an long short-
term memory (LSTM)-based algorithm to jointly optimize and
simultaneously output the FA positions, beamforming vectors,
and user selection strategy, aiming to maximize the number
of selected users. However, these learning-based approaches
generally require a substantial amount of offline optimization
solutions serving as labeled training data. Obtaining these
training labels inherently constitutes an NP-hard problem,
effectively equivalent to performing exhaustive offline searches
or repeatedly applying computationally intensive algorithms.
Even when reinforcement learning [27] is employed to directly
approximate optimal decisions through unsupervised training
with the system rate serving as a reward, the training process
still requires extensive trial-and-error exploration in simulated
environments. Moreover, analogous to AO algorithm, learning-
based approaches often utilize sequential two-stage methods
to tackle the port selection and beamforming optimization
problems [28]. Overall, iterative AO or any two-stage methods,
however, tend to ignore the inherent coupling between port
selection and beamforming and naively compromise the two
sets of variables when optimizing.

Clearly, a more efficient solution is needed moving forward,
and LLMs seem well positioned to provide it. In recent years,
LLMs have achieved remarkable success in natural language
processing, information retrieval, and related domains [29],
[30]. The introduction of LLMs into physical layer design
has also attracted much attention. For instance, building on
the expressive power of LLMs and leveraging fine-tuning
of pre-trained networks, [31] proposed a method to predict
future downlink channel state information (CSI) sequences
from historical uplink CSI sequences. Pre-trained on exten-
sive textual corpora, LLMs possess impressive capabilities
including generalization, expressive, and multi-task learning.
Unlike traditional algorithms that rely on mechanical searches
within combinatorial spaces, LLMs can effectively extract
latent patterns and perform inference from high-dimensional
complex space. This offers novel insights into overcoming the
joint optimization challenges in MIMO-FAS using LLMs. In
this paper, we propose an LLM-based port selection and beam-
forming method for multiuser multiple-input single-output
system assisted by FAS (MISO-FAS). The contributions of
this paper are summarized as follows:

o First, we propose an LLM-based end-to-end joint opti-
mization framework to maximize the sum rate for a mul-
tiuser MISO-FAS in the downlink with the BS transmis-
sion power and port activation constraints. The framework
consists of a preprocessing module, a backbone network,
and a post-processing module. The preprocessing module
utilizes multi-head attention and positional embedding to
align the complex CSI data format with that of the pre-
trained LLM and extracts initial feature representations.

The backbone network leverages the powerful generaliza-
tion and expressive capabilities of the pre-trained LLM to
improve CSI feature extraction and generate richer feature
representations, while the post-processing module utilizes
a model-based optimal beamforming solution structure
[32] to optimize the port selection and the beamform-
ing power allocation. Overall, this framework achieves
end-to-end optimization, mapping input CSI directly to
explicit beamforming outputs and discrete port indices
learned from differentiable soft outputs and hardened
during inference.

o We propose a parallel output mechanism to alleviate the
potential performance degradation caused by traditional
two-stage methods that select port first and then perform
beamforming. By enabling the pre-trained LLM to output
both the selected port indices and the power allocation
factors for beamforming derivation in parallel, thereby
fully exploiting the LLM’s inherent expressive power and
multi-task learning capability to enable joint optimization
of port selection and beamforming.

o Also, we incorporate the low-rank adaptation (LoRA)
[33] fine-tuning technology in the backbone network,
which freezes the original parameters of the pre-trained
LLM and introduces a small number of trainable low-rank
matrices, thereby significantly reducing computational
resource requirements without sacrificing performance.
Furthermore, to address the issue of non-differentiability
arising from discrete decisions in port selection and the
strong reliance of commonly adopted pointer networks
[34] on labeled data, we employ a stochastic relaxation
technique based on the Gumbel-Sinkhorn distribution
[35]. This maps discrete decisions onto differentiable op-
erations, enabling the entire framework to be trained end-
to-end via gradient descent optimization algorithms in an
unsupervised manner, while eliminating the dependence
on labeled data.

o Numerical results demonstrate that our proposed frame-
work outperforms existing deep learning (DL)-based con-
volutional neural network (CNN) [36] and transformer
[37] approaches in terms of downlink sum rate, and also
achieves a performance gain compared to the LLM-based
two-stage method. Moreover, millisecond-level inference
latency also demonstrates the efficiency of the proposed
method.

The rest of this paper is organized as follows. In Section
II, we review related work on port selection and beamforming
in FAS. In Section III, we introduce the system model and
problem formulation. Section IV then presents the proposed
LLM-based optimization framework. Section V provides nu-
merical results, and finally, we conclude this paper in Section
VL

Notations—Matrices and vectors are represented in upper
and lower case bold letters, respectively. The superscripts (),
()T and ()~! represent the conjugate transpose, the transpose
and inverse of a matrix or vector, respectively. |-| and |||
stand for absolute value and Euclidean norm, respectively.
Also, R(-) and (-) denote the real and imaginary parts of



a complex variable, respectively. (]T\Z ) denotes the number of
combinations of n elements selected from N elements. vec(-)
is the vectorization operator. Iy denotes an N x N identity
matrix. Moreover, x ~ CA/(0, 0%) denotes a complex Gaussian

random variable with zero mean and covariance o2.

II. RELATED WORK

In this section, we provide a detailed review and summary
of existing literature on port selection in MIMO-FAS, joint
port selection and beamforming design in MIMO-FAS, and
LLMs for port/beamforming design and optimization. Table I
summarizes the comparison of related work in terms of focus,
methods, and limitations.

A. Port Selection in MIMO-FAS

FAS enhance the achievable capacity of MIMO system by
introducing additional spatial DoF through dynamic selec-
tion among multiple potential antenna ports. Several attempts
have been made to address the joint transmit and receive
port selection problem in MIMO-FAS (ak.a. fluid MIMO).
In [38], based on a capacity upper bound, two schemes,
namely joint convex relaxation (JCR) and a reduced exhaus-
tive search (RES), as well as JCR and AO, were devised.
More recently, the authors of [39] introduced a probabilistic,
learning-based scheme within the cross-entropy optimization
(CEO) framework to solve the port selection problem for fluid
MIMO systems. In [40], the authors proposed a method based
on least squares regression to estimate channel parameters
in multi-ray millimeter-wave FAS, effectively reducing the
number of required channel estimations. The authors of [41]
derived the outage probability of FAS utilizing the maximum
ratio combining (MRC) via Laplace transform. They also
provided lower bound and asymptotic expressions for the
outage probability, indicating that FAS can exploit substantial
spatial diversity. Moreover, the authors in [42] employed an
AOQO algorithm to jointly optimize the time scheduling and port
activation of wireless energy transfer and wireless information
transfer, and analyzed the overall performance of a wireless
powered communication network utilizing FA. In [43], the
authors formulated the optimal control problem involving BS
transmit power and user FA positioning as a mean-field game
(MFG) and used a finite-difference-based iterative algorithm
to maximize energy efficiency.

