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Abstract—Integrated sensing and communications (ISAC) sys-
tems promise dual use of spectrum and hardware for data
transmission and environmental awareness. However, extending
ISAC to satellite networks is challenged by high path loss, long
delays, and the overhead of channel estimation. To address these
challenges, we propose a channel-agnostic predictive beamform-
ing framework for satellite ISAC (S-ISAC) within a crowdsourced
bistatic architecture. Unlike conventional bistatic architectures
that require a dedicated sensing receiver, our design aggregates
echoes from multiple ground internet of things (IoT) devices
(GIDs) in a crowdsourced manner to improve sensing perfor-
mance without introducing any additional sensing equipment.
We propose a model termed Historical Geometric-based LLM
(HG-LLM) as a realization of the channel-agnostic predictive
beamforming framework. HG-LLM learns to map historical
geometric information (HGI) of the satellite, sensing target,
and GIDs directly to future beamforming matrices, eliminating
the need for channel state information (CSI). We propose two
key modules in HG-LLM, namely, the Histogeometric Encoder,
which transforms spatial-temporal data into LLM-compatible
embeddings, and the TokenBeamformer, which translates the
LLM outputs into optimized beamforming weights. Moreover,
the backbone LLM is fine-tuned using low-rank adaptation for
efficient adaptation to predictive beamforming tasks. Extensive
simulations demonstrate that HG-LLM achieves performance
levels comparable to channel-based methods across diverse set-
tings, despite relying solely on HGI without requiring explicit
CSI.

Index Terms—Integrated sensing and communications, beam-
forming, satellite, bistatic sensing, large language models,
channel-agnostic.
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I. INTRODUCTION

INTEGRATED sensing and communications (ISAC) is
emerging as a key technology for next-generation wireless

networks, i.e., sixth-generation (6G) systems [1], [2], [3].
By enabling a single device and resource to accommodate
both communications and sensing, ISAC enhances spectrum
efficiency and reduces hardware costs, making it a promising
solution for next-generation networks [2], [4]. While most
existing research on ISAC focuses on terrestrial networks
[5], [6], [7], [8], [9], [10], [11], [12], their limited coverage
constrains its potential for wide-area services. In contrast,
satellites, which are expected to play a central role in 6G
networks [3], [13], [14], offer seamless global coverage and
support diverse applications [15], [16], [17]. Despite this,
satellite ISAC (S-ISAC) networks remain underexplored, even
though they hold significant potential for wide-area sensing
and communications services such as satellite internet of
things (IoT), disaster monitoring, and remote environmen-
tal sensing. In particular, S-ISAC distinguishes itself from
terrestrial ISAC by extending sensing and communications
capabilities to scenarios that are inaccessible to ground
infrastructure.

As a consequence of their vast coverage, satellite links
experience significant path loss and propagation delays due
to the large transmission distances [14], [15], [16]. For
S-ISAC systems, these challenges become more severe when
conventional ISAC architectures are adopted,1 as they rely on
the return of the transmitted signal as an echo for sensing
[5], [6], [7]. One potential solution is to adopt bistatic ISAC,
where the transmitter and receiver are not located at the same
physical location [8], [9], [10], [11]. In this configuration,
the transmitter is mounted on the satellite, while the receiver
is placed on the ground [18], [19], [20]. This setup allows
the sensing process to rely on the echo reaching the ground,
rather than requiring a reflected echo to return to the satellite,
which helps reduce the double path loss and delay specifically
associated with sensing. However, existing bistatic S-ISAC
studies typically consider a dedicated sensing receiver [19],
[20]. Since relying on a dedicated sensing receiver limits
scalability and sensing accuracy, we propose to extend the
architecture by leveraging multiple ground IoT devices (GIDs),

1Conventional ISAC architectures follow a so-called monostatic configura-
tion, where the transmitter and receiver are integrated into the same device,
known as a transceiver [9], [11].
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which already exist as communications receivers, to also serve
as sensing receivers. In this way, echoes are collectively
gathered from distributed GIDs in a crowdsourced manner,
leading to improved sensing performance without the need
for additional sensing equipment. Furthermore, research on
bistatic ISAC is still at an early stage, and many important
aspects, particularly those related to S-ISAC systems, remain
insufficiently explored [8], [9], [10], [11], [19], [20].

For instance, an essential yet underexplored aspect of
achieving an efficient and secure bistatic S-ISAC system is
the design of an effective transmit beamforming strategy
[7], [21], [22], [23]. Such a strategy is vital for directing
beamforming energy toward both designated communications
users and sensing targets. However, this challenge has not
been sufficiently addressed in the context of bistatic S-ISAC.
Moreover, most ISAC network design tasks, including transmit
beamforming, rely heavily on the availability of channel state
information (CSI) [21], which in satellite communications is
prone to significant delay and estimation errors due to the
large propagation distance [14], [15], [16]. In response, three
main alternatives have been explored in the literature: (i) using
statistical CSI [19], [22], [23], (ii) predicting CSI and using
the predicted values for network design [24], [25], and (iii)
employing predictive design strategies that eliminate the need
for explicit CSI estimation [5], [6], [26]. Nevertheless, these
approaches still involve a large number of input parameters,
which scale with the number of antennas and users, making
them impractical for large-antenna systems with many users,
such as S-ISAC systems. Drawing inspiration from recent
advances in large language models (LLMs) [27] and their
powerful feature extraction and generation abilities [28], [29],
and noting that autoregressive decoders can synthesize high-
quality CSI [30], we reduce dependence on CSI in S-ISAC
by training an LLM that takes historical geometric informa-
tion (HGI) as input and directly outputs future beamforming
matrices, avoiding channel prediction and feedback.

While LLMs are primarily known for their success in
language processing, they are now emerging as a transfor-
mative tool in wireless communications and ISAC networks
as well [30], [31]. Their potential has been demonstrated in
applications such as network optimization [32], [33], [34],
[35], [36], [37], beam prediction [38], traffic flow forecasting
[39], and channel prediction/feedback [40], [41]. To the best
of our knowledge, existing LLM-based optimization studies
in wireless communications have so far relied on text-based
prompting [42] or CSI inputs [40], both of which are less
practical since wireless network optimization is naturally
expressed in numerical form and CSI acquisition incurs sig-
nificant overhead. Furthermore, current text-based methods
primarily rely on closed [33], [34], [36] and open vocab-
ularies [32], [35], further constraining their flexibility and
scalability in optimization tasks. Additionally, some works
lack a clear framework for effectively integrating LLMs into
wireless systems [43]. Motivated by these gaps, we propose
an LLM-based design framework for S-ISAC that removes the
reliance on text-based inputs by using numerical inputs, similar
to traditional optimization techniques, which in our case is
HGI.

Motivated by the aforementioned gaps, this work proposes
an LLM-based predictive transmit beamforming framework
for bistatic S-ISAC systems. Unlike existing channel-based
methods [6], [19], [22], [23], [24], [25], [26], the proposed
framework leverages HGI of the S-ISAC network as input
to generate the transmit beamforming matrix for future time
slots. By removing any reliance on statistical, predicted, or
instantaneous CSI, our approach avoids channel estimation
overhead and reduces input dimensionality by depending
solely on HGI. This strategic shift not only streamlines the
beamforming process but also enhances scalability for large-
scale S-ISAC networks. The main contributions of this paper
are summarized as follows:

1) We propose a novel crowdsourced sensing system for
bistatic S-ISAC networks. Unlike conventional bistatic
S-ISAC topologies that employ a single dedicated
sensing receiver alongside separate communications
terminals [19], [20], our system utilizes existing commu-
nications terminals2 to collaboratively aggregate sensing
information. This distributed strategy improves spatial
coverage and overall sensing performance, eliminating
the need for dedicated sensing equipment.

2) We propose a channel-agnostic predictive beamforming
framework for efficient S-ISAC operations. In contrast
to conventional methods that rely on CSI, our approach
leverages HGI to design the transmit beamforming
matrix for future time slots.

