Vertical Federated Learning for Multicell Integrated
Sensing and Communication Systems

Lai Jiang, Kaitao Meng, and Christos Masouros
Department of Electronic and Electrical Engineering, University College London, London, UK
Emails: {lai.jiang.22, kaitao.meng, c.masouros} @ucl.ac.uk

Abstract—Beamforming is a crucial technique to enable dual-
functionality for integrated sensing and communication (ISAC)
systems by leveraging the multi-antenna arrays. Most existing
beamforming strategies focus solely on single-base station (BS)
scenarios, neglecting the impact of inter-cell interference (ICI).
However, managing ICI often requires additional information
exchange, which results in expensive communication overhead
and extra latency. To address this problem, we investigate coop-
erative beamforming in multi-cell ISAC systems and formulate
an optimization problem that jointly maximizes the weighted sum
of communication rate and radar information rate. Considering
the computational efficiency, we propose to apply the vertical
federated learning (VFL) technique to solve the optimization
problem with limited transmission overhead. In our approach,
neural networks are distributed across BSs and jointly trained in
an unsupervised manner, then the trained neural networks can
perform real-time beamforming with local channel information.
Meanwhile, we show that our method can achieve distributed ICI
managing and find the globally optimized beamforming solutions
for each BS. Through numerical simulations, we demonstrate
that our beamforming solution outperforms the benchmarks in
terms of both communication rate and radar information rate
while significantly reducing computational and communication
costs.

Index Terms—Integrated sensing and communication, multi-
cell system, federated learning, beamforming.

I. INTRODUCTION

Integrated sensing and communications (ISAC) technology
plays a pivotal role in next-generation networks, seamlessly
merging radar and communication capabilities [1]. By oper-
ating on a shared spectrum and utilizing common waveforms
and hardware platforms, ISAC not only enhances spectral
efficiency but also reduces system complexity and deployment
costs. This integration enables a more compact and energy-
efficient infrastructure, which is particularly beneficial for
applications requiring real-time environmental awareness and
reliable data transmission.

A crucial advantage of ISAC lies in its ability to exploit
spatial degrees of freedom (DoFs) through multi-antenna
arrays deployed at base stations (BSs). These arrays facilitate
advanced transmit beamforming, allowing the system to dy-
namically adjust resource allocation between communication
and sensing tasks [2]-[4]. Unlike traditional systems that
treat sensing and communication separately, ISAC leverages
their synergy to improve both functionalities, enabling ro-
bust target detection while maintaining high communication
quality. Optimization-based beamforming techniques remain

dominant in both communication-only and ISAC systems [2]—
[4]. Despite their effectiveness, these approaches typically rely
on iterative algorithms, introducing significant computational
overhead and latency. As an alternative, learning-based meth-
ods have gained attention for their ability to solve complex op-
timization problems with lower latency and computational cost
[5]-[7]. Unlike traditional mathematical models, deep neural
networks (DNNs) trained offline can be deployed in real-time
with linear matrix operations. For instance, [7] proposed an
unsupervised learning-based beamformer to optimize sum rate
under power constraints, achieving performance comparable
to the WMMSE method [8]. Similarly, [9] introduced a
neural network-based beamforming strategy for ISAC, which
enhances target illumination while maintaining the signal-to-
interference-plus-noise ratio (SINR) for communication users.
However, most existing works fail to effectively mitigate
inter-cell interference (ICI). ICI significantly impacts network-
level sensing and communication performance in multicell
scenarios where most existing beamforming strategies operate
on a per-cell basis without considering interference from
neighboring cells [2]-[4]. This oversight becomes a critical
limitation for sensing as echo signal is especially vulnerable
to interference [10]. Consequently, in large-scale multicell net-
works, ICI emerges as a major bottleneck, degrading overall
system performance.