Additionally, some literature has explored the optimization
of port selection using intelligent learning. For example, the
number of signal-to-noise ratio (SNR) observations for port
selection can be reduced using machine learning (ML) with
only partial CSI [44]. Besides, building on multi-armed bandit
learning, the authors of [45] proposed an online learning-
induced port selection method for FAS, which can learn the
optimal port selection by interacting with different channel
dynamics. By leveraging the spatial and temporal channel cor-
relations over the ports, [46] presented a LSTM-based learning
approach to estimate and predict the port CSI for fast port
selection. In [47], the authors proposed employing conditional
generative adversarial networks (cGANSs) to facilitate FAS port

selection, leveraging the correlation among the ports to gener-
ate channel gains for ports without observations. To mitigate
the computational burden arising from FAS, the authors in
[48] proposed a deep unfolding neural network method based
on the block successive upper bound minimization (BSUM)
algorithm, which accelerates the optimization and reduces
computational latency. In [49], the authors proposed a resilient
decentralized reinforcement learning (RL)-based approach for
opportunistic fluid antenna multiple access (O-FAMA), de-
signed to jointly optimize user scheduling and optimal port
selection for maximizing the network sum rate. In [50], the
authors proposed an attention-enhanced recurrent multi-agent
reinforcement learning framework, which jointly optimizes the
trajectories of all active unmanned aerial vehicles (UAVs)
and the FA ports of passive UAVs, aimed at minimizing
the average positioning error of the target UAV. A recent
study [51] formulated the FAS port selection as a multi-
label classification problem, employing liquid neural networks
(LNNs) to predict optimal ports in emerging fluid antenna
multiple access scenarios. The above results indicate great
promises for learning methods on port selection but so far
these studies have not considered port selection together with
beamforming. This oversight inevitably limits the performance
of MIMO-FAS considerably.

B. Joint Port Selection and Beamforming Design in MIMO-
FAS

There are some efforts addressing the joint port selection
and beamforming exists. In [52], an AO algorithm based on
the penalty method and SCA was developed to minimize
the total transmission power of a MISO-FAS downlink com-
munication system. Similarly, [53] applied FAS in near-field
communication scenarios, in which an AO algorithm was used
to iteratively solve the subproblems of antenna position and
beamforming for maximizing the energy efficiency. In [54],
the authors proposed a block coordinate ascent (BCA)-based
algorithm to jointly optimize beamforming and FA positioning
in FA-aided downlink multiuser MIMO systems, and utilized
a decentralized baseband processing (DBP) architecture for
distributed implementation. The authors in [55] discussed the
importance of integrating FAS and active reconfigurable intel-
ligent surfaces (ARIS) and proposed an AO algorithm to opti-
mize both the BS transmit beamforming and the positioning of
FA. In [56], the authors investigated an energy efficient wire-
less communication system based on fluid antenna relay (FAR)
and proposed an AO algorithm to jointly optimize the FAR
and FA positions, power control, and beamforming design for
enhancing the system’s energy efficiency. In [57], the authors
proposed an uplink two-timescale transmission scheme for
MU-MIMO-FAS, where antenna positions and beamforming
are optimized based on statistical and rapidly varying instan-
taneous CSI, respectively. By considering the port switching
delay and energy consumption in FAS-assisted integrated
data and energy transfer (IDET) systems, the authors in [58]
alternately optimized port selection and beamforming vectors
to maximize the short-term and long-term wireless energy
transfer efficiency. In [59], the authors proposed an alternating



TABLE I
COMPARISON OF RELATED WORK IN FOCUS, METHODS AND LIMITATIONS

Ref. Year  Focus Methods Limitations
[38] 2024 Trar.lsm1't and receive antenna port se- JCR&RES, JCR&AO ngh computat'mnal com-
lection in FAS plexity, optimality loss
[39] 2025 Joint transmit and receive port selec- Probability learning, Multiple iterations, slow
tion in Fluid-MIMO CEO convergence
[40] 2023  Multi-ray mmWave FAS Least squares regression Simplify  channel rpodel,
performance degradation
.. MRC, Laplace . . .
[41] 2024  Outage probability of FAS transform Asymptotic approximation
.. ML, Smart, *Predict and . . .
[44] 2022 Port selection in FAS Optimize’ (SPO) Analytical approximation
[45] 2024 Port selection for FA in dynamic chan- Multi-armed bandit Exploration-Exploitation
nel environment learning trade-off
[46] 2023 Eznslporal and spatial correlation for LSTM Reobservations
[47] 2025  Port selection in FAS cGANs Label dependency
(48] 2025 FA-enhanced vehicular communica- BSUM, deep unfolding High complexity, slow con-
tion vergence
[51] 2025  Fluid antenna multiple access LNNs Unstable tre.un} ne, hyperpa-
rameter optimization
(5] 2004 Antenna positioning and beamforming  AO, penalty method and High computational com-
design for multiuser MISO-FAS SCA plexity, optimality loss
Joint beamforming and antenna design Optimality loss, ignore cou-
531 2025 for Near-Field FAS AO pling
Joint beamforming and antenna posi- . . . . .
[54] 2025  tion optimization for multiuser MIMO- BCA, DBP’ fractional ng.h . complemty, tterative
FAS programming optimization
(58] 2025 Port selection and beamforming design AO, SDR, constrained Iterative optimization, opti-
for IDET assisted by FAS soft actor critic mality loss
[59] 2025  FAS assisted semantic communication  Alternating algorithm ngh comp utat.lonal com=
plexity, optimality loss
[60] 2025 Joint optimize beamforming and port Sparse optimization, Iterative optimization, opti-
selection for FAS-enabled ISAC convex approximation mality loss
[61] 2025 Joint antenna positioning and beam- AO, SDR, SCA, S- High complexity, iterative
forming design for FAS-enabled ISAC  procedure optimization
(7] 2025 .Jomt on-off selection and beamform- CEO High cqmputatlonal cost,
ing for FRIS local optima
Joint antenna positioning and beam- Ignore coupling, local op-
691 2025 forming for Multiuser MISO-FAS GNN, two-stage tima
Hardware-software co-design for opti- Model limitations
[66] 2025  mize beamforming and port selection GNN, RPS . ’
. oversmoothing
in FAS
[67] 2004 FAS Liberating multiuser MIMO for DRL, LSTM Exten.swe trial-and-error ex-
ISAC ploration
[71] 2024 t;grl Enabled - multi-task  physical LLM, LoRA Large number of parameters
[72] 2025 LLM for wireless multi-task i](:g[ A’ mixture of experts Large number of parameters
(73] 2025 LLM-empowered near-field communi- LLM Large number of' parame-
cations for LAE ters, memory requirements
[74] 2025 Beam prediction based on LLMs LLM, PaP Difficult to maintain
LLM-based channel prediction for
[78] 2025 OTFS-enabled satellite EAS links LLM, LoRA Large number of parameters
[79] 2025  Port prediction for FA based on LLMs LLM, LoRA Large number of parameters