3) To realize the predictive beamforming framework, we
propose a model termed Historical Geometric-based
LLM (HG-LLM). Unlike conventional LLM-based
methods that rely on text-based inputs, the proposed
HG-LLM directly processes HGI. This is achieved
through two proposed key modules, namely, the Histoge-
ometric Encoder, which transforms raw geometric data
into LLM-compatible embeddings, and the TokenBeam-
former, which maps the LLM outputs into optimized
beamforming matrices.

4) We validate the proposed HG-LLM through extensive
simulations across various scenarios, including different
communications weights, power budgets, noise lev-
els, and prediction horizons. The results show that
HG-LLM achieves performance comparable to channel-
based methods while consistently satisfying power
constraints, showcasing its robustness and efficiency
even without relying on channel information.

The remainder of this paper is organized as follows. Sec-
tion II introduces the system model for the considered bistatic
S-ISAC. In Section III, we propose a historical geometry-based
predictive beamforming framework along with its problem
formulation. Section IV presents HG-LLM as the realization of
the proposed framework. Finally, the conclusion of this paper
is presented in Section VI.

Notation: Unless otherwise specified, bold uppercase letters,
bold lowercase letters, and normal letters/symbols represent
matrices, vectors, and scalars, respectively. Constants c and j
denote the speed of light (c ≈ 3 × 108 meters per second)

2We will refer to these as the so-called S-ISAC ground terminals.
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Fig. 1. The considered crowdsourced sensing system operates over a bistatic
S-ISAC network, in which the satellite functions as a ISAC transmitter, while
the ground devices serve as ISAC receivers. The sensing information collected
by all GIDs is aggregated at a centralized server. A detailed illustration of the
antenna geometry is provided in Fig. 2.

and the imaginary unit, respectively. Notations Ra×b and
Ca×b represent real and complex number sets of size a-by-
b, respectively. CN (µ,Σ) denotes the circularly symmetric
complex Gaussian (CSCG) distribution with mean vector µ
and covariance matrix Σ. U(a, b) denotes the uniform distri-
bution between a and b. IN denotes N -by-N identity matrix.
Operators diag(·) and vec(·) form a diagonal matrix from
a vector and denote vectorization of a matrix, respectively.
Superscripts T , *, and H denote transpose, conjugate, and
Hermitian matrices/vectors operations, respectively. Opera-
tors × and ⊗ indicate scalar multiplication and the Kronecker
product, respectively. The Euclidean distance, Frobenius norm,
and absolute value are represented by ‖(·)‖, ‖(·)‖2F , and |(·)|,
respectively.

II. SYSTEM MODEL

We consider a bistatic S-ISAC network [19] within a
satellite-based IoT framework [26], [44], [45]. In this setting,
the satellite serves as a dual-functioning radar and commu-
nications (ISAC) transmitter, while the ground IoT devices
(GIDs) act as S-ISAC ground terminals. Both the satellite and
the receivers are equipped with uniform planar array (UPA)
antennas, comprising NT = Nx

T × N
y
T and NR = Nx

R × N
y
R

elements, respectively.3 The gain of each transmit and receive
antenna element is denoted by GT and GR, respectively.
Without loss of generality, we assume the same inter-element
spacing for both transmit and receive arrays, with uniform
separation along the x- and y-axes given by δx = 0.5λc
and δy = 0.5λc, where λc = c/fc is the carrier wavelength
corresponding to the carrier frequency fc. The overall system
configuration is illustrated in Fig. 1.

A. Temporal & Spatial Models

At the n-th time slot, n ∈ {0, 1, . . . , N − 1}, the satellite’s
position is given by the vector pS,n = [xS,n, yS,n, zS,n].
The satellite is connected to K ground IoT devices (GIDs),
each deployed at a fixed location. The position of the k-
th GID is denoted by pk = [xk, yk, zk], where k ∈ K =

3The assumed UPA-equipped GIDs correspond to advanced satellite IoT
terminals, where compact antenna arrays are increasingly considered neces-
sary [46].

Fig. 2. An illustration of the antenna geometry, where the satellite and GIDs
are equipped with UPA antennas aligned with the x− y plane. The satellite
antenna faces downward, and the GID antennas face upward.

{1, . . . ,K}. Additionally, we consider an aerial sensing tar-
get, e.g. uncrewed aerial vehicle (UAV), whose trajectory at
time slot n is represented by the position vector pA,n =
[xA,n, yA,n, zA,n].

Fig. 2 shows an illustration of the transmit and receive
antennas geometry. The transmit antenna forms directions
of departure (DoDs) toward the K GIDs and the sensing
target. For notational simplicity, we define the unified set
Q = K∪{A}, where ‘A’ represents the sensing (aerial) target
and P = {S,A}, where ‘S’ denotes the satellite. Therefore,
the elevation and azimuth DoD angles toward each q ∈ Q are
denoted by (θS,q,n, φS,q,n). On the other hand, each receive
antenna observes two directions of arrival (DoAs): one from
the satellite and one from the sensing target. Additionally, the
corresponding elevation and azimuth DoA angles at the k-th
GID from each p ∈ P are denoted by (θk,p,n, φk,p,n). In this
work, we assume that both transmit and receive antennas are
aligned with x-y plane.4

B. Channel Model

To simultaneously support both communications and sens-
ing functionalities, it is necessary to consider the correspond-
ing channels, which are the channel state information (CSI)
for communications and the target response matrix (TRM)5

for sensing.
Remark 1: It is important to note that the channel model

described in this section is utilized solely for simulation
purposes and offline training. During online inference, the
proposed HG-LLM framework operates in a channel-agnostic
manner, relying exclusively on HGI to generate the beamform-
ing matrix, without requiring instantaneous or historical CSI
and TRM.

1) Communications Model: At the n-th time slot, let the
communications channel between the satellite and the k-th
GID be represented by the matrix Hk,n ∈ CNR×NT . Fol-
lowing the approach in existing studies, the satellite channel
is modeled using Rician fading [22], [23], [26], [45]. Thus,

4Since the transmit and receive UPAs are parallel and share a common
reference along the z-axis, with the transmit UPA facing downward and the
receive UPA facing upward, the DoA is equal to the DoD due to geometric
symmetry. Hence,

(
θS,k,n, φS,k,n

)
=

(
θk,S,n, φk,S,n

)
.

5TRM essentially serves as the channel state representation for sensing,
analogous to how CSI is utilized for communications.
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the channel matrix between the satellite and the k-th can be
expanded as follows6

Hk,n = HLOS
k,n + HNLOS

k,n , (1)

where HLOS
k,n and HNLOS

k,n represent the line-of-sight (LOS)
and non-LOS (NLOS) components, respectively. Those can
be further expanded as follows [22], [26]

HLOS
k,n =

√
κR%k,n
κR + 1

bH (θk,S,n, φk,S,n) a (θS,k,n, φS,k,n) ,

(2)

HNLOS
k,n ∼ CN

(
0,

%k,n
κR + 1

INR ⊗ INT

)
, (3)

where κR denotes the Rician factor, %k,n =

Gtotal

(
c

4πfcdS,k,n

)2
represents the large-scale channel

gain, Gtotal = GTGRNTNR is the combined transmit and
receive antenna gain, and dS,k,n = ‖pS,n − pk,n‖ denotes the
distance between the satellite and the k-th GID. Additionally,
the functions a(·) and b(·) represent the transmit and
receive array response vectors, respectively. Please refer to
Appendix A for its definition.

Remark 2: The large values of dS,k,n in satellite networks
significantly reduce %k,n, which in turn has a substantial
impact on both (2) and (3). Therefore, designing an optimal
transmit beamforming matrices is essential to mitigate this
degradation and enhance the overall communications perfor-
mance [5], [6], [12].

