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Abstract

Recently, federated learning (FL) has gained considerable attention as a promising
training framework that effectively leverages distributed data and computational
resources while addressing communication and privacy issues. The communication
bottleneck is a significant challenge in the classical FL system for edge-intelligent
networks, stemming from the iterative updating of high-dimensional model parameters
between the parameter server (PS) and local clients. This issue arises due to the
frequent back-and-forth communication required during the iterative FL process. The
over-the-air (OTA) computation has been applied to the FL system as the PS only
requires the average of local model updates instead of the individual updates.

However, the resources of local clients are usually limited in terms of battery
capacity, which will have impacts on the convergence performance of the OTA FL
system. Besides, replacing batteries of local clients is inconvenient and labor-intensive.
In this thesis, we aim to apply energy harvesting techniques for the energy-constrained
OTA FL system to realize durable training, green computation, and fast convergence.
Besides, we also try to thoroughly investigate the impacts of the energy harvesting
settings on the convergence performance of the OTA FL system.

To this end, we first try to optimize the client selection and energy management to
realize fast convergence for the OTA FL systemwith energy harvesting clients under the
network setting of single-input single-output (SISO) wireless channels, i.e., each client
and the PS are equipped with a single antenna. We conduct the convergence analysis
of the OTA FL system based on the OTA FL model, communication model, energy
consumption and harvesting models. Then, the client selection problem is formulated
based on the convergence analysis. To solve the client selection problem, we define the
channel-energy-data (CED) coefficient to quantitatively characterize the influence of
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selecting one certain client on the convergence rate and then propose a client selection
algorithm that jointly considers channel state information, residual battery capacity,
and dataset size. The simulation results demonstrate that the proposed solution
outperforms other comparison schemes due to wisely selecting clients according to
the CED coefficient. In addition, the proposed solution remains superior even if the
impacts of noisy channels become pronounced.

Then, the single-input multiple-output (SIMO) network setting is considered for
the OTA FL system with energy harvesting clients. We focus on optimizing client
selection, receive beamforming, and energy management for the OTA FL system
with transmission power control. We first derive the expression of the optimality gap
regarding client selection and receive beamforming design. To minimize the optimality
gap, a mixed-integer nonlinear programming (MINLP) problem is formulated and
decomposed into two sub-problems. Next, the semidefinite relaxation method and the
CED-based method are developed to optimize the receive beamforming sub-problem
and client selection sub-problem iteratively. An alternative optimization method
is proposed to deal with the decoupled sub-problems for obtaining the solutions to
the original MINLP problem. Our simulation results demonstrate that the proposed
solution is superior to other comparison schemes in various parameter settings.

In summary, in this thesis, we aim to improve the convergence performance of
the OTA FL system. The optimization of client selection, receive beamforming, and
transmission power control under the energy constraint is considered for the OTA FL
system with energy harvesting clients. The simulation results show that the proposed
method can outperform comparison schemes under both the SISO and the SIMO
network settings.
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1
Introduction

1.1 Background and motivation

Due to the increase in the number of deployed Internet of Things (IoT) devices, a great
amount of data is continuously generated by them. Developers typically resort to deep
learning techniques to extract meaningful information from these data. Moreover, with
the development of hardware, the computing and storage capabilities of end devices,
such as smartphones, smartwatches, and other intelligent IoT devices, have been
significantly enhanced, which makes it possible to train models locally. Federated
learning (FL) [1] has been proposed as an effective technique for distributed training
on distributed IoT devices while preserving privacy.

FL allows multiple devices to collaboratively train a shared model using their local
data, while a central parameter server (PS) coordinates the training process. This
decentralized approach ensures that sensitive data remains on individual devices,
thereby reducing the risk of privacy leakage. Moreover, by minimizing the need for
extensive communication between devices and the central PS, FL can optimize resource
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Figure 1.1: The relationships of the OTA FL with machine learning, edge computing,
and wireless communication.

utilization and reduce communication overhead. Overall, FL offers a promising solution
for training models in a distributed and privacy-preserving manner.

Under the typical FL paradigm, clients collaborate to train a shared model with
their local data and send the updates to the PS. Then, the PS aggregates the received
signals and broadcasts the averaged updates to the selected clients. The communication
resources between clients and PS are usually constrained and the clients are required
to interact with the PS multiple rounds during the training processes. As a result, the
communication bottleneck becomes a significant problem that needs to be solved for
FL. Some strategies have been proposed to impose communication efficiency for FL
such as adjusting the number of local epochs [1] and client selection [2, 3, 4]. In [1],
the communication cost can be reduced for FL by carrying out multiple local epochs
at the client side before communication. In [2, 3, 4], the authors jointly optimize
client selection and bandwidth allocation for FL to realize fast convergence and
communication efficiency.

Different from the above works, which are implemented with digital transmission
for FL, some studies adopt over-the-air (OTA) computation to reduce the communication
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cost for FL [5, 6, 7, 8, 9]. Compared with digital transmission, clients can share the
same wireless channel via analog transmission due to the superposition property of the
multiple access channel. The communication overhead can be reduced for OTA FL by
making full utilization of the spectrum resources when clients send the gradients to PS.
In addition, the privacy leakage from the client to the PS can be avoided for OTA FL
since the signals received at the PS side through OTA computation are aggregated
signals. Figure 1.1 illustrates that OTA FL is a combination of wireless communication,
deep learning, and edge computing. The proliferation of IoT devices and the continuous
advancements in the computational capabilities of IoT devices have propelled the
demand for distributed computing to realize low latency, privacy protection, high
scalability, and communication efficiency for mobile computing systems. As a result,
FL has emerged as a solution by combining machine learning and edge computing.
Besides, to improve the communication efficiency for FL, OTA FL has gained more and
more attention by applying OTA to FL to make full use of the spectrum resources.

Recent research studies for OTA FL focus on client selection [10], power control
[11], data heterogeneity [12], and energy constraint [13]. The authors in [10] conduct
the convergence analysis for OTA FL and develop a client selection scheme when
transmission power control is taken into consideration. In [11], the authors optimize
the transmission power control to directly maximize the convergence speed of the OTA
FL system with convergence analysis. In [12], the convergence analysis of the OTA FL
system with heterogeneous data is given, and the authors conclude that convergence
can be guaranteed for OTA FL with heterogeneous data and fading channels. Besides,
due to the limited battery capacity of IoT intelligent devices, the energy constraint is a
key issue that needs to be addressed. The authors in [13] first derive the convergence
analysis for OTA FL when energy constraint is considered for local clients. Then, they
formulate an online optimization client selection problem and employ the Lyapunov
optimization technique to optimize a stable client selection scheme by solving the
nonlinear integer programming (NIP) problem.

However, in most of the current studies, energy harvesting technologies have not
been considered for the OTA FL system. Energy harvested from the environment
such as wind, solar power, and human motion can enable local clients to perform
sustained training and achieve green computing. There are some prior research studies
have successfully applied energy harvesting techniques to wireless transmission
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[14, 15], task offloading, and resource allocation [16, 17] for mobile edge computing.
The authors in [17] aim to minimize energy consumption while meeting the quality
of services for local clients with energy harvesting by optimizing task offloading
and resource scheduling among the local clients, edge server, and cloud. There are
also some prior works regarding FL with energy harvesting clients via traditional
digital transmission [18, 19]. In [18], the time-division duplex is used for gradient
transmission for typical FL. The authors formulate one integer linear program for
client selection and client association and employ the branch and bound algorithm to
minimize the training loss when multiple base stations exist. In [19], two different
energy harvesting modes are investigated which include deterministic energy arrivals
and stochastic energy arrivals. They conclude that energy harvesting technology can
realize sustainable distributed learning. In [20], the authors investigate the energy
harvesting technique for OTA FL, and two distributions of energy arrival processes
including Bernoulli distribution and uniform distribution are discussed.

Different from the previous studies [18, 19, 20] that merely focus on the typical FL
[18] or make client selection decisions based on the distribution of the harvested energy
arrivals [19, 20], we propose a novel energy-aware OTA FL system that incorporates
the energy harvesting technique to supply power to local clients and make client
selection decisions based on the channel-energy-data (CED) coefficient. Instead
of considering energy consumption as the constraint for the typical FL in [18, 19],
we try to quantify the impact of energy consumption and energy harvesting on
the convergence performance of OTA FL. Instead of simply giving the convergence
analysis of the optimality gap for OTA FL regarding client selection in [20], we give the
convergence analysis of the optimality gap for OTA FL regarding energy harvesting,
energy consumption, receive beamforming, client selection, and data size. The overall
goal of this thesis is to realize fast convergence by optimizing client selection, receive
beamforming design, energy management, and transmission power control for OTA FL
with energy harvesting clients.

1.2 Contributions

In this thesis, we apply energy harvesting techniques to the OTA FL system to realize
durable computation and reduce reliance on conventional battery sources. We have
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two objectives as follows:

• Objective 1: For single-input single-output (SISO) OTA FL systems, we try to
improve the convergence performance by optimizing the client selection with
energy harvesting clients.