algorithm to address the rate maximization problem in FAS-
assisted semantic communication systems by jointly optimiz-
ing beamforming, port selection, and semantic compression
rate. Additionally, the authors in [60] proposed an iterative al-
gorithm based on sparse optimization, convex approximation,
and penalty methods to address the minimum transmit power
problem in integrated sensing and communication (ISAC)
systems enabled by FAS, while satisfying both communication
and sensing requirements. Focusing on FA-enhanced ISAC
systems with perfect and imperfect CSI, the authors in [01]
respectively developed two iterative AO algorithms (SDR and
SCA, S-procedure and SCA) to formulate the dual-functional
beamforming and FA position problems. Furthermore, in [62],
the authors proposed an iterative algorithm based on the CEO
framework for jointly optimizing the element selection and
discrete phase shifts in fluid reconfigurable intelligent surface
(FRIS). In [63], the authors investigated UAV-assisted ISAC
system employing FA, where an AQO iterative algorithm was
adopted to jointly optimize the activation port selection of
the UAV-mounted FA and the communication beamforming
vector. In [64], the authors proposed a framework for joint
precoding and port selection in FAS, designed to enhance the
physical layer security of ISAC systems.

But the above mentioned SCA and AO algorithms come
at a high price of computational complexity and are often
trapped in local optima or experience slow convergence.
A few studies use neural networks to figure this out. The
authors in [65] hence proposed a two-stage graph neural
network (GNN) that separately generates antenna positions
and beamforming vectors, targeting utility maximization in
MISO-FAS. In [66], the authors proposed a hardware and
software co-optimizing method for practical FAS, combining
GNN with random port selection (RPS) to jointly optimize
port selection and beamforming, and designed an instruction-
driven deep learning accelerator based on field-programmable
gate arrays to minimize inference latency. Furthermore, [67]
adopted a deep reinforcement learning (DRL) framework for
tackling the joint optimization of port selection and precoding
matrices in multiuser MIMO-FAS ISAC systems with sensing
constraints. In [68], the authors proposed a block coordinate
descent (BCD) integrated with DRL-based intelligent antenna
positioning approach for an FAS-assisted ISAC system, which
addresses the joint optimization of beamforming and antenna
positioning and balances sensing and communication perfor-
mance. The authors in [69] proposed an FAS realized using
a reconfigurable holographic surface (RHS), where element
activation enables different antenna positions for each code-
word, to perform codebook design and beam training based
transmission. In [70], the authors proposed a model-based
multi-agent reinforcement learning algorithm, which employs
a distributed framework to solve the precoding and port
selection problems of FAMA systems in multi-cell scenarios.

C. LLMs for Port/Beamforming Design and Optimization

With the recent advancements in generative artificial intelli-
gence techniques, LLMs have begun demonstrating promising
potential in wireless communications. In [71], the authors

introduced a multi-task LLM framework for physical layer
communications capable of simultaneously handling mul-
tiuser precoding, signal detection, and channel prediction.
The authors in [72] proposed LLM4WM, a multi-task fine-
tuning framework based on LLM, tailored specifically to
wireless channel modeling tasks. By leveraging diverse multi-
task datasets, LLM4WM can simultaneously perform multiple
wireless channel-associated tasks, such as channel estima-
tion, channel prediction, localization enhancement, and beam
management. In [73], the authors applied LLM to maximize
spectral efficiency for near-field communication scenarios in
the low-altitude economy (LAE). By designing specialized
adapters and fine-tuning the pre-trained Generative Pre-trained
Transformer 2 (GPT-2) model, they effectively distinguished
far-field and near-field users, achieving joint optimization of
precoding and power allocation. Furthermore, in [74], the au-
thors proposed utilizing LLMs for beam prediction, employing
the prompt-as-prefix (PaP) technique to enrich context and
enhance the model’s understanding and reasoning capabilities
regarding wireless data. In [75], the authors proposed a masked
language model-based deep learning method for FAS CSI
extrapolation, which infers the complete port CSI by exploiting
incomplete CSI together with positional information encoding.
In [76], the authors proposed a framework that integrating
LLMs and convex-based optimization methods for joint user
association and transmit beamforming optimization in multi-
BS ISAC systems. The authors in [77] proposed a novel
framework, BERT4Beam, based on bidirectional encoder rep-
resentations from transformers (BERT), which formulates the
beamforming optimization problem as a token-level sequence
learning task and adopts task-specific pre-training and fine-
tuning strategies.

Though research on applying LLMs to FAS remains limited,
several initial efforts have emerged. In [78], the authors pro-
posed a FAS-LLM architecture for predicting future channel
states in orthogonal time-frequency-space (OTES) satellite
downlinks equipped with FAS. In [79], a port-LLM model
was devised to address user equipment mobility challenges
by strategically relocating FAS across available ports, thereby
maintaining a relatively stable channel state over time. Al-
though initial attempts have been made to apply LLMs to
FAS, the joint optimization problem of port selection and
beamforming in multiuser MISO-FAS scenarios utilizing LLM
has remains an open area of research.

III. SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, we consider a multiuser MISO-FAS
downlink system, in which the BS is equipped with a two-
dimensional (2D) FAS with N, RF-chains to serve K users
each with a single fixed-position antenna (FPA), also referred
to as multiuser Tx-MISO-FAS [§]. The FAS at the BS has a
total of N = N, x N, ports, which are uniformly distributed
over a 2D surface with an area W = WA x WA, where A is
the wavelength of the carrier signal. The N; ports are evenly
distributed along a straight line of length W;\ for i € {z,y}.
In this multiuser Tx-MISO-FAS scenario, we assume that the
BS activates only n out of N ports to serve K users. First, the
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Fig. 1. The multiuser MISO-FAS downlink communication system.

total number of ports N in FAS is typically much larger than
the number of available RF chains N,.;[8], and each activated
port requires an independent controllable RF path. Therefore,
the number of activated ports must satisfy n < N,y < N.
Second, because FAS ports are densely distributed and often
exhibit strong spatial correlation and mutual coupling [22],
[44], indiscriminately activating all ports may result in an ill-
conditioned effective channel, as well as increased hardware
complexity and power consumption [14], [80]. Moreover,
since we aim to simultaneously transmit K independent data
streams over the same time-frequency resources and ensure
their separability, we set n > K [8], [67].