2) Bistatic Sensing Model: The TRM at the k-th GID at
the n-th time slot can be defined as follows [11], [19]7

Gk,n = ξk,nbH (θk,A,n, φk,A,n) a (θS,A,n, φS,A,n) , (4)

where ξk,n denotes the reflection coefficient of the target
toward the k-th GID at time slot n, and can be expanded
as follows

|ξk,n|2 = Gtotal
c2σA cos(βk,n/2)

64π3d2S,A,nd
2
A,k,nf

2
c

. (5)

Here, σA cos(βk,n/2) represents the bistatic radar cross section
(RCS) of the target, where σA denotes its corresponding
monostatic RCS [19], [49] and βk,n denotes the bistatic angle
corresponding to the k-th GID.8 Additionally, dS,A,n and
dA,k,n denote the distances from the satellite to the target and
from the target to the k-th GID, respectively.

Remark 3: According to (5), the reflection coefficient in a
monostatic configuration is generally smaller, as the condition
dS,A,n , dA,k,n leads to greater overall propagation loss com-
pared to the bistatic case where dS,A,n � dA,k,n. Additionally,
despite the reduced path loss in bistatic configurations, the
large absolute distances involved still result in significant

6In practice, the channel between the satellite and each GID is affected by
propagation delays and Doppler shifts. However, in this work, we assume that
the GIDs are equipped with mechanisms to mitigate these effects [44], [47],
[48], ensuring that the channel remains quasi-static within its coherence time.

7While [19] considers only a single sensing receiver, our work generalizes
this to a multi-receiver setting, where all ISAC receivers also function as
sensing receivers.

8The bistatic angle corresponding to the k-th GID is defined as the angle
subtended at the target between the satellite and the k-th GID [19].

attenuation, thereby necessitating transmit beamforming to
enhance sensing performance.

C. ISAC Signal Model

Inspired by [18] and [19], we allocate K + 1 data streams
by exploiting the available spatial degrees of freedom, with
K assigned to communications and one dedicated to sensing.
Each stream corresponds to a physical transmit beam, with
K beams serving the GIDs and one beam steered for sens-
ing. At the n-th time slot, the symbol vector is defined as
sn = [s1,n, . . . , sK,n, sA,n]T ∈ C(K+1)×1, where the first K
elements correspond to communications with the GIDs, and
the last element is dedicated to sensing. The transmitted ISAC
signal from the satellite is represented as follows

xn = Fnsn ∈ CNT×1, (6)

where Fn = [f1,n, . . . , fK,n, fA,n] ∈ CNT×(K+1) is the
beamforming matrix to be optimized, and fu,n ∈ CNT×1

denotes the beamforming vector for each user u ∈ U . The
transmitted signal xn propagates through the communications
and sensing channels, as defined in (1) and (4), respectively.
Thus, at the k-th GID, the received signal yk,n ∈ CNR×1 is
expressed as the superposition of the communications signal,
sensing echoes, and additive noise as follows

yk,n = Hk,nxn + Gk,nxn + nk,n, (7)

where nk,n ∼ CN (0, σ2
kINR

) represents the additive CSCG
noise for the k-th GID.

To eliminate interference from undesired DoAs, we leverage
advanced spatial filtering techniques, e.g., minimum mean-
squared error (MMSE) [50]. Let wk,n ∈ CNR×1 be the
receive spatial filter applied to (7), designed according to the
row space of Hk,n. Since steering vectors at different angles
are asymptotically orthogonal [51], the subspaces of Hk,n

and Gk,n are nearly orthogonal. Consequently, wk,n satisfies
‖wH

k,nGk,n‖ ≈ 0, effectively eliminating sensing interference.
Therefore, the communications SINR of the k-th GID can be
expressed as follows

γk,n =
|wH

k,nHk,nfk,n|2∑
u∈Q
u 6=k
|wH

k,nHk,nfu,n|2 + σ2
k‖wk,n‖2

, (8)

where the sum term of denominator iterates for all Q except
k. Consequently, the achievable sum rate at the n-th time slot
can be formulated as follows

RC(Fn) =
∑
k∈K

EHk,n
{log2(1 + γk,n)} , (9)

where the expectation term EHk,n
{·} is taken over the distri-

bution of NLOS channel realizations.

D. Proposed Crowdsourced Bistatic Sensing

We propose a sensing framework that leverages the estima-
tion results from K distributed GIDs. Accordingly, the overall
sensing performance of the system is inherently determined
by the individual sensing performance of each GID. To char-
acterize the crowdsourced sensing capability, we aggregate
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the sensing performance of all GIDs, which can be expressed
through a crowdsourced sensing utility function as follows

US(Fn) , fS (UB (y1,n(Fn)) , . . . , UB (yK,n(Fn))) , (10)

where fS(·) denotes the crowdsourced aggregation function,
and UB

(
yk,n(Fn)

)
represents the individual bistatic sensing

utility of the k-th GID at time slot n. Following the conven-
tional bistatic S-ISAC approach [18], [19], [20], successive
interference cancellation is applied to yk,n after communica-
tions decoding, and the resulting residual is denoted as the
residual sensing echo zk,n at the k-th GID.

Remark 4: The expression in (10) provides a general frame-
work, where the individual bistatic sensing utility can be any
sensing utility function defined based on any suitable sensing
performance metric, i.e., the sensing rate [12], [26], Cramér-
Rao Bound (CRB) [5], [6], estimation error [8], [11], or other
metrics depending on the specific application requirements. In
addition, the specific form of the crowdsourced aggregation
function can be chosen according to the system objective, such
as using a sum to maximize overall sensing rate, a minimum
operator to ensure fairness, or a weighted sum to prioritize
selected devices or regions.

In this work, as a realization of the sensing utility, we adopt
the sensing rate to represent the limit of sensing information
acquisition [12], [26]. Firstly, the sensing rate at the k-th GID
can be obtained by estimating the mutual information (MI)
between the residual sensing echo zk,n and Gk,n given xn.
According to the information theory, MI can be defined as
follows

I(zk,n; Gk,n|xn) = h(zk,n|xn)− h(zk,n|Gk,n,xn), (11)

where h(·) indicates the differential entropy. As derived in
Appendix B, given h(zk,n|xn) and h(zk,n|Gk,n,xn), MI can
be written as follows

I(zk,n; Gk,n|xn) (12)

= log2 det

(
INR

+
(xTn ⊗ INR

)Σgk,n
(xTn ⊗ INR

)H

σ2
k

)
.

Here, Σgk,n
= E

[
gk,ngHk,n

]
denotes the covariance of the

vectorized TRM gk,n = vec(Gk,n) ∼ CN (µGk,n
,ΣGk,n

),
where µGk,n

and ΣGk,n
are the mean vector and covariance

matrix of Gk,n, respectively. Finally, the overall sensing rate
can be expressed as follows9

RS(Fn) =
∑
k∈K

EGk,n
{I(zk,n; Gk,n|xn)} , (13)

where the expectation term EGk,n
{·} corresponds to the

ergodic average over Gk,n. Accordingly, the sensing rate
serves as a realization of the crowdsourced sensing utility
function US(Fn), and the summation itself is a realization
of the underlying crowdsourced aggregation function fS(·).

9The summation term emphasizes the significance of crowdsourced sensing,
as increasing the number of K directly contributes to enhanced performance.

III. HISTORICAL GEOMETRIC-BASED PREDICTIVE
BEAMFORMING FOR BISTATIC S-ISAC AND

PROBLEM FORMULATION

Thus far, both the communications performance in (9)
and the sensing performance in (13) are functions of the
transmit beamforming matrix Fn. This naturally motivates the
design of an optimal beamformer F̂n to maximize the overall
network utility. However, achieving this objective requires
access to the CSI Hn , [H1,n, . . . ,HK,n] ∈ CK×NR×NT

and the TRM Gn , [G1,n, . . . ,GK,n] ∈ CK×NR×NT [22],
[26],10 whose estimation incurs significant overhead. Recent
predictive design approaches [5], [6], [26] attempt to eliminate
real-time estimation by using historical CSI and TRM data
as input. However, these methods still rely on the prior
acquisition of full CSI and TRM datasets, resulting in a
large number of required input parameters. In contrast, our
proposed framework significantly reduces the input complexity
by relying solely on HGI. As shown in (1) and (4), both CSI
and TRM are functions of the underlying geometry (through
distance-dependent channel gain and DoDs/DoAs). Therefore,
it is physically reasonable to design a predictive beamforming
framework that eliminates the need for explicit CSI or TRM
inputs and instead operates directly on HGI, which represents
the trajectories of the satellite, GIDs, and sensing target
over time.11 Predictive strategy mitigates the effect of long
propagation delay [26], and in our proposed framework this
is realized through predictive beamforming with HGI, which
further saves time by eliminating the need for CSI and TRM
acquisition.

