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Abstract—The advent of extremely large antenna arrays and
high-frequency signaling is expected to enable next-generation
integrated sensing and communication (ISAC) networks to pre-
dominantly operate in the near-field region. Due to the dual
influence of distance and angle on wave propagation char-
acteristics in the near-field region, accurately modeling these
characteristics remains a critical challenge. Motivated by the
potential of large language models (LLMs) in angle prediction
and distance estimation, an LLM-enhanced multi-objective op-
timization problem (MOOP) is developed to accurately capture
the dependence of the channel on both the angular position and
distance. The formulated LLM-enhanced MOOP framework is
decomposed into a series of sub-problems, which can balance
spectral efficiency for communication and localization accuracy
for sensing. To overcome the computational and energy chal-
lenges associated with LLMs, a gray wolf optimization (GWO)-
based algorithm is integrated as black-box search operator with
LLM-specific prompt engineering to solve these sub-problems.
Numerical results demonstrate that the proposed LLM-GWO
scheme achieves an trade-off between communication and sensing
performance, outperforming baseline approaches in terms of both
Pareto front quality and convergence.

Index Terms—Large language model, Grey wolf optimization,
Multi-objective optimization, Near-Field ISAC, Pareto front.

I. INTRODUCTION

THE forthcoming sixth-generation (6G) and beyond wire-
less networks are expected to support advanced applica-

tions, such as Integrated Sensing and Communications (ISAC),
by leveraging much wider bandwidths at higher frequencies
and significantly larger antenna arrays at base stations (BS)
[1]–[3]. To address a massive number of access devices, the
extremely large antenna arrays will likely be adopted to future
communications. However, increasing the number of antennas
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also expands the antenna aperture, which may grow to several
dozens or even hundreds of meters. This large size can lead
to wireless communication occurring in the near field [4].
In conventional Fraunhofer (far-field) regions, electromagnetic
(EM) propagation is typically approximated as a planar wave,
where phase responses exhibit a linear relationship with angles
[5]. However, as communications transition into the near-
field region, the nature of signal propagation changes fun-
damentally. Unlike the far-field communication, the near-field
communication requires the adoption of an accurate spherical-
wave model, which captures nonlinear phase variations that
depend not only on angles but also on corresponding distances
[6]. This shift in modeling marks a critical distinction between
the far-field and near-field regions. Importantly, it provides
an exciting opportunities for near-field communications, as it
enables more precise signal propagation characteristics.

Due to the unique characteristics of near-field propagation,
research on ISAC systems from a near-field perspective has
grown significantly [7]–[10]. For example., the authors of
[7] provided a comprehensive overview of how near-field
communication influences ISAC and discussed its potential
applications. Meanwhile, the works in [11] and [12] focused
on designing waveforms and beamforming methods for down-
link near-field ISAC system. Specifically, [8] analyzed the
uniform spherical wave, whereas [13] investigated the non-
uniform spherical wave. Furthermore, [14] examined RIS-
enabled UAV-to-vehicle channels in both near-field and far-
field regions, offering a gain-loss mathematical model that
emphasizes the importance of near-field systems. Despite these
advances, the performance of near-field ISAC in both downlink
and uplink settings were yet to be thoroughly explored. A
major challenge lies in managing interference from target echo
signals, which can vary depending on the shape, size, and
material of the targets. Moreover, achieving a flexible balance
between sensing and communication functions in practical
near-field environments presents a significant challenge.

To address these issues, multi-objective optimization
(MOO) techniques are crucial in near-field ISAC networks,
as they allow sensing and communication performance goals
to be optimized simultaneously [15], [16]. As a result, there
has been increasing interest in incorporating metaheuristic
algorithms into near-field ISAC network optimization, which
are effective in handling complex environments. However,
these objective functions often face conflicting objectives that
include maximizing data throughput, minimizing Cramr-Rao
lower bounds (CRLBs) to achieve accurate target localization,
ensuring sufficient coverage and reducing communication en-

For the purpose of open access, the author has applied a Creative Commons Attribution (CC BY) licence to any Author Accepted Manuscript version arising.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.
Citation information: DOI: 10.1109/TMC.2026.3665626, IEEE Transactions on Mobile Computing



2

ergy consumption. Therefore, how to design MOO techniques
are vital in enhancing the overall efficiency of near-field ISAC
systems.

Recent developments have highlighted the integration of
Large Language Models (LLMs) with MOO techniques to
improve performance and adaptability. LLMs play two key
roles in this setting [17], [18]. First, when provided with
well-designed prompts, LLMs can generate solutions without
requiring detailed problem encoding. These solutions can ac-
count for multiple objectives and constraints, that simplifying
optimization by allowing users to describe goals in natural
language, thus reducing the need for specialized technical
knowledge. Second, LLMs can use the broad knowledge
to design or choose effective operators for multi-objective
evolutionary algorithms (MOEAs). By interpreting natural
language descriptions of optimization problems, LLMs help
devise robust strategies that improve search efficiency and
convergence. This integration facilitates AI-driven control and
interaction, advancing beyond traditional manual systems.
One notable effort is presented in [19], where LLMs were
used experimentally to generate novel optimization methods.
Similarly, a few studies [20], [21] have demonstrated the
feasibility of using LLMs as black-box solvers for single-
objective optimization tasks, relying exclusively on prompting
without additional training.

Nevertheless, how to integrate LLMs with the MOEA
framework in a manner that ensures broad applicability across
various MOEA implementations remains an open challenge.
Since users/targets often operate in hybrid far-field and near-
field environments with fluctuating parameters, existing studies
primarily examine the effectiveness of these metaheuristic
algorithms in static or predefined environments. However, real-
world hybrid scenarios are inherently dynamic, and existing
studies are limited by fixed or rule-based parameter tuning
methods. This intrinsic coupling significantly increases the
complexity of channel modeling and system optimization,
especially when communication performance and sensing ac-
curacy must be balanced simultaneously. This complexity re-
quires accurate modeling of both angle-of-arrival and distance
between the BS and the users or targets [22]. This intrinsic
coupling significantly increases the complexity of channel
modeling and system optimization, especially when commu-
nication performance and sensing accuracy must be balanced
simultaneously. This complexity requires accurate modeling
of both angle-of-arrival and distance between the base station
and the users or targets. The motivation for employing LLMs
for angle prediction and distance estimation arises from their
natural language processing (NLP) capabilities, we propose
a novel LLM-assisted MOEA framework for near-field ISAC
networks that attempts to employ LLMs in MOPs. On the
other hand, drawing inspiration from the social hierarchy
and hunting behavior of grey wolves [23], a Grey Wolf
Optimization (GWO)-based metaheuristic is integrated into
the LLM as a context-aware layer. This enables the proposed
model to dynamically adjust to environmental changes, there-
by enhancing its responsiveness. Such context-aware adapt-
ability directly addresses the dynamic requirements of near-
field ISAC networks, which can enhance situational awareness

and enable more informed decision-making throughout the
optimization process. Our main contributions are summarized
as follows

• A new LLMs model is developed that integrates GWO
to balance the conflicting objectives of maximizing com-
munication performance and minimizing sensing error
in near-field ISAC systems. Unlike conventional GWO
or other metaheuristics that rely on fixed strategies,
our approach leverages natural language understanding
for more adaptive decision-making. The proposed LLM-
GWO model acts as a quasi-intelligent optimizer, poten-
tially setting a new standard for adaptive metaheuristic
algorithms.