Considering a rich scattering environment [22], we employ
Jake’s moded [81] to characterize the spatial correlation be-
tween any ports. Specifically, the spatial correlation between
the (n,, n,)-th port and the (n,,n,)-th port is given by

T namy) (i) =

_ 2 - 2
. [na — s Iny — ity |
2 —W, —W, ,
Jo 7T\/( N, —1 + N, -1 y (D
where jo(+) denotes the zero-order spherical Bessel function.
To simplify the notations, we order the port indices from the
top-left to the bottom-right, mapping the 2D port coordinates

into one-dimensional (1D) index. Under this convention, the
(ng, ny)-th port can be mapped to the new index

1)N37 + Ny, 2

Unainy) = (ny —

where l(n, n,) € {1,...,N}. Consequently, we have the
spatial correlation matrix J as

J1’1 J172 Jl,N
Jo1 Joo Jo.n

= . . , 3)
IN1 JIne JIN.N

where J; ; is the spatial correlation between the ¢-th and j-th

port after mapping. Noting that J is symmetric (i.e., J; ; =
Jj.4), (3) can be decomposed into

J = FAFT, “4)

where F € CV*N is the unitary matrix whose columns are
the eigenvectors of J, and A = diag(\1, Aa,..., Ay) is the
diagonal eigenvalue matrix of J in descending order, i.e., A\; >
Ay > > AN,

Given F and A, the complex channel from the BS to the
k-th user can be modeled as

hi = /orgi VATF, (5)

where g denotes the large-scale path loss for user k, and
gr € CN*! is the small-scale fading channel vector whose
entry is independent and follows the circularly symmetric
complex Gaussian (CSCG) distribution, i.e., CAN(0,1). Ac-
cordingly, the overall channel matrix can be represented as
Hy = [hJ{, .. .,h}(]T € CK*N_ Supposing that n distinct
ports are activated, the received signal of the k-th user is

2 = hlA,Cs + (i, (6)

where A,, = [ay,...,a,] denotes the activated port matrix

and a; is the standard basis vector (i.e., a; € {e1,...,en}
and e; is the i-th column of Iy), C = [cy,...,ck| € C*K
denotes the beamforming matrix, s = [s1,...,sx]T € CK*!

denotes the transmitted symbols for all users with E{|s;|*} =
1, and ¢, ~ CN(0,0?) is the additive noise with zero mean
and variance o2. Then the signal-to-interference-plus-noise
ratio (SINR) of the k-th user is given by

‘hLA’I’Lck)
Ej;ék )hlAncj

Our goal is to maximize the achievable sum rate of multiuser
Tx-MISO-FAS under the BS transmission power budget and
the port activation constraint by optimizing the port selection
matrix .A,, and the beamforming matrix C. Therefore, the
optimization problem can be formulated as

‘ 2

Tk = (N

5 )
+ o2

K
max Y log,(1+ ) (8)
" k=1
st. A, 1) e{er,...,en}, (8b)
A (1) # Ay(5,m), VI # m, (8c)
K
> ekl < Praxs (8d)
k=1

where (8b) represents that the [-th column in the activation port
matrix .A,, is one of the columns in the N x N identity matrix,
(8c) ensures the activated ports are distinct, and (8d) denotes
the power constraint of BS with the maximum power Py ..
Clearly, (8) is a nonconvex optimization problem that cannot
be solved in closed form because i) port selection is an NP-
hard combinatorial optimization problem. Employing math-
ematical optimization techniques, such as exhaustive search,
requires solving (JX ) nonconvex problems. As the number of
ports, N, increases, the computational complexity and solution



time will increase dramatically; ii) The beamforming matrix
C and the selected ports A,, are intricately coupled, making
the joint optimization even more complicated. Specifically, C
can only be designed at the selected ports, while the port
selection variables and beamforming vectors jointly determine
the effective channel, appearing in a multiplicative form within
the objective function. To address these challenges, we exploit
the approximation capability of neural networks. In particular,
motivated by the powerful modeling and expressive capacity
of LLM in learning complex nonlinear mappings, we propose
an LL.M-based learning framework for joint port selection and
beamforming design.

IV. JOINT OPTIMIZATION OF PORT SELECTION AND
BEAMFORMING LEARNING FRAMEWORK

Here, we propose an LLM-based joint optimization of port
selection and beamforming learning framework in multiuser
Tx-MISO-FAS. As shown in Fig. 2, the overall learning frame-
work includes preprocessing module, backbone network, and
post-processing module. Next, we describe each component in
detail and then outline our overall learning strategy.

A. Preprocessing Module

The preprocessing module is employed to align the complex
CSI data with the text-based pre-trained LLM input format
while simultaneously extracting initial feature representations
from the raw CSI data. We assume that the BS has access
to the N x K instantaneous CSI across all N ports and K
users, which serves as the unified input for port selection
and beamforming. Below, we present the key parts of the
preprocessing module in the order of CSI processing.

1) Fully connected layer: Consider that neural network
frameworks (such as PyTorch or TensorFlow) generally require
real-valued inputs while CSI data is complex-valued, we first
decompose the complex CSI matrix Hy € CK*V into its real
part 93(H) and imaginary part J(H) and convert them into
H; ¢ R?*KXN_Then, we apply the vectorization operator to
flatten both 3(H,) and J(H,) into vectors, denoted as

{ hreal = Vec(m(Ht))a

himag = vec(J(Hy)), ©)

resulting in Fyeal, Rimag € RN, Next, we employ a fully
connected (FC) layer (i.e., F'C1) to project Preal, Rimag
into the feature space (with dimension d,,p,) of the multi-
head attention layer and rearrange them into H.,, ,, H;, , €
REXdmna respectively. This transformation facilitates initial
feature extraction by the multi-head attention mechanism [37].
After processing through the multi-head attention layer, we
merge and rearrange the real and imaginary components into
the unified representation k., € R259mnre_which is then fed
into F'C'y to effectively map the multi-head attention outputs to
the feature dimension (dy;,,,) of the pre-trained LLM. Concur-
rently, the output of FCy is reshaped as H .o € RNV>dum
ensuring alignment with the pre-trained LLM input format.
2) Multi-head attention: To enhance the model’s represen-
tation capability for CSI, we utilize multi-head attention [37]

to simultaneously capture and learn distinct features from
multiple attention heads, see Fig. 3. Specifically, before being
fed into the pre-trained LLM, the CSI is modeled through the
multi-head attention mechanism, allowing each head to learn
statistical correlations and geometric structures across port and
user dimensions. Meanwhile, the CSI is mapped to a feature
space consistent with that of the pre-trained LLM, achieving
effective feature extraction and dimensional alignment. Recall
that within our proposed framework, the multi-head attention
layer receives inputs H, ., and H;, . Taking H, , as
an example (H;, , undergoes identical processing), we first
employ linear layers to transform H,., , into Query (Q), Key
(K), and Value (V') matrices, as

QTm = HchlUg’

Krm = Hch1UnI§a (10)
‘/Tm = Hch1Ur‘ri’

where UZ, UK UY € Rdmraxdr denotes the transformation
matrix for the m-th attention head with m € {1,..., M}, and
dp = dpmne /M denotes the dimension of each head.