To model the proposed framework, we define gω(·) as
a mapping function parameterized by ω that predicts the
transmit beamforming matrix from the HGI inputs. Specif-
ically, the optimal beamforming matrix F̂n for time slot n
is predicted based on the HGI of the satellite, Ωτ

n−1 ,[
pTS,n−1, . . . ,p

T
S,n−τ

]
∈ R3×τ , and the sensing target,

Φτ
n−1 ,

[
pTA,n−1, . . . ,p

T
A,n−τ

]
∈ R3×τ , together with the

current geometric data of the K GIDs, PG ,
[
pT1 , . . . ,p

T
K

]
∈

R3×K . Here, τ denotes the number of consecutive historical
time slots. Accordingly, the prediction process is expressed as

F̂n = gω(Ωτ
n−1,Φ

τ
n−1,PG). (14)

For notational brevity, the input parameters are grouped into
a single matrix ∆n−1 , [Ωτ

n−1,Φ
τ
n−1,PG] ∈ R3×(2τ+K),

which is then used as prior information in the subsequent
problem formulation.12

10As shown in our system model through (7), optimizing Fn inherently
depends on the availability of Hn and Gn. Consequently, conventional
methods require their explicit estimation.

11In this work, we assume that the GIDs remain stationary due to their fixed
deployment on the ground. As a result, only the satellite and the sensing target
are considered to have trajectories. However, this assumption can be extended
to accommodate moving GIDs by appropriately adjusting the input layer of
the proposed framework. Please refer to Section IV-A.1.

12Since the optimization is performed on the satellite, its historical position
is inherently known. The locations of the GIDs are fixed and are already
known to the satellite. Therefore, the only uncertainty lies in the historical
positions of the sensing targets. For simplicity, we assume this information
is acquired onboard the satellite during an initial monostatic detection phase
[5], [6], [26].
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Fig. 3. Proposed HG-LLM predictive beamforming framework, which leverages a length-τ sequence of HGI (the coordinates of the satellite, target, and
GIDs) to generate the future optimized beamforming matrix. The detailed architectures of the Histogeometric Encoder and TokenBeamformer are illustrated
in Figs. 4 and 5, respectively.

Remark 5: The output of (14) can be extended to predict
multiple optimal beamforming matrices for future time slots,
represented as [F̂n, . . . , F̂n+ν−1], where ν denotes the number
of future time slots. However, increasing the prediction horizon
may introduce drift over time, necessitating a robust optimiza-
tion procedure to maintain performance [26]. Furthermore, the
formulation in (14) is inherently flexible, allowing adaptation
to generate other decision variables, i.e., transmit waveform,
power allocation, or other decision variables.

Remark 6: By considering a τ -length historical input,
the proposed HGI-based predictive beamforming framework
requires only 3(2τ + K) real-valued parameters. In contrast,
channel-based schemes require 4τKNTNR parameters to rep-
resent both the real and imaginary components of CSI and
TRM histories. This leads to a substantial reduction in input
dimensionality, which becomes particularly advantageous for
large antenna arrays. Please refer to Section V-F for a detailed
comparison of input dimensionality.

The problem is formulated as follows, the main objective
of this work is to design a transmit beamformer Fn for ISAC
over a bistatic S-ISAC network by maximizing the network
utility function given the HGI. In general, for the n-th time
slot, the problem can be formulated as follows

max
Fn

EHn,Gn|∆n−1

{
U (UC(Fn,Hn), US(Fn,Gn))

}
, (15)

s.t. ‖Fn‖2F ≤ Pmax, (15a)

where U(·) and UC(·) are the network and communications
utilities, respectively. The expectation term EHn,Gn|∆n−1

{·}
corresponds to the ergodic average over Hn and Gn, given the
HGI ∆n−1. As for the constraint, Pmax denotes the maximum
transmit power budget.

Adopted from [26], we define the network utility function
as a weighted sum of the normalized communications and
sensing rates, expressed as follows

U(Fn) ,
ρCRC(Fn)

µC,n
+

(1− ρC)RS(Fn)

µS,n
, (16)

where ρC denotes the communications priority, interpreted as
the trade-off coefficient between the communications and sens-
ing objectives. Additionally, µC,n and µS,n represent the upper
bounds for communications and sensing rates, respectively, as
derived in Appendix C. Unless otherwise specified, we set
ρC = 0.5 as a default value to indicate equal importance to
both objectives.

IV. HG-LLM: HISTORICAL GEOMETRIC-BASED LLM

To this end, it is obvious that obtaining a closed-form
solution for (14) by solving the optimization problem in
(15) is highly challenging, particularly given the limited
availability of prior information. To address this, we propose
HG-LLM that leverages the inherent generalization and gen-
erative capabilities of LLMs as a solution to accommodate
the parameterization of function gω(·). Although LLMs are
computationally intensive, their deployment on satellites is fea-
sible through methods such as model compression, knowledge
distillation, quantization, and modular architectures, which
reduce resource requirements while maintaining performance
[52]. Moreover, since LLM inference has already been demon-
strated on constrained terrestrial edge devices [39], [53], it
is reasonable to expect that satellites can also support such
tasks. Generally, the proposed LLM-driven predictive transmit
beamforming framework is illustrated in Fig. 3.
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Fig. 4. Architecture of the proposed Histogeometric Encoder that bridges raw
geometric inputs to LLM processing without the need for text-based prompts.

A. Proposed Model

Since LLMs are primarily designed for language tasks
[27], applying them directly to domain-specific problems
such as predictive beamforming is not straightforward [43].
Additionally, fine-tuning an entire LLM is prohibitively
resource-intensive due to its massive parameter space. To
overcome these challenges, our framework introduces trainable
modules: the Histogeometric Encoder and the TokenBeam-
former. To adapt the LLM to our S-ISAC domain-specific
task, we adopt low-rank adaptation (LoRA) [54], which intro-
duces trainable low-rank matrices into the projection layers.
This enables efficient fine-tuning with minimal parameter
updates, while leaving the original model weights unchanged.
In this design, the Histogeometric Encoder transforms raw
geometric inputs into LLM-compatible embeddings, while
the TokenBeamformer maps the LLM’s output into the
final beamforming matrix. This structured approach enables
domain-specific adaptation without full-scale LLM retraining,
ensuring both efficiency and scalability. The proposed frame-
work is structured as follows:

1) Input: The input to the framework consists of Ωτ
n−1,

Φτ
n−1, and PG. These inputs represent the HGI that is used to

predict the optimal beamforming matrices for future time slots.
Let us recall that ∆n−1, as defined in the problem formulation,
serves as the input to the framework.

2) Encoding Layer: To enable LLM-driven predictive
beamforming, we propose the Histogeometric Encoder, which
bridges the gap between raw geometric inputs and LLM
processing. Fig. 4 illustrates the architecture of the proposed
encoder. Unlike conventional LLM-based methods that require
text-based prompts, the Histogeometric Encoder directly maps
HGI into structured embeddings, enabling the LLM to reason
over spatial-temporal data without prompt conditioning. In
addition, in contrast to prior works such as [40], our proposed
Histogeometric Encoder directly processes HGI rather than
historical CSI, thereby removing the dependence on CSI.