• To tackle the proposed optimization challenging, the
LLM-enhanced GWO is exploited in the MOO prob-
lem by decomposing the original problem into smaller
subproblems. Unlike static heuristic operators, the LLM
act as intelligent operators that can adjust based on the
evolving optimization environments, which is integrated
into the MOEA framework through tailored prompt engi-
neering. This setup ensures that both objective functions
and constraints are considered, aiming to maximize the
SINR for communication while minimizing sensing error
using the CRB criteria.

• Considering the complex nature of signal propagation in
near-field ISAC systems, which is influenced by both
angle and distance, the proposed LLM-GWO approach
leverages natural language descriptions to define the re-
lationship between antenna positions, target distance, and
angle of arrival with respect to the physical parameters
of the system. The LLM-GWO then generates mathe-
matical expressions that accurately capture the nonlinear
dependencies between these system parameters for angle
prediction and distance estimation. Simulation results
confirm the effectiveness of the proposed LLM-GWO
operator, demonstrating its superior performance on an
established benchmark.

The remainder of this paper is organized as follows. Section
II introduces the system model and defines the optimization
problem, including the objective functions and constraints.
Section III presents an MOP optimization method using LLMs
to solve the formulated problem. Section IV shows simulation
results that demonstrate the effectiveness of our approach.
Finally, the conclusion summarizes our findings.

Notation: (·)T , (·)H , (·)†, ∥ · ∥ and ∥ · ∥F denote the
transpose, the conjugate transpose, pseudo-inverse, ℓ2 norm,
and Frobenius norm, respectively. ⊗ represents the Kronecker
product operation. a[i] is the i-th element of a vector a.

II. RELATED WORKS

A. GWO-based Multiobjective evolutionary algorithm

The GWO algorithm draws its inspiration from the hier-
archical leadership and hunting strategies exhibited by grey
wolves in their natural environment [24]. In GWO algorithm,
three top solutions are selected as leaders: best xα, second-
best xβ , and third-best xδ . These leaders guide the remaining
wolves, denoted as xω , to search for the global optimum.
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The algorithm works through three main phases: encircling,
hunting and attacking the prey.

1) Encircling: The encircling phase mimics how grey
wolves surround the prey during the hunting process. This
behavior can be mathematically represented as follows

x(t+ 1) = xp(t)−A(t)× |C(t)× xp(t)− x(t)|, (1)

where x(t) denotes the position vector of a grey wolf at the
t-th iteration, and xp(t) is the position vector of the prey at
the same iteration. The coefficients C(t) and A(t) influence
the behavior of wolves, which are defined as:

A(t) = 2× a(t)× r1 − a(t),

C(t) = 2× a(t)× r2,
(2)

where r1 and r2 are random variables within ranging between
0 and 1. These random factors introduce exploration capabil-
ities into the algorithm. Meanwhile, the convergence factor
a(t) reduces linearly from 2 to 0 as the number of iterations
increases, which is calculated as:

a(t) = 2− (2× t)

tmax
. (3)

This gradual reduction enables the wolves to shift from
exploratory behavior in the early stages of the process to a
more exploitative focus as the iterations advance.

2) Hunting: By considering the location of the three best
hunters (xα, xβ , and xδ), the other wolves xω follow them to
hunt according to

Dα(t) = |Cα(t)× xα(t)− x(t)|
Dβ(t) = |Cβ(t)× xβ(t)− x(t)|
Dδ(t) = |Cδ(t)× xδ(t)− x(t)|

(4)

xα(t+ 1) = xα(t)−Aα(t)×Dα(t)

xβ(t+ 1) = xβ(t)−Aβ(t)×Dβ(t)

xδ(t+ 1) = xδ(t)−Aδ(t)×Dδ(t)

(5)

x(t+ 1) =
xα(t+ 1) + xβ(t+ 1) + xδ(t+ 1)

3
(6)

where Cα(t), Cβ(t), and Cδ(t) are calculated using Eq. (2);
xα(t+ 1), xβ(t+ 1) and xδ(t+ 1) are the first three optimal
solutions at (t+ 1)-th iteration; and Aα(t), Aβ(t) and Aδ(t)
can be obtained from Eq. (2).

3) Attacking the prey: When the prey stops moving, the
wolves stop hunting. Otherwise, the wolf begins to attack.
This stage is directly related to the convergence factor a(t)
in Eq. (3), which decreases linearly from 2 to 0 as the number
of iterations increasing. As a(t) decreases, each grey wolf
updates its position by moving between its current location
and the prey. The algorithm starts by randomly placing the
wolves in the search space and evaluating their fitness using
a given function. In each iteration, the top three wolves
(xα, xβ , and xδ), are selected to guide the rest in the main
steps: encircling, hunting, and attacking the prey. This iterative
process continues until the maximum number of iterations,
tmax, is reached. The average of the three best solution is
considered to be the final solution.

The conventional GWO algorithm has a small number of

Fig. 1. Illustration of the near-field ISAC system.

parameters in the search process and is easy to implement.
But the global search ability of the algorithm is weak, re-
sulting in falling into a local optimum in some cases easily.
Recent studies have also examined their potential in various
research areas [25], [26], including notable improvements in
metaheuristic optimization algorithms, showing that LLMs can
imitate mutation and crossover operations from evolutionary
algorithms through careful tuning and prompting [27]. Despite
these promising developments, the application of LLMs for
designing metaheuristic optimization algorithms remains in
its infancy. The main reason that there often depend on
frequent interactions with LLMs during optimization, which
can be expensive and limit scalability. While single-objective
optimization has been studied, the use of LLMs in multi-
objective evolutionary optimization is still largely unexplored.
This gap motivates our work on a more efficient LLM-based
GWO framework for near-field ISAC systems. Our goal is to
harness the strengths of LLMs to overcome current challenges
and expand the possibilities for multi-objective optimization in
complex environments.