For the m-th attention head, we first compute the scaled dot-
product attention scores between Q,, and K, , followed by
applying the softmax function to produce normalized attention
weights. These attention weights are then multiplied with the
corresponding value matrix V. to yield the final weighted
sum of features. Mathematically, the complete operation for
the m-th attention head can be expressed as

Q.. K

Attention,,, (Qy.,, , Ky, V;,,) = softmax (”n) v, .
(@, Ky, Vi) ) Ve

where the scaling factor \/dj, is utilized to alleviate gradient
instability issues such as explosion or vanishing. After process-
ing across all heads, the results are concatenated and mapped
through a linear transformation, as

MultiHead(Q,., K, V;.) =
Concat (Attentiony (Qy,, Kr,, Viy ), - - -
-, Attentionn (Qy,,, Kryys Vi) UC, (12)

where U© € RMdnxdmna denotes a learnable weight matrix.
By processing multiple attention heads in parallel, the multi-
head attention mechanism can effectively learn representations
from diverse subspaces within the CSI data.

3) Positional embedding: Following the initial feature ex-
traction from the CSI data, we incorporate positional embed-
ding [37] to provide sequential information to the pre-trained
LLM. The positional embedding is mathematically represented

as )
. . : /L
Hye(i, 2j) = sin (10000/> ’

13)
H,.(i,2j + 1) = cos <

(3
1()0002j/dz1m) ’

where ¢ indicates the position within the input sequence, j
represents the dimension index within the embedding, and
resulting in H,, € RA"Xdum  Note that this positional
embedding does not contain any learnable parameters. Sub-
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sequently, the positional embedding H,. is added to the
feature embeddings H .o, yielding the final input embedding
H,,, ¢ RN"xdum for the pre-trained LLM, given by

Hem :ch2+Hpe- (14)

This ensures that the pre-trained LLM receives embeddings
containing both extracted feature information and positional
information necessary for effectively processing CSI data.

B. Backbone Network

Following the generation of input embeddings, GPT-2 [82]
is employed as the backbone pre-trained LLM architecture, as
depicted in Fig. 4. GPT-2 is an autoregressive language model
based on the transformer decoder structure, comprising an
embedding layer followed by Ny, stacked transformer decoder
blocks. Each transformer decoder block consists of a multi-
head masked attention, layer normalization, and a position-

and beamforming.

wise feed forward network (FFN) composed of two FC layers.
Layer normalization is utilized to stabilize the training process
and accelerate convergence. The multi-head masked attention
mechanism is analogous to the previously discussed multi-
head attention, but it incorporates mask attention [83] to
enforce the autoregressive characteristic (i.e., each position can
only rely on information from itself and preceding positions)
of the GPT-2. The stacked multi-head masked attention layers
leverage historical states and preprocessing feature information
to output the port selection matrix and power allocation factors
in parallel, enabling decision inference and joint optimization.
The FFN is used to provide nonlinear transformation capabil-
ities, represented as

FFN(z) = ReLU(2U, + by )Us + by, (15)

where Uy, Us represent learnable weight matrices, by, by are
corresponding bias vectors, and ReLU(+) denotes the Rectified
Linear Unit activation function.

To fully leverage the generalization capabilities of GPT-
2, we perform fine-tuning to jointly address the tasks of
port selection and beamforming optimization. Given GPT-2’s
substantial parameter scale, full parameter fine-tuning incurs
significant computational and memory overhead. Hence, we
use the LoRA technique [33] to effectively reduce computa-
tional costs and GPU memory consumption during fine-tuning.
LoRA operates by freezing parameters of the pre-trained
LLM and introducing low-rank decompositions to simulate
the parameter updates. Specifically, we apply LoRA to the Q;
and V; matrices of the ¢-th head within GPT-2’s multi-head
masked attention layers, which can be expressed as

LoRA(Q,)
LoRA(V,)

=L + B/ AY,
1% VAV (16)
=L, +B/ A/,
where LtQ , LY are the original frozen weight matrices for Q;
and Vj, respectively. The matrices A2, AV € R™*%um and
B® BV ¢ R%m*" represent the low-rank decomposition
of the weight update matrix, with r < dj;,,. Additionally,
A@ and AV are initialized from a Gaussian distribution,
while B? and BY are initialized to zeros, ensuring that the
network is equivalent to the pre-trained model at initialization,
e., the weight update matrix is initially zero. The gradients



A
rozen rainable ggregation
A XN F {  Trainabl A i
L/ I
‘\ I ) 'SR )
I
LoRA 4
| s 2| |5
FFN | @ L1 I;_—‘h %
i 2 N > L
I > K a =
1 , 0 i 2 e
| e Bl
Layer II LoRAS —k @ ! L
Normalization h | : . -
A I LoRAS
! >
! Pre-trained gH
N ” - eg/eights LY Q =
A Y Al 2 PE
I = Pre-trained o z =4 =
I Weights LE H o | |
@ ) = |2
> L
Multi-Head Pre-trained (:D: > g
Masked Attention e%/eights LY 2|2
o | |3
o
K] = NS
| e/
1 \
\ r
ST N =
Normalization \
\ —
Transformer \
decoder block \ Multi-Head Masked Attention with LoRA

Fig. 4. The backbone network architecture implemented with GPT-2.

of all pre-trained parameters are disabled (set to False) and
excluded from the optimizer’s parameter groups, with only
A® B9 AV, BV included in the optimization process. Con-
sequently, during backpropagation, only A and B receive
gradient updates, while the pre-trained weights remain fixed.

During fine-tuning of the pre-trained LLM, we retain its
inherent absolute positional embeddings and freeze the posi-
tional embedding parameters within the backbone network.
Only the parameters associated with the LoRA matrices
(A, B), as well as Layer Normalization and aggregation,
are updated. Moreover, the parameters in multi-head masked
attention and FFN layers remain frozen, thereby preserving
the pre-trained knowledge and significantly reducing compu-
tational demands without compromising model performance.

After processing the preprocessed input embeddings H.,,
through the backbone GPT-2 network with LoRA fine-tuning,
the resulting output is given by

Hllm = G'P’I‘2L0RA (Hem) P

where GPT2p,ra(-) denotes the LoRA-fine-tuned GPT-2
backbone network, and the output tensor Hj;,,, € RNnxdum
matches the expected dimensionality for subsequent process-
ing. Although GPT-2 is adopted here as the backbone model,
alternative LLMs, such as LLaMA [84] or DeepSeek [85], may
also be considered. However, the choice of backbone model
should carefully balance the trade-off between computational
training cost and model performance.

a7



C. Post-Processing Module

To fully exploit the general knowledge of the pre-trained
LLM, we output the feature representations processed by the
pre-trained LLM in parallel, enabling simultaneous optimiza-
tion of both port selection and beamforming. Furthermore, the
structure of the optimal beamforming solution [32] is utilized
to derive the beamforming vector, as

n T -1
(v + 0 Zhihl) P

¢, =Dk , VE, (18)

