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Abstract—This paper presents a state-of-the-art analytical
framework aimed to enhance spectral efficiency in satellite
and terrestrial integrated networks (STINs), utilizing recon-
figurable intelligent surface (RIS) within the realm of inte-
grated sensing and communication (ISAC). Our methodology
pivots on a pioneering federated deep reinforcement learning
strategy that introduces new ground beyond conventional op-
timization techniques to tackle the intricate problem of non-
convex resource allocation. The approach leverages federated
learning to dynamically adapt to network changes, enabling
efficient resource management and ensuring compliance with
beamforming designs, multiple target signal-to-interference-plus-
noise ratio thresholds, and RIS phase-shift requirements through
an effective feedback loop. In particular, we propose a federated
deep deterministic policy gradient (F-DDPG) algorithm across
multi-agent systems that outperforms existing federated deep Q-
network (F-DQN), centralized, and traditional DDPG and DQN
methods. The empirical findings underscore the efficiency of the
federated algorithms, which closely align with the performance
of centralized models while markedly reducing execution time,
thus achieving an optimal synergy between operational efficiency
and system performance. Simulation results highlight the re-
markable advantages of optimal RIS configurations, showcasing
a performance increase of 54.2% over random RIS setups and a
remarkable 76.8% enhancement compared to scenarios without
RIS, underscoring the transformative impact of our federated
learning approach. Additionally, our study evaluates the impact
of channel estimation errors and interference, confirming the
robustness of our approach and its potential to optimize ISAC-
enabled STINs.

Index Terms—Integrated sensing and communication (ISAC),
satellite-terrestrial integrated network (STIN), reconfigurable in-
telligent surfaces (RIS), beamforming design, federated learning,
deep reinforcement learning (DRL).

I. INTRODUCTION

S ENSING technologies are pivotal for advancing the ca-
pabilities of future wireless networks, such as those
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anticipated in 6G, facilitating applications like support for
navigation, detecting activities, tracking movements, and mon-
itoring environmental conditions [1], [2]. With the rapid ad-
vancements in both wireless communication and radar sensing
fields, the demand for spectrum resources increasingly exceeds
supply, underscoring their scarcity and value. To address these
challenges, the concept of integrated sensing and communica-
tion (ISAC) emerges as a strategic approach to efficiently har-
ness spectral, hardware, and energy resources. ISAC achieves
this by employing a unified approach to signal processing
and leveraging a common hardware infrastructure for both
sensing and communication tasks. Despite its potential, the
majority of ISAC research has been concentrated on terrestrial
applications, which narrows its capability for offering services
on a global scale [3].

Satellite communication networks offer a viable solution to
overcoming coverage limitations due to their wide coverage
capability [4]. In earlier years, the deployment of large-scale
satellite networks was hindered by substantial setup costs
and a comparative deficiency in capacity against ground-
based networks. Nevertheless, the growing demands for global
communication services and breakthroughs in technology have
recently made the concept of satellite constellations a focal
point of interest in both the academic realm and the industry.
This shift led to the initiation of various satellite constellation
projects aimed at furnishing global coverage, highlighting
projects such as Starlink, Telesat, and OneWeb [5]. Integrating
satellite with terrestrial networks presents a viable strategy
for achieving widespread broadband access, leveraging the
extensive coverage of satellite systems alongside the high-
capacity infrastructure of terrestrial networks [6]. Notably, the
3rd Generation Partnership Project (3GPP) has explored this
synergistic approach in Releases 15, 16, and 17, examining
the integration of terrestrial and non-terrestrial networks to
extend network services to underserved areas, enhance service
continuity, and optimize multicast/broadcast communications
[7], [8]. According to the vision for future wireless networks
outlined in the 6G White paper, the seamless integration
between satellite and terrestrial networks is crucial, signaling
a pivotal shift towards a more inclusive and versatile commu-
nication network infrastructure [9], [10].

A. Related Works

In recent years, satellite-terrestrial integrated networks
(STIN) have gained significant attention for their potential to



enhance spectral efficiency by merging terrestrial and satellite
systems [11], [12]. This integration has spurred numerous
studies focusing on STIN functionalities, particularly in re-
source management [13], [14], cooperative coordination [15],
[16], and beamforming techniques. Beamforming is especially
noteworthy for improving signal quality for target users while
minimizing interference, thus enabling effective coexistence
of satellite and terrestrial networks [17], [18]. In [19], a
hybrid analog-digital beamforming design was proposed for
spectrum-sharing, introducing an optimized approach. Sim-
ilarly, [20] developed a beamforming strategy to enhance
the SINR for terrestrial users while reducing interference for
satellite users. The work in [21] furthered this by proposing
beamforming methods to maximize cellular data rates under
satellite interference constraints. This research also extended
to joint beamforming strategies for secure communication in
scenarios with multiple satellite users and potential eavesdrop-
pers [22].

On the other hand, a significant body of research has
explored the concept of ISAC within terrestrial network
frameworks. The adoption of multiple-input multiple-output
(MIMO) technology within terrestrial ISAC systems has been
leveraged to notably improve the spectral and energy effi-
ciencies of communication systems, a development thoroughly
investigated in [23]. Moreover, the research outlined in [24]-
[27] focused on the development of hybrid beamforming meth-
ods, employing diverse MIMO radar techniques to boost the
performance of dual-functional radar communication systems.
Recent advancements have adopted orthogonal frequency di-
vision multiplexing in terrestrial ISAC systems to mitigate
inter-symbol interference, enhancing target sensing capabilities
[28]. However, these systems are limited by regional coverage
and data processing constraints. To overcome these, integrating
ISAC with low Earth orbit (LEO) satellites has been explored,
supported by progress in satellite onboard processing. A strat-
egy for hybrid beamforming in ISAC-LEO systems is detailed
in [29], which also considers the impact of beam squint.
Further, a novel ISAC-aided dynamic resource allocation
strategy that enhances random access efficiency and system
throughput within satellite-terrestrial relay networks is detailed
in [30]. Even though ISAC leverages the larger bandwidths of
millimeter wave frequencies for enhanced data rates and radar
resolution, the higher frequencies introduce significant signal
blockage issues, adversely affecting performance. To mitigate
this, reconfigurable intelligent surfaces (RISs) can establish
effective virtual connections between the ISAC base station
(BS) or satellite and sensing targets, offering a promising
strategy to overcome the challenge [31].

Recent studies have extensively explored the synergy be-
tween RIS and ISAC systems [32], [33], highlighting two
predominant approaches in RIS-enhanced ISAC systems [34].
The first approach utilized RIS primarily to enhance com-
munication capabilities while maintaining direct links from
the transceiver to the target for sensing purposes [35], [36].
Specifically, the authors in [35] explored designing both
transmit and receive beamforming strategies alongside RIS
phase adjustments for multi-user settings. Conversely, [36]
focused on reducing the transmit power of dual-function

radar-communication (DFRC) BS by concurrently optimizing
both active and passive beamforming in light of RIS-induced
interference. Leveraging the advantages of RIS, the authors in
[37] adopted deep reinforcement learning (DRL) to explore
the integration of RIS within satellite networks, presenting
promising solutions to latency, dynamic channel conditions,
and energy constraints in 6G Internet of Things (IoT) environ-
ments. In [38], research focused on optimizing beamforming
for RIS-enhanced hybrid satellite-terrestrial networks with
blocked satellite and BS-user links.