III. SYSTEM MODEL AND PROBLEM FORMULATION

The near-field ISAC system consists of a BS equipped with
a uniform linear array (ULA) containing N antennas. The
system communicates with K single-antenna entities, which
could either be communication users or sensing targets. These
entities are collectively represented by K = {1, 2, ...,K}. As
shown in Fig. 1, we consider a communication user or sensing
target located at a distance of r and an angle of θ from the
center of the ULA. Thus, the coordinate of user/target k is
given by

pk = [rk cos θk, rk sin θk]
T . (7)

However, due to the lack of spatial aperture in the vertical
dimension, a conventional ULA cannot resolve elevation an-
gles, which is a well-known limitation in array signal process-
ing. Accurate elevation angle estimation would require a uni-
form planar array (UPA) or a more general three-dimensional
array structure. Extending the system model to such geome-
tries would increase the dimensionality and complexity of
the channel and sensing models and is beyond the scope
of the present work. The primary objective of this paper is

=
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to investigate the integration of LLM-assisted multi-objective
optimization with near-field ISAC system design, rather than to
exhaustively study all possible array geometries. Nevertheless,
we note that the proposed LLM-GWO framework is not
inherently restricted to ULAs and can be readily extended
to UPA or 3D array configurations by redefining the channel
model and optimization variables. To this end, assuming the
ULA is positioned parallel to the x-axis, with the n-th antenna
element’s coordinate specified as:

qn = (0, (n − 1)l), n = 1, ..., N (8)

where l is the spacing between adjacent antennas. To deter-
mine the spatial relationship between an antenna element and
a user/target, the distance between the n-th antenna element
and the user/target k is given by:

dn(rk, θk) = ∥pk − qn∥

=
√
r2k + ((n− 1)l)2 − 2rk(n− 1)l cos θk.

(9)

According to [28], a critical aspect of the system is the
classification of spatial regions into near-field and far-field
zones, which depends on the distance between the BS and
the user/target. The boundary between these zones is defined
as the Rayleigh distance:

d =
2L2

λ
=

2(N − 1)2l2

λ
, (10)

where L = (N − 1)l is the aperture of the antenna array. N
is the number of antennas, l = λ

2 is the antenna spacing with
λ denoting for the carrier wavelength.

In general, when the transmission distance surpasses the
Rayleigh distance, the system operates in the far-field region.
In this case, electromagnetic waves exhibit a planar wavefront,
and the beam directionality is focused on a single angle.
However, when the transmission distance is shorter than the
Rayleigh distance, the system transitions into the near-field
region. This is characterized by a spherical wavefront, where
the beam focuses on a localized area, providing enhanced
precision in sensing and communication. For example., in
a 28 GHz communication system, the Fraunhofer distance
approximates the Rayleigh distance, varies with the number of
antenna elements. Users located within a transmission range of
a few dozen meters may be classified in the near-field region,
particularly for systems with larger antenna arrays. It follows
from the above that the electromagnetic wave characteristics
differ significantly across the near-field and far-field regions.
In the far-field, the beam directs energy uniformly in one
direction, making it effective for long-distance communication.
Conversely, the spherical wavefront enables focused energy
in a small area that enhancing sensing accuracy in the near-
field. This ability to adapt beamforming between planar and
spherical wavefronts is pivotal in designing efficient ISAC
systems.

A. Channel Model

Inspired by [22], the distance between ISAC BS and users
depend on the Rayleigh distance characteristics, and there are

two types of channels for near-field and far-field communi-
cations [28], [29]. We assume that different users transmit
mutually orthogonal pilot sequences to the ISAC BS, enabling
independent channel estimation for each user [30]. In the
Fresnel region of the near-field, specifically within the range
1.2L ≤ r ≤ 2L2

λ , it is worth noting that the channel gain of
each link between the antenna elements and the user or target
remains approximately identical [31]. The dominant near-
field effect is phase curvature, whereas amplitude variation
remains minimal for practical array sizes. The constant-gain
approximation preserves the essential near-field characteristics
while maintaining model tractability [32]–[34]. Building on
this property, the channel between user k and the n-th antenna
element can be expressed as:

hn(rk, θk) = ρ̂ke
− 2jπdn(rk,θk)

λ = ρke
− 2jπ(dn(rk,θk)−rk)

λ , (11)

where ρk = ρ̂ke
− 2jπrk

λ and ρ̂k represents the free-space path
loss of user/target k.

1) Far-field communications: A classical approach assumes
that the distance between the user and the ULA is significantly
larger than the length of the ULA. Under this assumption,
the curvature difference of the spherical wavefronts across
different antennas becomes negligible [35], [36]. Therefore,
the distance difference from the user/target k to the reference
antenna and the n-th antenna can be approximated as:

∆d = dn(rk, θk)− rk = (n − 1)l cos θk. (12)

Then, the far-field channel vector h(rk, θk) ∈ CN×1 between
the ISAC BS and the user or target k can be formulated as
follow:

h(rk, θk) = [h1(rk, θk), ..., hN (rk, θk)]
T

= ρ̂ke
− 2jπd0

λ a(rk, θk),
(13)

where a(rk, θk) ∈ CN×1 is the far-field array response vector
of user/target k, which can be written as

a(rk, θk) =
1√
N

[
1, e

2jπl cos θk
λ , ..., e

2jπ(N−1)l cos θk
λ

]
. (14)

2) Near-field communications: When the distance between
user/target k and ISAC BS is smaller than the Rayleigh
distance (dn(rk, θk) < L), the wavefront is described with
the spherical model. Thus, the distance (9) can be rewritten as

dn(rk, θk) =

√
r2k

(
1 +

((n − 1)l)2

r2k
− 2(n − 1)l cos θk

rk

)
(15)

By applying the Fresnel approximation
√
1 + x ≈ 1 + 1

2x,
the distance between the n-th antenna and the user/target k is
reduced to

dn(rk, θk) ≈ rk +
1

2

(
((n − 1)l)2

rk
− 2(n − 1)d cos θk

)
= rk +

µ

rk
− ψ cos θk,

(16)

where µ = ((n−1)l)2

2 and ψ = (n− 1)d. Since l ≪ rk and the
quadratic term is several orders of magnitude smaller than rk,
the resulting path-loss variation 1

dαn
is negligible across antenna
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elements. This directly supports the approximation that the
per-element channel magnitude remains nearly identical. Then,
the near-field array response vector is

a(rk, θk) =
1√
N

[
..., e

2πj
λ

(
µ
rk

−ψ cos θk

)
, ...