(IN +, g—hhT) “hy

where h; denotes the CSI of the activated port, and ZkK Pr =
ZkK qr = Pax satisfies the power constraint. We also use
p=[p1,...,pK|T todenote the power allocation vector, while
q = [q1,-..,qx]" determines the beamforming direction.
Specifically, we apply two separate linear projection layers to
map the output Hj;,, to the port selection vector &t € RNn
and the power allocation vector Tpower € R2K . The vector
ZTpore 15 then reshaped into X, € R™N | while a sigmoid
activation function is applied to Zpouwer-

Given that port selection is inherently a combinatorial
optimization problem involving discrete variables, traditional
discrete sampling methods are non-differentiable and therefore
incompatible with gradient-based learning in neural networks.
To overcome this challenge, we adopt the Gumbel-Sinkhorn
technique [35], which enables differentiable approximation of
discrete sampling, allowing end-to-end training via backprop-
agation. To be specific, we first inject Gumbel noise into the
rearranged port selection logits X o+ € R™*Y given by

Xgum = (Xport + Gumbel) ~ G. M., (19
Gumbel = —log,(—1log.(s)), s ~ U(0,1),
where G. M. denotes the Gumbel-Matching distribution, and
¢ ~ U(0,1) is a variable following the uniform distribution.
The above perturbed matrix is then divided by a temperature
parameter 7 and passed through a softmax function to obtain
a relaxed approximation of the categorical distribution
X = softmax (Xi_um> , (20)
where 7 controls the degree of relaxation, i.e., higher values
yield smoother distributions, while lower values lead to sharper
approximations of the discrete outcomes. Subsequently, the
relaxed matrix X is transformed into a doubly stochastic
matrix X € RN that follows the Gumbel-Sinkhorn
distribution via the Sinkhorn operator, which performs iterative
row and column normalization. We then execute the argmax
operation on X, along its column dimension to produce
a hard output of the activated ports. Note that we only use
this hard output during inference. During training, we retain
the continuous and differentiable Xj;,; produced by the
Gumbel-Sinkhorn procedure to enable gradient backpropaga-
tion. The entire computation pipeline during training consists
of differentiable operators—including Gumbel noise injection,
temperature scaling, and Sinkhorn iterations—thus ensuring
end-to-end differentiability.

To the best of our knowledge, the Gumbel-Sinkhorn ap-
proach has not previously been employed in neural network
architectures designed for communication optimization prob-
lems. In this work, we introduce the Gumbel-Sinkhorn method
into our proposed framework for port selection. This allows us
to convert the discrete combinatorial optimization problem into
a differentiable continuous optimization over doubly stochastic
matrices. By carefully controlling the temperature parameter
7, we can achieve a gradual annealing from initial soft prob-
abilistic decisions to approximately hard discrete selections.
This mechanism ensures that the entire framework remains dif-
ferentiable, facilitating end-to-end training via standard back-
propagation. Compared to existing approaches, such as deep
Q-networks or reinforcement learning (RL) employed in bi-
nary reconfigurable intelligent surface phase optimization [86],
[87], the Gumbel-Sinkhorn method seamlessly integrates with
conventional backpropagation workflows, eliminating the need
for additional policy gradient computations or RL-specific
algorithms. Furthermore, RL-based methods often experience
considerable training variability due to reliance on exploration
strategies such as the e-greedy approach, while the Gumbel-
Sinkhorn-based method exhibits significantly smoother and
more stable training behavior.

After obtaining the power vector T,gyer, W€ Tearrange it
into X, € R2*K | and then apply row-wise softmax and scale
by the maximum transmission power P .x to ensure both p
and q satisfy the power constraint. Finally, given the CSI h,, of
the activated ports and the power allocation factors p, q, we
derive the beamforming vector according to (18). This end-
to-end framework thus accepts raw CSI as input and outputs
the beamforming vector that jointly optimizes discrete port
selection and continuous power allocation.

D. Overall Learning Strategy

Given the substantial number of parameters in LLM, we
adopt a mini-batch gradient descent strategy [88] during
training to prevent GPU memory overflow and ensure compu-
tational stability. By reasonably controlling the batch size, an
effective balance between computational efficiency and mem-
ory utilization can be achieved. Moreover, owing to the NP-
hard and nonconvex characteristics of the joint optimization
problem in (8), obtaining extensive labeled optimal solutions
is computationally prohibitive. Therefore, we adopt an unsu-
pervised learning manner, directly employing the system sum
rate as our loss function, formally defined as

| BXK
L= ] ZlogQ (1 + Vi (A;b),c,(cb))) ,

b=1 k=1

2n

where B represents the mini-batch size, and Aﬁf’) and c]gb)

represent the port selection matrix and beamforming vector of
the b-th batch, respectively.

In each training epoch, we randomly sample a mini-batch
of size B from the training set and perform one forward
and backward propagation process as follows. The raw CSI
data H® is fed into the preprocessing module to output the
initial feature representations Héf,)L Subsequently, the back-
bone network outputs port selection .ASLb) and power allocation



vectors p(*), q(*) in parallel. Then, within the post-processing
module, the beamforming vectors c,ib) are derived jointly from
AS}’), p® and ¢® using (18). For all trainable parameters,
encompassing parameters within the preprocessing module,
LoRA low-rank adaptation matrices and layer normalization,
we use the Adam optimizer [89] for updates. During the testing
stage, we load the trained model parameters and perform
forward inference on an independent test dataset using the
same mini-batch procedure without computing gradients, and
take the average system sum rate as the evaluation metric.

V. NUMERICAL RESULTS

In this section, we present extensive computer simulations
to evaluate the performance of our proposed LLM-based joint
port selection and beamforming method.

A. Parameter Settings and Benchmarks

Following [67], we consider a 2D FAS deployed at the BS,
with N, = N, and W, = W,. Unless otherwise specified,
the multiuser Tx-MISO-FAS parameters are set as follows
[90]. We set the number of users K = 3, power budget
Prnax = 20 dBm, noise power spectral density of —174
dBm/Hz, bandwidth of 10 MHz, carrier frequency f. = 2
GHz, the number of ports N = 4 x 4, the number of active
ports n = 4, and antenna area W = 2\ x 2)\. In addition,
the path loss between each user and the BS is modeled as
128.1+437.6 log,((d), where d is in kilometers. We have fixed
d = 0.2 km as the default setting if not stated otherwise.

All experiments are performed on a workstation equipped
with an Intel i9-14900K CPU and an NVIDIA GeForce RTX
4090 GPU, and are implemented using the PyTorch DL
framework with Python 3.12. In the preprocessing module, the
multi-head attention mechanism uses an embedding dimension
of dy,ne = 768, and M = 8 attention heads. The backbone
network employs a lightweight version of the GPT-2 model
with dy;,,, = 768 feature dimensions, utilizing only the initial
N, = 6 layers of the pre-trained GPT-2 architecture. The rank
of the LoRA low-rank matrices is set to » = 4 [79]. In the
post-processing module, we apply exponential annealing to the
temperature coefficient 7 in Gumbel-Sinkhorn, updating 7 at
each training epoch according to 7 = max(0.1,0.95°P°¢"),
where epoch denotes the number of current epoch. The
number of Sinkhorn iterations is set to 10. Additionally, the
learning rate of Adam optimizer is 0.000001.

