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Abstract—Federated edge learning (FEEL) greatly facilitates
the development of ubiquitous intelligence by combining feder-
ated learning and edge computing. However, traditional FEEL
implementations assume fixed-sized local datasets, neglecting the
potential of edge devices to acquire sensory information actively.
Such a simplistic scenario leads to overestimating data availability
and underestimating resource utilization in networks with vary-
ing resource capacity. Moreover, the existing FEEL-oriented sys-
tems with integrated sensing, communication, and computation
(ISCC) have separate-based designs, leading to an inefficient use
of wireless resources. To alleviate these issues, we propose a novel
FEEL-oriented ISCC framework in edge collaborative networks,
by leveraging the integrated sensing and communication (ISAC)
technique to achieve the dual purpose of data sensing and param-
eter transmission. Then, over the designed framework, we present
FEEL convergence analysis under non-independent and identically
distributed (non-iid) and iid data. Correspondingly, we formulate a
joint beamforming and flexible time duration optimization problem
to maximize the convergence speed of FEEL, subject to limited
resources on the devices and requirements for data sensing and
communication. To address the problem efficiently, we propose an
alternative optimization framework, in which the successive convex
approximation (SCA) method is adopted to solve the nonconvex
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beamforming design subproblem, and a low-complexity method is
derived for optimal time allocation. Extensive results reveal that the
proposed framework can achieve excellent performance in model
training accuracy by efficiently utilizing limited resources in edge
collaborative networks, under iid and non-iid data.

Index Terms—Alternative optimization, beamforming,
federated edge learning, integrated sensing, communication,
and computation (ISCC).

I. INTRODUCTION

THE upcoming sixth-generation (6G) wireless networks
and unprecedented advances in artificial intelligence (AI)

techniques are expected to provide opportunities for a multitude
of applications, including smart cities, health care, and industrial
Internet of Things [1]. In particular, the synergy between mobile
edge computing (MEC) technologies and AI enables a major
transformation of the AI paradigm from cloud AI to edge AI [2].
As such, data communication efficiency can be significantly
improved, and latency-critical intelligence applications can also
be supported by leveraging resources in proximity to the end
devices. Nonetheless, deploying a centralized AI model at the
edge is both energy- and communication-inefficient, as the edge
node becomes a bottleneck; furthermore, such a configuration
presents privacy-related risks [3]. Thanks to modern hardware
capabilities, also small devices can compute complex logic,
making distributed AI at the edge a viable solution to delivering
AI services [4]. Federated learning (FL), a distributed learning
paradigm, enables multiple data owners to collaborate in model
training without revealing their local data, thus reducing commu-
nication overheads and avoiding privacy issues. Deploying FL in
MEC drives the development of federated edge learning (FEEL),
which consists of a set of resource-constrained end devices that
possess personal data and participate in collaborative learning,
and a server that coordinates the learning process [5]. During
each training round, each participating end device downloads
the global model from the server and uses its own dataset for
training. After that, the server collects the new parameters from
all participants and performs a global aggregation. Herein, FEEL
enables the computing and networking resources dispersed on
various edge devices to be leveraged for ubiquitous intelligence
in the 6G network [6].

However, there are still many issues in supporting FEEL,
including channel fading in the wireless system and resource
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limitation of edge devices, which may cause transmission errors,
model accuracy degradation, and high training costs. Therefore,
efficient resource allocation is critical for the MEC platform
to achieve high-performance FL. To this end, numerous FEEL
architectures and communication technologies have been devel-
oped to minimize the FL loss function [7], maximize FL con-
vergence rate [8], and maximize the transmission efficiency [9].
Unlike traditional FEEL systems that rely on existing datasets
for model training, e.g., users’ browsing history information and
social media content, the future 6G networks are committed to
creating an AI-native environment to achieve ambient intelli-
gence [10]. Take smart inspection in the intelligent industry as
an example: massive sensing nodes undertake data acquisition to
offer high-accuracy and real-time status of the production lines,
seamless communication helps rapid interaction in terms of
data and feature information, and distributed computing power
accomplishes data analysis and feature extraction. Therefore,
a multi-functional platform with integrated sensing, commu-
nication, and computation (ISCC) is necessary to support the
emerging 6G intelligent applications, such as the FEEL.

Taking advantage of the dual functionality design of radar
sensing and data communications simultaneously, integrated
sensing and communication (ISAC) is gaining popularity as
a 6G network solution, as it can be implemented on devices
with small size, lightweight, and low-cost [11]. Until now, to
improve spectral efficiency and network performance, several
works have been devoted to involving ISAC-enabled devices in
ISCC networks [12], [13], [14]. However, most of the network
architectures adopt the separation-based design, which aims
to simultaneously satisfy the requirements of all processes in
isolation. Conversely, FEEL in the future 6G era calls for deep
integration in network design, in which the network functions
in sensing, communication, and computation must be symbiotic
to complete a common learning task [15]. Specifically, the edge
devices need to sense the environment and generate data samples
concurrently, update local models in parallel, and upload local
models for global aggregation. The quality and quantity of
acquired sensing data are restricted by the limited resources on
devices and deeply affect the FEEL performance. Compared
to traditional ISCC systems with fixed dataset assumptions
of FEEL, the unified framework can more precisely evaluate
network performance and flexibly control network resources,
thereby alleviating the issues of overestimating data availability
and resource wastage in networks with scarcity and sufficient
resources, respectively.

To break through the concern of separating sensing infor-
mation acquisition from model training, a new FEEL-oriented
ISCC system needs to be investigated. Meanwhile, the system
performance metrics of interest will transform into learning
performance. However, there still remain many challenges to
be addressed: How to unleash the potential of the ISCC system
to improve FEEL performance? How to explicitly quantify the
impact of such a system on FEEL performance? How to achieve
efficient multidimensional network resources management to
exploit the ISCC benefits? For these purposes, we propose a
novel FEEL-oriented ISCC framework in edge collaborative net-
works (FLISC3), in which the ISAC technology is leveraged as a

spectrum-efficient solution to achieve the dual purpose of dataset
collection and model transmission. In particular, each device
transmits the independent radar waveform and communication
symbol, forming multiple beams toward the target and the edge
server, respectively. During each FEEL iteration, each device
senses the target for local training and simultaneously transmits
the local model-updates generated at the prior iteration, thus
efficiently accelerating the training process. Within the proposed
architecture, we aim to achieve an enhanced learning perfor-
mance by jointly optimizing beamforming and time duration
allocation. The main contributions of this paper are summarized
as follows.
� To support high-performance FEEL in resource-

constrained edge networks, we propose a novel FEEL-
oriented framework by involving horizontal collaboration
among multiple edge devices and vertical collaboration
across the triple-function of sensing, communication, and
computation. In addition, we derive the FEEL convergence
rate both under non-independent and identically distributed
(non-iid) and iid data in the FLISC3 system. Based on
the analysis, we formulate a joint resource allocation
problem to maximize the sensing and communication
(S&C) duration under the requirements of delay, energy
consumption, and sensing performance.

� To tackle the problem efficiently, we first analyze the re-
lations between the coupled control variables and develop
an algorithm to alternatively optimize transmit precoding
and time duration allocation. Specifically, given the S&C
time duration, we provide semidefinite relaxation (SDR)
and an iterative solution based on the successive convex
approximation (SCA) method for the joint beamforming
design. Then, the closed-form expression of optimal S&C
time duration can be derived given the transmit precoding.

� Numerical results demonstrate that the proposed FLISC3

can provide successful and high-performance FEEL ser-
vices by unleashing the potential of the collabora-
tive edge system, compared with the other three tra-
ditional ISCC training frameworks. Additionally, unlike
the positive performance gain under iid, increased de-
vices degrades convergence performance under severe data
heterogeneity.

The remainder of the paper is organized as follows. In
Section II, we provide related works on resource management
for FEEL and ISCC networks, respectively. In Section III, we
introduce the system model. In Section IV, we provide the
expected convergence rate of FL in our ISCC system and give
the problem formulation. In Section V, we provide the problem
analysis and the optimization framework. In Section VI, we pro-
vide extensive simulations and contrastive analysis of numerical
results. Finally, Section VII concludes this paper.