]
. (17)

Unlike communication channel modeling, monostatic target
sensing relies on the echo signal received at the BS. This
process is characterized by the round-trip channel matrix Q ∈
CN×N , which plays a key role in sensing channel modeling.
Let rs, θs, and ρs represent the distance, angle, and complex
channel gain of the sensing target, respectively. Based on these
parameters, the near-field round-trip channel matrix for target
s is given by:

Q(rs, θs) = ρsa(rs, θs)aT (rs, θs). (18)

In view of the above-mentioned analysis, near-field mod-
eling depends on antenna positions, while far-field modeling
focuses on angles of arrival. The decoding vector for receiving
the signal from user k or target s is formulated as fk = hk/∥hk∥
with hk being h(rk, θk) or Q(rs, θs) depending on the distance
between user k or target s and ISAC BS.

B. Problem Formulation

In this subsection, we focus on the near-field network
configuration, a coherent time block of length T is employed
at the start of each coherent time block. Then, the communica-
tion channels are estimated using exsiting channel estimation
methods. Following this initialization, the ISAC BS utilizes
the remaining portion of the coherent time block to perform
joint communication and sensing. To achieve this, the ISAC
BS transmits a carefully designed joint communication and
sensing signal:

x =
∑
k∈K

fkzk + s, (19)

where f k ∈ CN×1 denotes the beamforming vector used
to transmit the information symbol zk ∈ C to the user
k. Additionally, a dedicated sensing signal s ∈ CN×1 is
integrated into the system to maximize the sensing degrees
of freedom.

To ensure effective signal transmission and sensing, specific
assumptions are made regarding the statistical properties of
the transmitted symbols. The information symbols zk, k ∈ K
are independently distributed and normalized to unit power,
satisfying E[zkzi] = 1, if k = i; and E[zkzi] = 0, otherwise.
For the sensing signal s, the statistical behavior is described
by the covariance matrix Rs = E[ssH ]. The covariance matrix
of the sensing signal provides a foundation for optimizing
the joint communication and sensing performance. Then, the
covariance matrix of the sensing signal is given by

Rx = E[xxH ] =
∑
k∈K

f kfHk + Rs. (20)

1) Communication Model: The communication signal re-
ceived by user k is modeled as

yk =hTk (rk, θk)f kzk︸ ︷︷ ︸
desired signal

+
∑
i̸=k

hTk (rk, θk)f izi

+ hT (rk, θk)s + nk,

(21)

where nk ∼ CN (0, σ2
k ) denotes additive white Gaussian noise

(AWGN). The first term represents the desired signal, while
the remaining terms include interference from other users, the
sensing signal and noise, respectively.

The achievable communication rate for all users is quanti-
fied as:

Rcom(h(rk, θk), f k,Rx)

=
∑
k∈K

log2
(
1 + SINR(rk, θk)

)
. (22)

where SINR(rk, θk) =
|hT (rk,θk)f k|

2

hT (rk,θk)Rxh∗(rk,θk)+|hT (rk,θk)f k|2+σ2
k

.
2) Sensing Model: The sensing process involves receiving

echo signals at the ISAC BS, which can be expressed as

ys = Q(rs, θs)x + ws (23)

where ws ∈ CN (0N , σ2
sIN ) is the AWGN.

According to [31], the joint estimation of distance and angle
relies on the near-field sensing channel Q(rs, θs). The sensing
performance can be estimated with the mean squared error
(MSE) metrics: ζ2rs = E[|rs − r̂s|] and ζ2θs = E[|θs − θ̂s|2].
However, due to the difficulty of deriving closed-form expres-
sions for these MSEs, the Cramr-Rao Bound (CRB) is used
as an alternative metric. The inverse of the Fisher Information
Matrix (FIM) is employed to CRB, which are calculated as

CRB(Q(rs, θs)) = J−1
ζ (24)

where Jζ is the FIM that can be calculated based on the
derivatives of the received signal ys with respect to the
parameters ζi ∈ {rs, θs}. Using the general FIM definition, Jζ
can be partitioned into submatrices based on the parameters
being estimated:

Jζ =
[

J11 J12
JT12 J22

]
, (25)

where J11 captures the Fisher information for the distance and
angle parameters {rs, θs}:

J11 =
2|ρs|2N
σ2
s

Re

{
tr

(
∂Q
∂rs

Rx
∂QH

∂rs

)}
(26)

and J12 represents the cross-correlation between {rs, θs} and
ρs, that is

J12 =
2N

σ2
s

Re

{
ρstr

(
∂Q
∂rs

RxQH
)}

(27)

and J22 corresponds to the Fisher information for the complex
channel gain

J22 =
2N

σ2
s

Re
{
tr
(
QRxQH

)}
(28)

and Rx = E[xxH ] is the signal covariance matrix.
By taking the expressions for J11, J12 and J22, the
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CRB(Q(rs, θs)) is provided as

CRB(Q(rs, θs)) =
(
J11 − J12J−1

22 JT12
)−1

. (29)

Based on the settings mentioned above, we have ζ2rs ≥
[CRB]1,1 and ζ2θs ≥ [CRB]2,2, where the submatrices J11, J12,
and J22 are determined through detailed matrix operations.
To evaluate near-field sensing capacity, the log sum of the
CRBs is employed as the objective function, which provide a
scalar measure of the overall estimation performance across
parameters rs and θs. Since CRB values can vary widely,
taking the logarithm reduces the dynamic range, preserving
the relative highlighting reductions in high-error components,
especially when using LLM-based sampling techniques. Thus,
the sensing object function is expressed as

Rrad(Q(rs, θs),Rx
)
= log2

(
tr
(
CRB(Q(rs, θs),Rx)

))
. (30)

It follows that the utility of the network is maximized
while minimizing the log sum of CRBs by jointly optimizing
parameters rs and θs, ∀s ∈ K. Therefore, the optimization
problem can be formulated as

min
h(rk,θk),

fk,Rx,
Q(rs,θs)

[
−Rcom(h(rk, θk), f k,Rx),Rrad(Q(rs, θs),Rx)

]
(31a)

s.t. Rcom(h(rk, θk), f k,Rx) ≥ Rmin,k (31b)
0 ≤ tr(Rx) ≤ Pmax (31c)
θk, θs ∈ P, ∀k, s ∈ K (31d)

Rx ≻
∑
k∈K

fkfHk (31e)

where Rmin,k denotes the minimum rate requirement of user
k and tr(Rx) denotes the transmit power of ISAC BS, which
should be no less than 0; Pmax denotes the maximum transmit
power. (31d) denotes the constraints of user/target angle, which
are limited in the range of P . The last constraint (31e) is from
that the covariance matrix of the sensing signal, Rs, which is
derived from the relationship:

Rs = Rx −
∑
k∈K

f kfHk (32)

where f k denotes the beamforming vector for user k. The
sensing signals are appropriately designed without compromis-
ing the performance of communication signals. The condition
Rs ≻ 0 guarantees a positive semidefinite covariance matrix,
which is necessary for the stability and feasibility of the
sensing process.

