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Abstract— Communication and energy efficiencies are two
crucial objectives in the pursuit of edge intelligence in 6G
networks, and become increasingly important given the preva-
lence of large model training. Existing designs typically focus
on either communication efficiency or energy efficiency due to
the fact that improving one objective generally comes at the
expense of the other. Over-the-air federated learning (OTA-FL)
has recently emerged as a promising approach to enhance both
efficiencies through an integrated communication and compu-
tation design. Nevertheless, most previous studies on OTA-FL
only consider scenarios where the dataset for the entire FL
procedure is collected and available prior to training. In real-
world applications, devices continuously collect new data in
an online manner. This underscores the significance of sample
collection through sensing in a practical FL pipeline. We propose
to integrate sensing with communication and computation into
a joint design to further boost the communication-and-energy
efficiencies of OTA-FL. Specifically, we consider a training latency
and energy consumption minimization problem with performance
guarantees. To this end, we first derive an average training error
(ATE) metric to quantify convergence performance. Then, a joint
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sensing, communication and computation resource allocation
strategy is developed based on a deep reinforcement learning
(DRL) algorithm that nests convex optimization with a deep
Q-network. Extensive experiments are conducted to validate our
theoretical analysis, and demonstrate the effectiveness of the
proposed design for communication-and-energy efficient FL.

Index Terms— Federated learning, over-the-air computation,
integrated sensing, computation, communication.

I. INTRODUCTION

EDERATED learning (FL) has emerged as a promis-

ing technology for enabling edge artificial intelligence
(AI) in future 6G networks due to its distributed learning
framework and privacy-enhancing features [1], [2], [3]. As a
result, FL holds significant potential in facilitating large model
fine-tuning for edge Al to support emerging intelligent appli-
cations, such as extended reality (XR), intelligent transport,
intelligent logistics, and digital twin [4], [5]. In the context
of edge AI, communication and energy efficiencies are two
critical properties that need to be pursued [6], [7], and become
increasingly important given the prevalence of large model
training. However, communication efficiency and energy effi-
ciency are conflicting objectives, since the improvement of one
factor comes at the cost of the other. Recently, over-the-air FL
(OTA-FL) has emerged as a potential solution to achieve both
efficiencies via an integrated communication and computation
design by exploiting the superposition property of multi-access
channels for fast model aggregation [8], [9].

Prior works on FL have extensively studied the integra-
tion of communication and computation, assuming that the
data for model training is readily collected and available at
each device prior to training [10], [11]. However, in real-
world applications, devices continuously acquire and collect
new data for model training by sensing their surrounding
environment throughout the FL procedure. This indicates
that sensing for data acquisition plays a crucial role in the
practical FL pipeline, despite being largely overlooked in
existing literature [12], [13]. Motivated by this observation, the
present work proposes an integrated sensing, communication
and computation (ISCC) design, in order to advance the
limits of communication-and-energy efficient FL [14], [15],
[16], [17], [18]. More specifically, the local model at each
device is trained based on the streaming data collected through
sensing, which significantly impacts both the latency and
energy consumption in OTA-FL.
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Fig. 1. Illustration of the impact of ISCC design on energy and communi-
cation efficiency.

A. Related Work

Substantial efforts have been devoted to enhancing both
energy efficiency and communication efficiency in FL. For
example, the authors in [19] proposed an iterative algorithm
with low complexity to minimize the energy consumption of
FL, by deriving closed-form solutions in each iteration. In [20],
energy efficiency of FL under different communication access
protocols is examined, where the computation resource for
model updating and the communication resource for model
transmission are jointly optimized. The paper in [21] investi-
gated an energy consumption minimization problem in Internet
of Things networks, by jointly optimizing scheduling, power
allocation, and computation frequency allocation. On the other
hand, communication-efficient FL has garnered increasing
attention as a means to tackle communication overhead [10],
[11], [22], [23]. The authors in [10] proposed a joint learning,
wireless resource allocation, and user selection scheme for
resource-constrained FL. In [11], an adaptive aggregation
control algorithm is designed based on data heterogeneity and
model features for improved learning performance under lim-
ited communication resources. The authors in [22] proposed a
FL mechanism for IoT networks based on the unlicensed spec-
trum technology, where a gradient-norm-value based device
selection strategy is suggested to accelerate FL convergence.
The work [23] introduced a joint wireless resource allocation
and model quantization scheme for communication-efficient
FL.

Previous works primarily focus on either energy-efficient
or communication-efficient FL, with limited consideration
given to achieving both objectives simultaneously. OTA-FL
has emerged as a promising solution for communication-and-
energy efficient FL in recent years [24], [25], [26], [27],
[28]. By exploiting the waveform superposition nature of a
wireless multiple-access channel, OTA-FL enables distributed
functional computation over the air, leading to benefits of com-
munication efficiency such as reduced latency and enhanced
bandwidth efficiency [26]. Specifically, OTA-FL allows mul-
tiple devices to simultaneously transmit and aggregate their
models on the same time-frequency resources of the uplink
channel, thereby enhancing the training efficiency of FL.
Nonetheless, OTA-FL suffers from aggregation errors due
to channel noise perturbation, which deteriorates FL perfor-
mance. To address this issue, several approaches have been
investigated [29], [30], [31], [32]. For example, power control
strategies have been explored in [29] and [30] to reduce
aggregation errors. In [31], a Bayesian approach for model
aggregation was proposed by exploiting prior distribution of

local weights and channel distribution. The authors in [32]
designed a precoding and scaling scheme to mitigate the effect
of channel noise, resulting in a convergence rate comparable
to that of error-free channels. The authors in [33] proposed
a joint transmission probability and local computing control
optimization for OTA-FL to minimize the overall energy
consumption. However, the works above often overlook the
role of sensing by assuming fixed and readily available training
datasets throughout the FL process.

B. Motivation and Contribution

In this paper, we propose a communication-and-energy
efficient OTA-FL with ISCC (OTA-FL-ISCC) scheme. The
proposed framework consists of an edge server and multiple
devices, where each device is capable of sensing, communi-
cation, and computation abilities [34]. In each communication
round, every device performs sensing for sample collection
from the surrounding environment. Subsequently, each device
trains a local AI model based on the collected data and the
on-board computation resource. Then, efficient model aggre-
gation is performed over the air through a wireless channel.