B. Motivation

The potential of ISAC in revolutionizing satellite and RIS-
enhanced terrestrial networks is vast, yet a thorough examina-
tion of its full potential remains unexplored. Research carried
out in [11]-[22] focused on the nuances of STINs without
delving into the integration of ISAC or the innovative use
of RIS. Further, while studies [24]-[28] have investigated
ISAC within terrestrial contexts, their scope does not extend
to achieving global coverage or overcoming the data process-
ing and reception challenges inherent to terrestrial networks.
Efforts to incorporate ISAC within satellite frameworks, as
carried out in [29], [30], have not considered the integration
with RIS. Although the synergy between RIS and ISAC
was examined in [32]-[36], such research remained limited
to terrestrial implementations. However, the works in [37],
[38] explored the benefits of RIS in satellite and STINs, yet
overlooked ISAC applications. Given these gaps, the challenge
of optimal resource allocation within ISAC in satellite and
RIS-enhanced terrestrial networks emerges, underscoring the
complexity of such an endeavor where traditional optimization
methods might not suffice. Our motivation for choosing fed-
erated deep deterministic policy gradient (F-DDPG) and fed-
erated deep Q-network (F-DQN) is to compare policy-based
and value-based learning paradigms in a federated setting. To
the best of the authors’ knowledge, a comprehensive study
leveraging federated learning for ISAC in satellite and RIS-
enhanced terrestrial networks has not yet been significantly
pursued in the existing literature.

C. Contribution

Motivated by the aforementioned discussion, we introduce
a novel analytical framework to evaluate the performance
of the ISAC-enabled satellite and RIS-enhanced terrestrial
integrated network and address the spectral-efficiency opti-
mization problem through a federated learning approach. The
key contributions are outlined as follows:

e We develop an intricate framework that seamlessly com-
bines ISAC functionalities across both satellite and terres-
trial domains, enhanced by RIS technology. This frame-
work is meticulously designed to enhance the sum rate
for all satellite users (SUs) and cellular users (CUs),
while simultaneously guaranteeing the sensing perfor-
mance through a minimum SINR requirement at the
sensing targets.

o We tackle the non-convex resource allocation problem
through a federated DRL (F-DRL) approach. This method
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Fig. 1: Illustration of ISAC enabled satellite and RIS-enhanced
terrestrial integrated network.

simplifies optimization by dynamically adapting to real-
time changes and employing multi-agent reinforcement
learning for effective resource management in both satel-
lite and terrestrial segments. It enables agents to fine-
tune transmit power and adhere to SINR and RIS phase-
shift requirements, enhancing network performance with
a strategic feedback mechanism.

e The proposed F-DDPG algorithm outperforms bench-
marks such as F-DQN, as well as centralized and tra-
ditional DDPG and DQN approaches. Integrating RIS
within our framework significantly boosts overall network
performance. Our results demonstrate that federated algo-
rithms perform comparably to centralized models while
reducing execution time, thus providing an optimal bal-
ance between efficiency and performance. Additionally,
we have analyzed the impact of channel state informa-
tion (CSI) errors and interference, further validating the
robustness of our approach.

D. Structure of the Paper

Section II outlines the system model, Section III formulates
the optimization problem, and Section IV introduces the pro-
posed federated multi-agent (MA) DRL (FMA-DRL) modeled
by the MDP framework. Numerical simulations are discussed
in Section V, followed by conclusion remarks in Section VI.
Table I outlines the key notations employed throughout this

paper.

TABLE I: Key notations.

Notation | Definition Notation | Definition

(A)H Hermitian (A)T Transpose
diag(-) Diagonalization operator | |A] Modulus operator
cMxM Complex matrix cMx1 Complex vector
[|A]| Norm operator A* Optimal A

II. SYSTEM MODEL

We investigate a RIS-aided downlink (DL) ISAC system
utilizing a STIN, where an ISAC-geostationary orbit (GEO)!

I'The stationary nature and continuous coverage of GEO satellites simplify
the channel estimation process and enhance the stability of the system, making
them more suitable for our application compared to the rapidly moving LEO
satellites [39], [40].

satellite is equipped with N, antennas for transmission and
N, antennas for reception in a monostatic configuration. This
system serves L single-antenna satellite users (SUs), denoted
by the set £L = {1,...,L}, and detects multiple targets,
represented by the set 7, = {1,...,7,}. All antennas use
uniform linear arrays (ULAs) with half-wavelength spacing.
Expanding to the terrestrial segment, a BS with dual ULAs
handles both communication and sensing. The BS directs
signals to K single-antenna DL cellular users (CUs) (K =
{1,..., K}) via a RIS with N elements, providing both direct
and RIS-reflected connections. The BS, with an M;-antenna
ULA, facilitates communication within a shared frequency
band, simultaneously transmitting data to K CUs and detecting
multiple terrestrial targets indexed by T, = {1,...,T}. Echo
signals of these targets are captured by an M,.-element receiv-
ing ULA. This design ensures that the terrestrial base station
optimally controls the RIS for cellular communication, while
the satellite system effectively serves users and covers targets
outside terrestrial BS coverage, thereby enhancing the overall
system efficiency and effectiveness. Dividing into two sub-
ISAC systems optimizes performance and resource allocation
for communication and sensing tasks in their respective zones.

A. Satellite Channel Model

The communication channel from the ISAC-GEO satellite
to the I*" SU encompasses free space loss, the radiation pattern
of the antenna, and rain attenuation, resulting in the modeling
of the DL channel as [41]

g =bjoqioexp{jpi}, (D

where b; = [b1,b1,2,...,bin,] € CNt encapsulates both the
radiation pattern of the satellite beam and the losses due to
free space. The approximation for the n!" entry in by, is as

follows
VEgFln,

e = ot e 6)
where Iy denotes the gain of the antenna at the user’s location,
d; represents the distance from the satellite to the Ith user,
A signifies the wavelength of the carrier signal, s stands for
Boltzmann’s constant, T, indicates the temperature associ-
ated with receive noise, and B, defines the bandwidth. The
beam gain from the n!" feed to the I*" user, denoted as Fj ,,,,
can be estimated by
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where F),,,; 1S the maximum beam gain calculated using
Uln, = 2.07123sin(6;,,)/sin(fs ¢p), where 0;,, is the
angle to the n%h beam’s center, and 63 45 is where the
gain falls by 3 dB. J; and J3 are the first and third-order
Bessel functions, respectively. Rain attenuation coefficients
a =la1 a2, - an,) € CN with each g, =+/& ., and
&.n, (dB) following a log-normal distribution In(¢; ,,, (dB) )~

2The log-normal distribution, chosen based on empirical evidence and the-
oretical justification, realistically represents satellite channel behavior under
varying rain conditions, crucial for accurate satellite communication system
simulations [42].