To tackle this challenge, one approach is multi-BS coor-
dinated beamforming, where local information is exchanged
among BSs to find globally optimal beamforming matrices.
The authors in [11] discussed the necessity of performing
joint beamfomring, and proposed an efficient algorithm based
on uplink-downlink duality, which can be implemented dis-
tributedly in a time-division duplex (TDD) system. More-
over, the authors in [12] proposed a framework where BSs
cooperatively serve the users and localize each target for
enhancing the ICI management and S&C performance. These
motivate us to apply a distribued machine learning framework
for coordinated beamfomring design. In this work, we pro-
pose an innovative data-driven beamforming framework that
leverages vertical federated learning (VFL) to train a deep
neural network (DNN) using channel data collected by dis-
tributed BSs. Unlike traditional methods that rely on complex
iterative computations, our approach enables efficient, real-
time beamforming with minimal computational overhead. By
collaboratively training the models across BSs, our method
learns to generate globally optimized beamforming matrices,
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Fig. 1. The considered multi-cell ISAC system.

achieving superior performance while preserving data privacy
and reducing communication costs. Through numerical sim-
ulations, we demonstrate that the proposed solution achieves
performance comparable to the optimization-based algorithms
[8] while outperforms the closed-form solutions [13], [14].

II. SYSTEM MODEL

In this paper, we consider a downlink multi-cell ISAC
system with M cells. Each BS, m = 1,2, ..., M is equipped
with a uniform linear array (ULA) of Ny transmit antennas
and N receive antennas spaced at half-wavelength distance,
serving K, single-antenna users and sensing .J,,, point targets.
The index set of the BSs participating in the FL framework
is denoted by M = {1,2,..., M'}. During the training stage,
the required information will be exchanged via the backhaul
links between the M BSs and a central server.

An illustrative example of the considered system is shown
in Fig. 1. In the downlink, the mth BS transmits a unit-
power data stream S,,, € CX»*L with L being the number
of timeslots in a frame to the K, users. The baseband
transmitted symbol matrix X,,, € CN7*L is given by

Km
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where W,,, = [Wy1, W2, .. Wy k] € CNTXEm g the

beamforming matrix to be designed and Sg’ s € CE*1 denotes
the data stream intended for the kth user in the mth cell,
denoted by U,,,,. We assume the data streams are orthogonal
when L is sufficiently large so that: (1/L)S,,SH = I, . 1In

this case, the received signal at U,,; will contain the intended

signal and both intra-cell and inter-cell interference, given by
K
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where z,, . is the additive white Gaussian noise (AWGN) vec-
tor, i.e., each entry is independent and identically distributed
and follows the Gaussian distribution with zero mean and

variance 2. h; j ;, € CN7*1 denotes the block fading channel
vector from the ith BS to the kth user in the jth cell, which
is modeled as a Rician fading channel given by
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where v; j . > 0 denotes the Rician factor, h¥? and h)¥[,©%

are the LOS component and NLOS component respectively.

In this paper, we assume that the .J,,, sensing targets in each
cell can be regarded as point targets relative to the nearest
BS, which is commonly adopted in the literature [3], [15]. As
the BS works as a monostatic radar, the angle of departure
(AoD) and angle of arrival (AoA) are the same. According
to the network-level sensing interference model in [10], the
ICI channels from neighboring BSs to the serving BS impacts
the reception of the target echoes and therefore dominate the
network’s sensing performance. The received signal at the mth
serving BS is the summation of the echo signals reflected by
the targets and ICI from the surrounding BSs, given by
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where G, ., € CNrXNT g the interference channel from
the nth BS to the mth BS. In (4), o, ; incorporates the
effect of the round-trip pathloss and radar cross section
(RCS) of the target, 7 denotes the delay experienced by
the signal, and z,, is the AWGN vector with variance o2.
The transmit and receive steering vectors are represented
by a(Om;) = [1,.., /" Nr=Dsinl@n )T ¢ CNrx1 apd
b0, ;) = [1,..., e "Nr=D)sin(@m )T ¢ CNrX1 respectively,
and 6,,; denotes the angle of the target with respect to its
nearest BS, which is assumed to be estimated from a previous
crude observation. To maximize the received signal-to-noise
ratio (SNR) and ensure computational efficiency, the mth BS
applies the maximum-ratio combining (MRC) beamformer
vl =bH(0,,;) € C*Nr to extract the useful information
of target j from the received signal, the corresponding signal
after processing is
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For convenience, we uniformly represent both intra-cell anc%
inter-cell interference channel as the equivalent interference
channel g, i € CY*NT ¥ #£ m, i # j. Accordingly, we
let gl = am a0 ;) to denote the equivalent sensing
channel from the mth BS to the intended target j.