• Objective 2: For single-input multiple-output (SIMO) OTA FL systems, we
try to improve the convergence performance by jointly optimizing receive
beamforming, client selection, and transmission power control under the energy
constraint.

In Chapter 3, we consider one SISO OTA FL system with energy harvesting clients,
and the client selection problem under the energy constraint is formulated as a NIP
problem to improve the system performance. The CED coefficient is defined to quantify
the impacts of the channel gain, transmission energy, and data size on the convergence
speed of the OTA FL system. Then, the discrete search method is adopted to solve the
NIP problem. The simulation results validate that the proposed method is effective for
the client selection scheme in the OTA FL system.

In Chapter 4, we consider one SIMO OTA FL system with energy harvesting and
energy constraint, we aim to optimize the joint problem of client selection, receive
beamforming design, and energy management to improve the system performance.
We first derive the optimality gap between the actual loss and the optimal loss for
OTA FL and quantify the impacts of energy harvesting, energy consumption, client
selection, and receive beamforming design on the optimality gap. To minimize the
optimality gap, we formulate a mixed-integer nonlinear programming (MINLP) problem
based on the convergence analysis. Then, the original intractable MINLP problem
is transformed into an online MINLP problem. By decomposing the online MINLP
problem, two sub-problems can be obtained one for client selection and the other for
receive beamforming design. To address the MINLP problem, we introduce several
optimization strategies, encompassing a semidefinite relaxation (SDR) approach for
the receive beamforming design sub-problem, a CED-based technique for the client
selection sub-problem, and an alternative optimization method to jointly optimize the
decoupled sub-problems. We conduct a thorough theoretical analysis of the proposed
scheme and validate its performance via simulation experiments. A comparative
evaluation with other comparison schemes reveals that our proposed approach exhibits
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substantial advantages in terms of convergence performance for OTA FL. Besides, we
also evaluate the impact of design parameters on the learning performance of OTA FL.

1.3 Outline of thesis

The chapters of this thesis are organized as follows. In Chapter 2, the background
knowledge regarding FL and OTA computation is introduced and the previous
studies related to OTA FL, energy-aware FL, and energy harvesting for mobile edge
computing are listed. In Chapter 3, the client selection scheme is designed to realize fast
convergence for OTA FL under the SISO configuration setting with energy harvesting.
Chapter 4 focuses on the OTA FL with energy harvesting under the SIMO setting,
the client selection and receive beamforming are jointly optimized to improve the
convergence performance of the OTA FL system. In Chapter 5, the conclusion of this
thesis is given by summarizing the contributions. Besides, some potential research
directions are listed as future work to further improve our current research.
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2
Background and related work

This chapter introduces the background and previous studies related to OTA FL with
energy harvesting. Section 2.1 introduces some preliminary knowledge including FL
and OTA computation. Section 2.2 reviews some previous literature related to OTA FL
and energy-aware FL. In Section 2.3, we highlight the differences and novelty of the
thesis compared with the related work.

2.1 Background

In this section, the basic knowledge related to FL and OTA computation is given in
subsections.

2.1.1 Federated learning

FL is proposed as the distributed machine learning technique that leverages the power
of local devices to generate a global model without the need for centralized data
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Figure 2.1: The roadmap of FL.

storage. The technical and theoretical foundations of FL can be traced back to various
research contributions over the years, which is summarized in Figure 2.1. In [21], the
authors first proposed association rule mining techniques for distributed databases,
which laid the groundwork for distributed data mining approaches that later influenced
FL. In 2006, Yu et al. [22] introduced distributed support vector machine (SVM) model
with privacy protection on horizontally partitioned data, highlighting the importance
of privacy-preserving techniques in distributed learning. In [23], the authors proposed
concepts such as online machine learning with distributed privacy protection. In
2016, the Google AI team introduced the first FL framework [1], specifically targeting
privacy protection for local clients. The WeBank AI team proposed federated transfer
learning by combining FL with transfer learning. They released the open-source
system FATE [24], which has been widely used in the industry. Subsequently, in 2021,
IEEE released the first international standard IEEE 3652.1-2020 for FL [25], which
provides guidelines for the architecture and application of FL. These research studies
have significantly influenced the development and advancement of FL.

Figure 2.2 illustrates the operation of a FL system, where multiple decentralized
edge clients contribute to the creation of a global model through on-device training.
This collaborative approach is applicable in diverse domains such as healthcare [26],
autonomous vehicles [27], financial services [28], and sensor data analysis [29]. The
local models trained by each client are then combined to generate a global model that
captures the shared knowledge of all clients. FL offers several advantages, including
scalability, data privacy, and reduced storage space [30, 31]. The technique allows for
efficient training of models on decentralized data sources without requiring data to be
shared or transferred to a central server, thus maintaining the privacy and security of
client data. Additionally, FL can be used to train models on large and diverse data sets,
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Figure 2.2: Implementations of FL in different application scenarios.

which would otherwise be difficult to manage in a centralized setting.
Figure 2.3 shows the basic flowchart of wireless network-based FL, which includes

five main steps: client selection, global model broadcast, local model update, local model
upload, and global model aggregation. Global broadcast updates can be performed
simultaneously each time. Due to issues such as network latency and device computing
power, there may be differences in the model upload time after the local updates are
completed. The cloud needs to coordinate with the clients to update the model as
synchronously as possible to improve device utilization efficiency. To address the
common issues and guarantee the convergence efficiency, the classical FL system
named FedAvg is proposed in [1], which is illustrated clearly in Algorithm 2.1. The
detailed procedures of the FedAvg algorithm at the 𝑡-th training round are listed as
follows:

• Client selection: At first, a subset of clients K𝑡 are selected from the total client
set K by the PS to join in the training.

• Global model broadcast: The current global model𝒘𝑡 ∈ R𝑆 is broadcast to the
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selected local clients, where 𝑆 represents the total number of model parameters.

• Local model update: The selected local client 𝑘 update the local model𝒘𝑘,𝑡 as

𝒘𝑘,𝑡 = 𝒘𝑡

𝒈𝑏𝑠
𝑘,𝑡

= ∇𝑓
(
𝒘𝑘,𝑡 , 𝑏𝑠

)
𝒘𝑘,𝑡+1 = 𝒘𝑘,𝑡 − 𝜂𝒈𝑏𝑠𝑘,𝑡 , (2.1)

where 𝒈𝑏𝑠
𝑘,𝑡

is the local gradients calculated with the local data with batch-size 𝑏𝑠
and local model𝒘𝑘,𝑡 , and ∇𝑓

(
𝒘𝑘,𝑡 , 𝑏𝑠

)
is the corresponding gradients.

• Local model upload: After the training process is completed, the selected client 𝑘
transmits the local gradients 𝒈𝑘,𝑡 to the PS.

• Model aggregation: After receiving the signals, the global gradient 𝒈𝑡 can be
represented as

𝒈𝑡 =

∑
𝑘∈K𝑡

𝐷𝑘𝒈
𝑏𝑠
𝑘,𝑡∑

𝑘∈K𝑡
𝐷𝑘

, (2.2)

where 𝐷𝑘 is local data size at the selected client 𝑘 . Let 𝜂 denote the fixed learning
rate, the global model is updated as

𝒘𝑡+1 = 𝒘𝑡 − 𝜂𝒈𝑡 . (2.3)

The aforementioned steps will be iterated for 𝑇 rounds, ultimately resulting in a model
that is sufficiently distributed for training on the data from 𝐾 clients.

The common challenges facing the classical FL algorithm FedAvg include communi-
cation overhead [32, 33], system heterogeneity [34, 35, 36, 37], statistical heterogeneity
[38], and energy constraints of local clients [39], such as laptops, IoT devices, and wear-
able sensors [40]. The key point to effectively implementing FL in a wireless network
environment is to consider these challenges and develop solutions that can mitigate
their impacts on the learning process. The most widely concerned topics recently
include communication efficiency [41, 42, 43], client scheduling [44, 45, 46, 47, 48, 49],
and resource allocation [50, 51, 52, 53, 54] for FL systems, which are explained in detail
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Figure 2.3: Illustration of the procedures for FL, which includes five main steps: client
selection, global model broadcast, local model update, local model upload, and global
model aggregation.

as follows.

• Communication efficiency: Although mobile devices’ computational capabilities
have grown significantly, the shortage of radio resources remains a persistent
issue. In the FL system, local model transmission is crucial for collaborative
learning, emphasizing the need to develop novel wireless communication
techniques that can enhance FL efficiency. Researchers are currently investigating
and creating innovative approaches to tackle radio resource constraints which
include communication compression [55] and analog transmission [56], intending
to improve the effectiveness of FL on mobile devices.