To effectively capture the spatial features from the HGI
∆n−1, we first employ multiple parallel convolutional neural
networks (CNNs), where at each time slot the concatenated
3D positions of the satellite, the sensing target, and all K
GIDs are processed as a structured feature map. This parallel
processing enables the framework to learn higher-level spatial

representations for each time step, capturing relative distances
and angular relationships efficiently. The t-th CNN operation
can be expressed as follows

Ξt = σ
{

CNNt

([
pTS,n−t,p

T
A,n−t,P

T
G

])}
∈ R(K+2)×C ,

(17)
where C denotes the number of CNN’s output channels, t ∈
{1, . . . , τ} denotes the historical time step index, and σ(·)
denote the ReLU activation function. Subsequently, the outputs
of the parallel CNNs are concatenated as follows

Ξ = [Ξ1, . . . ,Ξτ ] ∈ Rτ×(K+2)×C . (18)

After concatenation, the per-slot features are passed to a
long short-term memory (LSTM) module, which fuses the τ -
step history into a compact temporal state to model temporal
dependencies, as follows

Π = LSTM(Ξ) ∈ R(2τ+K)×d. (19)

Here, the final hidden state of the LSTM serves as the latent
representation, denoted as πn = Π[−1] ∈ Rd, where d
represents the hidden dimension size of the LSTM. This
temporal modeling stabilizes the input state delivered to the
LLM by smoothing variability across the τ -step history and
encoding trajectory trend, which improves LLM processing
efficiency.

3) Backbone Layer: In this work, we aim to demon-
strate the potential of LLMs for optimization in predictive
beamforming. To adapt an LLM to the S-ISAC domain, fine-
tuning is required, but direct fine-tuning of large models is
computationally expensive and memory-intensive. To over-
come this limitation, we adopt LoRA [54], which introduces
trainable low-rank matrices into the projection layers and
enables efficient parameter updates while preserving the pre-
trained backbone. Unlike conventional LLM-based methods
that rely on text prompts, our framework maps structured latent
embeddings from the Histogeometric Encoder directly into the
LLM’s latent space, allowing predictive reasoning over spatial-
temporal data without prompt-based conditioning.

Firstly, the projected latent representation from the encoder
can be expressed as follows

ζn = Ppπn ∈ Rηt , (20)

where Pp ∈ Rηt×d is a learned projection matrix, with ηt
representing the model’s hidden size of LLM. Then, the LLM
processes the projected embedding to generate a contextu-
alized latent representation that carries spatial and temporal
reasoning as follows

ξn = LLM (ζn; {M′}) ∈ Rηt , (21)

where {M′} denotes the LoRA-adapted internal projection
matrices. For each adapted LLM projection M ∈ Rηt×ηt , we
apply LoRA update as follows [54]

M′ = M + BrAr, (22)

where Ar ∈ Rr×ηt and Br ∈ Rηt×r are the trainable low-
rank adapter matrices, r denotes the adapter rank, and the base
weight M remains frozen. We apply this update to the linear
projections in the self-attention sublayers and set r = 4 by

Authorized licensed use limited to: Southeast University. Downloaded on July 19,2026 at 07:25:09 UTC from IEEE Xplore.  Restrictions apply. 



LUKITO et al.: CHANNEL-AGNOSTIC PREDICTIVE BEAMFORMING FOR CROWDSOURCED BISTATIC S-ISAC 2355

Fig. 5. Architecture of the proposed TokenBeamformer module that translates
LLM outputs to the transmit beamforming matrix.

default. Since the pipeline bypasses the tokenizer and vocab-
ulary, therefore no text-based inputs are used. The resulting
representations are then processed to generate the optimized
beamforming matrix, completing the predictive design loop
efficiently.

Remark 7: The backbone of our framework can in principle
utilize any suitable LLM or sequence model. Inspired by
prior work [37], [40] and considering resource constraints
and the relative simplicity of the predictive beamforming
task, we deliberately select GPT-213 [55]. This lightweight
model demonstrates that even a compact LLM can effectively
realize the proposed HGI-based channel-agnostic predictive
beamforming framework while maintaining computational
efficiency.

4) Decoding Layer: To translate the latent representations
generated by the LLM into actionable beamforming matrices,
we propose the TokenBeamformer module. Fig. 5 illustrates
the general architecture of the proposed module. This module
is specifically designed to interpret the LLM’s output and
translate it into the structured format required for predictive
beamforming. It consists of fully connected (FC) layers that
map the latent space embeddings into real and imaginary com-
ponents, resulting in a complex-valued beamforming matrix
optimized for ISAC tasks. The output of LLM, ξn is fed into
the TokenBeamformer to generate the beamforming matrix as
follows

Γn = Ψ2σ(Ψ1ξn + β1) + β2 ∈ R2NT(K+1), (23)

where Ψ1 and Ψ2 are learned weight matrices, and β1 and
β2 are biases. Then, the vector Γn in (23) is reshaped and
split into {ΓRe

n ,ΓIm
n } = reshape(Γn), where ΓRe

n ,ΓIm
n ∈

RNT×(K+1). Therefore, the final beamforming matrix is con-
structed as follows

Fn = ΓRe
n + jΓIm

n ∈ CNT×(K+1). (24)

Moreover, to guarantee compliance with the transmit power
budget Pmax, a penalty term is incorporated during training,
as explained in the next subsection. This design effectively
bridges the gap between LLM-based reasoning and practical
signal processing, enabling end-to-end generation of beam-
forming solutions directly from spatial-temporal information.

Remark 8: The decoding layer in our framework is designed
with a modular structure, which means it can be replaced or
extended with alternative modules to support different output

13As a demonstration, we use DistilGPT-2, a distilled variant of GPT-2 with
6 layers and approximately 82M parameters.

representations. This flexibility allows the proposed framework
to adapt to a variety of problem settings, rather than being
restricted to a single task. In this paper, we demonstrate this
capability in the context of predictive beamforming using the
TokenBeamformer module.

5) Output: The output of the TokenBeamformer, a
complex-valued beamforming matrix, is sent directly to the
physical beamformer for real-time adjustment according to (6).
This process optimally configures the satellite’s transmission
for both communications and sensing objectives, completing
the predictive design pipeline.

B. Offline Training and Online Inference

To overcome the intractability of finding a closed-form
solution to problem (15), we employ a data-driven method to
asymptotically approximate the statistical expectation in the
objective function. This requires performing offline training
on the proposed framework. We begin by reformulating the
constrained problem into an unconstrained form, followed by
defining the offline training loss function. This process is
essential for training the proposed encoder and decoder, as
well as guiding the LoRA adaptation to achieve the desired
optimization objectives. The main steps are outlined as fol-
lows:

1) Constraint Handling: To address the constraint, we
employ the penalty method, which transforms the constrained
problem into an equivalent unconstrained formulation by
adding a penalty term to the objective [56]. This enables our
LLM-based model and its LoRA adapters to jointly optimize
performance and constraint adherence using standard gradient-
based training. Thus, problem (15) can be reformulated as
follows

max
Fn

EHn,Gn|∆n−1
{U (UC(Fn,Hn), US(Fn,Gn))}

− ψ
[
max

(
0, ‖Fn‖2F − Pmax

)]2
, (25)

where ψ denotes the penalty constant applied when the
power constrained is violated.14 Even though the problem is
now unconstrained, obtaining a closed-form solution remains
intractable.

2) Data-Driven Approximation: To overcome the
intractability of finding a closed-form solution to (25), we
employ a data-driven approach to asymptotically approximate
the statistical expectation in the objective function. Leveraging
the powerful generative capabilities of LLM, our framework
learns to approximate the solution to unconstrained problem
effectively. Let E{f(Fn)} denote transformed objective
function of (25). The approximation can be written as follows

E{f(Fn)} ≈ 1

Ns

Ns∑
i=1

f
(
F(i)
n

)
=

1

Ns

Ns∑
i=1

f
(
gω

(
Ω
τ(i)
n−1,Φ

τ(i)
n−1,P

(i)
G

))
, (26)

14Determining the appropriate value of ψ requires fine-tuning, and it can
be either fixed or adaptive [56]. Empirically, larger constant yielded the same
constraint satisfaction, affecting only the loss scale [5]. In this work, we
choose a fixed value of ψ = 1 for simplicity of implementation.
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TABLE I
DEFAULT SIMULATION PARAMETERS

where Ns represents the number of training samples [5],
[6], [26]. Here, superscript (i) denotes the data sample
index, where i ∈ {1, . . . , Ns}. According to the universal
approximation theorem, this approximation converges to the
true expectation as the number of training samples becomes
sufficiently large [57].