Notation:We use boldface letters in lowercase and uppercase
to denote column vectors and matrices, respectively. For the
complex-valued vector x, ‖x‖ represents the corresponding
Euclidean norm. Superscripts (·)H and (·)T represent Hermitian
transpose and transpose, respectively. Moreover, Tr(·), rank(·),
and det(·) are the trace operation, rank operator, and matrix de-
terminant, respectively. IN denotes the N ×N identity matrix.
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CN×N denotes the complex space of N ×N . E(·) denotes the
statistical expectation.

II. RELATED WORK

To provide the best support of FL in wireless edge networks,
resource allocation for FEEL has been widely investigated, with
a focus on the perspectives in communication and computation.
Moreover, with the requirements of obtaining real-time environ-
ment information, wireless sensing is further considered, thus
driving brand-new research in ISCC architecture design and
corresponding resource management for supporting different
computing tasks.

A. Resource Management for FEEL

Considering the resource bottleneck of the edge environ-
ment, a group of existing works has paid plenty of attention
to improving the performance of FEEL, which mainly inves-
tigated it from two perspectives. In particular, several works
focused on enhancing FL algorithms to address the challenges
of FL in edge computing. For example, considering the de-
vice heterogeneity and resource scarcity, the authors in [16]
and [17] proposed efficient network pruning-based FL systems,
while the authors in [18] and [19] studied the joint resource
allocation and device selection problem in wireless networks.
Moreover, to improve model aggregate efficiency, importance-
based updating and gradient quantization technologies were
adopted in [8] and [20], respectively. Considering the model
staleness and unacceptable waiting time caused by heteroge-
neous devices, the authors in [21] proposed a blockchained dual-
asynchronous federated learning service model in the digital
twin-empowered edge-cloud continuum. On the other hand, a
wide spectrum of studies have invoked various technologies and
proposed different resource management schemes to improve
the MEC system, thereby offering great potential to support FL.
For example, to address the straggler problem caused by user
resource heterogeneity, the authors in [22] invoked a hybrid
non-orthogonal multiple access (NOMA)- time division mul-
tiple access (TDMA) scheme. Moreover, over-the-air federated
learning (AirFL) is developed as a promising solution to reduce
communication and computation overheads as well as shorten
the training latency by exploring the superposition property of
wireless channels [23].

Although existing research efforts have effectively improved
the performance of wireless networks as well as the efficiency
of FL, they generally assumed a readily available dataset on
each device and ignored the ability of devices to actively
sense the environment. This cannot align with the devel-
opment of future AI-native networks and may significantly
affect the learning performance due to the highly coupled
functions.

B. Resource Management in ISCC Network

As a potential key technology in 6G networks, ISAC has
drawn significant attention due to its flexible control and effi-
cient performance guarantee over the beamforming process. In

the most recent ISCC system, edge computing is leveraged to
reduce the computation burden for processing sensor data. For
example, the authors in [12] considered an ISCC architecture
with multiple user terminals, and each of them performs radar
sensing and computation offloading simultaneously by using
multiple-input and multiple-output (MIMO) arrays. The authors
in [24] constructed an ISCC system and adopted the orthogonal
frequency division multiplexing (OFDM)-based integrated radar
and communication waveform for surroundings sensing and
computation offloading. In addition, the authors in [25] intro-
duced an ISCC-based task offloading and resource allocation
framework for vehicular cooperation perception. Considering
the reliability requirements of the offloading process, the authors
in [13] further introduced short-packet transmissions in the
MIMO-based ISCC network. Different from the assumptions
that the sensing and communication are integrated on edge
devices, the authors in [26] and [27] investigated an ISCC system
where a triple-functional base station (BS) is invoked to perform
a sensing task, and also provide communication and computing
services.

However, the ISCC systems mentioned above were designed
in a task-agnostic manner, which poses a great challenge in
satisfying the strict requirements of emerging AI applications.
For this purpose, an edge intelligence-oriented ISAC was in-
vestigated in [28] and [29]. Specifically, the authors in [28] in-
vestigated an ISAC-accelerated edge intelligence system, while
the authors in [29] adopted a cooperative multi-station sensing
scheme to improve model training accuracy. As for edge AI
inference, the authors in [30] proposed an edge-device co-
inference oriented ISCC scheme with the help of over-the-air
computation (AirComp), and the authors in [31] further investi-
gated the mode selection in edge inference to make full use of
the different paradigms’ benefits.

Different from the edge inference that concentrates on com-
putation efficiency, FEEL pays more attention to the learning
performance via device collaboration and resource management.
However, the research on the FL-oriented ISCC system is still
in its infancy, and target sensing is generally viewed as an
add-on module in most existing literature. For example, the
authors in [32] proposed a unified ISCC framework to complete
over-the-air FL and target estimation, and the authors in [33]
further conducted the FL convergence analysis by considering
the downlink transmission error. To push the AI-native network,
FEEL requires the support of sensing for data acquisition,
thereby constituting a data delivery pipeline. For this purpose,
the authors in [34] proposed an FEEL-oriented ISCC framework,
where sensing and communication signals occupy orthogonal
time-frequency resources. Considering the energy bottleneck
of mobile devices, the authors in [35] further investigated the
sustainable FL by leveraging wireless power transfer. However,
the completely sequential execution of all functions inevitably
causes inefficiency in resource consumption due to the lack of
flexibility in the system. To this end, we investigated the joint
resource optimization in FLISC3, in which the ISAC is lever-
aged to enhance system performance under stringent resource
constraints. To the best of our knowledge, this problem has not
been yet investigated.
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Fig. 1. Illustration of the system model and time allocation architecture for ISCC device k.

TABLE I
IMPORTANT NOTATIONS IN OUR MODEL

III. SYSTEM MODEL

As shown in Fig. 1, we consider an FEEL-oriented and
ISCC-enabled edge collaborative network, which incorporates
a single BS and K ISCC devices indexed by K = {1, . . . ,K}
to train an AI model cooperatively. The BS is equipped with a
single antenna and is connected to an edge server. Each ISCC
device is equipped with an antenna array with N antennas for
simultaneously performing radar detection (yellow connection)
and parameter uploading (blue connection). Some key parameter
notations are summarized in Table I.

A. FEEL Model

The time allocation architectures of FLISC3 and the tradi-
tional serial FEEL system are illustrated in Fig. 1, in which
the training process consists of multiple communication rounds.
At the initialization stage in FLISC3, the BS broadcasts the
global FL model with model parameters gt to all ISCC devices.
After receiving the global parameters, the ISCC devices leverage

all power resources to sense surroundings simultaneously. The
reflected signal from each target can be extracted as a set of
radar data samples. Let Dk represent the maximum number of
the collected samples of ISCC device k by leveraging all power
resources for radar sensing. Then, each device executes local
FL model updates with the acquired data and its own computing
resources. Each subsequent training round mainly consists of
three steps as follows.
� Simultaneous local model uploading and data sensing: In-

stead of executing sensing and communication sequentially
in traditional design, the sensing and communication stages
are merged in FLISC3 to fully utilize the wireless signals.
Specifically, each ISCC device performs communication
and sensing simultaneously by sharing the same antenna
array and leveraging the multi-beam-based transmitter. In
particular, each device transmits the local FL model wk

updated at the last round to the BS, and transmits radar
waveforms for target sensing. Then, a certain amount of
radar data can be obtained by processing the received radar
echo signals. Here, we denote the set of acquired sensing
data by the device k as Sk = {xk,i, yk,i}Sk

i=1, where Sk is
the total number of samples. xk,i and yk,i are the feature
vector and label of the ith sample, respectively.

� Global model aggregation and broadcast on BS: After
receiving the local FL models from all ISCC devices, the
global FL model on BS will be updated according to

g =

K∑
k=1

Sk

S
wk, (1)

where S =
∑K

k=1 Sk is the total samples perceived by all
ISCC devices. Due to the abundant power resources on
BS, the time and energy consumption for global parameter
aggregation and broadcast are omitted [18], [34].