• Client selection: For the FL system, participant selection involves the process of
selecting clients that will take part in each training round. This is typically
done through random selection by the PS for FedAvg algorithm, which then
aggregates parameter updates from all participants and takes a weighted average
of the models. However, the training progress of FL is often constrained by the
slowest participating devices, also known as stragglers [57]. To overcome this
bottleneck, researchers are exploring new participant selection protocols that
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Algorithm 2.1 The FedAvg Algorithm
Require: Local mini-batch size 𝐵𝑆 , number of participants |K𝑡 | per iteration, number

of local epochs 𝐸, local data set 𝐷𝑘 at client 𝑘 , learning rate 𝜂, and the total number
of training rounds 𝑇 .

Ensure: Global model𝒘𝑇 .
1: Server side:
2: Initialize the global model𝒘0.
3: for 𝑡 = 1, 2, ...,𝑇 do
4: Select a subset K𝑡 of the local clients to join in the training.
5: for 𝑘 ∈ K𝑡 do
6: 𝑔𝑘,𝑡 ←client 𝑘
7: end for
8: The gradient aggregation is computed as in (2.2) and the global model update

is conducted as in (2.3).
9: end for
10: Client 𝑘 side:
11: for each local epoch 𝑒𝑝 = 1, 2, ..., 𝐸 do
12: for each batch 𝑏𝑠 ∈ 𝐷𝑘 do
13: The local model is updated as in (2.1)
14: end for
15: end for

can improve training efficiency in FL [58].

• Resource allocation: Due to the system heterogeneity and statistical heterogeneity
of the local clients for the FL system, the resource heterogeneity has several
dimensions that need to be considered, including variations in computation
and communication capabilities and the data quality of local clients for local
model training. Some strategies such as the bandwidth allocation [39, 59], power
control [60] and the learning rate optimization [61] can improve the system
convergence for the FL system.

These above-mentioned techniques aim to optimize the utilization of available resources
while minimizing the negative impact on local clients. By carefully considering these
issues, successful and efficient FL implementations can be achieved.
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Figure 2.4: The comparison of the traditional wireless transmission and OTA computa-
tion.

2.1.2 Over-the-air computation

OTA computation is a novel approach to computing that utilizes the superposition
property of wireless multiple-access channels to perform mathematical functions. As
illustrated in Figure 2.4, traditional computing technique requires the acquisition
of local data from edge devices, such as smartphones, laptops, tablets, vehicles, or
sensors over orthogonal channels [62, 63], and the computation is conducted at
the server side after receiving all information from all devices over the traditional
transmission. Different from the traditional computing technique, for OTA computation,
the wireless channels are used to directly perform computation tasks, leveraging
the simultaneous transmission of multiple signals over the same frequency band.
This approach offers several advantages, including reduced latency, increased energy
efficiency, and improved privacy, as sensitive data does not need to be transmitted over
separate channels. Although still in its early stages, OTA computation has the potential
to transform various fields, including wireless communication, data processing, and
edge computing.

Commonly, the procedures include the pre-processing and post-processing steps
when OTA computation is applied to wireless communication and edge computing.
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Table 2.1: Some example functions for OTA computation.

Operation Pre-
processing

Post-
processing Function

Arithmetic mean 𝑠𝑘,𝑡
1
𝐾 𝑓𝑡 =

1
𝐾

𝐾∑
𝑘=1

𝑠𝑘,𝑡

Weighted sum 𝑎𝑘,𝑡𝑠𝑘,𝑡 1 𝑓𝑡 =
𝐾∑
𝑘=1

𝑎𝑘,𝑡𝑠𝑘,𝑡

Geometric mean 𝑙𝑜𝑔(𝑠𝑘,𝑡 ) 𝑒𝑥𝑝 𝑓𝑡 = (
𝐾∏
𝑘=1

𝑠𝑘,𝑡 )1/𝐾

Polynomial 𝑎𝑘,𝑡𝑠
𝑖𝑘,𝑡

𝑘,𝑡
1 𝑓𝑡 =

𝐾∑
𝑘=1

𝑎𝑘,𝑡𝑠𝑘,𝑡
𝑖𝑘,𝑡

As shown in Figure 2.4, assuming that there are 𝐾 sensors in the wireless sensor
network and the generated initial signal at the node 𝑘 during the time slot 𝑡 is 𝑠𝑘,𝑡 , the
pre-processing operation for the input signal is 𝜑𝑘,𝑡 and the post-processing operation
is 𝜍𝑡 , where the pre-processing 𝜑𝑘,𝑡 is conducted at the local node 𝑘 in time slot 𝑡
and the post-processing 𝜍𝑡 is conducted at the server side after server receives the
aggregated signal. The OTA computation function 𝑓𝑡 is conducted as

𝑓𝑡 = 𝜍𝑡 (𝜑𝑘,𝑡 (𝑠𝑘,𝑡 )) . (2.4)

As shown in Table 2.1, some common functions including arithmetic mean, weighted
sum, geometric mean, and polynomial that can be computed via OTA computation,
where 𝑎𝑘,𝑡 means the weight of signal 𝑠𝑘,𝑡 and 𝑖𝑘,𝑡 means the index of signal 𝑠𝑘,𝑡 .

Wireless systems have gained significant attention due to their potential to enable
various applications, such as environmental monitoring, structural health monitoring,
and industrial automation. These applications often require the computation of various
functions, such as maximum, minimum, mean, norm, and polynomial functions,
which can be challenging to perform on resource-constrained sensor nodes. To
address this challenge, researchers have explored the use of OTA computation, which
involves utilizing the channel’s characteristics to perform computations and performs
computations in a distributed manner, enabling distributed sensing and optimizing in
the distributed wireless system. By adopting OTA computation to compute these
nomographic functions, wireless sensor network can effectively perform various
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computation-intensive tasks. This can help improve the overall performance and
accuracy of wireless sensor networks, making them a valuable tool for a range of
applications. As such, OTA computation is an exciting area of research that holds
significant promise for the future of wireless sensor systems.

The OTA computation has been investigated in various fields, such as distributed
localization [64], wireless control systems [65], wireless sensor networks [66, 67],
wireless data center networks [68], wireless intra-chip computation [69], wireless
communication [70], and physical layer security [71]. The authors in [65] apply the
OTA computation to the wireless control system and try to minimize the effect of the
wireless channel on the control system under the transmit power control. In [66], the
authors adopt the OTA computation to compute the arithmetic mean of temperatures
measured by 250 sensors for environmental monitoring. To realize the scalability
and communication efficiency for the data central network, OTA computation is
proposed to compute the arithmetic mean of the symbols at K source nodes for a
wireless data central network in [68]. To realize scaling-out wired interconnects for
hyperdimensional computing, OTA computation is exploited and a similarity-search
task via multiple in-memory computing cores is proposed in [69]. In [70], the authors
use the compute-and-forward scheme to harness the collisions for massive access
channels, and the nodes forward a linear combination of the messages to the base
station along with the corresponding coefficients for decoding. In [71], the authors
propose the use of OTA computation for the multiplication of Gaussian prime numbers,
which is then utilized to compute a secret key that can be applied in various encryption
processes. Additionally, this approach can be used to generate keys using predetermined
key-generation functions.

2.2 Related work

2.2.1 Over-the-air federated learning

As discussed in the previous subsection, OTA computation is highly suitable for
distributed optimization systems, and the FL system is the prime example of such a
system. Due to the limited wireless network resources and the presence of a large
number of distributed devices in FL systems, the adoption of OTA computation can be
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Table 2.2: The comparison of OTA FL with traditional FL.

Comparison Traditional FL OTA FL
Transmission scheme digital transmission analog transmission
Computation mode transmit-then-compute OTA computation
Privacy protection low high
Communication cost high low

highly beneficial for effectively utilizing network bandwidth. Furthermore, the process
of aggregating model parameters in FL can be incorporated into the model parameter
uploading process. By doing so, OTA computation can be leveraged to further optimize
the overall performance of the system. As listed in Table 2.2, the OTA FL system can
achieve communication efficiency, transmission along with aggregation, and privacy
protection compared with the traditional FL via digital transmission. Recently, OTA FL
has been proposed for communication-efficient distributed learning by making full
use of the spectrum resources [61, 72, 73, 74, 75, 76, 77, 78, 79]. Most of the recent
articles focus on the transmission power control [73, 74, 75], client selection scheme
design [6, 13, 56, 77], and receive beamforming design [61, 76, 80, 81, 82] for the OTA
FL system.

The design of transmission power for local clients can mitigate aggregation
errors and improve the convergence speed for OTA FL. In [73], the authors adopt the
successive convex approximation method and the trust region method to optimize
transmission power for OTA FL when non-uniform channel fading exists. In [74], the
authors optimize the transmission power to minimize the aggregation error for OTA
FL when taking gradient statistics into account. In [75], the authors try to optimize
the number of local iterations and adjust the transmission power to improve the
convergence rate.