A. Performance Metric

Based on the above model, we can obtain the received SINR
of user U,,x
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c p—
Ym,k =

(6)
the first two terms in the denominator of (6) are the power of
intra-cell interference and inter-cell interference, respectively,
which are to be minimized to improve the system-level
performance. We adopt the achievable communication rate of

the network as performance metric, which is written as
M Kpn
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Due to the use of receive filters, the optimal beamforming
matrix for sensing should match the equivalent channel of
the sensing target to maximize the illumination power, while
minimizing the interference power from other equivalent in-
terference channels. Therefore, the SINR of sensing target j
after applying MRC can be expressed as
|g7Hn,m,j Wm|2
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We propose to use the system radar information rate to

evaluate the sensing performance in the considered system,
as the accuracy of parameter estimation is proportional to the
information rate, which is given by
M Jm
Ry=> Y logy(1+75,)- ©)
m=1 j=1
B. Problem Formulation
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Without loss of generality, we assume K, = K and J,,, =
J,m=1,2, ..., M for consistency. In this work, we propose
to maximize the weighted sum of communication rate and
sensing rate, thus the network-level beamforming optimization
problem is formulated as

max  pRe+ (1 - p)R,

st. r(W,,WH) < Pr. vm=1,2,.., M,
where W = [W1, Wy, .., W] € CNtXEM jg the collection
of locally designed beamforming matrices. The performance
tradeoff between communication and sensing is achieved by
the weighting factor p € [0, 1], and the transmit power at each
BS is constrained to Pr. Obviously, solving problem (10) is
challenging due to its non-convexity. In the next section, we
will apply the deep learning technique to solve (10) efficiently.

(10)

III. VERTICAL FL FRAMEWORK FOR BEAMFORMING

Vertical federated learning (VFL) is a collaborative machine
learning paradigm designed for scenarios where multiple
parties possess different features of the same set of data
samples [16]. Unlike horizontal federated learning [17], which
deals with data split by users, VFL focuses on data split by
features. This makes it especially useful for collaborations
between organizations that share users but store different
types of information. In this section, we propose to train a

multilayer perceptron (MLP) [18] under VFL framework to
find the optimal beamformers for each BS which maximizes
the weighted sum of communication rate R, and sensing rate
R, while satisfying the power constraints.

Z{;k \hﬁ,m,kwm,lp + Zﬁ;m Zfil |hff,m,kwn,i|2 +02" A, DNN architecture

The proposed MLP consists of Ny layers with dy neurons
per hidden layer to approximate the beamforming function.

1) Input layer: During local training at each BS m,
m = 1,..,M, the DNN takes communication channels
H,, = {(hynk)vnr} € CNT*ME and sensing channels
G = {(gm.n)wn}t € CNT*M as inputs. Since deep learn-
ing frameworks do not natively support complex numbers,
these matrices are decomposed into their real and imaginary
components before being concatenated into a real-valued input
vector.

2) Hidden layers: The depth of a DNN impact its nonlin-
earity and ability to extract feature information. The proposed
network for beamforming contains four fully-connected hid-
den layers, balancing model complexity and overfitting risk.
We apply the LeakyReLU activation function, which allows
small negative slopes to handle negative values effectively.
Additionally, a dropout layer with a probability of ( = 0.15
is employed after activation to enhance generalization and
prevent overfitting.

3) Output layer: The output layer produces a matrix of size
N x K x 2 representing both real and imaginary components
of the beamforming solution, which are separated and recom-
bined to reconstruct the complex-valued beamforming matrix
W of size Nr x K. Finally, a normalization layer is used
to scale the output so that the power constraint is satisfied,
which is given by

we = L W, an

B. Channel Data Acquisition

In conventional centralized frameworks, local nodes must
transmit their collected channel data to a central server, where
globally optimized beamforming solutions are computed and
then sent back for local utilization. Unlike these approaches,
our method only requires channel information uploading dur-
ing the training process, while the trained models can operate
based on the local channel information when deployed online.
First, each BS transmits an orthogonal pilot signal X for
channel estimation and initial detection, the covariance matrix
of the probing signal is denoted by

Pr

Ry = N—TINT7 (12)

where the omnidirectional signal is received not only by the
intended users and targets but also by interfering devices. BS
m can estimates a general direction 6, of the target of the
target within its coverage area based on the echo signal. After
receiving the pilots, users and neighboring BSs return the
estimated channel data to the transmitting BS. Consequently,
BS m constructs its local channel dataset.
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Fig. 2. Proposed training framework.