� Local gradient update: With the acquired data samples Sk

and the received global model in the current round, each
ISCC device can use the stochastic gradient descent (SGD)
method to update its local FL model.

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on June 08,2026 at 08:08:37 UTC from IEEE Xplore.  Restrictions apply. 



368 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 19, NO. 1, JANUARY/FEBRUARY 2026

B. Transmit Signal Design

Considering the dual functionalities enabled by joint beam-
forming, the transmit signal of the ISCC device k can be repre-
sented as a weighted sum of communication symbols and radar
waveforms. At the time slot n, the transmit signal is given by

xk[n] = wc,kck[n] +Ws,ksk[n], (2)

where ck[n] is the communication symbol to be transmit-
ted to the BS, the N × 1 vector sk[n] = [s1[n], . . . , sN [n]]T

includes N individual radar waveforms. wc,k ∈ CN×1 and
Ws,k ∈ CN×N are the precoders for communication and radar,
respectively. To facilitate the analysis, we make the following
assumptions [12], [27]: 1) Both radar and communication sig-
nals are zero-mean, temporally white, and wide-sense stationary
stochastic process; 2) The communication symbols are uncorre-
lated with the radar waveforms, i.e., E(skc

H
j ) = 0N×1, ∀k, l ∈

K; 3) Communication symbols satisfy E(ckc
H
k ) = 1 and

E(ckc
H
j ) = 0, ∀k �= l; 4) Radar waveforms for all ISCC de-

vices are uncorrelated with each other, i.e., E(sks
H
k ) = IN and

E(sks
H
j ) = 0N , ∀k �= l.

Let Rk denote the covariance of the transmit waveform for
ISCC device k, which is given by

Rk = E
(
xk[n]x

H
k [n]

)
= wc,kw

H
c,k +Ws,kW

H
s,k. (3)

Hence, the transmit power for ISCC device k is calculated as
Tr(Rk).

C. Radar Sensing Model

To acquire sensing data samples with satisfactory quality for
training, we adopt sensing mutual information (SMI) to evaluate
the radar sensing performance, which aims to extract the envi-
ronmental information in the target response from the received
echo signal [36]. Moreover, we assume that the communication
signals can be used for radar sensing since the radar receiver of
each ISCC device knows exactly the transmitted communication
symbols [12], [29]. For ISCC device k, considering that a single
point-like target in the far-field is located at direction θk from it,
its received radar echo is given by

ys,k[n] = βkak(θk)a
T
k (θk)xk[n]

+

K∑
i=1,i�=k

Hi,kxk[n] + vk[n], (4)

where βk ∈ C is the complex reflection coefficient depend-
ing on the radar cross section (RCS) and path loss be-
tween the device and target. ak = 1

N [1, ej2π� sin(θk)/λ,

. . . , ej2π(N−1)� sin(θk)/λ]T ∈ CN×1 is the array steering vector
of direction, where � is the antenna spacing and λ denote the
signal wavelength. In addition,Hi,k ∈ CN×N is the interference
channel coefficient from ISCC device i tok, andvk[n] is additive
zero-mean temporally-white noise with vs,k[n] ∼ CN (0, σ2

s

IN ).
We assume that each ISCC device can accurately track the

target’s position. Therefore, SMI measures the information in
reflection coefficient β from the reflected echo signal ys,k. With
the knowledge of xk[n], the SMI for ISCC device k can be given

by

Is,k[n] = I (βk;ys,k[n]|xk[n])

= log2det
(
IN+Hk

(
wc,iw

H
c,i+Ws,iW

H
s,i

)
HH

kN
−1
s,k

)
,

(5)

where Hk = βkak(θ)a
T
k . In addition, N−1

s,k is the interference-
plus-noise, which is expressed as

Ns,k =
K∑
i�=k

Hi,k

(
wc,iw

H
c,i +Ws,iW

H
s,i

)
HH

i,k + σ2
sIN . (6)

D. Communication Model

Considering the model parameters of multiple ISCC devices
are transmitted simultaneously via uplink, the received signal at
the BS is given by

y[n] =

K∑
k=1

hT
k xk + vc[n], (7)

wherehk ∈ CN×1 is the communication channel between ISCC
device k and BS, and vc[n] ∼ CN (0, σ2

c ) is the additive white
Gaussian noise (AWGN). According to (2), the received signal
of BS from ISCC device k is given by

yk[n] = hT
kwc,kck[n] +

K∑
i=1

hT
i Ws,isi[n]

+

K∑
i=1,i�=k

hT
i wc,ici[n] + vc[n], (8)

where the first part is the desired communication signal from
device k, the second part is the interface radar signal from all
devices, and the third part is the interference communication
signal from other devices.

Correspondingly, the data communication rate of ISCC device
k can be written as

rk = B log2

(
1 +

|hT
kwc,k|2

nc,k + σ2
c

)
, (9)

where B is the allocated bandwidth and nc,k =
∑

i�=k
K |hi

Twc,i|2 +
∑K

i=1 ‖hT
i Ws,i‖2 is the interference signal from

other devices and local sensing.

E. Delay and Energy Consumption Model

After receiving the corresponding echoes reflected from the
target during a period, the echoes are utilized to generate samples
for model learning. Denote the allocated time duration for simul-
taneous sensing and communication as tcs,k and the required
time for generating one sample as t0. The amount of data samples
can be calculated as Sk =

tcs,k
t0

. Accordingly, the computation
delay for training Sk data samples on ISCC device k can be
written as

tc,k =
Skφk

fk
, (10)

where φk is the required number of CPU cycles per sample and
fk is the available CPU cycles per second on ISCC device k. In
addition, as seen in Fig. 1, we consider the synchronous FEEL
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training in this paper, where the aggregation and local model
training won’t start until the BS receives the local models from
all ISCC devices. Therefore, the total time overhead of ISCC
device k for one global iteration is given by

Tk = max {tcs,k}k∈K + tc,k. (11)

Moreover, during the training process, the energy consump-
tion of each ISCC device is constituted by the transmission
energy consumption during radar sensing and parameter up-
loading, and computation energy consumption for local model
training, which can be expressed as

Ecs,k = tcs,kTr(wc,kw
H
c,k +Ws,kW

H
s,k), (12)

and

Ec,k = κSkφkf
2
k , (13)

respectively. κ > 0 is the energy efficiency parameter deter-
mined by the structure of devices. Correspondingly, the overall
energy consumption of ISCC device k for one global iteration
can be given by

Ek = Ecs,k + Ec,k. (14)

IV. FEEL CONVERGENCE ANALYSIS AND PROBLEM

FORMULATION

Due to resource competition on ISCC devices during sensing,
communication, and computing stages, the resource manage-
ment scheme deeply impacts the acquisition of sensing data
and FEEL performance. Therefore, we can always consider
Sk � Dk, ∀k ∈ K. With the local sensing data samples, each
device updates the local model by using the SGD method to
minimize training loss, which can be expressed as

wk,t+1 = gt − λ

Sk

Sk∑
i=1

∇f (gt (wc,k,Ws,k, tcs,k) ,xk,i, yk,i),

(15)
where λ is the learning rate, f is loss function, and ∇f is the
gradient of f with respect to gt. In addition, the global model is
updated as

gt+1 =

∑K
k=1 Skwk,t+1∑K

k=1 Sk

. (16)

Denote F (g) = 1
D

∑K
k=1

∑Dk

i=1 f(g,xk,i, yk,i), according to
(15) and (16), the global model update can be rewritten as

gt+1 = gt − λ(∇F (g)− o), (17)

where D =
∑K

k=1 Dk is the maximum number of acquired data
samples by using all time-frequency resources for radar sensing,

and o = ∇F (g)−
∑K

k=1

∑Sk
i=1 ∇f(gt,xk,i,yk,i)
∑K

j=1 Sk
.

A. Convergence Analysis With IID Data in Strongly Convex
Case

To facilitate the analysis of the excepted convergence rate, we
first make the following assumptions [7]:
� Assumption A1: The overall gradient of F (g) is uniformly

Lipschitz continuous, i.e.