The presence of heterogeneous local clients, characterized by varying computational
capabilities, current battery levels, and dynamic network conditions, can significantly
affect the final performance of the OTA FL system. Therefore, the client selection
scheme is important to achieve optimal outcomes. Some previous studies have focused
on the client selection design for OTA FL. In [6], the authors adopt the difference-of-
convex-functions (DC) method to mitigate the influence of system heterogeneity and
network heterogeneity for OTA FL. Specifically, the optimization of client selection
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and receive beamforming for OTA FL is realized by minimizing the model aggregation
error and maximizing the number of selected clients. In addition, the diverse energy
constraints are investigated in [13] and the client selection scheme is designed with the
Lyapunov optimization to realize fast convergence. In [56], the clients with weak
channels are neglected for the broadband situation and the authors prove that the
latency for OTA FL is smaller compared with the FL via digital transmission. The work
[77] adopts the SDR technique to minimize the optimality gap of the training loss by
jointly optimizing client selection and power control for OTA FL.

Multi-antenna beamforming is another way to improve the performance for OTA
FL [61, 76, 80, 81, 82]. The work [61] jointly optimizes the receive beamforming design
and learning rate with the combined method of DC method and exhaustive search
method. In [76], the receive beamforming is optimized with the DC method, and
the client selection is designed with the Gibbs sampling method for reconfigurable
intelligent surface-assisted OTA FL system. The authors in [80] try to optimize the
transmission power control and adapt the learning rate design for the OTA FL system.
The research paper [81] introduces a novel and compatible framework that integrates
non-orthogonal multiple access and OTA FL through concurrent communication. This
framework enables efficient communication and cooperative learning among multiple
devices in a wireless network. In [82], the authors adopt the SDR technique to deal with
the receive beamforming design, and the client selection is solved with the DC method.

2.2.2 Energy-aware federated learning

FL assumes the availability of communication and computation resources at the local
clients, as the training process requires significant computational power and parameter
exchange between local clients and the PS. However, the distributed nature of FL can
exacerbate the demands on edge devices, which often have limited resources. As
a result, implementing FL can lead to issues such as slow convergence, decreased
accuracy, or even model training failure. Therefore, it is crucial to consider the resource
availability of edge devices when implementing FL, especially concerning battery life.

For the typical FL system, the energy consumption at local clients includes the
computation energy consumption for the local model training procedure and the
communication energy consumption for gradient upload procedure. Let 𝑒𝑡𝑜𝑡

𝑘
, 𝑒𝑐𝑚𝑝
𝑘

and
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𝑒𝑐𝑜𝑚
𝑘

denote the total energy consumption, computation energy consumption, and
communication energy consumption for client 𝑘 , respectively. The number of the
floating point operations (FLOPs) is used to measure the computation complexity of
the energy consumption model according to [83]. Let 𝑎 denote the number of the
FLOPs for each data during the local update, which is a constant value. Let 𝐶𝑘 denote
the number of FLOPs in one CPU cycle. According to [16, 51, 83], the computation
energy consumption 𝑒𝑐𝑚𝑝

𝑘
is calculated as

𝑒
𝑐𝑚𝑝

𝑘
=
𝑎𝐷𝑘

𝐶𝑘
𝜄𝑘𝐼𝑘 (𝑓𝑘)2, (2.5)

where 𝜄𝑘 is the effective switched capacitance decided by the chip architecture, 𝐼𝑘 is the
number of local iterations and 𝑓𝑘 means the number of CPU cycles per second. The
communication energy consumption 𝑒𝑐𝑜𝑚

𝑘
is calculated as

𝑒𝑐𝑜𝑚
𝑘

= 𝑡𝑘𝑝𝑘 , (2.6)

where 𝑡𝑘 is the communication time which is decided by the wireless transmission rate
and signal size, and 𝑝𝑘 is the average transmission power of local client 𝑘 . The total
energy consumption is calculated as

𝑒𝑡𝑜𝑡
𝑘

= 𝑒
𝑐𝑚𝑝

𝑘
+ 𝑒𝑐𝑜𝑚

𝑘
. (2.7)

In the training procedures of the FL system, the energy consumption is usually
constrained by the available battery of local clients. There are some previous studies
that focus on the energy-constrained FL system [51, 55, 84, 85, 86, 87, 88, 89]. In [51],
the authors investigate the energy-efficient resource allocation for FL with wireless
communication networks. The authors in [55] try to enhance the energy efficiency of
FL in mobile edge networks, allowing for heterogeneous participating devices without
compromising the learning performance. In this regard, they propose one FL algorithm
that guarantees convergence and enables flexible communication compression to
achieve this objective. The work in [84] aims to minimize energy consumption while
guaranteeing the system performance by optimizing bandwidth allocation and client
selection for FL system. The problem of joint user association, task allocation, and
power allocation in FL system is posed as an optimization problem with the objective
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of minimizing energy consumption for both task computation and transmission in [85].
In study [86], the authors tackle an optimization problem that seeks to determine the
optimal allocation of resources for users for FL system, including the precise selection
of relevant training samples, bandwidth, transmission power, beamforming weights,
and processing speed, all with the aim of minimizing the total energy consumption,
while adhering to a deadline constraint on the communication rounds of FL system. In
[87], the authors formulate two problems for FL system with energy constraint clients,
the first one is to optimize the learning performance under the energy consumption
constraint for FL system and the second one is to minimize the energy consumption of
the local clients with the learning performance requirement for FL system.

2.3 Summary

In this chapter, the background knowledge and related studies of the OTA FL system
with energy harvesting are introduced. Different from the previous studies that only
focus on transmission power control for OTA FL, we investigate the influence of energy
harvesting on the learning performance of OTA FL in this thesis. Besides, we derive
the optimality gap of the OTA FL system, which is related to energy management,
client selection, receive beamforming design, and transmission power control.
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3
Energy harvesting aware client selection

for OTA FL

3.1 Introduction

As introduced in previous chapters, the OTA FL system can realize communication
efficiency compared with the traditional FL system. However, the local clients still
suffer from the energy constraint due to the communication energy consumption
and computation energy consumption, which will influence the final convergence
rate of the OTA FL system. While some efforts have been made to address energy
constraints [13] and incorporate energy harvesting [20] in the OTA FL system, the
effects of energy harvesting and client selection have not been thoroughly explored. In
this chapter, we aim to solve the energy constraint problem of the OTA FL system and
investigate the impacts of energy harvesting on the convergence performance of
the OTA FL system. In this chapter, we first give some background knowledge in
Section 3.2 about the system model. Specifically, Subsection 3.2.1 introduces the FL
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Figure 3.1: FL system via OTA computation with energy harvesting.

model, providing an overview of its key concepts and principles, Subsection 3.2.2
presents the communication model specific to the OTA FL system, outlining the key
components and considerations, Subsection 3.2.3 describes the energy consumption
and harvesting model, highlighting the factors influencing energy constraints in
the OTA FL system, Subsection 3.2.4 formulates the initial problem, which aims
to minimize the optimality gap of the training loss by optimizing client selection
under energy constraints. Based on the information of the system model, we try to
analyze the convergence performance of the OTA FL system in the presence of energy
harvesting in Subsection 3.3.1. Subsequently, in Subsection 3.3.2, we transform the
initial client selection problem into the NIP problem, taking into consideration the
energy constraint and energy harvesting. To address the formulated NIP problem, in
Section 3.4, we propose a client selection and energy management method based on
CED coefficients for the OTA FL system, which involves clients that harvest energy. In
Section 3.5, the proposed client selection scheme is evaluated for the OTA FL system
with the simulations. Besides, the impacts of the energy harvesting settings on the
OTA FL system are discussed in the simulations.
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3.2 System model

In this section, we first provide some background knowledge about the FL model, the
communication model, the energy consumption and harvesting model. Then, we
formulate the problem to minimize the optimality gap by jointly optimizing the client
selection and energy management for the OTA FL system.