We generated 10, 000 channel data samples for the training
set and 1, 000 samples for the test set. 20% of the training data
was reserved as a validation set. Meanwhile, the early stopping
mechanism was employed to monitor validation performance,
terminating training if no improvement was observed for 10
consecutive epochs. The model was trained for up to 200
epochs with a batch size of 100.

The proposed method is evaluated by the sum rate across all
users and compared against the following benchmark methods.

« Random: We perform port selection and beamforming

optimization in a sequential manner. First, a random func-
tion directly generates the port selection results. Then, a
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Fig. 5. Convergence performance for different batch size.

multi-layer perceptron (MLP) maps the feature represen-
tation to the dimensions of the power allocation vector,
and ultimately the beamforming vectors are derived.

o CNN [36]: Similarly, we sequentially optimize port se-
lection and beamforming. For both port selection and
beamforming, we first apply a 2D convolutional layer to
extract feature information, and then apply a FC layer to
map the features to the corresponding output dimensions.

o LLM-sequential: Port selection and beamforming are
also performed sequentially. We first use a pre-trained
LLM to output the port selection. Then, we use a 2D
convolutional layer and a FC layer to produce the power
allocation vector, and finally derive the beamforming
vectors.

o Transformer [37]: In this case, we replace the backbone
network in our proposed framework with a transformer
model consisting of an 8-head multi-head attention mod-
ule, with parameter settings identical to those of the
multi-head attention in the preprocessing module.

B. Performance Comparison

We first evaluated the convergence performance of the
proposed method under varying batch sizes (bs), as illustrated
in Fig. 5. Both the training and validation curves decrease
rapidly during the first 5-10 epochs, after which the loss values
gradually stabilize. Throughout training, the gap between the
two curves remains small and evolves synchronously, with the
validation loss continuously improving and then leveling off.
The sharp decline in the early stage corresponds to the model
beginning to learn coarse-grained patterns of port selection
and power allocation. As the Gumbel-Sinkhorn temperature is
annealed, the loss decreases slowly and converges to a stable
value, indicating that the selected port set and beamforming
factors have largely stabilized. Furthermore, the training curve
with bs = 100 maintains the lowest loss from about the 10-th
epoch onward and achieves the best final convergence perfor-
mance, outperforming both bs = 50 and bs = 200. Although
bs = 50 consumes the least GPU memory, it requires more
epochs to reach a comparable loss level and shows slightly
higher instability. Conversely, bs = 200 incurs higher memory
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consumption and exhibits marginally worse loss performance.
Therefore, we adopt bs = 100 as a balanced choice between
computational efficiency and memory utilization.

In Fig. 6, we illustrate the sum rate versus the array size of
W, for different methods. As can be observed, the sum rate
of all methods increases with a larger array size W, since a
larger W, reduces channel correlation and therefore enhances
the spatial diversity gain. Notably, our proposed method con-
sistently achieves the highest sum rate across all evaluated
values of W,. Specifically, compared to random port selection,
optimizing port position provides additional spatial diversity
benefits, leading to significant performance improvements.
Additionally, conventional DL architectures such as CNN and
Transformer exhibit limited capability in effectively extracting
meaningful features for the high-dimensional port selection
problem. In contrast, the enhanced representational capacity
of LLM substantially alleviates this limitation. Moreover,
serial methods perform sequential optimizations, i.e., first port
selection and then perform beamforming, which might yield
locally optimal solutions in each step, but fail to achieve global
optimality for the overall system performance. Our proposed
parallel output method, however, capitalizes on the multi-
task learning capabilities of LLM to simultaneously generate
the components (port selection and beamforming parameters)
required to maximize the overall sum rate objective, resulting
in improved performance gains. For example, at W, = 2, the
sum rate of our proposed method outperforms the Random,
CNN, Transformer, and LLM-sequential methods by 6.44
bps/Hz, 2.93 bps/Hz, 0.56 bps/Hz, and 0.21 bps/Hz, respec-
tively. By fully leveraging the powerful feature representation
and multi-task learning capabilities of LLMs, our proposed
parallel optimization method consistently delivers superior
performance improvements across various array sizes.

Next, Fig. 7 provides the sum rate results versus the BS
power. As the transmission power at the BS increases, all
methods exhibit enhancement in the sum rate. This improve-
ment arises because higher transmission power strengthens
the received signal at the users, thus augmenting the overall
channel capacity. Utilizing the multi-task parallel capability
of LLM for jointly optimizing port selection and beam-
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Fig. 7. The sum rate versus the BS power Pmax-

forming decisions, our proposed method achieves the high-
est sum rate performance under various power conditions.
When Ph.x = 30 dBm, our proposed method achieves
sum rate improvements of 11.83 bps/Hz, 4.01 bps/Hz, 1.2
bps/Hz and 0.75 bps/Hz compared to the Random, CNN,
Transformer and LLM-sequential methods, respectively. The
reasons are twofold. First, the rich representation capability of
the pre-trained LLM effectively maps complex CSI into high-
dimensional features, overcoming the limitations of traditional
deep neural networks, which struggle to adequately extract fea-
tures in high-dimensional combinational spaces. Additionally,
compared to the conventional sequential two-stage approaches,
our proposed method simultaneously executes port selection
and beamforming within the pre-trained LLM framework. This
parallelization allows the method to simultaneously attend to
the global CSI information relevant to both port selection and
power allocation, fully capturing their coupling relationship
and thus achieving more coordinated decisions.

Then, we fixed a randomly selected channel sample from
the test set and presented, in Table II, the selected port sets for
different numbers of activated ports across various methods.
The port indices follow the mapping rule defined in the paper.
The Random method is excluded since its port selection is
randomly assigned rather than obtained through learning or
optimization. For each method producing a port set A, at a
given n, all methods employ the same model-based optimal
beamforming structure (as given in equation (18)) to derive the
beamforming vectors. In our experiments, the CNN and LLM-
sequential methods perform port selection and beamforming
derivation sequentially, using the same network structure for
power factor (p, q) learning. By contrast, both the Transformer
and the proposed method conduct parallel joint optimization
of port selection and beamforming, sharing an identical power
factor learning network structure. Hence, the performance
differences between the CNN/LLM-sequential group and the
Transformer/proposed group mainly stem from the port se-
lection quality rather than differences in beamforming design.
Furthermore, the difference between the LLM-sequential and
the proposed method reflects the advantage of our parallel
output framework. Finally, by performing forward inference



TABLE II
THE SELECTED PORT SETS FOR DIFFERENT METHODS

Methods No. of n n=3 n=4 n=>5 n==~6 n="7

CNN {2811} | {235.10} | {1.5.12,14,15} | {4.8.10,13,15,16} | {2.3,10,11,12,13,15}
Transformer (3.9.16} | {45.14.16} | {3.5.6.12,13} | {1.3.9.10,12,15} | {2.4.5.9.12,15,16}
LLM-sequential {3,12,13} | {4,5.13,16} | {1,3,10,12,15} {2,3,6,9,12,14} {1,4,6,9,11,14,16}
Proposed Method {49,16} | {1,3,13,16} | {1.4,6,12,14} {2,4,5,7,12,14} {1,4,719,11,14,16}
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over all test samples and averaging the results, we obtain the
sum rate performance shown in Fig. 8. These results clearly
indicate that the observed performance improvement of the
proposed method originates from its superior port selection
and parallel joint optimization capability, rather than solely
from the beamforming optimization component.