N (1, o). Further, the phase vectors @; =[¢; 1, @12, ... QI.N, |E
CNt are uniformly distributed as ¢; ,,,~U(0,27), and G =
(g1, ...,g1]€ CVe*L represents satellite channels to SUs.

B. Radar and Satellite Communication Model:

Initially, we focus on the DL transmission in the ISAC-
satellite system using a narrowband ISAC signal x** € CM:x1
for radar sensing and multi-user communication, leveraging
multi-antenna beamforming with multiple targets given as

xSat — Zl ) WlS?at + Z sat 4)

where w; € CNt*! is the beamformer vector and s{** € C is
unit power data symbol normalized to E{|s;*|? }=1. Addition-
ally, s;o € CN*1 is the unique radar signal aimed at target £,
characterized by its covariance matrix W; = E{sj*ss! Hy
[43]. The transmit signal x** enhances sensing accuracy by
optimizing degrees of freedom (DoF) through W;_, adhering
to the power constraint 31, || w; ||2+ZZ}:1 Tr(W,,) < Psat,
the peak satellite power budget.

Subsequently, we formulate the echo signal for the

targets assuming LoS radar channels. The transmit
and receive ULAs at the satellite are spaced at
half  wavelength intervals using steering  vectors
c(v) 2 1/VNy[1,eimsinW) | eim(Ne=1)sin()) T apd
c (¥) & 1/\/Ny[1,emsin@) eim(Nr=Dsin()) T towards

the direction v, respectively. Assuming that the target ¢
positioned at an angle 9., the reflection from the target
is given as f(; C(¢:, )x***. Here, B;, € C represents
the complex amplitude of the target, which is primarily
influenced by factors like path loss and radar cross section
and C(¢y,)2c, (s, )cH (1;,). We make the assumption that
1y, and B, of the target are known or previously estimated at
the satellite and thus with the given target echo, the received
signal at the satellite can be expressed as

TS
+ E Ht/X
t'#tg t'=1
Target reflection

Echo signal of interferer targets

yfat— Htsxsat t"‘ﬁtaMVtsa &)
— —

where H;_(t) Bi.cr (i, )eH (;,) is the radar channel
and Dz, € CN~*1 indicates the additive white Gaussian
noise (AWGN) with covariance G2,,Iy,. In practice, a re-
ceive beamformer U = [iiy, .., 1i;,] € CN***s captures the
desired reflected signal of the target ¢ from yfs“t. Using this
information, the SINR of the target ¢, is expressed as

o E{|af! 8, C(¢r, x|}

. i Bt
= s — , Vs, (6)
T T R{ja B’}

where D = 37, By C(yv). Next, we represent the com-
munication channel between the I** DL SU and the satellite
as g; € C1*Nt  Further, we assume that the SUs located
outside the terrestrial service area may experience mutual
interference from other SUs but no interference from the
BS [44]. The dominant interference from GEO satellites to
terrestrial networks is due to higher transmission power, line-
of-sight propagation, and stronger signal strength, justifying

our focus on mitigating this interference in our proposed
system [45]. Thus the received signal at each DL SU as

sat sat L sat Ts sat
Y= gIwWis] +§ L SIW s+ E | 8iSt,
—— U'=1,l'#1 te=

Desired signal

Multi SU interference Interfering sensing signal

+ nlsat, Vi, 7

where n;* indicates the AWGN with o} at? yariance. Based
on this, the SINR of the DL [** SU can be formulated by
referring to (7) as
,ylsat |glwl|2 Vl
L Ts sa 27
Svopalewr P, e We gl o7

®)

C. Radar and Terrestrial Communication Model:

Given the similarity to radar and satellite communication
models, we have opted to omit detailed explanations. The
terrestrial node controls the RIS to optimize performance and
resource allocation within its coverage area, leveraging the
satellite’s clear line-of-sight (LoS) to minimize signal atten-
uation and interference. This design ensures efficient system
operation and reduces interference from terrestrial obstacles
[46]. The downlink (DL) transmission employs a narrowband
ISAC signal, x?* € CM#*! for simultaneous communication
and target detection, with the signal given by

bs K + Ty
k=1 Rk ty=1

where v, € CM+*1; beamformer vector. s, € C is unit power
data symbol (E|sy|? = 1). s;, € CM+*1 is a radar signal for
target ¢,. Vy, = ]Est;,sfb{ is the covariance matrix of the radar
signal. Thus, the received signal at the BS considering target
reflections is

Sty ©))

_ Ty _
yllf): = thxbs +Ztl75tb,t’:1 Ht/xbs + Nyqq, th, (10)

where A(¥;,) = a,(Jy,)al’(¥,) with steering vectors for
angle 94, . Ht, = atpA(Jy, )is the radar channel. oy, € C
is the complex amplitude of the target. n,,q € CMr*1! is the
AWGN with covariance 02, 1), . The SINR for target ¢, with
U € CMrxt a5 the receive beamformer is expressed as

rad _ E{‘ugatb (19251;) bsl }
T E{[uf/Bx"[?} + E{[ufln,el}’
where B = 7., aw A(Jy). Further, we assume that each

CU encounters mutual interference from other CUs and satel-
lite interference. The received signal at the k*" CU is

bs h + K h n Ty
= ViS Vi’ Sk’
Yk EVESE E K= 1 £k kVEk’ Sk g to1

L
Py
where hy, = hyj, + h, ,®Hy .. hy € C>*M s the direct
channel gain. h,; € C*¥ is the RIS-to-CU channel gain.
H,, € CN*M¢ ig the BS-to-RIS channel gain. z, € C1*N
is the satellite interference® channel to CUs. ® = diag(¢) is

Vi,

Y

hkstb

ZZWZSZMEI’ nk,Vk, (12)

3Satellite communication interferes with ground communication due to
higher transmission power and clear LoS propagation, while ground com-
munication does not interfere with satellite communication because terrestrial
signals are attenuated by obstacles and spatial separation [44].



the RIS phase shift matrix with elements ¢,, € [0, 27]. ny is
the AWGN with variance a,%. Based on this, the SINR of each
DL CU can be formulated as

h 2
SO [y k. (13)
> |hkvk/\2+ZhHthhk+Z\ZlWl|2+ or
k'=1,k'#k tp=1

III. PROBLEM FORMULATION

In this section, we aim to optimize the overall sum rate in
the RIS-aided ISAC STIN by jointly optimizing the transmit
beamforming vectors {w;}- |, {vi <, {W, }/_, at the
satellite, {th}tT::l at the BS, the phase shift matrix ®
at the RIS, and the receive beamformers U and U. The
optimization set is J £ {{Wz}l 1,{vk}k 1, {Wy, }ts—l >
0, {th}t . = 0,U,U,®}. Our goal is to maximize the
sum rate for all SUs and CUs, considering limited transmit
power and phase shift constraints at the RIS while ensuring a
minimum SINR for the sensing targets. Based on these criteria,
the optimization problem is formulated as follows:

L K

maximize R=Y log, (1 + %) +Y log, (1 +~2%) (14a)

Y 1:21 2 ( M ) ; 2 ( Vi ) (
s.t 'y}“ > 7't‘dlr Vits €T, (14b)
ypd > Tgad Yty € Ty, (14¢)

2 sat
S il + Z < Ppt, (14d)
Z Vil + Z Tr(Ve,) < Paax (14e)
tp=1

|pn| =1,Vn €N, (141)

where the constraints (14b) and (14c) ensure the SINR at the
targets meets a minimum threshold, critical for maintaining
the quality of sensing operations within the STIN framework.
Constraints (14d) and (14¢) limit the maximum allowed trans-
mit power for both the ISAC-satellite and the terrestrial BS.
Additionally, constraint (14f) is the unit modulus constraint of
the phase-shift matrix at the RIS. The coupling relationship
between the satellite-based and terrestrial RIS-enhanced ISAC
systems is crucial for optimal performance, characterized by
interference management and resource allocation strategies
that ensure seamless integration and coordination.