3.2.1 Federated learning model

We consider the OTA FL system that consists of 𝐾 single-antenna clients and one
single-antenna PS, which is depicted in Figure 3.1. The set of all clients is denoted as
K . Each client 𝑘 ∈ K has a number of feature-label pairs, which can be denoted as
D𝑘 =

{(
𝒙𝑘,𝑖, 𝑦𝑘,𝑖

)
, 𝑖 ∈ {1, . . . , 𝐷𝑘}

}
, where 𝒙𝑘,𝑖 is the feature vector, 𝑦𝑘,𝑖 is the ground-

truth label, and 𝐷𝑘 is the total number of local training samples owned by client 𝑘 . The
total number of samples for all clients is 𝐷 =

∑
𝑘∈K 𝐷𝑘 . Clients can harvest energy

from various energy harvesting resources.
We assume that the total number of training rounds is 𝑇 for the traditional FL

system, and the information will continue to be exchanged between the local client
side and the PS side during this period. Just like the FedAvg algorithm in Subsection
2.1.1, at the 𝑡-th training round, the traditional FL system conducts the following
steps: client selection, global model broadcast, local model update, local model upload,
and global model aggregation. First, it is assumed that a subset of clients K𝑡 are
selected from K by the PS to join in the training. Let 𝜷𝑡 = [𝛽1,𝑡 , 𝛽2,𝑡 , . . . , 𝛽𝐾,𝑡 ] denote
the client selection vector, and 𝛽𝑘,𝑡 ∈ {0, 1} represents a binary indicator. If client
𝑘 is selected at the 𝑡-th training round, 𝛽𝑘,𝑡 = 1, otherwise, 𝛽𝑘,𝑡 is set as 0, thus
K𝑡 =

{
𝑘 |𝛽𝑘,𝑡 = 1, 𝑘 ∈ K

}
. Then, the selected local client 𝑘 update the local model𝒘𝑘,𝑡

as𝒘𝑘,𝑡 = 𝒘𝑡 . Suppose that 𝑓
(
𝒘𝑘,𝑡 , 𝒙𝑘,𝑖, 𝑦𝑘,𝑖

)
is the loss function for the corresponding

local training sample
(
𝒙𝑘,𝑖, 𝑦𝑘,𝑖

)
, 𝑖 ∈ {1, . . . , 𝐷𝑘} at client 𝑘 . The local loss for all samples

at client 𝑘 is calculated as

𝐹𝑘,𝑡
(
𝒘𝑘,𝑡 ,D𝑘

)
=

1
𝐷𝑘

𝐷𝑘∑︁
𝑖=1

𝑓
(
𝒘𝑘,𝑡 , 𝒙𝑘,𝑖, 𝑦𝑘,𝑖

)
. (3.1)

Let ∇𝑓
(
𝒘𝑘,𝑡 , 𝒙𝑘,𝑖, 𝑦𝑘,𝑖

)
denote the gradient of 𝑓

(
𝒘𝑘,𝑡 , 𝒙𝑘,𝑖, 𝑦𝑘,𝑖

)
. The local gradient 𝒈𝑘,𝑡 ∈
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R𝑆 is calculated as

𝒈𝑘,𝑡 =
1
𝐷𝑘

𝐷𝑘∑︁
𝑖=1
∇𝑓

(
𝒘𝑘,𝑡 , 𝒙𝑘,𝑖, 𝑦𝑘,𝑖

)
. (3.2)

After the training process is completed, the selected client 𝑘 transmits the local gradients
𝒈𝑘,𝑡 to the PS. After receiving the signals, the global gradient can be represented as

𝒈𝑡 =

∑
𝑘∈K𝑡

𝐷𝑘𝒈𝑘,𝑡∑
𝑘∈K𝑡

𝐷𝑘
. (3.3)

Let 𝜂 denote the fixed learning rate. The global model is updated as

𝒘𝑡+1 = 𝒘𝑡 − 𝜂𝒈𝑡 . (3.4)

The global loss for the selected clients can be given by

𝐹𝑡 (𝒘𝑡 ,K𝑡 ) =
∑
𝑘∈K𝑡

𝐷𝑘𝐹𝑘,𝑡
(
𝒘𝑘,𝑡 ,D𝑘

)∑
𝑘∈K𝑡

𝐷𝑘
. (3.5)

The main differences between the OTA FL system and the traditional FL system are the
procedures of local model transmission and global model aggregation. In the next
subsection, the communication model which includes the local model transmission and
global model aggregation is introduced.

3.2.2 Communication model

For the OTA FL system, clients need to upload their gradients to the PS with the
shared wireless channel synchronously. In this chapter, we assume that the channel
coefficients are quasi-static during the same training round, but they may fluctuate in
different training rounds. Let ℎ̂𝑘,𝑡 ∈ C represent the channel coefficient of client 𝑘 at
the 𝑡-th training round, and ℎ𝑘,𝑡 means the magnitude of ℎ̂𝑘,𝑡 . Let 𝑝𝑘,𝑡 denote the power
control factor of client 𝑘 at the 𝑡-th training round. The pre-processing operation for
local gradients 𝒈𝑘,𝑡 at client 𝑘 during the 𝑡-th training round is as follows:

𝝋𝑘,𝑡 = 𝑝𝑘,𝑡𝛽𝑘,𝑡𝒈𝑘,𝑡 . (3.6)
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The received gradients vector 𝒓𝑡 ∈ C𝑠 at the PS side via OTA computation at the 𝑡-th
training round is calculated as follows:

𝒓𝑡 =
∑︁
𝑘∈K

ℎ𝑘,𝑡𝝋𝑘,𝑡 + 𝒛𝑡

=
∑︁
𝑘∈K

𝛽𝑘,𝑡ℎ𝑘,𝑡𝑝𝑘,𝑡𝒈𝑘,𝑡 + 𝒛𝑡 , (3.7)

where 𝒛𝑡 = [𝑧1
𝑡 , 𝑧

2
𝑡 , . . . , 𝑧

𝑠
𝑡 ] ∈ C𝑠 represents the additive white Gaussian noise (AWGN)

vector, and 𝑧𝑠𝑡 follows the distribution CN
(
0, 𝜎2) . To obtain the averaged gradients of

the OTA FL system, the PS conducts the post-processing operation for the received
aggregated gradients [10]. The post-processing for aggregated gradients is as follows:

𝒓𝑡 =
𝒓𝑡

𝛼𝑡
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

, (3.8)

where 𝛼𝑡 is the scaling factor for obtaining the transmission energy at the 𝑡-th training
round. In addition, the averaged global gradients over an error-free channel are 𝒈𝑡 ,
which is calculated as (3.3). The mean squared error of the received global gradient 𝒓𝑡
via OTA computation and the error-free averaged global gradients 𝒈𝑡 is calculated as

𝑀𝑆𝐸 (𝒓𝑡 ,𝒈𝑡 ) = 𝐸 ( |𝒓𝑡 − 𝒈𝑡 |2)

= 𝐸 ( |
∑
𝑘∈K 𝛽𝑘,𝑡ℎ𝑘,𝑡𝑝𝑘,𝑡𝒈𝑘,𝑡 + 𝒛𝑡
𝛼𝑡

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

−
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

|2). (3.9)

To minimize the mean squared error between the received global gradients 𝒓𝑡 via
OTA computation and the error-free global gradients 𝒈𝑡 , the power control factor 𝑝𝑘,𝑡
needs to satisfy the requirement for the selected client 𝑘 at the 𝑡-th training round as
follows [62]:

𝑝𝑘,𝑡 =
𝛼𝑡𝐷𝑘

ℎ𝑘,𝑡
. (3.10)

As a result, take (3.10) into (3.8), the received global gradients 𝒓𝑡 can be rewritten as
follows:

𝒓𝑡 =

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡 + 𝒛𝑡

𝛼𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

. (3.11)
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By comparing (3.11) with (3.3), we can infer that the difference between the OTA FL
system and the error-free FL system is decided by the part of 𝒛𝑡

𝛼𝑡
∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘
, specifically,

the aggregation error is decided by the noise signal vector 𝒛𝑡 , the channel state
information vector 𝒉𝑡 , the power control vector 𝒑𝑡 , the client selection indicator vector
𝜷𝑡 , and the dataset size vector 𝑫 .

3.2.3 Energy consumption and harvesting model

Let 𝑒𝑘,𝑡,𝑖 denote the computation energy consumption for each sample at local client
𝑘 . Let 𝑎 denote the number of FLOPs for each data during the local update. Let 𝐶𝑘
denote the number of FLOPs in one CPU cycle, and 𝜄𝑘 denote the effective switched
capacitance decided by the chip architecture. The CPU frequency is denoted as 𝑓𝑘 .
According to [16, 51, 83], 𝑒𝑘,𝑡,𝑖 can be calculated as follows:

𝑒𝑘,𝑡,𝑖 =
𝑎

𝐶𝑘
𝜄𝑘𝐼𝑘 (𝑓𝑘)2, (3.12)

which is decided by the computation ability of the local clients and the complexity of
the deep learning model. We assume that 𝑒𝑘,𝑡,𝑖 remains unchanged for client 𝑘 , but 𝑒𝑘,𝑡,𝑖
varies across different clients because of client heterogeneity. The data size 𝐷𝑘 for
client 𝑘 may also be different across different clients. By combining (3.10), the total
energy consumption 𝑒 tot

𝑘,𝑡
for client 𝑘 during the 𝑡-th training round can be obtained as

follows [13]:

𝑒 tot
𝑘,𝑡

= 𝐷𝑘𝑒𝑘,𝑡,𝑖 + ||𝑝𝑘,𝑡𝒈𝑘,𝑡 | |2

= 𝐷𝑘𝑒𝑘,𝑡,𝑖︸ ︷︷ ︸
Computation energy consumption

+
𝛼2
𝑡 𝐷

2
𝑘

ℎ2
𝑘,𝑡



𝒈𝑘,𝑡

2
2︸         ︷︷         ︸

Transmission energy consumption

. (3.13)

We assume that each client can harvest energy from its resources. The energy
harvesting process is built based on a successive energy arrival model. The newly
arrived energy at the 𝑡-th training round is as follows: 𝒆arr