3) Loss Function: To convert the expected value approx-
imation into a training loss function, we reformulate the
original objective into its negative form as follows

L(ω) = − 1

Ns

Ns∑
i=1

f
(
gω

(
Ω
τ(i)
n−1,Φ

τ(i)
n−1,P

(i)
G

))
, (27)

where the negative sign is introduced to convert the origi-
nal maximization objective into its equivalent minimization
form, aligning it with standard deep learning optimization
techniques. The Histogeometric Encoder, TokenBeamformer,
and the fine-tuning of the LLM via LoRA are jointly optimized
using this loss function during the offline training process.
It is worth noting that S-ISAC propagation characteristics,
such as large attenuation, are inherently accounted for in this
process since the loss function is defined based on (25), which
directly depends on the underlying signal propagation models
in Section II.

4) Online Inference: The final solution is obtained by
optimizing ω to minimize the loss function through offline
training. Once HG-LLM is well-trained, signifying that the
loss function in (27) is minimized, the optimized beamforming
matrix can be directly obtained by inferring the HGI into the
model as follows

F̂n = gω̂(Ωτ
n−1,Φ

τ
n−1,PG) (28)

where ω̂ = arg minω L(ω) is the well-trained HG-LLM’s
parameters, without additional offline training required.

V. NUMERICAL RESULTS AND DISCUSSIONS

In this section, we present several simulations to evaluate
the performance of the proposed framework. Unless stated
otherwise, the default parameters used for the simulations are
listed in Table I. The geometric descriptions for each device
in the system model are outlined as follows:

• Satellite: For each sample realization, the satellite’s initial
position is uniformly distributed as xS,n−τ ∼ U(−1, 1)
km and yS,n−τ ∼ U(0, 1) km, while its altitude remains
fixed15 at zS,n = 500 km, ∀n. The satellite follows a
linear trajectory along the x-axis at a constant speed of
vS = 7.8 km/s, maintaining its initial y and z coordinates.
The trajectory can be modeled as follows

xS,n+1 = xS,n + ∆nvS. (29)

• Sensing target: The initial position of the sensing target
is randomized for each sample realization, modeled as
xA,n−τ ∼ U(−1, 1) km and yA,n−τ ∼ U(0, 1) km, with
a fixed altitude of zA,n = 500 m, ∀n. By adopting a linear
trajectory [26], we set the sensing target moves along the
negative y-axis at a constant speed of vA = 10 m/s. The
trajectory can be formulated as follows

xA,n+1 = xA,n + ∆nvA. (30)

• GIDs: During each data sample realization, the GIDs
are uniformly distributed across the coverage area with
coordinates sampled as xk ∼ U(−1, 1) km, yk ∼ U(0, 1)
km, and fixed at ground level with zk = 0, ∀k ∈ K.

For offline training,16 we utilize a dataset of 2000 samples,
each containing 10 time slots, with a training-validation split
factor of 0.5. The optimization of ω is performed using
the AdamW optimizer [59] with an initial learning rate of
5×10−4, adaptively adjusted through the ReduceLROnPlateau
method with a reduction factor of 0.5 and a patience value of
10. Both offline training and online inference are executed on
an AMD EPYC 7313 CPU and an NVIDIA GeForce RTX
3090 GPU.

To benchmark the performance of the proposed HG-LLM
framework, we consider several comparison baselines that
can be adapted to our problem setting. However, due to
the lack of existing schemes that leverage HGI for predic-
tive beamforming, we adopt several historical channel-based
techniques as comparison benchmarks. Importantly, LLM-
based optimization methods in the literature predominantly
rely on text-based prompting (i.e. closed [33], [34], [36] and
open vocabularies [32], [35]), which are not aligned with our
approach that utilizes numerical geometric data instead of text-
based prompts. To address this, we introduce CSI-HG-LLM as
a variant of HG-LLM, specifically adapted to process historical
CSI instead of HGI, bypassing the need for prompts while
still leveraging LLM-based optimization. The details of these
comparison schemes are outlined as follows:
• CSI-HG-LLM: A variant of the proposed HG-LLM that

replaces HGI with historical CSI. The Histogeometric
Encoder is substituted with a Historical CSI Encoder,
while the rest of the architecture remains unchanged.17

15Since the satellite’s movement is relatively small over the considered
number of time slots, and the duration of each time slot is short, the effect
of Earth’s curvature can be neglected.

16All data generation and model training are implemented with PyTorch
[58]. The generated datasets strictly follow the system model in Section II,
ensuring compliance with physical propagation laws.

17This method considers an ideal scenario with complete access to all
historical channel information, representing full channel state awareness for
performance evaluation.
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Fig. 6. Testing performance across various comparison schemes, evaluated in
terms of communications rates for communications-focused mode (ρC = 1)
and sensing rates for sensing-focused mode (ρC = 0).

• PONet [26]: This method leverages historical CSI for
predictive beamforming using a combination of CNN and
Transformer encoder. Spatial features are extracted via
individual CNNs, concatenated, and fed into the Trans-
former encoder. The final generation layer is modified to
produce the beamforming matrix.

• EPDNet [6]: This scheme leverages historical CSI for pre-
dictive beamforming. It utilizes parallel CNNs to capture
spatial features across multiple time slots, followed by an
LSTM to extract temporal dependencies. The combined
features are then decoded to generate the beamforming
matrix.

• Random: This baseline generates random beamforming
matrices and normalizes them to satisfy the power budget,
ensuring the power output is always maintained at Pmax.

A. Testing Performance

To begin with, we evaluate the testing performance in terms
of communications and sensing rates under their respective
extreme conditions: communications-focused (ρC = 1) and
sensing-focused (ρC = 0), as illustrated in Fig. 6. Notably,
our proposed HG-LLM achieves performance comparable
to other channel-based methods, despite relying solely on
HGI, which inherently contains less channel-specific detail.
This competitive performance is enabled by leveraging the
powerful generative capabilities of the LLM, allowing it to
infer effective beamforming solutions from geometric data
alone. Furthermore, it is evident that CSI-HG-LLM, which
directly feeds historical CSI into the HG-LLM architecture,
consistently outperforms all other methods across both com-
munications and sensing rates. This is expected, as access
to full channel information provides an upper performance
bound, demonstrating the advantage of CSI availability in
achieving optimal beamforming. Nevertheless, the fact that
HG-LLM, using only geometric data, performs closely to
other channel-based methods highlights the effectiveness of
the proposed framework.

Fig. 7. Testing performance of the proposed HG-LLM, evaluated in terms
of communications and sensing rates across different communications weight
settings.

Fig. 8. Communications and sensing rates across different communications
weight settings for various comparison schemes.

To evaluate the testing performance of HG-LLM across
various communications weight settings, we show Fig. 7. The
communications and sensing rates show consistent conver-
gence as the number of epochs increases, demonstrating the
stability of the proposed framework in the S-ISAC system.
However, when the communications weight ρC reaches 0.5
or higher, the sensing performance notably decreases. While
this drop may appear minor at first glance, a closer look
reveals a gradual decline, indicating that the model prioritizes
communications as ρC increases. The sharp change between
ρC = 0.25 and ρC = 0.5 suggests a critical trade-off point,
emphasizing the need for careful adjustment to maintain a
balance. A more detailed trade-off analysis will be presented
in the following discussion.

B. Communications and Sensing Trade-off

Fig. 8 illustrates the communications rate and sensing rate
across varying communications weight settings. We train a
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Fig. 9. Beamforming transmission power during the testing phase, evaluated
over different number of training epochs and across various comparison
schemes.

separate model at each ρC and plot the resulting trade-off
curve. The results demonstrate that the proposed HG-LLM
achieves comparable performance with other channel-based
methods, despite relying solely on HGI. Furthermore, we
include HGI-adapted versions of PONet [26] and EPDNet [6],
namely HG-PONet and HG-EPDNet, to assess performance
under HGI. As expected, these baselines underperform HG-
LLM, since HGI carries less information than historical CSI
and conventional models cannot fully exploit HGI. This high-
lights the benefit of HG-LLM’s generative modeling within
our framework.