Fig. 8 demonstrates the sum rate versus the number of
activated ports n. It is evident that the sum rate for all consid-
ered methods significantly increases with n. This improvement
arises because activating more ports provides additional spatial
DoF, thus enlarging the overall system capacity. For instance,
at n = 6, the proposed method achieves a sum rate gain of
approximately 6.93 bps/Hz over the Random benchmark, and
also demonstrates notable improvements compared with other
benchmark schemes. This can be explained by recognizing that
the proposed parallel output strategy enables joint optimization
of port selection and power allocation factors in a single
inference, avoiding the suboptimality of traditional sequential
decision-making. This effectively exploits the close coupling
between the two, thereby fully leveraging the advantages of
LLM multi-task learning and high-dimensional feature repre-
sentation, thus achieving improved sum rate performance.

Fig. 9 shows the sum rate versus the distance between the
user and the BS. With increasing distance, the signal path loss
intensifies, reducing the signal strength and degrading the sum
rate for all methods. But the proposed method consistently
achieves the best performance among the compared methods.
First, the Random method indicates the worst performance due
to its lack of adaptability and optimization capacity regarding
channel variations. Also, although the CNN method slightly
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Fig. 9. The sum rate versus the distance between the user and the BS.

outperforms the Random approach, its limited ability to extract
spatial features still results in relatively poor performance.
Leveraging the self-attention mechanism’s capability to cap-
ture variations in channel characteristics induced by changes
in the distance between users and the BS, the Transformer
method exhibits considerable improvement over CNN. How-
ever, its overall performance is not as good as that of the
LLM approach. With superior feature extraction and decision-
making capabilities, the LLM-sequential method outperforms
CNN and Transformer overall. Sequential optimization re-
stricts the method’s ability to fully exploit the coupling rela-
tionship between port selection and power allocation, leading
to inferior performance compared to the proposed parallel
approach across all evaluated distances. For instance, when
d = 150 m, the proposed method demonstrates performance
gains of 9.68 bps/Hz, 3.27 bps/Hz, 0.67 bps/Hz, and 0.22
bps/Hz over the Random, CNN, Transformer, and LLM-
sequential methods, respectively. Our proposed method jointly
outputs port selection and power allocation factors in a parallel
manner, effectively capturing channel characteristic variations
induced by changing distances and thereby achieving better
optimization.

Now, Fig. 10 shows the sum rate performance with respect
to the increasing number of ports. The sum rate of all
methods improves as the number of antenna ports increases.
This is because more antenna ports provide richer spatial
DoF, enabling the system to perform spatial multiplexing and
interference suppression more effectively. The results reveal
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Fig. 10. The sum rate versus the number of ports V.

that the proposed method consistently achieves the highest
performance among all compared methods. When N = 36,
ie., (6,6), the sum rate of the proposed method surpasses
other methods by approximately 0.36 — 7.25 bps/Hz. Specif-
ically, random port selection fails to take advantage of the
increased DoF, resulting in its worst performance. Although
CNN and Transformer methods offer improvements in spatial
information extraction, these models remain limited under
scenarios involving larger numbers of ports. Leveraging the
capabilities of pre-trained LLMs, the LLM-based methods
achieve improved performance. However, the LLM-sequential
approach restricts complete joint optimization of port selection
and beamforming, resulting in performance that consistently
lags behind the proposed parallel method. The proposed
parallel method enables simultaneous optimization of both
port selection and beamforming using the generalization and
multi-task capabilities of the LLM, in contrast to the LLM-
sequential method which employs LLM only for optimizing
port selection. This parallel output framework facilitates shared
utilization of the LLM’s underlying feature representations for
both port selection and beamforming components. As such,
both components can be simultaneously optimized within
the same feature space. Through joint training, the mutual
reinforcement between these components effectively captures
complex CSI data relationships, enabling the proposed method
to better exploit spatial DoF and improving sum rate perfor-
mance.

Finally, Fig. 11 presents the inference time of the proposed
method with respect to the number of ports, NV, and the number
of activated ports, n. As either the number of ports or active
ports increases, the data dimensionality and computational
complexity correspondingly rise, resulting in increased infer-
ence time. When the antenna port size expands from (3, 3)
to (7,7), the inference time increases approximately linearly.
This demonstrates that, although more ports incur greater
computational demands, the computational complexity of the
proposed approach rises steadily rather than exponentially with
the array size. For instance, when the total number of ports
is expanded to 49, the inference time remains under 6 ms
even with 5 active ports. Therefore, the proposed method can
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Fig. 11. The inference time versus the number of ports N for different
numbers of activated ports n.

efficiently handle complex wireless communication scenarios
with very low inference latency in practical deployments, ef-
fectively meeting the stringent real-time resource optimization
requirements of future wireless networks.

VI. CONCLUSION

This paper proposed a novel LLM-based parallel learning
framework for jointly optimizing port selection and beam-
forming in multiuser Tx-MISO-FAS downlink communication
system. Our goal is to maximize the sum rate while satisfying
the BS transmission power and the port activation constraints.
Unlink traditional sequential two-stage methods, i.e., first port
selection then beamforming, we fully leveraged the powerful
multi-task learning and high-dimensional mapping capabilities
of LLM to achieve simultaneous parallel optimization of port
selection indices and beamforming power factors. Specifically,
we utilized the GPT-2 model as the backbone network for pre-
trained LLM and applied the LoRA technique to fine-tune it,
thus preserving its general representation capabilities while
reducing training computational overhead. Furthermore, we
employed a Gumbel-Sinkhorn-based stochastic relaxation to
convert discrete port selection into continuous, differentiable
operations, enabling the entire framework to support end-to-
end training via gradient descent. Numerical results indicated
that the proposed method outperforms existing state-of-the-
art benchmarks in terms of sum rate. Additionally, the lower
inference latency also showed the efficiency of the proposed
method. Future research will explore exploiting spatial corre-
lations among FAS ports for channel reconstruction, thereby
reducing CSI acquisition and feedback costs. On the other
hand, considering channel estimation errors and hardware non-
idealities in real-world environments, robust joint optimization
under imperfect CSI is also of importance.
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