𝑡 = [𝑒arr
1,𝑡 , . . . , 𝑒

arr
𝐾,𝑡
], where 𝑒arr

𝑘,𝑡

follows a Poisson process with the parameter 𝑒𝑘 . For each client, the harvested energy
can be stored in the battery and used for further operations. The current battery
energy is denoted as 𝑏𝑘,𝑡 at the initial time of the 𝑡-th training round for client 𝑘 . The
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maximum battery capacity for client 𝑘 is denoted as 𝐵max.
For each selected client 𝑘 at the 𝑡-th training round, the total energy consumption

cannot exceed the residual battery capacity, which is denoted as follows:

𝑒 tot
𝑘,𝑡
≤ 𝑏𝑘,𝑡 . (3.14)

The energy harvested during the 𝑡-th training round can be used in the following
training rounds, and the updated battery energy of the client 𝑘 is less than the maximum
capacity 𝐵max. The battery level update process after the 𝑡-training round 𝑏𝑘,𝑡+1 is
decided by the minimum value of the updated energy and maximum battery, which
can be expressed as follows:

𝑏𝑘,𝑡+1 = min
{
𝑏𝑘,𝑡 − 𝑒 tot

𝑘,𝑡
+ 𝑒arr

𝑘,𝑡
, 𝐵max

}
, (3.15)

where 𝑏𝑘,1 = 𝐵1
𝑘
is the initial battery energy at client 𝑘 .

3.2.4 Problem formulation

The total number of training rounds is set as 𝑇 . Let𝒘∗ indicate the optimal global
mode of the OTA FL system, and let 𝐹 (𝒘∗) represent the global loss of the optimal
global model. The initial global model is denoted as𝒘1. The optimality gap of the
actual training loss and optimal training loss is defined as E[𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗) after
𝑇 training rounds. If the optimality gap of the training loss E[𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗) is
smaller, the convergence performance of the OTA FL system is better. Our goal is to
minimize the optimality gap E[𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗) within the energy constraint via
client selection optimization for the OTA FL system. The optimization problem is
formulated as follows:

P1 : min
𝜷

E[𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗) (3.16a)

s.t. 𝑒 tot
𝑘,𝑡
≤ 𝑏𝑘,𝑡 , ∀𝑘 ∈ K, 1 ≤ 𝑡 ≤ 𝑇, (3.16b)

𝛽𝑘,𝑡 ∈ {0, 1} , ∀𝑘 ∈ K, 1 ≤ 𝑡 ≤ 𝑇 . (3.16c)

where the first constraint denotes that the total energy consumption at the 𝑡-th training
round for each selected client 𝑘 is less than its residual battery capacity, and the second
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constraint indicates the binary client selection vector at the 𝑡-th training round.

3.3 Convergence analysis and problem transforma-

tion

In this section, we present the convergence analysis of the OTA FL system. Note that
energy consumption and energy harvesting of the local clients are introduced into the
convergence analysis. The derived convergence result can measure the impacts of the
channel state information ℎ𝑘,𝑡 , the residual battery capacity (𝑏𝑘,𝑡 − 𝑒𝑘,𝑡,𝑖𝐷𝑘), and the
dataset size 𝐷𝑘 of the selected client 𝑘 on the convergence rate of the OTA FL system.
Based on the convergence result, the transformed problems are rebuilt from P1.

3.3.1 Convergence analysis

According to (3.4) and (3.11), the global weight parameters for the OTA FL system are
updated as follows:

𝒘𝑡+1 = 𝒘𝑡 − 𝜂𝒓𝑡 . (3.17)

For the convenience of convergence analysis, we make the following three
assumptions on the training loss function for the OTA FL system as used in [3, 10].

Assumption 1 (𝒍-Smoothness) This indicates that a nonnegative constant 𝑙 exists for
parameters𝒘 and 𝒗 to make the inequality satisfy the following:

𝐹 (𝒘) − 𝐹 (𝒗) ≤ (𝒘 − 𝒗)𝑇 ∇𝐹 (𝒗) + 𝑙
2
∥𝒘 − 𝒗∥22 . (3.18)

Assumption 2 (PL Inequality) For a nonnegative 𝜇 constant, the Polyak-Lojasiewicz
(PL) condition should hold the following:

∥∇𝐹 (𝒘)∥22 ≥ 2𝜇
[
𝐹 (𝒘) − 𝐹

(
𝒘∗

) ]
. (3.19)

Assumption 3 (Gradient Bound) The local gradients have the bound constraint of the
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global gradients as follows:

∥∇𝑓 (𝒘)∥22 ≤ 𝜆1 + 𝜆2∥∇𝐹 (𝒘)∥22. (3.20)

where 𝜆1 ≥ 0 and 𝜆2 ≥ 0.

The optimality gap at the 𝑡-th training round is defined as E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗).
We can derive the relationship of the optimality gap for two adjacent rounds as in
Lemma 3.1.

Lemma 3.1 Based on Assumptions 1-3, when the learning rate satisfies 𝜂 = 1
𝑙
, given the

residual battery capacity vector 𝒃𝑡 and the client selection vector 𝜷𝑡 , the optimality gap at
the 𝑡-th training round within the energy constraint can be represented as follows

E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) ≤ 𝜓𝑡 (E[𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗)) +
𝜆1

𝑙
𝜙𝑡 , (3.21)

where𝜓𝑡 and 𝜙𝑡 can be expressed as follows:

𝜓𝑡 = 1 − 𝜇
𝑙
+ 2𝜇𝜆2𝜙𝑡

𝑙
, (3.22)

𝜙𝑡 =
𝑠𝜎2

2
(∑

𝑘∈K 𝐷𝑘𝛽𝑘,𝑡
)2

(
max
𝑘∈K

𝛽𝑘,𝑡𝐷
2
𝑘

ℎ2
𝑘,𝑡

(
𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖

) ) + 2
(
𝐷 −∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘
)2

𝐷2 . (3.23)

Proof. Let 𝒐 denote the errors that are introduced by client selection and noisy
channels for the OTA FL system, then 𝒐 can be represented as

𝒐 = ∇𝐹 (𝒘𝑡 ) − 𝒓𝑡
= ∇𝐹 (𝒘𝑡 ) −

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘︸                             ︷︷                             ︸

Client selection related error

+ −𝒛𝑡
𝛼𝑡

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘︸             ︷︷             ︸

Noise related error

. (3.24)

When Assumption 1 exists, by incorporating (3.4) into (3.18), we have

𝐹 (𝒘𝑡+1) ≤ 𝐹 (𝒘𝑡 ) − 𝜂 (∇𝐹 (𝒘𝑡 ) − 𝒐)𝑇 ∇𝐹 (𝒘𝑡 ) +
𝑙𝜂2

2
∥(∇𝐹 (𝒘𝑡 ) − 𝒐)∥22 . (3.25)

By accessing the expected values of (3.25) and setting the learning rate to 𝜂 = 1
𝑙
, we
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have

E [𝐹 (𝒘𝑡+1)] ≤ E [𝐹 (𝒘𝑡 )] −
1
2𝑙
∥∇𝐹 (𝒘𝑡 )∥22 +

1
2𝑙
E

[
∥𝒐∥22

]
. (3.26)

Let K𝑡 =
{
𝑘 |𝛽𝑘,𝑡 = 1, 𝑘 ∈ K, 𝑡 ∈ {1, . . . ,𝑇 }

}
denote the set of selected clients and

K̃𝑡 =
{
𝑘 |𝛽𝑘,𝑡 = 0, 𝑘 ∈ K, 𝑡 ∈ {1, . . . ,𝑇 }

}
denote the set of unselected clients according

to [3], and then E
[
∥𝒐∥22

]
is bounded as

E
[
∥𝒐∥22

]
= E

[



∇𝐹 (𝒘𝑡 ) − ∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

− 𝒛𝒕
𝛼𝑡

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘





2

2

]
≤ E

[




∑𝑘∈K
∑𝐷𝑘

𝑖=1 ∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖)∑
𝑘∈K 𝐷𝑘

− 𝒛𝑡
𝛼𝑡

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

−
∑
𝑘∈K

∑𝐷𝑘

𝑖=1𝛽𝑘,𝑡∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖)∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘






2

2

]
≤ E

[




−(𝐷 −∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘)

𝐷
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

∑︁
𝑘∈K𝑡

𝐷𝑘∑︁
𝑖=1
∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖)

+
∑
𝑘∈K̃𝑡

∑𝐷𝑘

𝑖=1 ∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖)
𝐷







2

2


+ 𝑆𝜎2

∥𝛼𝑡
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘 ∥2

≤ E
[
(𝐷 −∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘)
𝐷
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

∑︁
𝑘∈K𝑡

𝐷𝑘∑︁
𝑖=1
∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖)

+
∑
𝑘∈K̃𝑡

∑𝐷𝑘

𝑖=1 ∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖)
𝐷

]2

+ 𝑆𝜎2

∥𝛼𝑡
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘 ∥2

. (3.27)