‖∇F (gt+1)−∇F (gt)‖ ≤ L‖gt+1 − gt‖. (18)

� Assumption A2: The loss function F is strongly convex
with positive parameter μ:1

‖∇F (gt+1)−∇F (gt)‖ ≥ μ‖gt+1 − gt‖. (19)
� Assumption A3: The loss function F is twice-continuously

differentiable. According to (18) and (19), we have

μI � ∇2F (g) � LI. (20)
� Assumption A4: We assume the loss f(gt,xk,i, yk,i) cal-

culated on the ith samples and kth device satisfies2

‖∇f(gt,xk,i, yk,i)‖2 ≤ ζ1 + ζ2‖∇F (gt)‖2, (21)

in which ζ1 and ζ2 are two non-negative constants [7], [16].
Under the above assumptions, the expected convergence rate

of the FEEL model satisfies the following theorem.
Theorem 1. Given the beamforming design and the S&C

time duration of all ISCC devices, the expected optimality gap
of FEEL with setting learning rate λ = 1

L is bounded by

E [F (gt+1)− F (g∗)]

≤ At+1E [F (g0)− F (g∗)] +
2Rζ1
LD2

1−At+1

1−A
, (22)

where R = (D − S)2 and A = 4μRζ2
LD2 − μ

L + 1.
Proof. The detailed proof is shown in Appendix A. �
Proposition 1. Given the learning rate λ = 1

L , to guarantee
the convergence of FL, ζ2 must satisfy the following condition

0 < ζ2 <
D2

max 4R
. (23)

Proof. In Theorem 1, when A ≥ 1, the FEEL algorithm
will not converge, while when A < 1, we have At+1 → 0 as
t → ∞. Hence, the FL converges with convergence residual

2Rζ1
LD2(1−A) . To guaranteeA < 1, 4μRζ2

LD2 − μ
L + 1 < 1 needs to be

ensured. Based on Assumption A3 in (20), we can derive μ ≤ L.
Correspondingly, ζ2 < D2

4R needs to be satisfied. To achieve this

goal, ζ2 < D2

max4R needs to be achieved. Based on (21), we have
ζ2 > 0. This completes the proof. �

From Proposition 1, we see that the FEEL convergence
depends on the parameters related to the approximation of
‖∇F (gt)‖2, and the convergence can be ensured only if ζ2
satisfies the constraint (23). Under the iid data assumption, the
divergence between local gradient and global gradient is small,
thus causing a small value of ζ2 [37]. Therefore, there always ex-
ists ζ1 and ζ2 that satisfy the constraint in (23) and the assumption
in (21), thus we remove the constraint in the following analysis.
Additionally, in Theorem 1, gt+1 is the global FL model based
on the sensed data samples of all ISCC devices at learning
iteration t+ 1, and g∗ is the optimal global FL model obtained
by leveraging the ideal datasets without wireless limitations. In
(22), there exists a gap, 2Rζ1

LD2
1−At+1

1−A , between E[F (gt+1)] and
E[F (g∗)], which is affected by wireless communication aspects,
i.e., S&C time duration allocation. Specifically, subject to the

1 This assumption can be fulfilled by many popular learning models, e.g.,
least-squared SVM and the linear regression.

2 This bounded dissimilarity assumption can be seen as a generalization of
the iid assumption with bounded dissimilarity, while allowing for statistical
heterogeneity. Specifically, ζ1 captures the inherent noise of the system even
when the global model converged to the global optimum, and ζ2 reflects
dissimilarity among the local gradients.
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successful communication and quality-guaranteed sensing, the
gap will decrease as the sensing time increases. It can also be
seen that the value of A decreases as the sensing time increases,
thereby accelerating the FEEL convergence rate.

B. Convergence Analysis With IID Data in Non-Convex Case

In the deep learning tasks, non-convex loss functions are
generally leveraged in FEEL, such as neural networks, which
makes the strong convexity assumptions in (19) and (20) inef-
fective. Due to the non-convexity, SGD may converge to a local
minimum or saddle point. Thus, we adopt the expected gradient
norm as an indicator of convergence [38]. Based on Assumption
A1 and A4, the expected convergence rate of the FEEL model is
given in the following theorem.

Theorem 2 Let learning rate λ = 1
L , the expected conver-

gence rate of FEEL is bounded by

1

T + 1

T∑
t=0

E
[‖∇F (gt)‖2

]

≤ 2L

d(T + 1)
E [F (g0)− F (g∗)] +

4ζ1R

dD2
, (24)

where d = 1− 4ζ2 and R is the average sensing data difference
during T + 1 iterations.

Proof. The detailed proof is shown in Appendix B. �
Based on Theorem 2, the average l2-norm of the global

gradient is bounded by two terms. The first term is affected by
the gap between the initial model and the optimal model, which
converges to zero asT → ∞. The second term is impacted by the
sensing time allocation scheme. A higher value of R will result
in a larger upper bound. The result revealed in (24) is consistent
with the actual situation and the conclusion in Theorem 1, since
allocating more sensing time can obtain more sensing samples,
thus decreasing R and the upper bound. Moreover, under strong
convexity, Theorem 1 shows linear convergence with a rate of
O(AT ), 0 < A < 1, which means that the expected optimality
gap converges at least as fast as a geometric series with A.
Differently, Theorem 2 reveals a convergence rate of O(1/T )
to its corresponding stationary points. To achieve ε-accuracy,
Theorem 1 and Theorem 2 require O(log(1/ε)) and O(1/ε)
iterations, respectively, which reflects the slower convergence
rate of Theorem 2.

C. Convergence Analysis With Non-IID Degree

Due to the dynamic environments in practical networks and
heterogeneous sensing capabilities on devices, the sensing sam-
ples may exhibit non-iid among devices. Therefore, in this
subsection, we present the convergence upper bound of FEEL
with non-iid degree. Besides Lipschitz Continuity Assumption
A1 in (18), we also make the following assumptions:
� Assumption C1: Suppose ∇fk(gt, ξk) is the stochastic

gradient of device k on the sensing samples ξk, where
|ξk| = Sk. The gradient is a device-level unbiased gradient,
i.e.

E [∇fk(gt, ξk)] = ∇fk (gt) , (25)

where ∇fk(gt) is unbiased gradient of device k.
� Assumption C2: The gradient ∇fk(gt, ξk) of device k has

bounded variance, i.e.,

E
[‖∇fk(gt, ξk)−∇fk (gt) ‖2

] ≤ σ2
k, (26)

where σ2
k is the variance bound of device k and in inverse

proportion to the data size Sk.
� Assumption C3: To reflect the non-iid degree for non-

convex objective functions, we assume ∇fk(gt) has the
following bounded variance:

E‖∇fk (gt)−∇F (gt) ‖2 ≤ Γ2. (27)

These basic assumptions are widely adopted in the theoretical
convergence analysis of FL systems with non-iid data [39],
[40], [41]. Based on Assumption A1 and Assumption C1-C3,
the expected convergence rate of the FEEL model satisfies the
following theorem.

Theorem 3. Let the learning rate λ ≤ 1
L and T is the com-

munication round, the convergence upper bound is

1

T + 1

T∑
t=0

E
[‖∇F (gt)‖2

] ≤ 2

(T + 1)λ
(F (g0)− E [F (g∗)])

+
Lλ2

2
E

[
K∑

k=1

pk,tσ
2
k

]
+

λΓ2

2
,

(28)

where pk,t is the aggregation weight, and we adopt the propor-
tion of local sensing dataset size, i.e., pk,t =

Sk∑K
k=1 Sk

.

Proof. The detailed proof is shown in Appendix C. �
From (28), it is evident that the first term is mathematically

guaranteed to tend to zero with a sufficiently large communica-
tion round T . In addition, Theorem 3 qualitatively reveals the
impact of sensing data samples and different levels of non-iid
data on the convergence performance. Specifically, increasing
the sensing data size can reduce the gradient variance bound
σ2 of device k, thereby accelerating convergence. With respect
to non-iid data measured by the parameter Γ2, it is observed
that Γ2 has a negative impact on the model utility. Additionally,
the convergence rate of O(1/T ) in Theorem 3 also exhibits
sublinear convergence, which means that it requires O(1/ε) to
achieve ε-accuracy. Therefore, Theorem 3 illustrates the slower
convergence rate to stationary points, compared to the linear
convergence shown in Theorem 1.