In practical near-field ISAC systems, communication
objective Rcom(h(rk, θk), f k,Rx) and sensing objective
Rrad(Q(rs, θs),Rx) often exhibit a trade-off due to shared
system resources; however, the existence and strength of
this trade-off depend on the characteristics of the underlying
Pareto boundary. In formulated problem (31), it is difficult to
optimize the physical channel realizations due to the nature
of the channel stochastic and environment-dependent. Instead,
we optimize channel-related parameters by configuring the
positions of communication users and sensing targets, which
determine the angle of arrival and distance. This abstraction
enables learning spatial configurations to jointly enhance

communication and sensing, which is also a core of our
LLM-based framework.

IV. PROPOSED LLM-GWO-BASED OPTIMIZATION
FRAMEWORK

The multi-objective optimization problem formulated in
(31) is challenging to solve using conventional convex op-
timization techniques. This difficulty does not arise merely
from the coupling of decision variables, but rather from
several intrinsic sources of non-convexity embedded in the
problem structure. Specifically, the objective functions for
communication and sensing are intertwined through param-
eters such as the distance and angle of users, as well as
the precoding vectors for communication and sensing signals.
These coupled variables create a non-linear dependency that
results in a non-convex feasible region, particularly when
these variables are optimized jointly in the context of the
near-field ISAC system. Moreover, the optimization problem
is formulated as a multi-objective problem, which inherently
involves conflicting objectives that further contribute to the
non-convexity. The non-convexity is particularly apparent in
the interaction between the communication rate and sensing
accuracy, where optimizing one often compromises the other.
This complexity is addressed using the LLM-GWO approach,
which decomposes the original non-convex problem into s-
maller sub-problems that can be solved more effectively. In
this section, we first clarify the origin of non-convexity and
then present the proposed LLM-assisted GWO framework for
efficiently solving the problem.

A. Problem Reformulation via Decomposition

To enable tractable optimization, we reformulate problem
(31) in a compact vector form as

P1 : min
x

G(x) = min
x

{
−Rcom(x),Rrad(x)

}
s.t. x ∈ C

(33)

where x = [r1, r2, ..., rK , θ1, θ2, ..., θK , f1, f2, ..., fK ] rep-
resents all optimization variables, C denotes the decision
space, and Fa(x) = Rcom(h(rk, θk), f k,Rx), Fb(x) =
Rrad(Q(rs, θs),Rx). The proposed LLM-GWO problem in-
volves decomposing (P1) into a series of single-objective
sub-problems based on the weighted Tchebycheff method, in
which the sub-problem is expressed as

min
x

U(x|ω,ϑ) = max
i∈{a,b}

{ωi(Fi(x)− ϑ∗i )}

s.t. x ∈ C
(34)

where ω = [ωa, ωb] denotes the weight vector satisfying
0 < ωa, ωb < 1, ωa+ωb = 1. The current minimum objective
function values is defined as ϑ∗i = min{Fi(x)} for i = a, b.
This distributed weight vectors is provided by Das and Dennis
[37], which is particularly suitable for controlling the trade-
off between objectives in the proposed optimization setting.
The weighted Tchebycheff method guarantees a fundamental
relationship between Pareto-optimal solutions and specific
weights [38]. For each Pareto-optimal point x∗, there exists
a corresponding weight vector ω∗ to ensure x∗ as the optimal
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solution of the weighted Tchebycheff formulation in (34). This
dual relationship highlights the equivalence between solving
the Tchebycheff formulation with appropriate weights and the
Pareto-optimal solution.

For conventional GWO algorithm, the gray wolf population
gradually converges around the optimal individual as the num-
ber of iterations increases, resulting in a decline in population
diversity. This makes it difficult to avoid local optimal solution
when the optimal individual becomes trapped, which result
in premature termination and reduced accuracy in finding
the optimal solution. Inspired by LLM [21], the LLM-driven
search operator is integrated into the framework of MOO
problem (34), whose main function is to effectively expand
the search space and improve the global search ability of the
algorithm. the LLM does not provide the objective function to
GWO; rather, it assists by guiding the search parameters for
each sub-problem. It is worth noting that this comparativeness
between the LLM and GWO enhances the adaptability and
efficiency of the optimization process, allowing the framework
to solve complex multi-objective problems effectively. The
steps are as follows.

1) Initialization: The initialized weight variables with a
population size of M is selected, i.e., ωj , j = 1, ...,M . LLMs
adapt to tasks through in-context learning (ICL) by leveraging
input examples; however, the performance heavily depends on
the selection of diverse and high-quality inputs. Inspired by the
principle of lens imaging, we introduce the reverse learning
strategy that including both the solution and its opposite. By
combining the reverse learning strategy with LLM search, the
bidirectional search is considered to expand the search scope
and improve the search diversity of ICL.

As shown in Fig. 2, the reverse learning strategy with the
principle of lens imaging is illustrated. The reverse point of
the individual ϑ can be calculated with the principle of lens
imaging:

(a+ b)/2− ϑ

ϑ∗ − (a+ b)/2
=

h

h∗
. (35)

where ϑ∗ denotes the reverse point of the individual ϑ.
If κ = h/h∗, then Eq. (35) is extend to the i-dimensional

optimization problem, which can be rewritten as:

ϑ∗i =
ϑmin + ϑmax

2
+
ϑmin + ϑmax

2κ
− ϑi
κ

(36)

where ϑmin and ϑmax denote the minimum and maximum
values of the variables across all initial solutions. ϑ∗i is the
lens inverse solution of ϑi. The scaling factor κ of the lens
is important for the learning performance of lens imaging. A
smaller κ produces a wider range of inverse solutions, while a
larger κ results in a narrower range, supporting more focused
local searches.