Compared to the traditional FL system [3], the difference for the OTA FL system lies
in the introduced aggregation error part 𝑆𝜎2

∥𝛼𝑡
∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘 ∥2 caused by noise. Based on
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Assumption 3, we can get

E
(
∥𝒐∥22

)
≤ E

[
2(𝐷 −∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘)
𝐷

√︃
(𝜆1 + 𝜆2∥∇𝐹 (𝒘𝑡 )∥22)

]2
+ 𝑆𝜎2

∥𝛼𝑡
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘 ∥2

≤ 4
𝐷2

(
𝐷 −

∑︁
𝑘∈K

𝛽𝑘𝐷𝑘

)2 (
𝜆1 + 𝜆2∥∇𝐹 (𝒘𝑡 )∥22

)
+ 𝑆𝜎2

𝛼𝑡 ∑𝑘∈K 𝐷𝑘𝛽𝑘,𝑡



2
2

. (3.28)

By incorporating (3.28) into (3.26) and subtracting 𝐹 (𝒘∗) from both sides of (3.26),
we have

E [𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) ≤ E [𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗)

+ 2
𝑙𝐷2

(
𝐷 −

∑︁
𝑘∈K

𝛽𝑘,𝑡𝐷𝑘

)2 (
𝜆1 + 𝜆2∥∇𝐹 (𝒘𝑡 )∥22

)
+ 𝑆𝜎2

2𝑙𝛼𝑡 2(
∑
𝑘∈K𝛽𝑘,𝑡𝐷𝑘)2

− 1
2𝑙
∥∇𝐹 (𝒘𝑡 )∥22 . (3.29)

According to (3.13) and (3.14), which represent the calculation of the total energy
consumption 𝑒 tot

𝑘,𝑡
and the energy consumption constraint caused by available battery

𝑏𝑘,𝑡 , the normalization scaling factor 𝛼𝑡 at the 𝑡-th training round needs to satisfy the
following condition:

𝛼𝑡 ≤ min
𝑘∈K
(
𝛽𝑘,𝑡ℎ𝑘,𝑡

√︁
𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖

𝐷𝑘


𝒈𝑘,𝑡

2

). (3.30)

The variable 𝛼𝑡 can also be expressed as follows:

𝛼𝑡 = min
𝑘∈K
(
𝛽𝑘,𝑡ℎ𝑘,𝑡

√︁
𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖

𝐷𝑘


𝒈𝑘,𝑡

2

). (3.31)

Based on Assumption 2 and Assumption 3, we have

∥∇𝐹 (𝒘𝑡 )∥22 ≥ 2𝜇
[
𝐹 (𝒘𝑡 ) − 𝐹 (𝒘∗)

]
, (3.32)
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and

∥𝒈𝑘,𝑡 ∥2 ≤ 𝜆1 + 𝜆2∥∇𝐹 (𝒘)∥2. (3.33)

By incorporating (3.30), (3.32), and (3.33) into (3.29), we finally obtain

E [𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) ≤ 𝜓𝑡 [E [𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗)] +
𝜆1

𝑙
𝜙𝑡 . (3.34)

The proof of Lemma 3.1 has been completed. ⊓⊔

By repeatedly applying Lemma 3.1 and collecting terms, we have the optimality
gap after 𝑇 training rounds as in Theorem 3.1.

Theorem 3.1 (Optimality Gap) We assume that the total training round is 𝑇 and the
initial global model is 𝒘1. The optimality gap after 𝑇 training rounds of the OTA FL
system can be expressed as follows:

E [𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗) ≤ Ω𝑇 (𝜷) , (3.35)

where

Ω𝑇 (𝜷) =
𝑇∏
𝑡=1
𝜓𝑡 (E [𝐹 (𝒘1)] − 𝐹 (𝒘∗)) +

𝜆1

𝑙

(
𝑇−1∑︁
𝑡=1

𝑇∏
𝑗=𝑡+1

𝜓 𝑗𝜙𝑡 + 𝜙𝑇

)
. (3.36)

Proof. By recursive operation for (3.34), we can get cumulative optimality gap after 𝑇
training rounds as

E [𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗)

≤ 𝜓𝑇 [E [𝐹 (𝒘𝑇 )] − 𝐹 (𝒘∗)] +
𝜆1

𝑙
𝜙𝑇

≤ 𝜓𝑇 (𝜓𝑇−1 (E [𝐹 (𝒘𝑇−1)] − 𝐹 (𝒘∗)) +
𝜆1

𝑙
𝜙𝑇−1) +

𝜆1

𝑙
𝜙𝑇

≤ · · ·

≤
𝑇∏
𝑡=1
𝜓𝑡 (E [𝐹 (𝒘1)] − 𝐹 (𝒘∗)) +

𝜆1

𝑙

(
𝑇−1∑︁
𝑡=1

𝑇∏
𝑗=𝑡+1

𝜓 𝑗𝜙𝑡 + 𝜙𝑇

)
. (3.37)
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The proof of Theorem 3.1 has been completed. ⊓⊔

3.3.2 Problem transformation

According to Theorem 3.1, the optimality gap is related to the client selection vector 𝜷𝑡 .
If more clients are selected to upload the gradients, the loss decreases faster. However,
due to the energy constraint, the induced noise increases when more clients are
selected. In contrast from P1, the energy constraint is added into the convergence
analysis for P2. When the total training round is 𝑇 , we can formulate P2 as follows:

P2 : min
𝜷

Ω𝑇 (𝜷) (3.38a)

s.t. 𝛽𝑘,𝑡 ∈ {0, 1} , ∀𝑘 ∈ K, 1 ≤ 𝑡 ≤ 𝑇 . (3.38b)

It is difficult to solve P2 directly due to the stochasticity of the channel state
information 𝒉𝑡 and the harvested energy 𝒆arr

𝑡 for each training round 𝑡 . We focus
on solving the problem via an online pattern based on Lemma 3.1. The optimality
gap E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) at the 𝑡-th training round can be represented by 𝜙𝑡 when
E[𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗) is known. Therefore, P2 can be transformed to P3 to minimize 𝜙𝑡 ,
which can be formulated as follows:

P3 : min
𝜷𝑡

𝜙𝑡 (𝜷𝑡 ) (3.39a)

s.t. 𝛽𝑘,𝑡 ∈ {0, 1} , ∀𝑘 ∈ K . (3.39b)

Note that P3 is in essence one NIP problem. Besides, by analyzing (3.23), there is an
inverse correlation between the objective value 𝜙𝑡 (𝜷𝑡 ) and the maximum constraint

part max𝑘∈K
(

𝛽𝑘,𝑡𝐷
2
𝑘

ℎ2
𝑘,𝑡 (𝑏𝑘,𝑡−𝐷𝑘𝑒𝑘,𝑡,𝑖)

)
. To analyze the impact of the maximum constraint part

on the objective value 𝜙𝑡 (𝜷𝑡 ), we define the CED coefficient for client 𝑘 at the 𝑡-th
training round as follows:

𝑞𝑘,𝑡 =
𝛽𝑘,𝑡𝐷

2
𝑘

ℎ2
𝑘,𝑡

(
𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖

) , (3.40)

which is decided by the channel state information ℎ𝑘,𝑡 , residual battery capacity 𝑏𝑘,𝑡 and
the dataset size 𝐷𝑘 . The list of CED coefficients is denoted as 𝑸𝑡 = [𝑞1,𝑡 , 𝑞2,𝑡 , . . . , 𝑞𝐾,𝑡 ].
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Algorithm 3.1 The Joint Channel-Energy-Data (CED)-based Client Selection Algorithm
Require: 𝒉𝑡 , 𝒃𝑡 , 𝒄𝑡 , 𝑫 , and 𝐷 .
Ensure: 𝜷𝑡 .
1: for 𝑘 = 1, . . . , 𝐾 do
2: Calculate 𝑞𝑘,𝑡 based on (3.40);
3: end for
4: Sort 𝑸𝑡 in ascending order to obtain 𝑸′𝑡 ;
5: Let 𝑞′

𝑘,𝑡
be the 𝑘-th smallest value in 𝑸′𝑡 , and let S [𝑘] be the client subset decided by

the 𝑘 smallest values of 𝑸′𝑡 ;
6: for 𝑘 = 1, . . . , 𝐾 do;
7: Calculate 𝜙 [𝑘]𝑡 based on (3.41);
8: end for
9: Calculate 𝑘∗ = arg min𝑘∈K 𝜙

[𝑘]
𝑡 ;

10: for 𝑘 = 1, . . . , 𝐾 do
11: if 𝑞𝑘,𝑡 ≤ 𝑞𝑘∗,𝑡 then
12: Set 𝛽𝑘,𝑡 ← 1;
13: else
14: Set 𝛽𝑘,𝑡 ← 0.
15: end if
16: end for

The maximum value in 𝑸𝑡 is defined as follows: 𝑄max
𝑡 = max𝑘∈K 𝑞𝑘,𝑡 . If the selected

clients have the less available battery, worse channel quality, and larger data size, 𝑄max
𝑡

becomes larger, which leads to a larger objective value 𝜙𝑡 (𝜷𝑡 ) and worse performance
of the OTA FL system.