Our convergence analyses across three cases reveal that the
assumption of objective functions and data distributions has
different impacts on the FEEL convergence. A critical com-
monality that emerges among them is that the convergence upper
bounds are influenced by wireless network factors, especially the
sensed data samples. The bound can be lowered by increasing
the acquired data, which is determined by the S&C time dura-
tion. However, this variable is deeply coupled with the transmit
beamforming design in the FLISC3 system for successful data
transmission. Therefore, to implement FEEL over a resource-
aware wireless network, joint resource management is necessary
to achieve the tradeoff between the convergence performance
and network constraints.
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D. Problem Formulation

To minimize the loss of FEEL training in such a system by
unified resource management, we formulate an optimization
problem to maximize the amount of sensing data, thus mini-
mizing the convergence gap. Meanwhile, the constraints of the
resources in multiple dimensions, the SMI requirements, and the
successful transmission of parameters also need to be ensured.
We thus formulate the problem as

(P0) : max
{wc,k},{Ws,k},tcs

K∑
k=1

tcs,k
t0

(29)

s.t. Rk = wc,kw
H
c,k +Ws,kW

H
s,k, ∀k (29a)

Tr (Rk) ≤ Pk, ∀k (29b)

Is,k[n] ≥ Imin
s,k , ∀k, (29c)

rktcs,k ≥ Z(Wk), ∀k (29d)

Ek ≤ Emax
k , ∀k (29e)

Tk ≤ τ,∀k, (29f)

where tcs = {tcs,k}Kk=1 is a set of S&C time allocation for
all ISCC devices, constraint (29b) is the power constraint of
each ISCC device, constraint (29c) is the required SMI level for
target sensing, constraint (29d) ensures successful transmission
of the local FEEL model, constraint (29e) limits the total energy
consumption on each device during each global iteration, and
constraint (29f) represents the overall time constraint for each
device during each global iteration.

Problem (P0) is challenging to solve due to the multi-
plicative terms and non-convex functions in constraints (29c),
(29d),(29e), (29f), thus causing standard convex optimization
techniques not to be applied directly. Nonetheless, close ob-
servation of (P0) shows that the objective function is only
related to the S&C time duration allocation and its optimal value
can be obtained once the optimal joint beamforming design
is obtained. To this end, we develop an efficient optimization
algorithm to decouple the problem into multiple parts and solve
them alternatively in the next section.

V. PROPOSED ALGORITHM DESIGN

A. Alternative Optimization Algorithm Design

In the problem (P0), the S&C time duration should be max-
imized to accelerate the FEEL convergence speed by precisely
adjusting other variables. For this purpose, we first analyze the
impact of {wc}, {Ws} on tcs,k. It can be seen that the upper
bound of tcs,k for each ISCC device can be derived from the
constraints (29e) and (29f), which is given by

UpperEk =
Emax

k t0
Tr (Rk) t0 + κφkf2

k

, ∀k (30)

and

UpperTk =

(
τ −max {tcs,k}k∈K

)
t0fk

φk
, ∀k, (31)

respectively. Then, the optimal tcs,k can thus be expressed as

tcs,k = min {UpperEk, UpperTk}, (32)

which is determined by the beamforming design, i.e., {wc}
and {Ws}. Correspondingly, our problem can be transformed
into maximizing the sum of (32) for all ISCC devices while
ensuring the constraints (29a)–(29d). However, due to the com-
plex objective function and variable coupling among multiple
devices, the problem is still non-convex and is intractable to be
solved directly. By further analysis, we find that the problem
might be energy-limited or delay-limited for different settings
of FEEL environment parameters and beamforming design,
thus leading to different time allocation solutions. Herein, the
transmit beamforming should be optimized to maximize the
upper bound in (30), and S&C time duration for multiple devices
needs to be optimized to maximize the upper bound in (31). By
this observation, the problem (P0) can be decoupled into two
subproblems as follows.

As seen in (30), minimizing Tr(Rk) can directly increases
tcs,k. Therefore, given the S&C time duration, the beamforming
optimization problem can be written as

(P1) : min
{wc,k},{Ws,k}

K∑
k=1

Tr (Rk) (33)

s.t. (29a) − (29d). (33a)

Considering the interdependence among devices during sens-
ing and communication, {wc} and {Ws} should be optimized
jointly by solving problem (P1), and the corresponding algo-
rithm is provided in Algorithm 2.

The other subproblem is to tune up S&C time duration for
each ISCC device with the given beamforming design, which
can be written as

(P2) : max
{tcs,k}

K∑
k=1

tcs,k (34)

s.t. (29d) − (29f). (34a)

To solve the problem with complicated constraint in (29f), we
propose a low-complexity algorithm to obtain the closed-form
of tcs,k, as seen in Algorithm 3.

Overall, the suboptimal solution of (P0) can be obtained by
repeating alternatively optimizing the subproblem (P1) and
(P2) until the stopping criterion is satisfied. The details of
the alternative optimization-based algorithm are concluded in
Algorithm 1.

B. Transmit Beamforming Design

In problem (P1), both the SMI and model transmission rate
constraints are non-convex. In this subsection, we tackle the
problem by adopting an SDR strategy and resorting to the SCA
method based on sequential convex programming to provide a
locally optimal solution. In particular, we first introduce new
matrix variables Rc,k = wc,kw

H
c,k and Rs,k = Ws,kW

H
s,k to

reformulate (P1) as the following semidefinite programming
(SDP)

˜(P1) : min
{Rc,k},{Rs,k}

K∑
k=1

Tr (Rc,k +Rs,k) (35)

s.t. Tr (Rc,k +Rs,k) ≤ Pk, ∀k (35a)

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on June 08,2026 at 08:08:37 UTC from IEEE Xplore.  Restrictions apply. 



372 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 19, NO. 1, JANUARY/FEBRUARY 2026

Algorithm 1: Alternative Optimization Algorithm for Solv-
ing (P0).

1: Initialize a feasible sensing and communication time
duration t0cs,k.

2: Initialize iteration index i = 1, maximum iteration
number I , and solution precision ε.

3: repeat
4: Jointly optimize problem (P1) and obtain

wi
c,k,W

i
s,k for all ISCC devices by using

Algorithm 2.
5: Solve problem (P2) and obtain the optimal tics,k for

each ISCC device according to Algorithm 3.
6: i = i+ 1.
7: until |ti−1

cs,k − tics,k| ≤ ε, ∀k or i >= I

log2 det
(
IN +Hk (Rc,k +Rs,k)H

H
k N−1

s,k

)
≥ Imin

s,k ,

(35b)

B log2

(
1 +

hH
k Rc,khk

nc,k + σ2
c

)
≥ Z

tcs,k
, (35c)

Rc,k,Rs,k ∈ S+
N , rank(Rc,k) = 1, ∀k, (35d)

where the inference terms in sensing MI constraint (35b)
and communication rate constraint (35c) can be rewritten
as Ns,k =

∑K
i�=k Hi,k(Rc,i +Rs,i)H

H
i,k + σ2

sIN and nc,k =∑K
i�=k h

H
i Rc,ihi +

∑K
i hH

i Rs,ihi, respectively.
The optimization problem is still non-convex due to the rank-

one constraints. Fortunately, SDP relaxation by omitting rank-
one constraints and solving the remaining problem is guaranteed
to have at least one optimal solution, which is rank one [28].
Therefore, the optimal solution of the relaxation problem can be

leveraged to construct a feasible solution of ˜(P1). Nonetheless,
the remaining problem after removing the rank-one constraints
is still challenging because of the non-convex SMI constraints.
We thus adopt the SCA method to solve the problem efficiently.