As illustrated in Fig. 1, several pivotal resources of ISCC
exert influence over the energy consumption and latency
of OTA-FL. Specifically, the CPU cycle frequency, trans-
mit power and denoising factor, and sample size sensed
in each communication round respectively determines the
training speed, aggregation error, and dataset size. These
factors have a cumulative impact on various essential facets of
FL, including convergence (i.e.,the number of communication
rounds required for desired learning performance), energy
consumption, and training latency per round. Ultimately, the
energy consumption and training latency per round, as well
as convergence rate collectively dictate the overall energy and
latency of OTA-FL. Consequently, effective ISCC design plays
a pivotal role in achieving communication-and-energy efficient
OTA-FL.

Hence, we investigate a joint sensing, communication, and
computation resource allocation strategy for our proposed
OTA-FL-ISCC framework. Specifically, we first derive an
average training error (ATE) metric to quantify the learning
performance by convergence analyses with respect to ISCC
resources. Then, a training latency and energy consumption
minimization problem with learning performance guarantee is
formulated, which is a mixed integer nonlinear programming
(MINLP) problem. Solving the problem via deep reinforcement
learning (DRL) yields an efficient strategy for ISCC design.

The main contributions of this work are summarized as
follows.

o Convergence analysis and performance metric: We
investigate the impact of ISCC on the learning perfor-
mance of OTA-FL-ISCC. We first analyze the conver-
gence performance by taking into account the impact
of sample collection and aggregation errors. Thereafter,
we quantify this impact via the ATE metric.

o Communication and energy efficient ISCC: We formu-
late a joint ISCC resource optimization problem aimed at
minimizing latency and energy consumption for model
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training. We decompose the problem into three distinct
subproblems: computation resource optimization, com-
munication resource optimization, and sensing resource
optimization. The first two subproblems are resolved effi-
ciently by convex optimization techniques. The sensing
resource optimization leads itself to a dynamic pro-
gramming problem, which we address through deep
Q-learning (DON), where the training data for DQN net-
work is derived through communication and computation
resource optimizations.

o Performance evaluation: We conduct extensive simu-
lations to evaluate our proposed algorithms. Numerical
results not only validate our theoretical analyses but
also underscore the superior performance of OTA-FL-
ISCC in comparison to baselines, including the classic
FLs without ISCC design, and OTA-FL-ISCC without
optimized resource allocation. Furthermore, our results
illustrate the efficiency of our proposed ISCC resource
optimization algorithm.

The rest of this paper is organized as follows. Section II
introduces the OTA-FL-ISCC mechanism and its system
model. In Section III, we theoretically analyze the convergence
performance and derive a performance metric. In Section IV,
we formulate the optimization problem and design its opti-
mal solutions. Numerical results are presented in Section V
followed by a conclusion in Section VI.

Throughout the paper, we use the following notation: We
use a to denote a scalar, a is a column vector, A is a matrix,
and | - | represents the modulus operator. The Euclidean norm
is written as ||-||, (a,a’) is the inner product of a and a’, and
E represents mathematical expectation.

II. ARCHITECTURE AND SYSTEM MODEL

In this section, we first introduce the OTA-FL-ISCC scheme
by jointly considering sensing, communication, and compu-
tation in FL. Thereafter, we respectively present the system
model of sensing, communication, and computation.

A. OTA-FL-ISCC Scheme

In this work, we consider an OTA-FL-ISCC scheme that
consists of a single edge server and aset NV = {1,2,..., N} of
N edge devices to collaboratively train a shared Al model for a
specific task, such as, classification and recognition, as shown
in Fig. 2. We assume that both the edge server and the devices
are equipped with a single antenna for signal transmission.
Each device achieves sensing and communication in a time-
division manner [12]. In the communication process, all the
devices concurrently transmit their own Al models over the
same spectrum for efficient model transmission and aggrega-
tion. In the sensing process, each device dynamically collects
samples of data from the environment for model training.

As shown in Fig. 3, the shared AI model, denoted by
w € R? with ¢ being the model size, is trained over T’
communication rounds. The training process is to seek a global
model w* that satisfies (5), which can be implemented in
a distributed manner using the federated stochastic gradient
descent (FedSGD) algorithm [3]. During each round t €
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Fig. 2. Tllustration of the proposed OTA-FL-ISCC design.
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Fig. 3. The procedure of OTA-FL-ISCC in each communication round.

T 2 {1,2,...,T}, four steps are performed as elaborated
as follows:

(1) Global model broadcast: The edge server broadcasts the
global model w;_; to all edge devices. Then, each device
n renews its local model w{* based on the received w;_;.

(2) Sample sensing: Each device n performs a sensing
process to collect a new dataset D with a size denoted
as D}' = |D}'|. By controlling the sample size D}’ in each
communication round, OTA-FL-ISCC has the potential to
reduce the energy and latency in model training.

(3) Local model training: Each device conducts local train-
ing to compute its gradient. Due to the sensing process,
each device n performs local Al model training w;* based
on the accumulated dataset S;* that includes the newly
sensed dataset D}’ from the current communication round
t and the cumulative dataset S}’ ; = Ef: Dy in the
(t-1)-th communication round, i.e., & = D} + S ;.
Define F'(w};S;") as the loss function for device n over
dataset S}', which can be given as

PGS =g 3 FOEG). O
b (x5)€S]

where (x;,y;) is the j-th sample of dataset S with

data x; and label y;. Here f (w7, (x;,y;)) is the j-th

sample-wise loss function, S} = |S]'| is the size of

dataset S;*, and S} = S}* | + D} . Subsequently, the local
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gradient VF (w}_;S}") can be computed based on the
accumulated dataset S;*.

(4) Global model update: Once all devices have calculated
their respective local gradients, they transmit these gra-
dients to the edge server for aggregation, leading to the
aggregated gradient as

N
VF (wy_1;S,) = Zp?VF (wi;88). ()

n=1

Here S, with size S; = 25:1 Sy is the accumulated
datasets overnN devices at the ¢-th communication round,
and p} = % Then, the edge server updates the global
model based on the aggregated gradient in (2), via

w, =w,_; —nVF (Wtfl;St) ) 3)

where 7 is the learning rate. As a result, the global loss
function at the ¢-th communication round is

N
F(wi§) =3 oy F(w}s 7). (4)
n=1
The four steps iteratively repeat over communication rounds
until convergence, optimizing the model parameter w to
minimize the global loss function:

w* £ argmin F(wr;Sr). )

B. Sensing Model

In the proposed sensing model, we aim to provide a general
framework for analyzing the impact of sensing on the proposed
federated learning, rather than specific sensing methods.