C. Learning-based Formulation

Fig. 2 shows the proposed VFL-based training framework
for cooperative beamforming design. This framework pri-
oritizes minimizing information exchange and reducing the
associated overhead. To achieve this, during the training
phase, the central server calculates the global communication
and sensing loss, which are defined as the negative sum
communication rate and radar information rate respectively

M K

L(W) == "> logy(1 475, 1), (13)
m=1 k=1
M J

L(W) == logy(1+75,,): (14)
m=1 j=1

The global optimization problem becomes minimizing the
weighted sum of (13) and (14)

[Wln.l.h\%VM PL(W) 4+ (1 —p)Ls(W)

st. (W, WI)y < pp,

(15)
VYm =1,2,..., M.

For the CUs, the full feature set of the ith sample sam-
ple consists of the global channel information HO =
[H(ll), Hgb), HS\Z/I)], where H'}) represents the partial channel
data available at BS m. Likewise, the sensing feature set
for the ith sample is given by G(*) = [ng),G(;), ...Gg&)],
aggregating the local sensing channel data from all BSs.
Within the VFL framework, each BS independently learns to
optimize its local beamformer W, ,Vm € M through the
following steps.

1) Forward propagation: In the global round 7T, the local
BSs use the ith local channel sample to design the beamform-
ing matrices, the process can be given by

W = f(H, GLLwi), (16)
where o.;,(nT ) is the model parameter set of the mth BS at the
T'th global round.

2) Local uploading: Each BS uploads its independently

designed beamforming matrices and the corresponding input

channel sample [Hg,?, GE,?] to the central server.

3) Features aggregation: Upon receiving the designed
beamformers and partial channel information from the BSs,
the central server can aggregate them into the global channel
information H(¥), G(9) and calculate the global loss

LIW) = pLe(W) + (1 = p)Ls(W), (17)
which is then fed back to the local BSs for model updates.
4) Backward propagation: With the global loss informa-
tion, each BS can perform individual backward propagation
using the chain rule, propagating the error from the output
layer back to the input layer of its own model. In this work,
we adopt the stochastic gradient descent (SGD) algorithm [19]
to update the model parameters, which is given by
wia T = wil) —nVe(Wiwll),
where 7 represents the learning rate.

(18)

D. Complexity Analysis

Deep learning-based beamforming introduces additional
offline training costs beyond the computational overhead of
online processing. Training complexity mainly rises from
forward and backward propagation, involving arithmetic op-
erations in fully connected layers and data processing blocks.
The proposed MLP network has Ny hidden layers of dimen-
sion dy, with input and output sizes depending on system
configuration. Using Big-O notation, the forward propagation
complexity is O((MK + M + K)Nrdg + Nyd%), while
activation layers contribute O((Ng + 1)dg). The input and
output of DNN are processed to generate real-valued vector
and complex-valued vector respectively, which results in the
computational cost of O((M + 1)K Nr). The computational
cost of backward propagation is generally about twice that of
forward propagation [20], thus the total training complexity
is OB3((MK + M + K)Nypdy + Nydy)).

Beyond the computational burden mentioned earlier, the
joint training process also incurs additional communication
overhead. During each training iteration within the VFL
framework, participating BSs must transmit their output ma-
trices and corresponding input channel samples to a central
server for global loss computation after completing a forward
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TABLE I
HYPERPARAMETERS
HyperParameter Value
Cell radius 500(m)
Communication path loss 3.6
Sensing path loss 2
Rician factor v 3
Target RCS 1.0(m?)
Num of hidden layers Ngy 4
Num of neurons in hidden layers dp 512
Weight decay factor 10~F
Batch size 128
Learning rate 107

pass. This results in a total communication overhead of
(M + 1)K Ny for each local BS. In the online deployment
phase, the primary computational cost arises from forward
propagation, which scales proportionally with the number of
cells M, communication users K and transmit antennas Nr.
In contrast, the WMMSE algorithm has a computational com-
plexity of O(L.,(K2N? + KN3)) according to [21], where
L., denotes the number of iterations. This highlights a key
drawback of traditional optimization approaches—their high
complexity and iterative nature, which hinder parallelization
and make them less practical for real-time applications.