The resource allocation problem defined in (14) is non-
convex and coupled, making it challenging to solve with
standard algorithms. The need for computationally intensive
tasks like matrix inversions and singular value decompositions
further complicates real-time implementation. To address these
issues, we introduce a FMA-DRL algorithm designed to
handle non-convex optimization. Our approach dynamically
adapts to real-time scenarios, ensuring optimal performance
with partial environment observations. We chose DRL with
federated MA learning over convex optimization because
it handles non-convexity and complexity efficiently while
enabling decentralized, collaborative optimization. Thus, we
redefine the problem using MA-DRL, assigning independent
agents to non-terrestrial and terrestrial zones. Each agent (BS

or satellite module) adjusts its operational parameters within
each time slot, dynamically optimizing transmit power and
other variables to meet SINR requirements and RIS phase-
shift design constraints.

IV. THE PROPOSED FEDERATED MULTI-AGENT DEEP
REINFORCEMENT LEARNING ALGORITHM

In this approach, we reinterpret the previously mentioned
problem within the framework of DRL, with the BS and the
satellite functioning as agents. The objective of the satellite
agent is to enhance the overall user throughput while reducing
interference. In the DRL scenario, base stations are required to
develop deep neural network (DNN) models that output either
Q-values or direct control measures. A pivotal challenge is
the expedited training of these DNN models to align with
the dynamic nature of network conditions. To address this,
we suggest the adoption of an FMA-DRL strategy. Federated
learning* enhances our system by addressing privacy con-
cerns, enabling localized training, lever aging shared model
updates, and optimizing the global objective function across
heterogeneous network environments, thus offering significant
advantages over independent DRL approaches [48]. In our
framework, dedicated agents are assigned to both the satellite
zone and the terrestrial base station area, thereby achieving
swift adaptation to network changes while safeguarding user
data privacy.

In summary, DRL’s ability to effectively handle non-convex
optimization problems, coupled with its computational effi-
ciency, flexibility, adaptability, and suitability for real-time
implementation, makes it a superior choice over traditional
convex optimization methods for our system. In subsequent
sections, we initially outline the RL issue by detailing the
state space, action space, and reward function relevant to the
problem (14). Following this, we introduce two variants of
FMA-DRL: the FMA-DDPG and the FMA-DQN, both aimed
at addressing the challenge of the formulated problem.

A. MDP Formulation

DRL methodologies are typically framed within the struc-
ture of Markov decision processes (MDP), which are char-
acterized by a 5-element tuple: {S, A, R,P,7}. By framing
the problem as an MDP and including previous beamforming
vectors in the state space, our approach leverages historical
data for long-term planning, demonstrating the strength of
our DRL algorithm in optimizing cumulative network rate.
Here, S denotes the set of all possible states, A represents
the set of all possible actions, P signifies the probabilities
of moving from one state to another state given an action,
expressed as Pr(s'™!|st a'), rf(s’,a’) € R is the function
that assigns a reward based on the state and action at time ¢,
and 7 € [0,1) is the discount factor which adjusts the value
of future rewards. At any given time step ¢, given the current
state s!, the agent selects an action a' € A, which leads to

“While the proposed framework offers significant potential for improving
federated learning in real-world applications, there are several deployment
challenges to consider. These include device heterogeneity, communication
overhead, data privacy, resource constraints, and scalability [47].



a transition to a new state s'*! with a transition probability

of Pr(s'™t|st a’) € P, and the agent receives a reward 7.
The decision-making strategy of the agent, known as a policy
(s, a), defines the likelihood of choosing action a® = a when
in state s' = s, or formally, 7(s,a) = Pr(a’ = a|s' = s). In
particular, agent, S, .4, and R are designed as follows:

1) Agent: In our framework, we allot distinct agents to
handle operations in the satellite zone as well as the terrestrial
zone.

2) State & Observation Space: The aim is to integrate a
comprehensive array of environmental information pertaining
to the problem (PO0) within the state space. Denote & =
{Ssat, Sps } as the state space of the system, which includes the
overall channel conditions and the behavior of all the agents
involved. This state space is devised from the information
available to the BS and satellite, whether obtained directly or
through inference, and it is pivotal in formulating the reward
function. The observation state feature set at ISAC-satellite
encompasses all channel data within the satellite area, and
the previous beamformers and transmission rate [49]-[51].
Therefore, the designated observation state space for the ISAC-
satellite is described as

Sear = {gf HY_ {w}1 71 {W, L UL R (1)

Meanwhile, the observation state space at the BS includes
the current state feature set, which comprises all channel
information within the terrestrial area, the phase shift matrix
at the RIS, and the previous beamformers and transmission
rate [49], [50]. Therefore, the observation state space feature
set at the BS is defined as

Spe = {h, Hy &' {vi} 1 {V,, 1,
{wi} 7L UL R

The observations collected from the agents are saved in
a centralized buffer, where each agent retrieves information
through its unique control channel. In the training process,
updates to the neural network are carried out offline through a
random selection of observations from this repository. Fol-
lowing this, agents utilize archived observations to shape
their decision-making for forthcoming actions. This process
facilitates efficient adaptation and learning in a constantly
changing network setting, steadily advancing the decision-
making skills of the agents.

3) Action Space: An action results from the policy out-
puts (either from DQN or the actor-network in actor-critic
schemes). Let the action space for the system be denoted as
A = {Asar, Aps }, designed by integrating a policy incorpo-
rating both the comprehensive beamforming matrices and the
phase-shift matrix at the RIS [49]-[51]. With multiple agents
involved, the action space is designed to include the individual
actions of each agent. Specifically, the subset of the action
space Ag,¢ € A that pertains to the satellite area is defined as

Asar ={{wi}', {W,_}!, U} (17)

Likewise, the subset of the action space A5 € A associated
with the terrestrial area is defined as

Abs :{{Vk}t7 {th}ta Ut7 Qf}

(16)

(18)

4) Reward Function: The reward function in our study is
designed to calculate the instant reward received when an
action is performed at state s?, targeting the maximization of
the system’s sum rate as detailed in (14) by optimizing the
action selection comprehensively. In the realm of DRL, the
objective is for the agent to identify actions that lead to the
maximization of aggregate rewards over time through discrete-
time interactions with the environment. For this purpose, we
assign to each agent a reward r%, where F € {sat,bs}. To
elaborate, “sat” refers to the satellite zone, and “bs” signifies
the terrestrial BS zone. Consequently, the reward function at
any given time step ¢ is determined as 1" = Y, -7} = R.