During sample sensing in every communication round, each
device n dynamically collects datasets D;* with a designated
size of D}. The learning performance (i.e., classification error)
depends significantly on the volume of training samples [35].
Therefore, we introduce the following constraint

T
> Dy =Sy, (6)
t=1

where S}, is the dataset size requirement for device n.

The diverse strategies employed for sample collection (D}
in each communication round) exert a substantial influence
on the convergence of FL, which also affects learning per-
formance. Moreover, these diverse strategies in the sensing
process have repercussions on the latency and energy con-
sumption of FL. Consequently, the strategic optimization of
D} provides significant potential for enhancing the efficiency
of FL.

C. Communication Model

We consider over-the-air aggregation in the communication
process for fast gradient aggregation. Let ﬁ? be the complex
channel coefficient between device n and the edge server in
the ¢t-th communication round. As a result, each device can
estimate the magnitude h? = |h?*| of the channel. In this way,

the received signal at the edge server after phase compensation
is expressed as

N
ygomm — Z h?\/ﬁp?VF (W?fl,SZL) + z4, @)
n=1

where p}' represents the transmit power of device n. Here,
z; € RY? denotes additive white Gaussian noise, i.e., z; ~
CN (0,0.1). To achieve over-the-air aggregation, each ele-
ment of the gradient parameters is modulated as a single
analog symbol for transmission. Consequently, a total of ¢
analog symbols, corresponding to the gradient size of each
device, are transmitted. As a result, the transmission latency
and energy consumption in the ¢-th communication round can
be respectively expressed as

ﬁmm:wﬂ<q>nm, ®)
Lg
and

eiL;COIIlIn — p;],tgomnl7 (9)

where L is the number of symbols in each resource block,
Tyot signifies the duration of each resource block, and ceil (-)
is the integer ceiling function.'

To mitigate the effect of noise on the gradient during
wireless transmission, a noise denoising factor \; is applied
at receiver [29], [30]. Hence, the received global gradient at
the edge server is given by

22[21 hi/prpp VEF (Wffﬁ Stn) + 2z
VAL '

VF (wt_l;St) =
(10)

Due to channel noise, the aggregated global model may
encounter model distortion. In this case, we define the aggre-
gation error &; to quantify the gradient parameter distortion
based on (2), which is given by

N
R ) 1
gt = ot —1|VF (w} ;S8) + Zy.
t ;;t(¢x (witas 1) +
(11)

D. Computation Model

During ¢-th communication round, each device n conducts
local model training using its dataset S;*. Let £™ be the number
of CPU cycles required for device n to execute a single
data sample. Furthermore, let f;* represent the CPU-cycle fre-
quency of device n, while ¢" indicates the energy consumption
coefficient specific to the chip of device n. As a result, the
computation latency of device n is expressed as

t
grcomp _ €51, DY €"Sy
f 1 Iz

(12)

In LTE systems, a resource block with duration of Ty} = 1 ms, consists
of two slots with 14 symbols. Thus, we have Lo = 14 [37].
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The energy consumption of device n for computation can be
expressed as [19]

n ,comp __

gn n Z Dn

In this work, we assume that the latency for each device
to sense a sample is constant, as described in [12] and [36].
Therefore, once S}, is fixed, the latency of the total samples
sensed by each device n remains unchanged and can be
ignored in this work. With the detailed models of sensing,
communication, and computation at hands, we are interested in
the ISCC design problem targeting communication-and-energy
efficient FL algorithm, as elaborated in the sequel.

III. CONVERGENCE ANALYSIS AND PERFORMANCE
EVALUATION

In this section, we analyze the convergence of our proposed
OTA-FL-ISCC before delving into the problem formulation.
While preliminary research has extensively explored the con-
vergence analysis of OTA-FL (e.g., [30, eq(19)]), these studies
have predominantly overlooked the critical aspect of sens-
ing for sample collection, which significantly influences the
convergence behavior. Consequently, these analyses do not
align with the proposed OTA-FL-ISCC design (as stated in
Section II-A). Building upon the analytical framework estab-
lished in these works, we extend the convergence analysis
for the proposed OTA-FL-ISCC by considering the impact
of the sample size collected in each round on convergence.
We initially investigate the impact of the size of newly
collected and accumulated samples on the loss function in
each communication round. Subsequently, we establish the
convergence of the proposed OTA-FL-ISCC. Through the
convergence analysis, we are able to derive an ATE metric that
accounts for the sensing process in the learning performance
of OTA-FL-ISCC.

A. Convergence Analysis

To facilitate the convergence analysis of OTA-FL-ISCC,
we introduce the following assumptions for the loss func-
tion (4) and gradient (2), which are commonly adopted in
FL tasks [8], [11], [30].

Assumption 1 (L-smoothness): The loss function,
F(wy; S;),Vt, is either continuously differentiable or
Lipschitz continuous with a non-negative Lipschitz constant
L > 0, which can be formulated as

F(Wt,St) S F(Vt;st) + <VF(Vt;St), (Wt — Vt)>

+ 5 llwe = vl 2, Y, v € RY, (14)
where VF(vy; St) denotes the gradient of F(vy; Sy).

Assumption 2 (Gradient Bound): For any dataset S; at t-th
communication round, the expected squared norm of the
gradient VF(wy; S;) is bounded by a positive constant G,
namely,

E (IIVF(w; $)I) < Gr. (15)

Recall that since the model parameter vector wy is renewed
according to the cumulative dataset S;* ; and the newly sensed
dataset Dj’, it is essential to discuss the impact of these
datasets on the improvement of the global loss function in
each communication round.

Lemma 1: Given the datasets S[*, and D} in the t-th
communication round, the gradient VF (w;_1; S;) satisfies the
following equation

St D
VE(Wi1;8) = == VF(Wi_1: Si1) + 5 VF(Wi_1; D)),
t t
(16)
N o
where Dy =Y. | D;.
Proof:
Please see Appendix A. O

Lemma 1 leads to Lemma 2 which derives an upper bound on
the improvement of the global loss function.