However, this approach becomes ineffective when the lead
wolves are trapped in a local minimum or are far from the
optimal solution. To address this issue, a probabilistic strategy
is exploited by selecting m inputs for the j-th subproblem:
with probability P from a local neighborhood uj , and with
probability 1−P from the global population Φ. This balances
local precision and global diversity, capturing specific patterns
while avoiding overfitting. This expands the search scope

Fig. 2. Schematic diagram of lens imagingreverse learning.

and enables a bidirectional search for the optimal solution.
Combining the reverse learning strategy with LLM improves
the GWO algorithm’s search performance, which can solve
complex tasks effectively by leveraging both localized and
global information. Thus, the original problem (33) is decom-
posed into M single-objective sub-problem based on GWO
strategy, in which the j-th subproblem associated with ωj is
given by

U(xj |ωj ,ϑj) = max
i∈{a,b}

{
ωji (Fi(x)− ϑi)

}
. (37)

Accordingly, an initial population of size M is uniformly
and randomly generated from set C, i.e., xj ∈ C, j = 1, ..., N ,
where xj is the initial solution for the j-th subproblem. The
function U(xj |ωj ,ϑj) is continuous with respect to ωj , which
which implies that the optimal solutions of two subproblems
j and j′ will be close if their weight vectors ωj and ωj

′
are

close in terms of Euclidean distance. Therefore, the neighbor
set of ωj is defined as the set of indices of the S weight
vectors nearest to ωj , denoted as Nj = {j1, ..., jS}, which
can be expressed as

ωj = 2× a(t)× r2, (38)

where a(t) can be given by (3). The difference is that the
size of the selected individuals can scale flexibly due to
the adaptable interaction with LLMs. This scalability enables
the method to accommodate varying problem complexities or
optimization requirements dynamically. After individuals are
selected, there are ranked in descending order based on the
evaluation metrics. Then, the top three candidate solutions (i.e.
xα, xβ and xδ) are chosen. These candidates are subsequently
assessed using the aggregation function corresponding to the
j-th subproblem, ensuring an efficient evaluation process.

2) Evolution: The problem (33) is reformulated as a se-
ries of scalarized objective functions. Within the transformed
framework, a LLM is employed as a black-box operator,
performing two key tasks: encircling and hunting. These op-
erations are executed through prompt engineering to generate
new candidate solutions.

To design effective prompts, we incorporate the following
three types of information into prompt engineering: problem
description, in-context examples and task instructions. More
specifically, for the in-context examples of the j-th subprob-
lem at each generation, the LLM receives d selected parent
solutions along with their objective values. These examples are
partly drawn from Nj and partly from the entire population.
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Algorithm 1 Proposed LLM-MOEA algorithm
1: Input The population size: N . The neighbor size: S.

Parents number: d; Iteration number: Nmax; The number
of points generated by LLM: no. .

2: Initialize: set Φ = ∅. ω1, ...,ωM based on Das and
Dennis method.

3: Calculate the d the M closest weight variables to each
weight variable ωj , j = 1, ...,M .

4: Update the neighbor set Nj .
5: Generate an initial population xj , j = 1, ...,M and com-

pute U(x|ω,ϑ).
6: Reference point generated by ϑ∗.
7: while Nmax not reached do
8: i = i+ 1;
9: Evolution

10: forj = 1, 2, ...,M do;
11: Selection:
12: Parent solution points d selected by partly from Nj

with a probability of P and partly from the
population with a probability of 1− P .

13: Reproduction via the LLM:
14: a) Generate textual Prompt for LLM given the

subproblem Uj(x|ω,ϑ).
15: b) Using LLM, a number of offspring points

{x′1, ..., x′
no
} is generated with given the instruc-

tion prompt.
16: Update:
17: a) update the best candidate solution x′ from (40) and

based on Φ.
18: b) update variables ϑ∗, {xj1 , ..., xjM } and Φ
19: Output: Φ

Regarding constraint (31c), the LLM is instructed to strictly
avoid generating any infeasible points. For constraint (31c),
the LLM is asked to strictly output unexpected point. Then,
we introduce the transmit powers as follows

tr(Rx) = tr

(∑
k∈K

fkfHk

)
+ tr(Rs) (39)

where tr(
∑

k∈K f kfHk ) and tr(Rs) = tr(ssH) denote the
communication power and sensing power of ISAC BS, respec-
tively. The communication vector f k and sensing vector s can
be obtained from the results of LLM. Moreover, each variable
is normalized in the prompt to ensure the generated points
within the viable ranges. A detailed example of the prompt
and the generated solution are provided in Algorithm 1.

Fig. 2 shows the overall design of the proposed LLM-
GWO algorithm for the ISAC system in the near-field region.
Specifically, for the number of iterations t, the convergence
coefficient a(t) is obtained according to (3) and the weight
vector ωj is computed according to (38). Subsequently, with
the addition of the initialized reference point ϑ, the neighbor
set Nj , and the population Φ, the subproblem Uj(x|ω, ϑ)
and the parent points xi, · · · , xd are determined to generate
the sample set for the textual prompt entered into LLM

with task goal, definition and rules. The LLM generates a
number of individuals based on the textual prompt, and the
best 3 individuals xα, xβ , xδ are selected to calculate the
best candidate solutions x′ according to (6). After that, ϑ,
Nj and Φ are updated based on x′ and the process will
continue to repeat according to the next iteration number t+1.

An example of a prompt is illustrated as follow:

Example Prompt:
-“As a research expert in near-field ISAC and metaheuris-
tic algorithm.”
-“You are given a multi-objective evolutionary problem
to maximize the spectral efficiency of users and the
localization Cramer-Rao of the sensing target. ”
-“Now you will help me minimize (34)”
-“Object 1 represents the ISAC BS communication per-
formance and object 2 represents the ISAC BS sensing
performance.”
-“Variable 1 and Variable 2 represent the distance and
angle of near-field communication users, respectively;
Variable 3 represents the transmitted precoding of BS;
Variable 4 and Variable 5 represent the distance and angle
of near-field sensing user, respectively. ”
-“Please generate two points that are different from all
points above, and not dominated by any of the above.”
-“The points with their objective values as shown below.”
point: <start>7.304 -2.12 6.058 8.926 6.256<end>
value: 9.515
point: <start>8.468 4.460 7.970 1.244 6.217<end>
value: 9.360

...
point: <start>3.022 -5.726 2.688 6.290 4.906<end>
value: 9.519
point: <start>3.098 -5.724 4.940 8.694 1.682<end>
value: 9.876

Please generate two points that are different from all
points above, and new points requires targeting unex-
plored areas of the search space, ensuring they remain
lower than previously identified points. Each output new
point must start with <start> and end with <end>.
1) Description of task: The objective of this task is to

identify more optimal solutions by minimizing the aggregation
function value for the j-th subproblem. The goal is to enhance
solution quality while maintaining computational efficiency.