We first transform the left hand of (35b) based on a series
of properties and rewrite (35b) into the following difference of
convex (DC) form:

log2 det

⎛
⎝ K∑

i�=k

Hi,k (Rc,i +Rs,i)H
H
i,k/σ

2
s + IN

⎞
⎠

− log2det

(
K∑

k=1

Hi,k (Rc,k+Rs,k)H
H
i,k/σ

2
s+IN

)
≤ Imin

s,k ,

(36)

in which the terms with log det(I+X) are concave. Note the
transformation in (36) is derived sequentially according to⎧⎪⎨
⎪⎩
det (I+AB) = det (I+BA) ,

det
(
B−1A

)
= det (B) /det (A) ,

log det(A)− log det(B) = log det(A/c)− log det(B/c).
(37)

Then, we adopt the first-order Taylor expansion to approxi-
mate the first term in the concave form in (36). Before this, we

give the first-order Taylor expansion of log det(I+X) as

log det (I+X) ≤ log det (I+X0)

+ Tr
[
(I+X0)

−1(X+X0)
]
. (38)

According to (38), the nonconvex term of (36) is upper bounded
by (39), shown at the bottom of the next page, where Yk =∑K

i�=k Hi,k(Rc,i +Rs,i)H
H
i,k/σ

2
s . Rc,i and Rs,i are the fixed

covariance matrixs of the ith device from the optimization
at last round. Based on (39), the constraint (36) can be fur-
ther reorganized into (40), shown at the bottom of the next
page, where γk = log det(IN +Yk)− Tr(

∑K
i�=k(H

H
i,k(IN +

Yk)
−1Hi,k)(Rc,i +Rs,i)) is constant. Correspondingly, the

constraint (40) is convex since log det(I+X) is concave and
Tr(X) is linear.

In addition, constraint (35c) can be rewritten as the following
linear form(

2
Z

Btcs,k − 1
)
nc,k + σ2

c ≤ hH
k Rc,khk. (41)

After the above transformation, the SDP relaxation for the
problem (P1) can be further represented as

min
{Rc,k},{Rs,k}

K∑
k=1

Tr (Rc,k +Rs,k) (42)

s.t. (35a), (40), (41),

Rc,k,Rs,k ∈ S+
N , ∀k,

which is a convex problem and can be efficiently computed using
standard convex optimization numerical techniques.

The details of the SCA-based iterative algorithm for transmit
beamforming design are shown in Algorithm 2. The problem
(42) is repeatedly solved in each iteration, until the increase of
sum transmission power is lower than the defined solution pre-
cision. Correspondingly, we can obtain the globally suboptimal
solution R∗

c,k,R
∗
s,k, ∀k. Note that the SCA-based procedure is

guaranteed to converge within a limited number of iterations.
In particular, the optimal policy of problem (42) always exists
in general, which corresponds to a bounded minimum of the
objective function. Besides, the objective function value is non-
increasing during the whole optimization procedure of Algo-
rithm 2. Therefore, the convergence of the proposed algorithm
can be guaranteed. Note that there is no explicit rank constraint
for the covariance matrix Rs,k, ∀k, while if the rank of R∗

c,k, ∀k
is larger than one, a feasible solution of (P1) must be extracted
from R∗

c,k. In this paper, we then use the randomized procedure
in [42] to generate a feasible rank-1 solution wc,k for all ISCC
devices.

C. Optimal S&c Time Duration Allocation

With the given joint beamforming design, the problem (P2)
can be rearranged into the following concise form

˜(P2) : max
tcs

K∑
k=1

tcs,k (43)

s.t.
Z

rk
≤ tcs,k ≤ t0E

max
k

t0Tr (Rk) + κφkf2
k

, (43a)
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Algorithm 2: SCA-based Beamforming Design Method.
1: Initialize the covariance matrices for all ISCC devices

as Rc,k = 0 and Rs,k = 0, ∀k
2: Initialize solution precision ε.
3: repeat
4: Initialize the covariance matrices for each ISCC

devices Rc,k = Rc,k,Rs,k = Rs,k, ∀k.
5: With Rc,k,Rs,k, calculate the objective function of

(42) as Obj.
6: Calculate constant terms including γk,Yk, ∀k.
7: Solve problem (42) and update Rc,k,Rs,k, ∀k.
8: With Rc,k,Rs,k, calculate the objective function of

(42) as Obj.
9: until |Obj −Obj| ≤ ε

10: R∗
s,k = Rs,k

11: if rank(Rc,k) > 1 then
12: R∗

c,k = Rc,k, ∀k
13: else
14: Derive R∗

c,k from Gaussian randomization of Rc,k.
15: end if

max {tcs,k}k∈K +
tcs,kφk

t0fk
≤ τ, (43b)

in which the S&C time duration is mainly impacted by the
required time for processing local sensing data samples.

Lemma 1. Without considering the constraint (43a), for
the device with minimum value of φk/fk, its optimal S&C
time duration is the maximized, i.e., argmink{φk/fk} =
argmaxk{tcs,k}.

Proof. Let k′ = argmaxk{tcs,k} represent the device with
the maximum S&C time duration, and denote tcs,k′ = t̃. Ac-
cording to the constraint (43b), the upper bound for device k′ is
t̃ ≤ t0

τ
1+φk/t0fk

. Hence, t′ can be maximized only whenk′ is the
device with the minimum value of φk/fk. In addition, for device
k �= k′, its upper bound of S&C time duration can be expressed
as tcs,k ≤ τ−t̃

φk/fk
≤ t̃, since φk/fk > φk′/fk′ . Therefore, the

constraints (43b) can be ensured for all devices, and
∑K

k=1 tcs,k
can be maximized. �

With Lemma 1, the optimal S&C time duration for all ISCC
devices can be expressed as

t̃ = t̃cs,k′ = t0
τ

1 + φk/t0fk
, k′ = argmin

k
{φk/fk} , (44)

Algorithm 3: Optimal S&C Time Duration Allocation
Method.

1: Rank all devices in order of decreasing computational
speed. Denote the sorted list as p, the device at the ith
index as p(i), and t̃ = maxk∈K{tcs,k}.

2: for i = 1, . . . ,K do
3: Denote k′ = p(i) and calculate t̃cs,k′ according to (44).

4: if Z
rk′ ≤ t̃cs,k′ ≤ t0E

max
k

t0Tr(Rk′ )+κφk′f2
k′

then

5: Obtain t∗cs,k′ = t̃cs,k′

6: Calculate t̃cs,k for the remaining devices
according to (45).

7: The optimal S&C time duration for each device is
given by t∗cs,k = min{t̃cs,k, t0E

max
k

t0Tr(Rk)+κφkf2
k
}.

8: break
9: else

10: The optimal S&C time duration for the device k′ is
given by t∗cs,k =

t0E
max
k

t0Tr(Rk′ )+κφk′f2
k′

.

11: end if
12: end for

and

t̃cs,k = t0
τ − t̃

φk/t0fk
, ∀k �= k′. (45)

However, the optimal S&C time duration for each device is
still limited by constraint (43a). With this consideration, we
propose an iteration-based algorithm for giving the optimal
time duration. Specifically, we first rank all devices in order
of decreasing computational speed. Then, the optimal S&C
time duration can be sequentially determined based on the
constraint (43a), (44), and (45). The pseudo-code is illustrated in
Algorithm 3.

D. Performance Analysis

1) Convergence Analysis: As for problem (P0), the optimal
policy exists in general, which corresponds to a bounded max-
imum of the objective function. During the whole optimization
procedure of Algorithm 1, with the initialized feasible S&C time
duration t0cs,k ≤ t∗cs,k for each ISCC device, the allocated trans-
mit power can be minimized by leveraging Algorithm 2, thereby
increasing the upper bound in (30). When the system is time-
limited, the optimal S&C time duration can thus be obtained,

log2 det

⎛
⎝ K∑

i�=k

Hi,k (Rc,i +Rs,i)H
H
i,k/σ

2
s + IN

⎞
⎠ ≤ Tr

⎛
⎝ K∑

i�=k

(
HH

i,k

(
IN +Yk

)−1
Hi,k

)
(Rc,i +Rs,i)

⎞
⎠

+ log2 det
(
IN +Yk

)− Tr

⎛
⎝ K∑

i�=k

(
HH

i,k

(
IN +Yk

)−1
Hi,k

) (
Rc,i +Rs,i

)⎞⎠ (39)

Tr

⎛
⎝ K∑

i�=k

(
HH

i,k

(
IN +Yk

)−1
Hi,k

)
(Rc,i +Rs,i)

⎞
⎠− log2 det

(
K∑

k=1

Hi,k (Rc,k +Rs,k)H
H
i,k/σ

2
s + IN

)
+ γk ≤ Imin

s,k ,

(40)
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TABLE II
SIMULATION PARAMETERS

which is irrelevant to the beamforming design. Otherwise, the
optimal S&C time duration will increase since it is determined by
(30). For the next iteration, increasing S&C time duration causes
less power consumption in parameter transmission. Therefore,
the value of the sum S&C time duration is non-increasing as the
iterations proceed, which guarantees Algorithm 1 can converge
within a limited number of iterations.