Lemma 2: When the learning rate n satisfies 0 < n <
in the t-th communication round, the improvement of the
global loss function is bounded by (17), as shown at the bottom
of the next page.

Proof: Please see Appendix B. ]

From (17), we obtain several observations: 1) The improve-
ment of the global loss function is related to both the sensing
related term (i.e., the size of datasets S;_; and D;) and a
communication related term (i.e., aggregation error £;); 2) The
increment of both sensing-related and communication-related
terms decreases the improvement of the global loss function,
which slows down the OTA-FL-ISCC convergence rate.

The average-squared gradient norm is widely adopted to
depict the performance of FL [12]. Based on Lemma 1 and
Lemma 2, we introduce the following Theorem to show the
upper bound of the average-squared gradient norm.

Theorem 1: Under the condition 0 < n < i’sl ,Vt, the
average-squared gradient norm after T' communication rounds
is bounded by

Sfl

T

1

7Y IVF (w1 S P
t=1

)

Error of 1st communication round
2 (F (w3 So) — F*)
Tn

Error of Initialization

‘x Z[( 2B (lel?) + 3

Error of rest communication rounds

Gt} . (18)
Si—1

From (18), we note that the convergence performance of
OTA-FL-ISCC is controlled by sample collection strategy
(i.e., the size of dataset collected in each communication
round) and aggregation errors. To achieve a better OTA-FL-
ISCC performance, we can decrease the upper bound of (18)
by optimizing the sample collection strategy and reducing
aggregation errors. These results provide guidance for the
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design of resource allocation algorithms in the subsequent
section.

B. Performance Metric

Although (18) presents an upper bound on the average
squared gradient norm, it cannot be directly used to depict the
OTA-FL-ISCC performance due to the undetermined values
of L and F*. We assume that the gradient parameters to
be transmitted follow the standard normal distribution, which
can be achieved as referenced in [8]. According to (11),
the corresponding instantaneous mean square error (MSE) of
aggregation errors at the ¢-th round is given by

E || (eo)lI”

_z(

2 N )
Eo1) S B|[vF D)

E |z
+ "
N n (0 2 2
(b) n h’t pt ) az
=q p -1 +-= (19)
[2_:1 ' ( VA N

where (a) is derived from the Cauchy-Schwarz inequality, and
(b) is obtained based on the distribution of VF(w}_,;D;) and
z¢. As a result, (18) can be further expressed as

T
1 _ o _ 2(F (Wo;80) — F7)
T ;:1 IVE(Wi1;8-1)|” < T
2G1 q a
+ 2 (20)

Here, ¢, is given by (21), as shown at the bottom of the
next page, where Gy = G* . Therefore, we can define the ATE
metric as

(22)

1 T
= Tz(bt'
t=1

C. Computational Complexity and Scalability Assessment

In this subsection, we analyze the computational complexity
and scalability of the proposed OTA-FL-ISCC framework.
To facilitate the analysis, we set pf' = % According to (19)
and (22), the expected ATE is given by

3[(e)ll

—E
+T

+Z(1+;Dt) el

t=2
2
3 [ hY/Dp? ) XT: M
( =2
(23)
where

- NT \ V)
T 2
2D, 2D\ (i VPl

5| (r52) (1 32) (B -]

st St—1/) M Si-1 VA

It is evident that the first term on the right side of
equation (23) represents the aggregation errors of the 1st
communication round, which tends to converge to zero as T' —
oo. The second term is associated with the sample sensing
strategy, while the last term pertains to both communication
errors and sample sensing strategy. From (23), we can derive
the computational complexity of our proposed framework as
E(®) =0 (# + £ XL, 22%)

To analyze the scalability of our proposed federated learning
framework, we let N — oo to (23). It is observed that the first
term of (23) converges to zero as N — oo, whereas the second
term remains independent of the device count N, serving
as an error floor for scalability. The last term is influenced
by aggregation errors and sample sensing strategy. Therefore,
scalability can be enhanced by optimizing aggregation errors
and sample sensing strategy.

IV. PROBLEM FORMULATION AND OPTIMIZATION

Based on the system model and convergence results, we are
ready to formulate a training latency and energy consumption
minimization problem to achieve a communication-and-energy
efficient FL. Thereafter, a joint sensing, communication
and computation resource allocation strategy is proposed to
address the optimization problem.

A. Problem Formulation

Our design objective is to minimize the long-term average
communication-and-energy efficient FL, which addresses both
the energy consumption and the latency in model training.
Therefore, the problem is formulated as

1: 1 — E| t4] 24
E (®) 12(2Dt>G PL: o Tl—I»réoTZ lec +wtd, (24)
B =2 Si—1 ! s.t. DY € N, Vn,t, (24a)
F(Wt;st) - F(Wt71;8t71>
_n . 2 3n ( 2)
2E (IVFoo:80)I°) +nGit TE(lel?) ——
—_——
< sensing related term communication related term (]7)
= G 2D 2D
~3E (IVF(we1: 1)) + Tmst,tl + 4+ (1 +g t) (lleel®) herice

sensing related term

sensing & communication related term
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T
Z D> 8t . Vn, (24b)
t=1
P <9, (24¢)
0<py <ppas Vn,t, (24d)
0 S ft S fr?lax? Vn7ta (246)
A >0, Vi, (24)

where D = [Di,...,DN]T, f fi,.. . N, p =

[p1, ..., o1 T, A = [A1,...,Ar]T represent sample size,

CPU frequency, transmit power, and denoising factor variables,
respectively. Here, t; = max,epn {7} + t5°™™ and
er = SN (e 4 ™M) are the energy and latency
in t-communication round. w is a weighting factor to keep
balance between latency and energy consumption in OTA-
FL-ISCC. S, in (24b) is the dataset size requirement for
device n. d in (24c) is the threshold for performance constraint.
Doy 10 (24d) is the maximum transmit power constraint for
each device. f.. in (24e) is the constraint on computational
frequency of device n.

P1 is an MINLP and non-convex problem, which is
challenging to solve. A joint sensing, communication and
computation resource allocation strategy is designed in the
next subsection.