2) In-context samples: To assist the LLM in generating
new candidate solutions, a set of demonstration samples is
provided. These samples include solutions from the current
population and the corresponding fitness values. Each sample
follows a specific format: the variables are marked with
a starting symbol <start> and an ending symbol <end>.
This structured presentation ensures clarity and consistency
in guiding the LLM.

3) Expected outputs: The desired result is to generate s = 2
new individuals (points) that are distinct from the provided
input points. These new points should adhere to a recognizable
format, such as beginning with <start> and ending with
<end>, to allow the LLE-GWO algorithm to parse them
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Fig. 3. A LLM-based GWO framework for near-field ISAC system.

effectively from the LLM’s responses. To maintain stable in-
teraction, restrictions are imposed to avoid redundancy, such as
preventing the inclusion of code or unnecessary explanations.

4) Update: Within the search space, the best candidate
solution, xα, is considered the closest to the optimal point,
followed sequentially by xβ and xδ . To mathematically formal-
ize the hunting behavior, all new output points x′ generated
by the LLM are sorted in descending order based on their
performance or fitness values. This step ensures a focused
search toward optimal solutions and aligns the algorithm’s
progression with the most promising candidates, and then, the
best candidate solution x′ is updated by adding up the mean
values of the three best positions (i.e., xα, xβ and xδ) as (6),
that is

x′ =
xα + xβ + xδ

3
(40)

For each output point x′ generated from (40), the reference
point ϑ∗ is updated as follows: for i = 1, 2, if ϑ∗i > Fi(x),
then set ϑ∗i = Fi(x). Next, the neighboring population is
updated. For each ji ∈ Nj , if U(x′|ωji ,ϑ∗) ≤ U(xji |ωji ,ϑ∗),
then update xji = x′ and G(xji) = G(x′). Finally, the
evolutionary archive Φ is updated by removing all solutions
dominated by x′. If no existing solution in Φ dominates x′,
then add x′ to Φ.

B. Structured Prompt Design for LLM-Assisted Operators

In Algorithm 1, the LLM is invoked as a context-aware
reproduction operator through a structured prompt template.
The prompt is designed to provide sufficient optimization
context while maintaining a compact and consistent format,
and consists of four key components:

• Subproblem specification: A concise description of the
current decomposed subproblem, including the associated

weight vector ωj and the weighted Tchebycheff aggre-
gation function.

• Parent solution context: A small set of representative
parent solutions selected from the local neighborhood and
the global population, together with their corresponding
objective values. This enables the LLM to infer promising
search directions from historical optimization trajectories.

• Feasibility and constraint guidance: Explicit constraints
and feasibility requirements are included to discourage
the generation of infeasible or dominated solutions.

• Task-level instructions: High-level instructions encour-
aging exploration of under-sampled regions and avoid-
ance of premature convergence.

This structured prompt template is fixed across iterations,
ensuring stable and reproducible behavior. The LLM does
not perform online training or parameter updates; instead,
it leverages in-context learning by conditioning its outputs
on the supplied optimization history. This design allows the
LLM to adapt its generation behavior across iterations while
preserving the mathematical structure and interpretability of
the underlying evolutionary process.

C. Convergence Behavior and Evaluation Guidelines

Since Algorithm 1 is a metaheuristic, LLM-assisted multi-
objective evolutionary algorithm, deriving a closed-form theo-
retical convergence rate is generally intractable. Nevertheless,
its convergence behavior can be systematically evaluated using
well-established empirical criteria.

From a scalar optimization perspective, convergence can be
examined by tracking the evolution of the weighted Tcheby-
cheff aggregation function U(x | ω,ϑ) for each subproblem.
In particular, convergence speed is characterized by the num-
ber of iterations required for the best or average aggregation
value to stabilize within a prescribed tolerance, as well as
by the decay trend of the aggregation value during early
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(a) GWO (b) LEDMA (c) LLM-GWO

Fig. 4. 2-D version forms of the used real-valued benchmarking functions (r, θ, f ).

iterations. From a multi-objective perspective, convergence
is assessed through the stabilization of the external Pareto
archive Φ. Typical indicators include the rate of newly gen-
erated non-dominated solutions and the diminishing variation
of the Pareto-front shape over successive generations. When
Φ exhibits negligible updates across multiple iterations, the
algorithm is deemed to have converged.

The convergence dynamics of Algorithm 1 are further
shaped by the GWO mechanism. The convergence factor a(t)
decreases linearly with the iteration index, enabling a gradual
transition from global exploration to local exploitation, which
promotes stable convergence in highly non-convex search
spaces. Moreover, the LLM-assisted reproduction operator
does not compromise convergence stability, as all generated
candidates are strictly evaluated using the same aggregation
function and feasibility constraints. Instead, the LLM primarily
accelerates convergence in early and intermediate stages by
producing higher-quality and more diverse candidate solutions,
while the GWO update rules ensure reliable refinement in
later stages. Therefore, these criteria provide a consistent and
reproducible framework for analyzing and comparing the con-
vergence behavior of Algorithm 1 with baseline approaches.

D. Complexity Analysis

The generation of weight vectors and neighborhood con-
struction incurs a one-time cost of O(M2), which can be
computed offline. At each iteration, fitness evaluation for all
subproblems requires O(MCf ) operations, where Cf denotes
the cost of computing the communication and sensing objec-
tive functions. The GWO update steps involve simple vector
operations and incur a complexity of O(MD) per iteration.
The LLM-assisted reproduction introduces an additional cost
of O(Mno) per iteration, where the LLM is treated as a black-
box oracle with bounded invocation frequency. Updating the
external Pareto archive Φ requires dominance checks with
complexity O(M |Φ|) per iteration, where |Φ| denotes the
archive size. Therefore, the overall computational complexity
of Algorithm 1 over T iterations can be summarized as

O
(
M2 + T

(
MCf +MD +Mno +M |Φ|

))
.

This complexity is polynomial in the population size and prob-
lem dimension, and is comparable to conventional MOEA-

based methods, with a controlled additional overhead intro-
duced by the LLM-assisted operator.