2) Complexity Analysis: The computational complexity of
Algorithm 1 within each iteration mainly lies in solving the two
subproblems. For the transmit beamforming design algorithm,

the worst-case complexity of solving SDP in problem ˜(P1) is
O(N7) [43]. Assuming that the number of iterations of the Algo-
rithm 2 is Sε, the corresponding complexity can be represented
asO(SεN

7). For the S&C time duration optimization algorithm,
the computational complexity to determine tcs,k is proportional
to the number of ISCC devices, thus it can be expressed asO(K).

VI. NUMERICAL RESULTS

In this section, we present simulations to verify the effec-
tiveness of our proposed system design and the corresponding
resource optimization method. We consider an FEEL network
in a circular area with a radius of 500 m, in which a BS is located
at the center and several ISCC devices are randomly deployed.
The interval between adjacent antennas of each ISCC device
is assumed to be half-wavelength, and the default number of
transmit antennas is N = 8. For multiple devices radar transmit
precoding, similar to the radar target model, we assume each
ISCC device senses a single point-like target in the far field
at the direction 10◦, and the width of each ideal beam is 10◦.
Without loss of generality, the communication channels are
assumed to be Rayleigh fading, and the path loss is modeled
as PL(dB) = 30 + 22 log10(dk), where dk (in km) is the dis-
tance between ISCC device k and the BS. We set the other
simulation parameters as listed in Table II except specified
otherwise.

For performance evaluation, we consider the following bench-
marks. Moreover, the performance of all algorithms is imple-
mented by using the CVX Toolbox and Deep Learning Toolbox-
enabled MATLAB platform on a computer with a 2.50 GHz Core
i7 CPU and 64 GB RAM.
� ISCC Single: Different from the distributed FEEL system,

the traditional edge intelligence system generally adopts
single-node-based AI training mode. In particular, only
an individual edge device is invoked to sense all targets

Fig. 2. Beampattern at given direction angles versus ISCC device antenna
number.

sequentially, and the sensing data samples are leveraged
for model training. Besides, this scheme adopts the advan-
tage of the ISAC paradigm to simultaneously sense the
specific target and upload the model-updates to the edge
server [28].

� SCC FL: The scheme leverages the FEEL framework to
collaboratively train the AI model across multiple ISCC
devices. For each ISCC device, instead of parallel execu-
tion of data sensing and communication in FLISC3, this
scheme adopts the traditional serial-based architecture, in
which the three stages of data sensing, local training, and
parameter uploading are operated sequentially within each
training round [34], [35].

� AirSCC FL: Similar to the SCC FL scheme, each ISCC
device shifts between sensing and communication models
in a time-division manner. Differently, during the commu-
nication process, this scheme adopts AirComp for ISCC
devices to aggregate their local models, in which each
subcarrier is assigned to transmit one dimension of the
gradient. Meanwhile, the devices sense targets by assigning
orthogonal bandwidths [44].

Fig. 2 shows the optimized beampattern versus the direction
angle under different numbers of antenna on ISCC devices. It
can be seen that the beampattern is high at the direction of the
main beam, while the beampattern on other direction angles is
very low, which illustrates that the obtained radar beampattern
has higher beam gain on the desired main beam locations while
other directions are suppressed. Moreover, we observe that the
performance of beampattern becomes better from the radar’s
viewpoint as the number of radar antennas increases. In par-
ticular, the maximum peak to sidelobe ratio decreases with the
increasing number of radar antennas. Meanwhile, the main beam
width also decreases with the increase of the number of radar
antennas.

Fig. 3 shows the convergence behavior of Algorithm 1 with
varying system parameters, including the number of ISCC de-
vices and antennas. From the figure, the S&C time duration
gradually increases and converges within a certain number
of iterations, which reflects the fast convergence performance
of Algorithm 1. In addition, we observe that the total S&C
time duration within the FLISC3 framework increases with the
number of ISCC devices. This is mainly because an increase
in the number of devices introduces more energy and power
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Fig. 3. Convergence performance of Algorithm 1 .

resources to enhance edge collaboration, which effectively helps
increase the sum of sensing time and acquire more data samples.
However, since all devices perform data sensing and parameter
transmission simultaneously in FLISC3, increasing K leads to
invoking more interference during the transmission process.
Therefore, with the limited network resources, the performance
gain will gradually decrease with a larger value of K. Moreover,
the S&C time duration increases with the antenna number on
ISCC devices. This is because a larger number of antenna
indicates that more data streams can be transmitted and a higher
transmission rate can be achieved.

To comprehensively evaluate the learning performance of
different schemes, we perform simulations on image classifi-
cation tasks of varying complexity. Specifically, we employ a
Multilayer Perceptron (MLP) based on the MNIST dataset [45],
which contains 10 classes of hand-written digit images. Second,
we adopt a widely used model, Alexnet [46], for training the
CIFAR-10 dataset, which contains 10 different categories of
color images of 32× 32 resolution. Third, we conduct exper-
iments on a more complex learning task, using a simplified
VGG-16 [47] to adapt the 64× 64 input size of TinyImagenet.
Notably, deeper networks enable more powerful classification
capabilities for high-resolution images, while having stricter
resource requirements due to the exponential increase in network
parameters. Fig. 4(a), (b), and (c) show the training accuracy
of all training tasks under different schemes, respectively. All
tasks are performed within the same number of iterations and
network parameter settings. It can be seen that the training
accuracy increases with an increase in the number of ISCC
devices. In addition, all models gradually reach a convergence
state under different schemes, as the number of iterations in-
creases. Specifically, by utilizing the ISAC technique on devices
and efficient resource allocation among them, FLISC3 enables
more flexible resource sharing and utilization, thus achieving
superior convergence performance among all schemes. More-
over, AirSCC FL achieves better performance than SCC FL by
leveraging the AirComp technique. Conversely, the ISCC Single
scheme exhibits the worst performance among all schemes
because of the restricted resources on a single node. We also
observe that the convergence speed and the convergence error
get worse for all schemes with increasing complexity of train-
ing tasks, especially in Fig. 4(c). This general degradation of
accuracy is caused by the constrained environment that limits

Fig. 4. Training accuracy of different system designs under different learning
tasks.

both the sensing ability and data distribution in the considered
devices. In particular, to guarantee the successful transmission
of heavy parameters, more power resources are required, thus
degrading the sensing performance and reducing sensing data
samples due to the energy-limits. Besides, for the TinyImagenet
dataset with more image classes, per-class sample scarcity fur-
ther deteriorates learning performance, as shown in Fig. 4(c).
Still, FLISC3 outperforms the other approaches by guarantee-
ing faster convergence to better accuracy values. Fine-tuning
the VGG-16 model is possible, but out of the scope for this
work.

Next, taking the simpler handwritten digit identification task
as an example, we evaluate the impact of the network parameter
setting on training performance. Fig. 5 illustrates the impact of
SMI requirements, i.e., Imin

s,k , on the performance of sensing
time duration and final training accuracy, in which the threshold
of SMI reflects the satisfactory quality of data samples. It can be
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Fig. 5. Performance comparisons versus the threshold of SMI requirements.