B. Joint Sensing, Communication and Computation Resource
Allocation Strategy

Intuitively, P1 can be divided into three subproblems:
sensing, computation, and communication resource allocation.
Specifically, we utilize convex optimization methods to solve
the computation and communication resource allocation sub-
problems under given D*. We adopt the DQN algorithm to
deal with the sensing resource allocation subproblem given
f*, p*, and A\*. We first present the optimization meth-
ods for computation and communication resource allocation,
respectively. Subsequently, we introduce the DQN algorithm
for addressing the sensing resource allocation subproblem.
Finally, we present the overall design of the DRL-based
algorithm along with a complexity analysis.

1) Computation Resource Allocation: Given sensing and
communication resource allocation, the computation resource
allocation subproblem is expressed as

P2 :min lim — E ”Comp—l—wmax eemp
nin lim Z Z max {7} |

n=1

(25)

subject to (24e).
Note that P2 is independent to the communication rounds.
Therefore, it can be decomposed into 7' separated subprob-

the computation resource allocation subproblem for commu-
nication round ¢ is formulated as

N
. : n,comp n,comp
P2.1: min {nz_:l e +wmax {t; }} ,  (26)
subject to (24e).

To solve P2.1, we introduce an auxiliary variable ! to rep-
resent the maximum computation latency among the devices.
Then, P2.1 can be rearranged as

N
P2.2 :mfin {Z e P 4+ th} , @7
n=1
s.t. (24e),
Xe >t vn. (27a)

P2.2 is a convex problem. To solve it, the Lagrange method
is employed. Specifically, we define the Lagrangian as

N
=D GnSE (1)

n=1

L{f Y xes fn)

€St >
Xt |, (28)
(5
where p, > 0 is the Lagrange multiplier related to (27a).
Intuitively, (28) is a convex function to f;* and ;. Taking the
first-order derivation of (28) with respect to f;* and setting it

N
+wxe+ Y pin

n=1

to 0, we have f/* = ¢ “" . Here p} is the optimal Lagrange

multiplier. Combining (24e) the optimal computation resource

allocation is given by
[ s] e

2) Communication Resource Allocation: Given the sens-
ing and computation resource allocation, the communication
resource allocation subproblem is degenerated into a commu-
nication energy minimization problem, which can be expressed
as

(29)

fi* = min

P37 Z e [Z

n=1

n, Comm] , (30)

subject to (24c¢), (24d), and (24f).

Note that P3 is constrained by the ATE metric, which
encompasses 7' communication rounds in equation (24c). This
makes it challenging to solve independently for each commu-
nication round ¢, thereby leading to difficulties in integrating it
with the DQN algorithm. To tackle this issues, we relax (24c)
by

lems, each addressed independently. Without loss of generality, ¢r <0, V. 3D
N 2
hn
Z < vpt—l) + 2 ite=1,
- VA At
Or = (21)

Ve

(1+

2D N
St,tl ) [En_l Pt

n (h?ﬁ#

+SD Gy, otherwise,

2 2
UZ
—1) 5
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Consequently, P3 can be decomposed into 7" independent
subproblems. Specifically, the communication resource alloca-
tion problem for each ¢ is formulated as

N
: n,comm
min ey’ ,

{p, A

P3.1: (32)

n=1

s.t. (24d), (241),

N
"\ VA

n=1
(32a)
where d, is given by
)
a1 t= 17
_ 2+n
o= 5t_[Dt+St1<+%>}Gt .
5D , otherwise.
1+ St—tl
(33)

Note that (31) is a more stringent constraint than that
in (24c). Therefore, any solution to problem 73.1 become
automatically a solution to problem P3. Consequently, we can
achieve at least a feasible yet sub-optimal solution for P3 by
solving P3.1. It is noteworthy that the typical approach of
alternating optimization for solving P3.1 exhibits high com-
putational complexity of O(N?3-%). To overcome the issue and
inspired by [24] and [39], we proposed a novel communication
resource allocation method with reduced computation com-
plexity of O(N log N) [29]. Moreover, this method provides a
closed-form expression, facilitating its subsequent integration
with the DQN algorithm.

Without loss of generality, we assume that the channel
coefficients satisfy the ordering property: h} < h? < ... <

hY. According to the channel inversion policy [24], the
instantaneous transmission power of device n is given as
VP, L <n<m,
VP =19 VA (34)

7 m<n <N,

where m € N is the number of devices with maxi-

mum transmission power. According to (34), we can easily

derive the optimal denoising factor A; for any given

m. Specifically, by taking the first order derivative of
2

N
Zn=1 Pt oL

AF = mi:?io pzzt V pf‘[‘laxh% VL
> im0 PiPhax(ht)? + 02
Consequently, the optimal power allocation can be further
obtained by

R [pm 2 . .
% < P 1> + % and setting it to zero, we have

(35)

VPR axs 1 <n<m,
Vet =1 /A m<n< N (36)

As a result, given (35) and (36), we can solve P3.1 by deter-
mining the optimal value of m, Vm € N. To this end, we first

define the communication energy consumption corresponding
to m as V,,, = 25:1 e, O Next, we define M as the
set containing the communication energy consumption values
V., for all candidate values of m. Therefore, to determine
the optimal value of m, we only need to compare the energy

consumption values within the set M,

m* = arg min V,. (37
meM
3) Sensing Resource Allocation: Given communication and
computation resource allocation, the sensing resource alloca-
tion optimization subproblem is presented as

T

7L ,comp n,comp
P4 : ?’1[1)1}1 7}1_1)1(1)0 T Z Ele + wty” ], (38)
s.t. (24a), (24()), (32@). (38a)

Note that the sensing resource allocation subproblem is essen-
tially a dynamic programming (time series) problem due
to the accumulating samples across communication rounds.
DRL has been widely adopted as an efficient algorithm to
solve decision-making problems by learning optimal solu-
tions in dynamic environments [38]. To apply this method,
we first reformulate the subproblem as a MDP with a tuple
(S, A,P,R), where S, A, P, and R are the state space, action
space, state transition probability, and reward, respectively.
The corresponding elements in the tuple are presented as
follows.

o State space S. In the ¢-th communication round, s;
consists of the accumulative dataset size Si* ; and the
channel coefficient A as s; = {St”_l, h?}n N

o Action space A. We define the sample size D} as a;.
However, if each device n independently selects its own
sample size D7}, its action space size is unacceptable.
Therefore, we allow all the devices to select the same
sample size D, in the t-th communication round, i.e.,
D} = D,, Vn. In this case, we have the action space
as = {Dt‘Dt S N}

o State transition probability P. Let P (s;_1|st, a;) be the
probability of transitioning from state s;_; to state s;
under action a;.

o Reward R. Reward r; is designed to evaluate the quality
of a learning policy under state-action pair (s;, a;), which
is defined as

Tt (St,at) = — (et + wtt) +

t
03D,
i=1

—-28 (U(¢t—5t)—;>7

where o and [ are the penalty factors for con-
straints (24b) and (24c), respectively. u(-) is a unit step
function.