For all methods, as ρC increases, the communications rate
improves consistently, while the sensing rate correspondingly
diminishes, reflecting the inherent trade-off in S-ISAC sys-
tems. Interestingly, the balance point between communications
and sensing does not occur exactly at ρC = 0.5, but instead
around the range of 0.25 to 0.5. This shift arises because
the upper bound for the sensing rate is looser than that of
the communications rate, causing the optimization to favor
communications even when ρC is relatively modest. Ideally, an
equal trade-off would be expected at ρC = 0.5, but the nature
of the upper bounds skews this balance point. This highlights
the need for proper adjustment of ρC to achieve a more
equitable distribution of resources between communications
and sensing tasks in our S-ISAC systems.

C. Power Constraint Satisfaction and Noise Impact

Since addressing power constraints is crucial, it is important
to evaluate the actual power consumption of the beamforming
matrix. Fig. 9 presents the beamforming transmission power
during the testing phase across different training epochs.
The results demonstrate that both the proposed HG-LLM
and its variant, CSI-HG-LLM, consistently satisfy the power
constraint (Pmax = 10 W) throughout the testing process.
Notably, if the number of training epochs are greater than
11, they also exhibit greater power efficiency compared to
EPDNet. This occurs because the TokenBeamformer combines
a bounded nonlinearity in (23) with the power penalty in
(25), which encourages solutions that meet the objective while
staying below the budget. EPDNet, which uses an unbounded
linear projection without an explicit power-aware mapping,

Fig. 10. Actual beamforming transmission power across various comparison
schemes under different communications weights. The dashed line represents
the power budget of Pmax = 10 W.

also satisfies the constraint but tends to operate closer to Pmax.
In contrast, PONet consistently exceeds the power budget,
which is expected since it was originally designed with nor-
malization instead of a penalty method for constraint handling.
When the normalization layer is removed, PONet shows power
budget violations. Although keeping the layer would satisfy
the constraint by construction [26], but it would not be a fair
comparison. By contrast, the proposed HG-LLM enforces the
power limit through the penalty term and does not rely on
normalization, which makes it more versatile across scenarios.
This highlights the effectiveness of our proposed HG-LLM in
addressing power constraints, regardless of whether it relies
on HGI or historical CSI.

To further analyze the robustness of the beamforming
matrix’s actual power consumption across different settings,
we present Fig. 10, which illustrates the beamforming power
under various communications weight scenarios. It is evident
that HG-LLM, both in its historical geometric-based and his-
torical channel-based variants, consistently satisfies the power
budget. This is enabled by the generalization capabilities
of the LLM, allowing it to adapt across different scenarios
effectively. Moreover, the observed consistency stems from
the constraint-aware TokenBeamformer, which maintains the
realized power within the budget across different weight
settings. In contrast, PONet persistently violates the power
budget, while EPDNet occasionally exceeds it. These obser-
vations highlight the robustness of our proposed framework
in adhering to power constraints under any communications
weight setting, distinguishing it from other baseline methods.

Fig. 11 illustrates the impact of noise power on commu-
nications rates in communications-focused mode and sensing
rates in sensing-focused mode across various power budgets.
At low noise levels (−110 dBm to −80 dBm), all power
budgets achieve near-optimal rates, indicating that noise is
not yet a limiting factor. As noise power increases beyond
−80 dBm, higher power budgets sustain performance longer,
while lower budgets experience rapid degradation. For exam-
ple, the 50 dBm budget maintains stable rates until −60 dBm,
whereas the 10 dBm budget drops off significantly earlier.
Beyond −60 dBm, all power settings converge to near-
zero rates, signifying that noise dominance overwhelms any
power advantage. These results confirm that while higher
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Fig. 11. Effect of noise power on communications rates in communications-
focused mode and sensing rates in sensing-focused mode, evaluated across
different maximum available power budgets.

Fig. 12. Communications rates in communications-focused mode and sensing
rates in sensing-focused mode versus the number of future time slots,
evaluated across various comparison schemes.

power budgets can extend operational range under moderate
noise, there is a critical threshold where noise suppression
is essential. Notably, HG-LLM maintains robust performance
across varying noise levels, demonstrating effective power
management and resilience, even with HGI, outperforming
other baselines that struggle with power constraints.

D. Prediction Horizon

Fig. 12 shows communications rates under communications-
focused mode and sensing rates under sensing-focused mode
as the prediction horizon increases. In both cases, all meth-
ods exhibit performance degradation over longer horizons,
reflecting the prediction drift described in Remark 5. Notably,
HG-LLM closely tracks its channel-based counterpart, CSI-
HG-LLM, and consistently outperforms PONet at each future
time slot, while significantly surpassing EPDNet and the Ran-
dom baseline. Furthermore, HG-LLM degrades more slowly

Fig. 13. Communications rates in communications-focused mode and sensing
rates in sensing-focused mode versus the number of future time slots,
evaluated across various encoder types.

Fig. 14. Effect of LoRA rank on HG-LLM performance during training and
testing in the default simulation. Rank 0 disables LoRA and keeps the LLM
frozen.

with horizon because the Histogeometric Encoder couples per-
step spatial feature extraction via parallel CNNs with temporal
modeling implemented with an LSTM. The resulting denoised
temporal latent stabilizes the predictor’s input and limits error
growth over long horizons. This demonstrates HG-LLM’s
robust predictive capability and its ability to approximate full-
CSI performance even as prediction uncertainty grows. To
prevent excessive performance decay over very long horizons,
it is advisable to periodically refresh the historical input by
reacquiring the true geometric positions after a predefined
number of predicted steps. This approach helps reset the
encoder’s context and mitigates drift.

E. Encoder, LoRA, and Backbone Effects

Fig. 13 shows communications and sensing rates for
HG-LLM under three encoders in communications- and
sensing-focused modes. We compare the proposed Histoge-
ometric encoder, a Transformer encoder, and a CNN encoder.
The Histogeometric encoder gives the best results because it
combines spatial structure with temporal history, as described
in Section IV-A.2. The Transformer variant achieves lower per-
formance because it lacks an explicit spatial inductive bias for
the antenna layout. The CNN variant performs worst because
its encoder does not model temporal dependence and treats
each time step in isolation. Despite this ranking, the decay with
longer prediction horizons is similar across encoders, since the
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Fig. 15. Layer-wise self-attention maps for the token sequence (H1−H5, G1−G3). For clarity, H denotes history tokens and G denotes geometry tokens.
Rows show r = 0 (top), r = 4 (middle), and the signed difference (bottom), while columns show Transformer layers 0 to 5.

shared LLM backbone still models sequence dynamics and
governs the horizon behavior.

Regarding fine-tuning of the backbone LLM, we evaluate
the effect of LoRA rank on training and testing performance.
Fig. 14 shows HG-LLM performance as we vary the LoRA
rank r from 0 to 32. Rank 0 disables LoRA and keeps the
LLM frozen. Higher ranks reduce training and test losses,
suggesting higher task utility for the crowdsourced bistatic
S-ISAC system. The gains taper beyond small ranks, with
diminishing returns at larger r. Without LoRA, performance
is notably worse across metrics. The pretrained backbone was
not trained for our scenario, so a frozen model cannot adapt.
LoRA adds small adapters that let the backbone adjust to our
data. Even low ranks capture the main shift, so performance
improves quickly. Balancing accuracy and parameter count,
we adopt r = 4 as the default. It achieves losses comparable
to larger ranks while training fewer parameters.

To further evaluate the impact of LoRA on LLM fine-
tuning, we plot layer-wise self-attention in Fig. 15 for the
token sequence. We show the attention map for r = 0 (frozen
LLM), r = 4 (our default setting), and the signed difference.
For each layer, we display only the head with the largest
change to avoid clutter, since averaging across heads and the
short as well as causal sequence can hide shifts. The maps
reveal small but consistent increases in attention to geometry
tokens in mid and late layers after fine-tuning, while early
layers remain similar. Attention to recent history strengthens,
while long-range context remains actively used. These patterns
match our design: the Histogeometric encoder forms history

TABLE II
TRAINING AND TESTING NETWORK UTILITIES AT THE FINAL EPOCH

ACROSS LLM BACKBONES

and geometry tokens, the LLM refines them across depth, and
the policy head outputs beam and power.