V. NUMERICAL RESULTS

In this section, the prediction performance of the proposed
is evaluated with the near-field communication setting of ISAC
network. As similarly in [39], we consider the difference in the
probability of near-field and far-field users maximize the SINR
of the near-field communication objective function, while
minimization near-field sensing performance. The magnitude
of the RCS is assumed to be uniformly distributed in range
in [0.8, 1]. The channel power at a reference distance of 1
meter is set to ϱ0 = −60dB. Additionally, the ISAC BS
operates with a bandwidth of B = 51.2 MHz, while the
noise power is fixed at σ2 = −110dBm. The transmission
power limits for the ISAC BS are defined as pmax = 20dBm
and pmin = 0dBm, ensuring the system adheres to realistic
operational constraints.

To verify the auxiliary role of the LLM in accelerating
the convergence rate and enhancing the diversity of the
population within the MOEA framework, we conducted a
comparative analysis of existing LLM-enabled metaheuristic
algorithm, named as LEDMA [40], GWO, MOEA/D [41] and
our proposed LLM-GWO framework. Among them, LEDMA
and GWO share the same algorithmic foundation as our
framework, with the primary distinction lying in their repro-
ductive strategies. These methods have proven to be effective
for solving MOPs due to their ability to efficiently handle
objectives, maintain solution diversity, and adapt to complex
problems. However, there also face notable challenges, such as
sensitivity to parameter settings, high computational intensity,
and limitations in tackling high-dimensional problems. The
effectiveness of these methods often depends on the specific
problem, requiring a careful balance of trade-offs during
implementation. For the proposed LLM-GWO algorithm, we
integrate the GPT-4.0 model as the LLM search operator,
the main reason is that it demonstrated capacity to perfor-
m reasoning, constraint-aware synthesis and multi-objective
trade-off analysisłall of which are core to our formulation of
LLM-based optimization. Additionally, GPT-4’s reinforcement
learning fine-tuning and instruction-following behavior make
it well-suited to high-level control and policy generation in
structured environments.
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Fig. 5. The convergence curves for the average fitness functions.

Fig. 4 compares the embeddings of samples with the highest
and lowest Pareto front using three visualization methods:
GWO, LEDMA and the proposed LLM-GWO. In the Fig. 4,
the proposed LLM-GWO decision boundary clearly separates
the two groups, showing that they occupy different areas in the
embedding space. These findings indicate that Pareto front not
only reflects the quality of jailbreak prompts but also strongly
influences their representation in the embedding space.

Following the convergence-study guidelines outlined in Sec-
tion IV, we evaluate the convergence behavior of the proposed
Algorithm 1 from both scalar and multi-objective perspectives.
Specifically, convergence speed is assessed by tracking the
evolution of the average aggregation (fitness) value across
iterations, while convergence quality is evaluated through the
stabilization and distribution of the obtained Pareto fronts.
Fig. 5 depicts the convergence curves of of our proposed
LLM-GWO approach as well as two baseline algorithms with
respect to the number of iterations. With the number of
iterations increasing, the convergence performance of LEDMA
scheme reduces more faster than that of GWO scheme. An in-
teresting phenomenon is that with a small number of iterations,
deploying the proposed LLM-GWO framework can converges
rapidly to a stable, desired state, and it also has better fault
tolerance and high stability. Besides, Fig. 5 demonstrates that
the proposed LLM-GWO approach converges faster than the
LEDMA and GWO scheme, and achieves the lowest average
fitness function value of 0.007, while the LEDMA and GWO
achieve average fitness function value of 0.267 and 0.029,
respectively. This further demonstrates the superiority of our
proposed LLM-GWO approach in terms of the average fitness
function. As observed in Fig. 5, the proposed LLM-GWO
algorithm converges faster than the baseline methods in terms
of aggregation-value stabilization, which is consistent with the
convergence guidelines discussed in Section IV.

Fig. 6 illustrates the relationship between the sensing rate
Rrad

min for distance and angle estimation and the minimum
communication rate Rcom

min . We observe that the Pareto bound-
ary achieved by the proposed LLM-GWO outlined in (34).
The curve connecting these two points signifies the Pareto
boundary of the ISAC’s rate region, thereby revealing a funda-
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Fig. 6. Pareto-optimal points distribution achieved by existing GWO and
LLM-GWO algorithms.
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Fig. 7. Beampattern of radar functionality of LLM-GWO scheme.

mental trade-off between sensing accuracy and communication
performance. Despite this trend, it is worth emphasizing that
the RCRBs remain at a relatively low level even when Rcom

min is
considerably high. This observation validates the effectiveness
of the proposed LLM-GWO approach. Furthermore, although
the proposed LLM-GWO scheme experiences a slight degra-
dation in sensing performance at the same communication
rate, it significantly reduces power consumption. This trade-off
makes LLM-GWO a compelling solution in power-constrained
scenarios.

Fig. 7 shows how Algorithm 1 enables radar functionality by
steering transmit and receive beams toward specific directions,
30◦ and 60◦. The algorithm focuses signals from multiple
antennas to form a directional ”beam” or ”lobe” [42]. This
beam is based on LLM-driven beam training, which enhances
target detection and reduces interference. The transmit signal
helps by directing energy toward the targets, while the receive
beamforming is optimized to clearly capture the reflected
signals. This demonstrates the beamforming gain achieved by
Algorithm 1 in the far or near-field ISAC systems. As shown
in the Fig. 7, the proposed LLM-GWO approach provides
higher power at the target locations than the LEDMA and
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GWO-based methods. These algorithms have been selected
based on their relevance in multi-objective optimization and
their common use in related research. Particular, MOEA/D is
closely related to our decomposition-based framework, but the
performance is weaker than that of the proposed LLM-GWO
scheme. This result confirms that the proposed LLM-GWO
approach improves target estimation performance.

VI. CONCLUSION

This paper presented a novel LLM-enabled near-field ISAC
framework that jointly optimizes communication and sensing
by maximizing network utility and minimizing localization
CRBs. By integrating LLM with the Grey Wolf Optimizer
through prompt-guided decomposition of a multi-objective
problem, we introduced a scalable and effective solution
strategy. Numerical evaluations confirmed the superior perfor-
mance of the proposed LLM-GWO method over traditional
GWO, achieving improved Pareto fronts and faster conver-
gence. These results not only validate the feasibility of LLM-
assisted GWO optimization in ISAC systems but also establish
a promising foundation for future research into intelligent,
adaptive optimization tools in ISAC applocation. However,
we recognize that real-world ISAC systems are likely to
involve multiple BSs in distributed environments, where co-
ordination between BSs and efficient resource management
across multiple nodes are crucial. Future work could focus on
the development of a distributed version of the LLM-GWO
framework to better handle multi-BS ISAC systems.
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