Then, the MDP can be formulated with the tuple above.
Specifically, we first define a policy 7(a:|st) as the probability
of taking action a; at the state s, i.e., w(at|s:) = P (ai|st).
Moreover, the discounted reward function is defined as

(39)

U; = lim

1—1 ' ' 40
T%wZv ri (i ai). (40)
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where v € (0,1] is the discount factor for weighting future  Algorithm 1 Algorithm for P1 via the Joint Sensing,
rewards. The goal of the agent is to find the optimal policy = Communication and Computation Resource Allocation
7* that maximizes the expected long-term rewards E,« [U;].  Strategy

To this end, DQN algorithm is utilized. Specifically, under
a certain policy w, the state-action function Q7 (s, ay;0)
is defined as the expected future long-term reward for a
state-action pair (s¢, a;), which is presented by

Input: Initialize parameter vector of Q-networks 01;
Initialize the experience buffer; Maximum episode
number L.

1 for episode { =1 to L,y do
Q" (1, a1;0) = B, [Uy|se, ad], 41 2 Reset the ini.tial.state S1;
3 for communication round t =1 to T do
where 6 is the parameter vector of the Q-network. 4 DQN agent selects discrete action a; based on
To find the optimal policy 7*, we need to obtain the optimal the observed state s;;
action-value function Q* (s¢,a;;0), which can be achieved s Obtain the optimal f** by resolving P2;
through the Bellman equation as 6 Obtain the optimal pi’* and A} by resolving P3.1;
. x 7 alculate the reward r; with f**, p* and \};
Q (st,ai;0) =1+ ’Ygﬁ’f@ (St+1,a¢41;0). “42) . gbserve the next St+1§t 1 v "
. 9 Add transition (s¢, a, r¢,S¢11) to the replay
Note that the optimal action-value function () can be buffer:
obtained by optimizing the parameter vector 6 of the |, Sample a minibatch from the replay buffer;
Q-network. To this end, the replay buffer is considered to learn |, Update DQN network by the gradient descent
the optimal parameter vector @ and improve the efficiency. method: 87! — @t
Specifically, the historical tuple (s;, as,7¢,8.41) after each q, end

interaction between the agent and the environment is stored in 13 end
the experience replay buffer. By sampling the historical tuples,
we aim to minimize the loss function as

1.0
2 Ir= 0.005‘4\/‘\/ VA
. = i
— . . \\ L
L£(0) = (Tt + ’VglaXQ <5t+1a A1 9) — Q(st,ay; 0)) ) \;\ >
t+1 0.8 1 £ e
i O\
43) b ir = 0.001
. ) . .. 0.6 : :
where 6 is the target Q-network. A gradient descent method is 2 OTA-FL with IID setting[30], MNIST
e . . 3 OTA-FL-ISCC with IID setting, MNIST
employed to minimize the loss function £(0). As a result, the g OTA-FL with Non-1ID setting{30], MNIST
. . . . .. 0.4 1 L .
optimal data collection solution can be achieved by obtaining OTA-FL-ISCC with Non-IID setting, MNIST
. % OTA-FL with 1ID setting[30], Fashion MNIST
the optimal parameter vector 6. OTA-FL-ISCC with IID setting, Fashion MNIST
0.2 1 OTA-FL with Non-IID setting[30], Fashion MNIST
: OTA-FL-ISCC with Non-IID setting, Fashion MNIST
. . . . centralized learning, MNIST
C- AlgOnthm Destgn And COI’)’LplEXl[y A"alySlS centralized learning, Fashion MNIST
.. . 0.0 T T T T T
Followed by the proposed resource optimization methods, 0 10 20 30 40 50 60

Communication round

we introduce a joint sensing, communication and computation

resource allocation strategy. Specifically, we employ DQN  pig 4. Performance evaluation under different dataset distribution.

to optimize sample collection strategy after reformulating
1.0

P4 as a MDP, integrating communication and computation
resource allocation methods. The detailed procedure is shown _
. . o wwH'HMHH’HWH
in Algorithm 1, where we define (39) as the rewards. 0.8 R
* Ak 202
?—o[ o\)
iy
V. SIMULATION RESULTS 061 ({/. ¢ 0.95
. . . . g |
In this section, numerical results are conducted to validate E i 0.90 1
. . < I
the effectiveness of our proposed OTA-FL-ISCC and theoreti- 041 F g W SRR PV B et SRS PR e
cal analyses, as well as compare the proposed algorithm with " - 11 1 |
46 48 50 52 54 56 58 60
benchmarks. ISC with ® = 1.1742 ISC with ® = 1.1742, Fashion MNIST
9 PSC with ® =0.9376 PSC with ® = 0.9376, Fashion MNIST
DSC with ® =0.8812 DSC with ® = 0.8812, Fashion MNIST
OTA-FL[30] with ® = 0.6795, MNIST OTA-FL[30] with ® = 0.6795, Fashion MNIST
A Experlmen[ Setl/[p —é— Centralized learning, MNIST —~- Centralized learning, MNIST
) 003 10 20 ‘3‘0_ 40 50 60
We consider an OTA-FL-ISCC mechanism consists of Communication round
an edge server and N = 10 devices to jointly learn a Fig. 5. Performance evaluation over different sensing strategies.

convolutional neural network (CNN) model for target clas-
sification/recognition. We evaluated the local training model
on two different datasets: the MNIST and the fashion MNIST We set the learning rate to 0.001 and the gradient bound
datasets. to Gy = 20490. The size of the AI model is ¢ = 20490.
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The CPU-cycle frequency f;' ranges from 0.1 x 10° to
2.0 x 10°. We further assumed the CPU cycles required for
processing one sample is ™ = 13,876,800, and the energy
consumption coefficient is ¢ = 10728, Moreover, we set the
learning performance constraint § and the total sample set size
constraint S{., to 0.95 and 1500, respectively.