The goal of the learning process is to identify the optimal
policy, 7*, which maximizes the expected cumulative reward
starting from any state s given by

7* = argmax B, {R°|s” = s}. (19)
™

Through the establishment of specific reward functions for

both participating agents, our FMA-DRL model is designed

to enhance the total rewards accumulated by agents operating

in both satellite and terrestrial zones over the duration of

their interactions. In this context, the term reward function

captures the aggregate of all discounted rewards expressed as
Rt — ?00 ’_}/t+i7"t+i.
D ie

B. Federated Learning Model

In this section, we discuss the utilization of DRL algo-
rithms that employ DNNs to determine action probabilities
for optimizing returns. The fundamental concept of federated
learning is to develop a unified statistical model (here, a
DNN) using data collected across numerous devices. Our
approach ensures each agent processes and keeps its state data
locally, sending periodic updates to the gateway. As the central
server for federated learning, the gateway facilitates seamless
communication, optimizes resource allocation, and ensures
efficient coordination and data aggregation. The objective of
this training methodology is to optimize a predefined objective
function by minimizing its value which is given by

minF(o) =3 wFj().

4

(20)

The global model is deployed at a central server located in the
network gateway, which connects the terrestrial and satellite
zones. For optimizing the global model, we aim to fine-tune
the global objective function, F'(p), alongside its weights, o,
and adjust the local loss function, F};, with their respective
weights, gj , for each agent across different zones j. The share
of each zone, j, in the overarching network is determined by
k7, defined as k7 = ﬁ, where U; denotes the number of
users within zone j of the network set F. Specifically, for the
satellite zone, represented as j = sat, U; = L, whereas for
the terrestrial zone, denoted as j = bs, U; = K. Our FMA-
DRL framework optimizes privacy, efficiency, and scalability
in distributed communication by coordinating multiple agents
via a central server, defining unique state-action spaces, and
using a shared reward function for stable, efficient learning.



C. Federated Multi-Agent Deep Deterministic Policy Gradient

DDPG enhances the actor-critic framework by incorporating
DNNs to model policy and value functions. This approach
provides a more sophisticated solution to the challenges of
handling extensive state and action spaces, characteristic of
high-dimensional scenarios. DDPG stands out for its capa-
bility to handle continuous action spaces, making it adept
at decision-making in such environments. Essentially, the
proposed DDPG employs two key DNN components in its
architecture:

1) Critic Network: The model, also known as a (J-network
and characterized by the parameter g., processes an input
comprising a state s and an action a as inputs, subsequently
yielding the Q-value, Q(st,a’; o.). Further, the action-value
function, often referred to as the Q-function is defined as

Qnr (st7at) =E, [Rt\st =s,a" = a} . 2D

This function can be updated using the Bellman expectation
equation [52]. Furthermore, the optimal @-function in (21)
can be determined through the Bellman optimality equation,
expressed as

* t ot _ .t = * t+1 _t+1
Q* (s'a') =r +’yatn+11aé<AQ (s"hath) . (22
Accordingly, the optimal action a* is derived by
* = * . 23
a" = argmax Q (s, a) (23)

2) Actor Network: This is also referred to as a policy
network, which accepts a state s as input and produces a con-
tinuous action a, denoted by a' = 7(s'; g,,) while updating the
network parameter ¢,. The actor-network undergoes training
through (23), intending to optimize the state-value function.

Besides, DDPG employs both a target actor-network, de-
noted as (s; Q;) and a target critic network, represented by
Q(s",a'; ¢l.), to enhance training stability. Here, ¢/, and ¢/,
signify the parameters for the target actor and critic networks,
respectively. Further, the actor undergoes training to enhance
the objective function by employing a policy gradient method

VQ;LJ(QN) %E[an(Stv a; QC)‘aZW(S‘;gu)vguﬂ'(st§ ou)]- (24)

Here, J(0u) = Esvp.,amo, R(s,a) typically represents the
expected cumulative return. Meanwhile, the critic undergoes
iterative optimization aimed at reducing the loss function,
which is characterized as

L(oe) =E[(y" — Q(s',a"00))?]

where y' = R' 4+ 3Q(s""', w(s'T1;0l,); 0.) denotes the
expected return. The stability of y* throughout the training is
ensured by incrementally adjusting the parameters of the target
networks with a minor coefficient, ¢ € [0, 1], thus updating as
0, = Cop + (1= ¢)oy, and ¢ = Coc + (1 — (e

Unlike value-based approaches like @)-learning, policy gra-
dient techniques optimize the policy directly, bypassing the
need to calculate @-values. This strategy avoids the overesti-
mation bias inherent in value-based methods. The update of
parameters favors actions leading to more rewarding outcomes.
During testing, the best policy is identified by choosing the

(25)

Algorithm 1 Federated DDPG Algorithm for Each Agent

1: Input: Initialize the parameter settings for the proposed system
model, neural networks at ¢ =0

2: Input: The aggregation frequency p, exploration parameter e,
learning rate €2, number of episodes E

3: Initialize the actor-network, m(s%;p,) and the critic network
Q(s*,a'; g.) with the weights g, and ..

4: Create the target DNNSs by setting ¢;, <— 0, and g < oc

5: Initialize a replay buffer

6: Initialization: get initial o, from server

7. forep=1— F do

8: Initialize a random process 7 for action exploration

9: Receive initial observation state s*

10: fort=1—1T do

11: Obtain action a’ from the actor-network;

12: Add exploration noise to a’ as a* = a’ +n

13: Calculate the instant reward r’

14: Observe the new state s'+!

15: Store experiences in the buffer and sample random
mini-batches of experiences to train the DNNs

16: Set the expected return y°

17: Update the actor policy via (24) and critic via (25)

18: Update the target actor o, and the target critic o

19: end for

20: end for

21: update 9Pt = 07 + OV, J(0u)
22: if ep mod p = 0 then

23: send o;” to server for aggregation
24: get aggregated o, from server
25: end if

Algorithm 2 Federated DQN Algorithm for Each Agent

1: Input: Initialize the parameter settings for the proposed system
model, neural networks at t = 0

2: Input: p, ¢, Q, £
3: Initialization: get initial p,, from server
4: forep=1— F do
5: Receive initial observation state s
6: fort=1— T do
7: Select random r € [0, 1]. Obtain action a’ using
o & Jargmax, Q(s',a;0n) ifr>e

"] pick uniformly action else
8: Take action a’, go to state s**! and get reward r'**
9: Store the tuple B = {a, s*, riT! s}

10: end for
11:  update i = i — OV, L(on)
12: if ep mod p = 0 then

13: send ;F to server for aggregation
14: get aggregated oy from server
15: end if

16: end for

action that has the highest probability in a deterministic
manner. Thus, by incorporating the cost function into (20),
we obtain the cost associated with the F-DDPG algorithm as

; — J7.(n3
min J(op) = Zjefm Jj(el,)-

Furthermore, within the context of the MA-DRL system
framework, each agent independently employs a F-DDPG
based algorithm, enabling personalized policy optimization
and adaptation. This specific methodology is described in
Algorithm 1.