Fig. 6. Performance comparisons versus the threshold of energy resources.

seen that the S&C time duration and model training accuracy for
all schemes decrease when the threshold of SMI increases. This
is because higher SMI demands require more power resources
for target sensing, and the upper bound of S&C time duration in
(30) decreases due to the limited energy resources on each ISCC
device. Moreover, based on the FEEL performance analysis
in Section IV, increasing sensing time duration contributes to
accelerating the convergence rate due to more sensing data
samples participating in the FEEL process. We also observe
that FLISC3 can achieve higher training accuracy compared to
other schemes, reflecting its robustness to acquire more sensing
data through efficient device collaboration and multi-functional
resource management. Meanwhile, when the threshold of SMI
varies from [1,3], increasing the threshold of SMI does not result
in a significant reduction of S&C time duration for FLISC3. With
this observation, we can derive that FLISC3 can enhance FEEL
performance by offering consistent performance.

Fig. 6 shows the impact of the energy resource constraint
of ISCC devices on the performance of S&C time duration
and training accuracy. Obviously, when Emax

k < 1, the S&C
time duration and training accuracy increase with the energy
constraint for all schemes, and FLISC3 achieves superior perfor-
mance. This can be explained by the fact that the S&C time du-
ration allocation in the energy limit system is mainly determined
by beamforming optimization and the system model design of
FEEL. Compared to FLISC3, AirSCC FL sacrifices system flex-
ibility due to the design of frequency division between devices
and time division between functions. Alternatively, AirSCC FL
adopts AirComp-based aggregation to improve communication
efficiency, thereby achieving competitive but suboptimal results.

Fig. 7. Time distribution versus different K and system designs.

We also observe that ISCC Single performs the worst among
all schemes in the energy-limited environment since it always
requires higher energy consumption to sense all targets sequen-
tially. Besides, when the energy capacity increases to 1, the
allocated S&C time and achieved training accuracy will no
longer vary with the energy constraints. This is because the
optimal S&C time duration is fixed in the time limit system
for all schemes, which is only restricted by the computing
capacity on the devices and FEEL system design. Specifically,
benefiting from simultaneous sensing for all ISCC devices, the
achieved model accuracy of FLISC3 is better than other schemes.
Meanwhile, although the available time duration for sensing
each target is the same for ISCC Single and the separate-based
design of FL, including AirSCC FL and SCC FL, collaborative
learning can obtain additional performance gain from device het-
erogeneity, since the device with more computational resources
can reserve more available time for sensing.

Fig. 7 shows the distribution of time allocation during one
global iteration versus different K and FEEL schemes. It can
be seen that the S&C time increases as the number of devices
increases for the FLISC3 scheme, which benefits from efficient
collaborative resource management among multiple devices.
Compared to FLISC3, AirSCC FL saves communication delay
by leveraging the AirComp technique. However, since the data
sensing and parameter transmission are operated sequentially,
AirSCC FL enables inefficient utilization of signal and system
resources, thus exhibiting worse sensing performance. As for
the SCC FL scheme, the sensing time duration is increased as
more devices participate in the learning process by increasing
communication transmit power to reduce communication time
as much as possible. Additionally, in the ISCC Single scheme,
the device needs to sense all targets and complete local training
with both the constraints of energy consumption and total time
duration. Therefore, as the number of targets increases, if the
available energy and time duration can be leveraged to ensure
the required sensing MI and successful parameter uploading,
the S&C time duration will not exhibit significant changes.
Otherwise, the AI training fails once the number of targets
increase to a certain number that the ISCC Single scheme cannot
support.

In the above simulations, following the assumption of ran-
domly distributed targets in the system, we assume that the
class of the acquired sensing data is randomly selected from all
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Fig. 8. Training accuracy of FLISC3 on different data distributions.

classes. However, in practical networks, dynamic sensing envi-
ronments such as target mobility greatly affect the target types
that can be sensed by different devices, thereby causing the non-
iid data distributions on devices. To evaluate the convergence
performance of FLISC3 under non-iid data, we conduct experi-
ments on different levels of data distribution heterogeneity, i.e.,
α = {0.5, 0.2, 0.1}. The Dirichlet distribution parameter α is
used for controlling the degree of data heterogeneity among de-
vices, and a lower value indicates more severe data heterogeneity
among devices. Fig. 8 illustrates the training performance and
data distributions of our FLISC3 under iid (ideal), random (ours),
and non-iid (practical). The scatter plot shows data distributions
on the MNIST dataset, where the x-axis represents the class
labels and the y-axis represents device ID. It can be seen that
the best performance can be achieved under the iid assumption,
in which data is uniformly distributed across labels locally on
each device. However, with an increasing level of data hetero-
geneity, the convergence speed and model accuracy degrade as
expected. This can be explained by the convergence analysis
in Theorem 3. In addition, comparing Fig. 8(b) with Fig. 8(a),
we observe that the ”collective intelligence gain” introduced
by increasing the number of devices, as shown in Fig. 4, van-
ishes when α < 0.5. This is because higher data heterogeneity
causes conflicted local updates, thereby affecting aggregation
performance.

We further evaluate the performance of FLISC3 in large-scale
network, whereK = 20, Imin

s,k = 1, Emax
k = 0.4, the results are

shown in Fig. 9. At the beginning, the optimal number of devices
in feasible space is illustrated in Fig. 9(a). Under iid data, we
see that a better training performance can be achieved as the

Fig. 9. Evaluation of FLISC3 in large-scale resource-limited network, where
K = 20, Imin

s,k = 1, Emax
k = 0.4 (a) Training accuracy under feasible number

of K; (b) Training accuracy under different device scheduling schemes.

participating devices increase, and a muted growth is exhibited
as K increases from 5 to 6. Recall the results in Fig. 3, this is
because additional devices contribute local resources to enhance
performance, which also results in intra-interference during the
transmission process. When the strict constraints of sensing and
communication cannot be met with constrained resources, i.e.,
K > 6, problem (P0) is unfeasible to be solved, which means
the network reaches its maximum device capacity. Under non-iid
data conditionsα = 0.3, training performance peaks whenK =
4, benefiting from additional resources and improved sensing
capability, while rapidly decreases whenK > 4due to the higher
data heterogeneity among devices. Based on Fig. 9(a), we set the
optimal number of devices in iid and non-iid data α = 0.3 as
K = 6 and K = 4, respectively. This means that only a subset
of devices can be scheduled in a large-scale resource-limited
network.

Herein, Fig. 9(b) plots the training accuracy of FLISC3 ver-
sus different scheduling schemes. In particular, Channel-aware
scheduling: devices are scheduled based only on their channel
gains; Computing-aware scheduling: devices are ranked by local
computing resources, and the optimal number of devices with
more resources is chosen. Random scheduling: the optimal
number of devices is randomly selected from all devices; Hybrid
scheduling: half of the devices with the best channel quality are
first selected, from whom the optimal number with the most
computing resources is chosen. From Fig. 9(b), it can be seen
that channel-aware and computing-aware scheduling schemes
perform better than random scheduling. Therefore, it is essential
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to jointly consider the channel conditions and local computing
capacity to make sure that the devices can transmit enough
information and save more time for sensing more data samples.
As expected, the achieved performance of the hybrid scheduling
scheme outperforms others, both in iid and non-iid conditions.

VII. CONCLUSION

In this paper, we proposed a novel collaborative edge system
that takes into account closed-loop sensing-communication-
computation processes in an FEEL-oriented manner, by ex-
ploiting the multi-function integrated edge devices. Specifically,
to improve system performance and avoid resource wastage,
we employed ISAC technology in the system, thereby the
sensing data collection and parameter transmission can exe-
cute simultaneously. Considering the deeply coupled processes
and heterogeneous device resources, we further provided the
theoretical analysis of the effect of resource allocation on the
FEEL convergence upper bound. Then, we formulated a joint
optimization problem of beamforming design and time dura-
tion allocation to maximize the convergence performance of
FLISC3, subject to multidimensional network resources and
successful data transmission. To solve this non-convex problem,
we designed an alternative optimization algorithm, in which an
iterative solution based on the SCA method for beamforming and
closed-form solutions for time allocation were proposed within
each iteration. Simulation results revealed that the proposed
algorithm has great convergence performance, and the proposed
framework yields superior learning accuracy compared to tradi-
tional implementations of ISCC systems.
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