We assume that the wireless channels between each device
and the edge server follow independent and identically dis-
tributed (i.i.d.) Rayleigh fading. We assume that the noise
variance 02 = 1 W, and the maximum transmit power budget
of each device P, = 10 W, if not specified. Moreover, the
transmission latency is set as ¢{°™™ = 1.5 s.

To evaluate our proposed OTA-FL-ISCC mechanism,
we introduce the following benchmarks.

o Centralized learning: We consider the traditional cen-
tralized learning, where all the samples are sensed and
gathered by one device or server before model training.

e OTA-FL [30]: We consider the classic OTA-FL with
gradient aggregation, where all the samples are sensed
before the model training.

o OTA-FL with Fixed Computation Resource (OTA-FL-
FCR): We consider the OTA-FL-FCR, where only the
communication resource is optimized.

+ Decrease Sample Collection (DSC): We consider the
proposed OTA-FL-ISCC with DSC strategy, where the
sample set size D; decreases with the increment of
communication rounds.

o Increase Sample Collection (ISC): We consider the
proposed OTA-FL-ISCC with ISC strategy, where the
sample set size D; increases with the increment of
communication rounds.

B. Validation of Theoretical Analyses

In Fig. 4, the convergence performance of the proposed
OTA-FL-ISCC and OTA-FL schemes are illustrated across dif-
ferent datasets, each with both IID and Non-IID settings. It is
evident from the figure that the OTA-FL-ISCC exhibits worse
convergence performance than the classic OTA-FL across both
the Fashion MNIST and MNIST datasets under both IID and
Non-IID settings. For example, although OTA-FL-ISCC and
OTA-FL converge after 50 communication rounds, OTA-FL
generally achieves higher accuracy than OTA-FL-ISCC under
different learning rates. This verifies our theoretical analysis
that the sensing-related and communication-related terms have
negative impacts on the improvement of global loss in each
communication round.

Fig. 5 evaluates the derived performance metric ® over dif-
ferent sample collection strategies, where the PSC denotes the
proposed sample collection strategy achieved by Algorithm 1.
It can be found that different sample collection strategies
would influence the performance of OTA-FL-ISCC. Different
sample collection strategies correspond to different value of
P, i.e., ISC has a value of & = 1.1742, PSC has a value of
$ = 0.9711, DSC has a value of ® = 0.8812, and OTA-FL has
a value of ® = 0.6795. According to Fig. 5, a smaller value
of ® leads to higher accuracy, which verifies our theoretical
analyses that a better learning performance can be achieved
by minimizing the ATE .

3000

2500 1.1742
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2000 0.9376
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1000
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Fig. 6. The ATE and the weighted sum of latency and energy over different
sample sensing strategies.
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Fig. 7. The convergence performance of Algorithm 1.

Fig. 6 further presents the performance of weighted training
latency and energy consumption, as well as the ATE over dif-
ferent sample collection strategies. Here, all the strategies are
all under optimal communication and computation resource
allocation. Intuitively, the OTA-FL scheme leads to the highest
weighted sum of training latency and energy consumption but
lowest ATE, since it needs to update the local model over all
the dataset S{}; in each communication round. However, the
proposed OTA-FL-ISCC can still achieve better performance
by optimizing the sample collection strategy with low latency
and energy consumption, which indicates effectiveness on
reducing the latency and energy consumption for training a
Al model at edge networks.

C. Effectiveness of the Proposed Algorithms

Fig. 7 demonstrates the efficiency of the proposed
Algorithm 1 under various constraints. It is observed that the
discounted rewards converges within 80000 episodes under
different constraints. Furthermore, it is also observed that
the discounted reward converges to different points according
to different datasize and ATE, highlighting its effectiveness.
For instance, when ¢ = 0.95, the reward with a datasize
of 1500 significantly surpasses that with a datasize of 1200,
emphasizing the impact of the constraint of larger dataset size.

In Fig. 8, we depict the convergence from a weighted sum of
energy and latency perspectives under various schemes, each
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Fig. 10. The energy consumption and latency in each communication round.

with different settings for S7.,, to showcase the effectiveness of
our design for communication-and-energy efficient OTA-FL.
It is evident that the convergence of the proposed OTA-FL-
ISCC schemes significantly outperforms those without ISCC
design. Consequently, the OTA-FL-ISCC scheme achieves
faster convergence with reduced energy consumption and
latency. Moreover, Fig. 9 compares the weighted sum of train-
ing latency and energy consumption over different schemes
under various weight factors w. Comparing with OTA-FL,
the OTA-FL-FCR achieves a lower weighted sum of training
latency and energy consumption due to computation resource
optimization. Meanwhile, significant reductions in latency and

0.940

0.935 +
0.930 1
0.925 +

0.920 4

Accuracy

0.915 +

0.910

46 48 50 52 54 56 58 60

Noise Free
Prmax = 10w
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Prmax = 1w
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Fig. 11. Performance evaluation over various power allocation strategies.

energy are achieved by optimizing the sample sensing strategy.
Therefore, the proposed OTA-FL-ISCC scheme achieves the
lowest weighted sum of network latency and energy consump-
tion among all schemes.

In Fig. 10, we also provide the training latency and energy
consumption of each communication round over different
collection strategies with learning performance (24e) satisfied.
It is shown that both the training latency and energy of
OTA-FL-ISCC with PSC strategy are the lowest compared to
OTA-FL and OTA-FL-ISCC with DSC strategy. In specific,
the OTA-FL always maintains high latency and energy, while
OTA-FL-ISCC'’s latency and energy increase with the number
of communication rounds due to the accumulation of dataset,
which demonstrate the effectiveness of the proposed OTA-
FL-ISCC. Fig. 11 presents the test accuracy under various
power allocation. Here, the Noise free serves as a bench-
mark, indicating perfect aggregation without any errors in the
communication process. From Fig. 11, it is shown that the pro-
posed power allocation strategy achieves similar convergence
to the Noise free strategy. Furthermore, it is observed that the
performance under pn.x = 10 W generally outperforms that
of pmax = 1 W. This suggests that a larger power budget has
greater capability to mitigate the impact of channel noise.

D. Practical Consideration of the Proposed Framework

In this subsection, we deploy our proposed framework under
a more practical environment, which typically encounters vari-
ous challenges, such as unreliable network connections, device
malfunctions, heterogeneous device capabilities, irregular data
distributions, and adversarial attacks.