(26)



D. Federated Multi-Agent Deep () Network

Transitioning from DDPG, we now explore the value-based
RL methodologies to estimate the expected future rewards
from a particular state s upon executing an action a, employing
the action-value function Q(s,a) as follows

o0
Qﬂ-(st, a) — ET{' Z ,Vt-‘rj,,,,t'f‘j |St’ a (27)
i=1
= Es“rl,a{rt + :YQW (5t+17 a’)|st7 at}'
The RL agent aims to identify the optimal action-value func-
tion Q*(s?,a), which calculates the maximum expected sum
of discounted returns from a given state s

Q*(s',a) = Boon {r' + maxQ*(s', a)|s', a}.

(28)

(29)

In DRL, a method of function approximation specifi-
cally, a DNN is employed to learn a parameterized value
function Q(s,a;p,) with the aim of closely approximat-
ing the optimal @)-values. The target value for the function
Q(st,a; 0,) is derived from the one-step lookahead formula
rt + Fmax, Q(s'™1, a; 0,,), making the function contingent
upon the parameters p,. The effectiveness of selecting an
appropriate action is contingent upon the precise estimation
of action values. Consequently, DQN focuses on identifying
the optimal parameters g, to minimize its loss function

L(on) = (r' + ymax Q(s'™, a; 0,) — Q(s",a; 00))*. (30)

At the outset of ()-learning, agents accrue experience by en-
gaging with their surroundings. This process involves compil-
ing a dataset I3, which is essentially a collection of experiences
up to a given time ¢, structured as tuples (s‘=1, a’=t 7t st).
Subsequently, this dataset B is utilized to refine the loss
function L(g,,) through optimization. During the initial phase
of training, the precision of the agent’s predictions is typically
low. To mitigate this, an adaptive e-greedy strategy is em-
ployed for decision-making, allowing the agent to experiment
with various actions at a certain probability level, irrespective
of their immediate rewards. This approach fosters more precise
estimations as training progresses and mitigates the likelihood
of the model becoming overly fitted to actions that yield high
rewards early in the training period. Thus, by incorporating
the cost function into (20), we obtain the cost associated with
the federated DQN algorithm as
min L(g,) = Zje]—‘ x L;(0)).

On

€Y

Additionally, in the framework of the MA-DRL system, every
agent individually utilizes a federated algorithm based on
DQN, allowing for tailored optimization and adjustment of
optimization and adjustment of action-value functions. This
particular process is outlined in Algorithm 2.

E. Complexity Analysis

For the computation at the ¢'” iteration, we categorize the
dimensions of the action and state spaces with the notations
lat| and |st|, correspondingly. Algorithm 1 breaks down the
process into two primary segments: 1) Calculation of rewards,

TABLE 1II: Simulation Parameters [44], [53]

Parameters Value

Carrier frequency 28 GHz (Ka-band)
Bandwidth 500 MHz

3 dB angle 0.4°

Height of GEO satellite 35786 km
Maximum beam gain 52 dBi

User terminal antenna gain Fj 42.7 dBi

UPA inter element spacing A/2

Rain fading parameters (urein, g4y = (-2.6,1.63)
Boltzmann’s constant, 1.38 x 10~ 23J/m
Noise temperature of system, T'sys | 517K

which holds a computational complexity of O(|s]). 2) Selec-
tion of actions, where the actor and critic networks’ complexity
is determined by the neuron count in each layer and the total
number of layers. For the actor-network, let the number of
neurons in its m!* layer be represented by W™, and the
total layer count by L®. Consequently, the complexity for
a single layer m is given by O(W™~twm 4+ Wwmwmtl)
leading to a total actor network computational complexity of
Cf _ 0(‘St| W 4+ Zf;::—;(wm—lwm + mem—H) +
WL*=1.]at|). In the critic network, with V7 as the neuron
count for layer ¢ and L€ for the total layers, the complexity
for layer ¢ is O(V4=1V4 + VIV 91 leading to a total critic
network computational complexity of Cf = O(]s'| - V! +
SN VeV 4 vayert) 4 VES1) Thus, the overall
complexity for choosing actions is denoted by C;, = C}* +CF.
The overarching computational complexity of the algorithm
across all iterations is therefore expressed as O(F - T - Cy).

V. NUMERICAL SIMULATIONS AND DISCUSSION
A. Parameter Setup

In this segment, we delve into the performance analysis
of our proposed federated learning algorithms, leveraging
PyTorch for model development and employing the Adam
optimization technique for model training. The architectural
setup for both the proposed F-DDPG and the F-DQN across
MA systems is similar, employing two hidden layers each with
256 neurons [54]. Furthermore, the neural network parameters
are updated using the Adam optimizer and the activation func-
tion used is ReLU [54]. Moreover, we set the hyperparameters
as follows: 47 = 0.9 [55], the learning rates for both actor and
critic networks, {2 = 0.001, the memory buffer is W = 10000,
the size of minibatch = 32 [56], the number of episodes is
E = 5000, with each episode a horizon of 7' = 10 time
slots’, and the aggregate frequency is p = 100 [57].

Moreover, Table II outlines the parameters used in the
simulation [44], [53]. The satellite is configured with N; =
N, = N = 4 antennas for transmission and reception. It
includes . = 4 SUs and 7, = 2 targets within the satellite
zone, with these targets positioned at angles i1 = 35°

STn our proposed scenario, dynamic factors like channel fading and ad-
justments to the RIS reflection matrix and beamforming vectors ensure that
the communication environment varies across the 10-time slots, creating
dependencies between them.



and o = b50°. On the terrestrial side, the BS features
My = M, = M = 4 transmit and receive antennas, serving
K =4 CUs and integrating N = 64 elements of a RIS. We
consider 7;, = 2 targets in the terrestrial zone, located at angles
1 = 0° and Y2 = 20°. For each CU channel, we model the
transmission path using a LoS approach [58], characterized
by the channel representation hy, = /&, M,a,(J}), Vk. This
notation includes & to denote the path loss and 19~k for the
angular direction of the user. A standard path loss value of -
103.6 dB is applied to model the link between each CU and the
BS. The directional angles for the DL CUs, listed as {01,792}
and {V¥3, 9,4} are configured to {—40°,60°} and {45°, —65°},
respectively [59]. The simulation does not incorporate any
form of user grouping. Both the satellite and BS adhere to a
maximum transmit power limit of P5% = P,,,, = 40 dBm.
For the satellite channel model, the noise power is normalized
by kT,ysB, which results in the noise variance being set to
of"“Q = 042 = 1,VI,Vk [44]. For simplicity, we consider
T = 7% = 12 dB, Vt, and 7/ = 7™ = 12 dB, Vt; [59].
The numerical results presented are the average outcomes from
100 distinct channel realizations. Unless stated otherwise, the
parameter settings adhere to the aforementioned specifications.