IV. PERFORMANCE EVALUATION

In this section, we evaluate the proposed beamforming solu-
tion for multi-cell ISAC systems. Unless otherwise mentioned,
the considered system consists of M/ = 3 cells, where each BS
is equipped with N7 = 12 transmit antennas and Np = 12
receive antennas, serving K = 2 users while sensing J = 2
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w

point targets. The positions of users and targets are generated
randomly, and both communication and sensing channels are
obtained through the channel sounding stage as described in
III-B. In our simulations, each BS collects 20,000 channel
samples for training and 2,000 channel samples for testing.
Model parameters are updated using the Adam optimizer [22],
other hyperparameters are summarized in Table. I.

We first evaluate the communication performance of the
proposed methods by analyzing the achievable rate across
varying signal-to-noise ratios (SNRs). The benchmarks in-
clude the optimization-based WMMSE scheme [8], the per-
cell deep learning (DL) beamforming method [6], and two
closed-form solutions: maximum ratio transmission (MRT)
[13] and interference minimizing transmission (IMT) [14].
As shown in Fig. 3, when p = 0.99, our VFL method
consistently outperforms WMMSE, demonstrating the advan-
tage of learning-based approaches, which significantly reduce
computational complexity and latency compared to traditional
optimization methods. Moreover, leveraging global channel
information enables the VFL method to achieve a 45% gain
over the per-cell DL method, which suffers from performance
saturation at high SNRs. A similar pattern emerges in the
MRT-IMT comparison, and this highlights the effectiveness
of ICI controlling when interference surpasses noise as the
dominant factor. The results underscore the importance of
cooperative beamforming in optimizing network-level perfor-
mance.

For sensing performance, we compare our proposed meth-
ods against the conjugate beamforming (CBF) scheme [15],
where each BS directs its beamformer towards target angle
0., to maximize sensing SNR. Additionally, we adapt the
per-cell DL approach from [6], modifying its loss function to
optimize the radar information rate. Fig. 4 illustrates that when
p = 0.01, the VFL method achieves up to a 94% improvement
over CBF as SNR increases. Besides, By comparing the
performance differences between our method and two other
methods that are performed on a per-cell basis, we can observe
that the impact of eliminating ICI is more pronounced in
sensing than in communication at low SNRs, as interference
is the dominant limiting factor due to round-trip path loss,
which is consistent with conclusions drawn in [10].

The tradeoff between communication and sensing perfor-
mance as a function of the number of transmit antennas is



presented in Fig. 5. Each curve represents the achievable
communication rate . and radar information rate R, across
different values of p (0.1-0.9). We introduce a time-sharing
scheme, constructed from two extreme operating points, as
a reference for performance comparison. The Pareto front,
formed by the (R., Rs) boundary, expands as the number
of antennas increases, demonstrating that the VFL method
effectively exploits spatial degrees of freedom (DoFs). Specif-
ically, for a fixed radar information rate, our method achieves
up to 58% higher communication rate than the time-sharing
scheme with N7 = 12, and this advantage grows to 63% when
Nr = 20. Furthermore, the ability to suppress interference
scales with the antenna count, leading to more substantial
improvements in sensing performance. These results confirm
that interference management benefits grow with available
DoFs, significantly enhancing both sensing and communica-
tion efficiency at the network level.

V. CONCLUSION

In this paper, we proposed to use VFL framework for the
downlink beamforming design in multi-cell ISAC. We formu-
lated the optimization problem to maximize the weighted sum
of the system communication rate and radar information rate,
and utilized the neural networks to find the optimal solutions
efficiently. The models trained under VFL framework can
operate without global channel information exchange between
BSs. Through numerical simulations, we demonstrated that
our solution can achieve performance comparable to tradi-
tional centralized methods while offering significant improve-
ments in computational efficiency and scalability, making it
suitable for practical deployments.
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