Under the unreliable networks, heterogeneous device capa-
bilities, and device malfunctions environment that result in
device dropouts, we evaluate the framework accuracy with
varying numbers of participating devices, as illustrated in
Fig. 12. To simulate device dropout, we randomly disconnect
devices during each round of model aggregation. It demon-
strates that the proposed framework achieves a comparable
convergence performance with the decrement of gradient
aggregation participating devices, which indicates its robust-
ness to dropout issues.

For irregular data distributions leading to Non-IID datasets,
we evaluate the convergence of our proposed framework under
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Fig. 12. Performance evaluation under potential dropout issues.
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Fig. 13. Performance evaluation under Non-IID datasets.

varying degrees of Non-IID settings, as shown in Fig. 13. The
Dirichlet distribution is used to model label distribution skew
among devices, with the parameter v representing the degree
of Non-IID datasets. Here, a lower v value corresponds to
a more skewed Non-IID dataset. As depicted in Fig. 13, the
convergence performance decreases with the decrement of ~,
however it wouldn’t generate a large gap even with extremely
small value of . It suggests that the proposed framework
can avoid the performance degradation effectively caused by
irregular data distributions, which demonstrates its resilience
to Non-IID datasets.

In terms of the security issue, Fig. 14 illustrates the training
accuracy under data poisoning attacks with various malicious
devices and poisoning rates. From this figure, we can find
that the training accuracy keeps unchanged under varying
poisoning rates under the same number of malicious devices.
On the other hand, the training accuracy decreases with the
increment of malicious devices.

Regarding to the privacy issue, Fig. 15 illustrates the
reconstructed images under inversion attacks with the data
reconstruction method [41]. It demonstrates that the proposed
mechanism can effectively protect data privacy compared with
the existing FedSGD mechanism [3]. Furthermore, existing
methods, such as secure multi-party computation and homo-
morphic encryption, can also be integrated into our framework
to further protect the data privacy.

1.0
0.8 1
5. 061
g 1 malicious device with data poison rate 0.1
‘3’ 1 malicious device with data poison rate 0.4
2 1 malicious device with defense scheme
0.4+ 2 malicious devices with data poison rate 0.1
2 malicious devices with data poison rate 0.4
2 malicious devices with defense scheme
0.2 1 3 malicious devices with data poison rate 0.1
3 malicious devices with data poison rate 0.4
3 malicious devices with defense scheme
Without poison attack
0.0 T T T T T
0 10 20 30 40 50 60

Communication round

Fig. 14. Performance evaluation under data poisoning attacks.

Original Image

Reconstructed Image for FedSGD [3]
o

Reconstructed Image for ISCC-FL (ours)
o w =

Fig. 15. Performance evaluation under inversion attacks.

VI. CONCLUSION

This work considered an OTA-FL-ISCC scheme to achieve
communication-and-energy efficient FL, where sensing, com-
munication and computation are jointly considered throughout
the FL procedure. Specifically, we first derived an ATE metric
to characterized learning performance of proposed framework
by convergence analyses. Then, we investigated a training
latency and energy consumption minimization problem with
ATE guarantees. Furthermore, a joint sensing, communication
and computation resource allocation strategy was developed,
where a DRL algorithm that nests convex optimization with
DQN was designed. Numerical results verified our conver-
gence analyses, and demonstrated the effectiveness of our
developed resource management algorithm.

APPENDIX A
PROOF OF LEMMA 1

According to the definition of local loss function in (1),
we have the following translation of

1
calD>

(x5,95)€S 4

F(W;L—l;‘s);n) = f (W?—lv (Xjayj))

+ Z f(wll—lv(xjvyj))

(x;,y;)€DY

t1 D}
= F(wi_1;81) + o F(wi_q;DY).

n
t St

(44)
Thus, the global loss function can be further rewritten as

F(wi—1;8)
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1
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Dy F (wi_1;Dys)

D

+ D, t

Si_1 Dy

= F ;S —

S, (Wi—1;8i-1) + S,

Taking derivative of the the global loss function F' with

respect to w;_1 over both sides of (45), Lemma 1 can be
obtained. This ends the proof.

F(wi1;D).  (45)

APPENDIX B
PROOF OF LEMMA 2

To proof Lemma 2, we first derive the improvement at
the first communication round, and then extended to the rest
communication rounds.

A. Improvement in the First Communication Round

The AI model is updated based on initialization wq over the
new sensed dataset D; in the current round. According to the
assumption of L-smoothness, the improvement on the global
loss can be expressed as:

F(w1;81) — F (wo; So)
<(VF(wq;Dy), w1 — W)
=n(VF(wo;D1),e1 — VF (wo; D1))

Ay

L
+ §||W1 —woll?

L
nH*VFTWmDD+€N

By

(46)

Now we aim to find the upper bound for A; and Bj,
respectively. Specifically, for A;, we have

Ay = (VF(wo; D), —VF (wo; D1)) + (VF(wo; D1),€1)

© VE(wo: D> el
D I F(wo D) 4 [VE( 20 Ol” |l ;H
2 2
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where (c¢) comes from the arithmetic mean-geometric mean
(AM-GM) inequality. Similarly, B; is bounded by

By = |[VF(wo; D)|* + le1]|* = 2 (F(wo; D1),en)

< 2(|VE(wo; D1)|? + 2 e (48)

Taking the expectation at both sides of (46), we have
E(F (w1;81) — F (wo; So))
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where (d) is derived from Assumption 2, and (e) is achieved
by letting n < %

2) Improvement in the rest communication rounds: For the
rest communication rounds, the Al model is updated based
on both the accumulative dataset S;_1 and the newly sensed
dataset D;. Recall (14) in Assumption 1, it follows that
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Based on Lemma 1, A5 in (50) can be rearranged as
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D
—anj (VF (Wi_1;Dy) &) . (53)

E (1]

Now, we aim to find the upper bounds of C, D, and E
in (53). Let 1— Ly > 0 and apply the AM-GM inequality,
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By applying the Cauchy-Schwarz and AM-GM inequalities,  [g]
we have
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By taking the expectation at both sides of (50), (53) can be (101
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where (f) comes from 5 < %Stsil’

Assumption 2. This ends the proof.

and (g) comes from
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