B. Benchmark Schemes

For comparative analysis, we incorporate the following
benchmark schemes.

1) Centralized scheme: In the centralized DRL framework,
each iteration requires agents to share data with a central
server for immediate control actions, facilitating the de-
velopment of a unified model. This setup is implemented
for both DDPG and DQN methods, denoted as C-DDPG
and C-DQN, respectively, in the figures [60].

2) Non-Federated Schemes: This benchmarking scheme
compares the proposed federated algorithms with DDPG
and DQN in non-federated settings.

3) Communication - only scheme: This benchmark omits
the sensing SINR requirements within a RIS-enhanced
STIN, labeled as “w/o sensing” in the figures. This
strategy assists in determining the effects of incorporating
sensing capabilities on communication performance [61].

4) Random RIS scheme: In this scheme, while the satellite
and BS utilize our proposed beamforming approach, the
RIS adopts a random passive beamforming approach
[62]-[65].

5) No-RIS scheme: This scheme examines the performance
of our ISAC-STIN setup without RIS intervention in the
terrestrial domain, marked as “w/o RIS” in the figures.
underscores the significance of integrating RIS into our
network design [62]-[65].

In Fig. 2, the cumulative network rate is presented for
both DDPG and DQN algorithms implemented in a federated
setting across MA systems, examining various aggregation
intervals. The training process spanned 5000 episodes, with
each episode consisting of a sequence of 7' = 10 time
slots. The depicted curves highlight the impact of differ-
ent server-agent aggregate frequencies. The aggregation fre-
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quencies considered for this simulation are p = 50 and
p = 500. Specifically, it dictates the frequency of model
update exchanges between the server and agents, affecting the
convergence rate and effectiveness of the federated learning
algorithms. Notably, the F-DDPG approach shows a more
consistent and smooth path to convergence when compared to
F-DQN, across all examined aggregation frequencies, ensuring
steadier performance delivery. This phenomenon is likely due
to the distinct exploration mechanisms employed by the two
algorithms. On one hand, DQN relies on the e-greedy method,
introducing more randomness until convergence is attained. On
the other hand, DDPG leverages a policy gradient framework
that prioritizes updates along state-action paths associated with
superior average rewards, which seems to benefit more directly
from the aggregation process.

In Fig. 3, we further explore the convergence characteristics
by presenting the convergence plot of F-DDPG for the p = 50
case. Here, the average sum rate of the two sub-ISAC systems
is shown separately: one for the terrestrial zone and the
other for the satellite zone. This differentiation allows us to
observe how each system works towards rate maximization
individually and collectively, providing a comprehensive un-
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Fig. 4: Instant rewards versus number of episodes for the proposed
federated algorithm.
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derstanding of the overall system performance. Additionally,
in Fig. 4, the instant reward for the proposed F-DDPG system
is included to more intuitively reflect learning fluctuations®
in real-time scenarios. This inclusion showcases the dynamic
adaptation of the learning algorithms throughout the training
process. Overall, the instant reward in Fig. 4 is meant to
display immediate fluctuations in step-wise rewards under
initial settings, which may not capture the full efficacy of
F-DDPG. In contrast, Fig. 3 is a cumulative measure, more
accurately reflecting the algorithm’s optimized performance
trajectory over time.

In Fig. 5, the performance of both F-DDPG and F-DQN
strategies is observed across varying levels of maximum trans-
mission power at the BS. This exploration also considers the
impact of altering maximum transmission power levels at the
satellite alongside BS power adjustments on the overall system
sum rate. The analysis reveals that the increasing transmission
power, both at the BS and the satellite, leads to noticeable
improvements in the operational metrics of both algorithms

%The fluctuations in Fig. 4 represent expected variability in step-by-step
rewards and do not detract from the reliability of our conclusions, as these
are supported by the cumulative rewards and convergence shown in Fig. 3.
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Fig. 6: Average sum rate versus N of the proposed federated
algorithms for different benchmark schemes.

with F-DDPG demonstrating superior performance over F-
DQN. Specifically, at a peak transmission power of 30 dBm for
both the satellite and BS, F-DDPG and F-DQN attain system
sum rates of 6.47 and 5.8, respectively. Furthermore, the com-
parison includes non-federated benchmark schemes DDPG
and DQN [66], showing that our proposed federated schemes
outperform these baselines. Additionally, we include federated
proximal policy optimization (F-PPO) as a benchmark. While
F-PPO shows slightly better performance in power versus
average sum rate, it has several drawbacks: it requires fresh
data® for each update and incurs higher computational over-
head [67]. Thus, the federated schemes’ superior performance
can be attributed to their ability to leverage distributed data
while maintaining global model consistency, resulting in better
optimization of the sum rate.

Fig. 6 illustrates the impact of increasing the number of
elements in an RIS on the system sum rate, indicating that
a higher number of reflecting elements leads to improved
system performance due to the additional spatial degrees
of freedom. Furthermore, we compare the outcomes against
scenarios without RIS (labeled as “w/o RIS”) and those with
randomly allocated RIS phase shifts (“random RIS”), for both
the F-DDPG and F-DQN methods. Consequently, the optimal
RIS configuration delivers a performance gain of about 54.2%
over the random RIS setup and a notable 76.8% improvement
against the w/o RIS scenario. This highlights the pivotal role
that RIS technology plays in enhancing network efficiency,
especially when moving from scenarios without RIS to those
with optimally deployed RIS. The incorporation of RIS within
the terrestrial segment notably amplifies performance in the
zone, contributing to a substantial improvement in the perfor-
mance metrics of the overall considered network.

Fig. 7 illustrates the trade-off between the communication
performance and target detection capabilities. Specifically,
Fig. 7 plots the system communication rate against the SINR

"The sum rate is expressed in bits/s/Hz. However, for brevity, the unit of
measure is omitted in the text.

8Unlike DDPG and DQN, PPO requires fresh, on-policy data for each
update, increasing data collection demands compared to the experience replay
used in off-policy methods like DDPG and DQN.
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threshold needed for targets’ detection in both the satellite
(7' and terrestrial domains (7). For a clearer comparison,
a reference scenario focusing solely on communication ex-
cluding target sensing SINR requirements ( “w/o sensing”)
is also analyzed. This comparison underscores the effect of
incorporating radar sensing on the overall communication
performance. As the SINR threshold for detection increases,
the performance of our federated solution tends to decline.
This decline occurs because, with higher SINR thresholds,
more transmit power within the ISAC system must be al-
located to meet the more demanding sensing requirements,
consequently reducing the available power for communication.
Therefore, this scenario underscores the inherent trade-off
between communication and radar functionalities in ISAC
systems.