Additionally, since our proposed HG-LLM is a backbone-
agnostic framework, we can swap the LLM without other
changes. We replace the backbone with DistilBERT (66M),
BERT (110M) [60], standard GPT-2 (124M), and Llama-3.2-
1B (1.23B) [61], in addition to the default distilled GPT-2
(82M). Table II shows that, in our HGI-only, short-history
setting, final training and testing network utilities plateau
at DistilGPT-2. Under the same settings and budget, larger
backbones change the results only marginally. These findings
support using DistilGPT-2 as the default, since it matches
larger models with far fewer parameters and lower compu-
tation.

F. Complexity and Efficiency

Table III compares the computational complexity of each
method in terms of floating point operations (FLOPs), peak
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TABLE III
FLOPS, MEMORY USAGE, AND AVERAGE INFERENCE RUNTIME COMPAR-

ISON FOR VARIOUS METHODS UNDER NT = NR = 256

TABLE IV

COMPARISON OF INPUT DIMENSIONALITY WITH τ = 5 ACROSS DIFFER-
ENT NUMBERS OF GIDS

memory usage, and inference runtime (average over 50 runs).
Under large arrays, such as NT = NR = 256, our proposed
HG-LLM attains the lowest FLOPs among all methods. This
is because channel-based baselines scale with the channel
dimension, which grows with NTNR, while our proposed
HG-LLM does not. As noted in Remark 6, the HGI input
size 3(2τ + K) grows only with τ and K, whereas the
historical CSI input 4τKNTNR grows with both number
of antennas and GIDs. Additionally, Table IV confirms that
the HGI input remains small with modest growth in τ or
K, while the historical CSI input reaches up to 107 under
the default simulation settings. Moreover, HG-LLM also uses
the least memory while maintaining comparable inference
runtime. This matters on satellite platforms, where on-board
memory is a primary constraint [14], [15], [16]. For this
reason we report memory and FLOPs as the main indicators of
deployability. The resulting scalability makes HG-LLM well
suited to large-array S-ISAC deployments, where CSI-based
methods become computationally prohibitive.

VI. CONCLUSION

This paper investigated a crowdsourced bistatic S-ISAC
system and proposed a channel-agnostic predictive beam-
forming framework that relied solely on HGI, eliminating
the need for CSI. The framework was designed to maxi-
mize a network utility function under power constraints. To
realize this framework, we proposed HG-LLM, an LLM-
based model that effectively maps HGI to future beamforming
matrices. To enable seamless adaptation to LLM process-
ing, we proposed two novel modules: the Histogeometric
Encoder, which transformed geometric trajectories into LLM-
compatible embeddings without text-based prompts, and the
TokenBeamformer, which converted LLM outputs into opti-
mized beamforming matrices. Additionally, we incorporated
LoRA for efficient fine-tuning of the LLM. Extensive sim-
ulations demonstrated that HG-LLM achieved performance
levels comparable to channel-based methods across diverse

scenarios, validating its robustness in both communications
and sensing tasks while operating without explicit CSI. Finally,
future work includes extending the framework to other S-ISAC
tasks such as transceiver design to realize a complete S-
ISAC pipeline, exploring different LLM architectures to assess
their suitability for S-ISAC tasks, and investigating real-world
implementation in satellite networks to demonstrate practical
feasibility.

APPENDIX A
TRANSMIT AND RECEIVE ARRAY RESPONSE VECTORS

For clarity, all time-slot and user-specific subscripts are
omitted in the following expressions. Let (θT, φT) and
(θR, φR) denote the elevation and azimuth DoD and DoA,
respectively. The corresponding transmit and receive array
response vectors are expressed as

a(θT, φT) = ax(θT, φT)⊗ ay(θT, φT) ∈ C1×NT , (31)

b(θR, φR) = bx(θR, φR)⊗ by(θR, φR) ∈ C1×NR . (32)

Each subarray response along the x- and y-axes, denoted by
vς(θ, φ), is given by

vς(θ, φ) =
1√
N ς

[
1, e−jϑ

ς(θ,φ), . . . , e−j(N
ς−1)ϑς(θ,φ)

]
,

(33)
where ς ∈ {x, y} and vς(θ, φ) ∈ {aς(θT, φT),bς(θR, φR)}
denotes either the transmit or receive subarray response,
depending on the context. The phase shifts are defined as
ϑx(θ, φ) = π sin(θ) cos(φ) and ϑy(θ, φ) = π sin(θ) sin(φ).
As being used in (1) and (4), the above definitions apply to
both communications and sensing channels.

APPENDIX B
MI (11) DERIVATION

The sensing rate RS(Fn) can be computed by firstly obtain
the MI I(zk,n; Gk,n|xn) as described in (11). Firstly, by
leveraging matrix multiplication identity [12], zk,n given xn
can be written as zk,n|xn = (xTn ⊗ INR

)gk,n + nk,n, where
gk,n = vec(Gk,n). Consequently, the covariance matrix can be
written as Σzk,n|xn

= (xTn⊗INR
)Σgk,n

(xTn⊗INR
)H+σ2

kINR
.

Therefore, the differential entropy can be expressed as follows

h(zk,n|xn) = log2 det
(
πeΣzk,n|xn

)
. (34)

Secondly, the covariance matrix of zk,n given Gk,n and xn
can be written as Σzk,n|Gk,n,xn

= σ2
kINR Accordingly, the

differential entropy can be defined as follows

h(zk,n|Gk,n,xn) = log2 det(πeσ2
kINR

). (35)

In the end, we can substitute (34) and (35) into (11) as follows

I(zk,n; Gk,n|xn)=log2 det
(
Σzk,n|xn

)
− log2 det(σ2

kINR
),

(36)
where the term πe is eliminated as a result of logarithmic
properties applied during simplification. Additionally, applying
another logarithmic property allows (36) to be rewritten as
(12).
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APPENDIX C
UPPER BOUND ANALYSIS OF COMMUNICATIONS AND

SENSING RATES FOR (16)

Intuitively, the maximum communications rate is achieved
under an ideal assumption in which no interference is present.
Under the ideal assumption, we can also assume that the
receive beamforming wk,n ∝ Hk,nfk,n. Therefore, the upper
bound SINR can be simplified as follows

γmax
k,n =

‖Hk,nfk,n‖2

σ2
k

. (37)

To simplify the analysis, we assume the power budget is
uniformly allocated, ‖fk,n‖2 ≤ Pmax

K+1 . Then, let ΣHk,n
denote

the largest singular value of Hk,n. Therefore, the maximum
communications rate can be expressed as follows

µC,n =
∑
k∈K

EHk,n

{
log2

(
1 +

ΣHk,n

Pmax

K+1

σ2
k

)}
. (38)

For the maximum sensing rate, we begin by finding the
eigenvalues of Λk,n = 1

σ2
k
Gk,nFnFHn GH

k,n. Therefore, the
MI can be re-written as follows

I(zk,n; Gk,n|xn) ≤ NR log2

(
1 +

1

NR
Tr(Λk,n)

)
, (39)

where {λ(k,n)1 , . . . , λ
(k,n)
NR
} denote the eigenvalues of Λk,n.

Then, Tr(Λk,n) can be further expanded as follows

Tr(Λk,n) ≤
λ
(k)
max(GH

k,nGk,n)‖Fn‖2F
σ2
k

, (40)

where λ
(k,n)
max = max{λ(k,n)1 , . . . , λ

(k,n)
NR
}. By assuming

‖Fn‖2F ≤ Pmax, the maximum sensing rate can be expressed
as follows

µS,n =
∑
k∈K

NR log2

(
1 +

λ
(k,n)
max Pmax

NRσ2
k

)
(41)

where λ(k,n)max denote the maximum eigenvalue of GH
k,nGk,n.

This completes the derivation.
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