In Fig. 8, we analyze the effect of antenna array sizes at
both satellite and BS on the overall system performance, com-
paring outcomes from both the suggested federated approach
and benchmark centralized scheme, as well as non-federated
DDPG and DQN schemes. In the centralized DRL framework,
each iteration requires agents to share data with a central server
for immediate control actions, facilitating the development of
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a unified model. The results, as shown in Fig. 8, indicate that
augmenting the number of antennas enhances spatial DoFs,
thereby boosting the overall system performance. For this sce-
nario, we set N = 4 and evaluate the system performance with
the varying number of antennas at the BS. When evaluating
the federated method against the centralized model, their per-
formances are nearly similar; however, the federated strategy
significantly reduces the amount of data exchanged between
agents and the central server by up to 0.002 times (for the case
p = 500). Additionally, we compare the federated scheme with
the non-federated DDPG to highlight the distinctions between
federated/centralized schemes and the DDPG benchmark. The
federated and centralized schemes benefit from global model
updates and aggregated learning, leading to better performance
in the sum rate optimization, while DDPG, being a localized
learning method, lacks this holistic view, resulting in lower
performance.

In Fig.9, the execution times for both federated and central-
ized configurations utilizing DDPG and DQN algorithms are
examined for different number of users in the network. This
evaluation focuses on the total execution time, which includes
the local training period of each agent, the communication
delay between the agents and the central server, and the
aggregation time required by the server to aggregate the
updates. These timings reflect the complete cycle duration
for the operation of each model. In our federated models,
we set the parameter p at 100. The findings demonstrate
that federated setups outperform centralized ones in terms of
execution speed. The analysis of Fig. 8 and Fig. 9 clearly
shows that the federated algorithms not only align closely
with the centralized model in performance while ensuring
a reduced execution time, effectively balancing performance
with efficiency.

Next, we detail the achieved beampattern gain for target
functionality realized through Algorithm 1. By employing the
optimized receive beamformer ufb, which is normalized to
ensure Hu’t"b || = 1, along with the optimized transmit signal
x5* we define the beampattern directed towards the target as

p(ﬂtz) = ‘u:bar(ﬁtz,)af (ﬁtb)xbs*l' (32)
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Further, we illustrate the beampattern gains achieved for
specific target locations in Fig. 10. We consider a case with
Ty, = 2 targets positioned at angles 0° and 20°. Keeping
other parameter settings constant, we address the challenge
of maximizing the sum rate subject to radar SINR constraints
for 7T, targets in the terrestrial zone using Algorithm 1.
The target beampattern gains showcased in Fig. 10 is the
result of employing the optimized receive beamformer uy,,
as outlined in (32). The illustrations confirm that the main
lobes are directed toward the intended targets, underscoring
the capability of the proposed beamforming design to detect
multiple targets effectively.

Fig. 11 illustrates the impact of varying the maximum trans-
mission power at the satellite (P52 ) on the average sum rates
for SUs and CUs within the network, maintaining a constant
transmit power of P,,,, = 40 dBm at the BS. The analysis
further carried out against different SINR threshold values re-
quired for target detection in satellite (7'*") and terrestrial G
zones. The results highlight an improvement in the sum rate
for SUs as the P52 increases, as facilitated by the F-DDPG

introduces

algorithm. On the contrary, this increase in P32t
heightened interference in the terrestrial zone, diminishing the

. . .
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Fig. 12: Average sum rate versus channel estimation error variance
(02) with different N.

average sum rate for CUs. This delineates a trade-off, revealing
the differential impacts of satellite transmission power on SUs
and CUs at a consistent BS transmit power level. Additionally,
the inclusion of SINR threshold effects on targets reveals a
decline in the performance of our federated approach as the
SINR threshold for detection ascends. This decline is due to
the higher transmit power demands within the ISAC system
to meet stricter sensing requirements, which in turn limits the
power availability for communication tasks.

The analysis of the impact of CSI uncertainty on the perfor-
mance of the STIN reveals significant insights, as depicted in
Fig. 12. The study thoroughly examines system performance,
highlighting the effects of different levels of CSI estimation
inaccuracies (03). The results show a noticeable decline in
performance with increasing CSI estimation uncertainty. Ad-
ditionally, the advantages of adding more RIS elements, such
as greater channel diversity and improved system performance,
outweigh the difficulties caused by CSI estimation uncer-
tainties. This is clearly demonstrated in Fig. 12, where the
average sum rate for the scenario with NV = 80 RIS elements
exceeds that of the scenario with N = 60 RIS elements for
the proposed federated algorithms. The findings underscore
the importance of considering CSI uncertainty in the STIN
and validate the effectiveness of the proposed approach in
addressing practical challenges like robustness.

Fig. 13 illustrates the performance comparison of the av-
erage sum rate as a function of the number of users. In
this analysis, we set L = K for simplicity. This figure
demonstrates the scalability of our proposed federated learning
scheme using DDPG in comparison to F-DQN and central-
ized benchmarks. The centralized schemes, which involve
direct data exchange, set an upper bound on performance. In
contrast, federated learning exchanges only weight updates,
which impacts performance but reduces data communication
overhead. As the number of users increases, the performance
gap between centralized DDPG, centralized DQN, and their
federated counterparts (F-DDPG and F-DQN) tends to lessen.
The diminishing performance gap is attributed to the limited
system resources, which constrain the achievable performance
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Fig. 14: Impact of terrestrial zone interference on average sum rate.

as the number of users increases. Despite these constraints,
our proposed federated learning approach demonstrates robust
scalability, maintaining competitive average sum rates and
effectively managing the increasing number of users. This
highlights the efficiency of federated learning in distributed
environments and its potential to achieve high performance
with reduced data exchange.

Fig. 14 illustrates the relationship between average rate and
power for varying numbers of RIS elements, under conditions
both with and without terrestrial interference, denoted as “with
Ter-Int” and “w/o Ter-Int,” respectively. The data indicate that
terrestrial interference markedly diminishes the average rate,
especially at elevated interference power levels and with a
reduced number of RIS elements. This underscores the sen-
sitivity of the proposed methods to interference assumptions,
implying that actual system performance could fluctuate based
on the extent of terrestrial interference. The augmentation of
RIS elements highlights their efficacy in mitigating the adverse
effects of terrestrial interference on the system.

VI. CONCLUSIONS AND FUTURE WORK

In this study, we introduced a cutting-edge analytical
framework to enhance spectral efficiency in STINs through
the use of RIS within the ISAC framework. By leverag-
ing federated learning, our method dynamically adapted to
network changes, facilitating efficient resource management
and ensuring compliance with beamforming designs, multiple
target SINR thresholds, and RIS phase-shift requirements
via an effective feedback loop. The proposed F-DDPG al-
gorithm across MA systems outperformed existing models,
including F-DQN, centralized, and traditional methods, by
aligning closely with centralized model performance while
significantly reducing execution times. Simulation results have
demonstrated that the optimal RIS configurations led to a
54.2% performance increase over random setups and a 76.8%
enhancement compared to scenarios without RIS, underscoring
the significant impact of our federated learning approach in
optimizing ISAC-enabled STINs, signaling a breakthrough
in the optimization of spectral efficiency. Additionally, our
study evaluated the impact of channel estimation errors and
interference, confirming the robustness of our approach and
its potential to optimize ISAC-enabled STINS.
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