3.4 Algorithm design

By analyzing the problem P3, we can observe that there is a trade-off between∑
𝑘∈K 𝐷𝑘𝛽𝑘,𝑡 and 𝑄max

𝑡 . If more clients participate in the training,
∑
𝑘∈K 𝐷𝑘𝛽𝑘,𝑡 will be

larger, which will make the objective value smaller and the global loss converge faster.
However, if more clients are selected, 𝑄max

𝑡 will be larger, which will lead to one larger
objective value and slow convergence of the OTA FL system. As a result, we need
to design an effective client selection scheme for the OTA FL system with energy
harvesting clients and energy constraint.

The proposed solution is referred to as Algorithm 3.1. First, we sort 𝑸𝑡 in ascending
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order to obtain 𝑸′𝑡 . Let 𝑞′𝑘,𝑡 be the 𝑘-th smallest value in 𝑸′𝑡 , and let S [𝑘] be the subset
consisting of 𝑘 clients selected according to the 𝑘 smallest values of 𝑸′𝑡 . There are 𝐾
possible client selection decisions, and the final client selection decision is based on the
following:

𝜙
[𝑘]
𝑡 =

𝑆𝜎2𝑞′
𝑘,𝑡

2
(∑

𝑖∈S [𝑘 ] 𝐷𝑖
)2 +

2
(
𝐷 −∑

𝑖∈𝑆 [𝑘 ] 𝐷𝑖
)2

𝐷2 .

(3.41)

We obtain the indicator 𝑘∗ by calculating the index of the minimum value of 𝜙 [𝑘]𝑡 as
follows:

𝑘∗ = arg min
𝑘∈K

𝜙
[𝑘]
𝑡 . (3.42)

The client can be selected if 𝑘 ≤ 𝑘∗ for the sorted queue 𝑸′𝑡 , which means 𝑞𝑘,𝑡 ≤ 𝑞𝑘∗,𝑡 .
The complete process of the OTA FL system at the 𝑡-th training round includes the
following procedures:

1. At the beginning of the 𝑡-th training round, the PS selects a subset of the clients
based on Algorithm 3.1.

2. The PS sends the global model to the selected clients K𝑡 .

3. Local clients update the global model and upload the gradients to the PS via OTA
computation.

4. The PS obtains the aggregated gradients based on (3.11).

5. Clients obtain the energy from the energy resources and update the current batter
level queue based on (3.15). The clients send current battery level 𝑏𝑘,𝑡+1 to the PS.

The above-mentioned procedures will conduct for 𝑇 training rounds for the OTA
FL system. The time complexity of Algorithm 3.1 is mainly determined by the
sorting process (see Line 3 therein), which takes 𝑂 (𝐾 log𝐾) operations. In addition, as
Algorithm 3.1 is conducted 𝑇 times for convergence, the overall time complexity is
given by O (𝑇𝐾 log𝐾).
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Table 3.1: The notations in Chapter 3.

Notation Description
𝐾 number of clients
𝑇 total number of training rounds
𝑆 total number of weight parameters
𝐷 total number of training samples of all clients
𝜂 learning rate
K local client set
K𝑡 the selected client set at the 𝑡-th training round
𝜷𝑡 client selection indicator at the 𝑡-th training round
𝒘𝑘,𝑡 local model for client 𝑘 at the 𝑡-th training round
𝒘𝑡 global model at the beginning of the 𝑡-th training round
𝐷𝑘 number of training samples at client 𝑘
𝒈𝑘,𝑡 local gradient vector of client 𝑘 at the 𝑡-th training round
𝒈𝑡 global gradient vector at the 𝑡-th training round
𝑝𝑘,𝑡 power control factor of client 𝑘 at the 𝑡-th training round
ℎ𝑘,𝑡 channel coefficient magnitude of client 𝑘 at the 𝑡-th training round
𝛼𝑡 scaling factor at the 𝑡-th training round
𝒓𝑡 the received gradients at the 𝑡-th training round
𝒓𝑡 gradients after post-processing at the 𝑡-th training round
𝒛𝑡 additive white Gaussian noise at the 𝑡-th training round
𝑒𝑘,𝑡,𝑖 computation energy consumption per sample of client 𝑘
𝑒 tot
𝑘,𝑡

energy consumption of client 𝑘 at the 𝑡-th training round
𝑏𝑘,𝑡 residual battery capacity of client 𝑘 at the 𝑡-th training round
𝐵max maximum battery capacity for all clients
𝑒arr
𝑘,𝑡

energy harvested by client 𝑘 at the 𝑡-th training round
𝑎 the number of FLOPs for each data during the local update
𝐶𝑘 the number of FLOPs in one CPU cycle
𝜄𝑘 the effective switched capacitance decided by the chip architecture
𝑓𝑘 CPU cycle frequency
ℎ̃𝑘,𝑡 the estimated channel coefficient of client 𝑘 at the 𝑡-th training round
𝛿ℎ
𝑘,𝑡

error estimation of client 𝑘’s channel at the 𝑡-th training round
𝜎2
ℎ

variance of the channel estimation error

3.5 Performance evaluation

3.5.1 Simulation setup

In the simulation, as shown in Figure 3.2, there are 40 clients randomly located
within the range of a circle with a radius of 250 meters, and the PS is located at
(0, 0, 10). The average channel gain for the free-space path loss model is calculated as
ℎ̄𝑘 = 𝐺𝑃𝐺𝐶

(
3×108

4𝜋 𝑓𝑐𝐿𝑘

)𝜌
, where 𝐺𝑃 = 5 dBi is the antenna gain of the PS, 𝐺𝐶 = 0 dBi is
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Figure 3.2: The locations of the local clients.

the antenna gain of clients, 𝑓𝑐 = 915 MHz is the carrier frequency, 𝐿𝑘 is the distance
between client 𝑘 and the PS, and the pass loss exponent is 𝜌 = 2.7. The channel gain
ℎ𝑘,𝑡 during the 𝑡-th training round is calculated as ℎ𝑘,𝑡 = ℎ̄𝑘𝛾𝑘,𝑡 , where 𝛾𝑘,𝑡 is generated
from the Gaussian distribution with zero-mean and unit-variance. The noise power is
set as −100 dB by default. Table 3.1 lists the notations used for this chapter.

We use the convolutional neural network (CNN) for training, which is composed of
two 5 × 5 convolutional layers, each followed by one 2 × 2 max-pooling layer, one
fully-connected layer with 50 units, and one softmax layer. The structure of the CNN
model is illustrated in Figure 3.3. The learning rate 𝜂 is set as 0.01. Several studies have
investigated the estimation of computational complexity of deep neural network (DNN)
model [90, 91]. Similar to the DNN model, the number of FLOPs for different layers in
the CNN model is calculated as in [92]. The number of FLOPs for the convolutional
layer is calculated as

N𝑐𝑜𝑛𝑣 = 2 × N𝑐𝑖 × N2
𝑘
× Nℎ𝑜 × N𝑤𝑜 × N𝑐𝑜 , (3.43)

where N𝑐𝑖 is the number of input channel, N𝑘 is the kernel size, Nℎ𝑜 × N𝑤𝑜 is the
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Figure 3.3: The structures of the CNN model.

output feature map size, and N𝑐𝑜 is the output channel size. The number of FLOPs for
the max-pooling layer is calculated as

N𝑝𝑜𝑜𝑙𝑖𝑛𝑔 = N2
𝑘
× Nℎ𝑜 × N𝑤𝑜 × N𝑐𝑜 . (3.44)

LetN𝑜 be the number of output neurons. The number of FLOPs for the ReLU activation
layer is calculated as

N𝑅𝑒𝐿𝑈 = N𝑜 , (3.45)

where N𝑜 is equal to Nℎ𝑜 × N𝑤𝑜 × N𝑐𝑜 if the ReLU activation is conducted after the
CNN layer, and N𝑜 is equal to N𝑐𝑜 if the ReLU activation is conducted after the
fully-connected layer. The number of FLOPs for the fully-connected layer is calculated
as

N𝑓 𝑐 = 2 × N𝑐𝑖 × N𝑐𝑜 . (3.46)

The number of FLOPs of different layers for the CNN model is calculated in Table 3.2.
The total number of FLOPs is 9.6985 × 105. For the convenience of calculation, we set 𝑎
approximately as 106 for the CNN model used in this thesis. According to (3.12), the
energy consumption for one sample local update is set as 0.001 J when the effective
switched capacitance 𝜄𝑘 is set as 10−26, the CPU cycle frequency is set as 1 GHz, and
the number of FLOPs in one CPU cycle 𝐶𝑘 is set as 10. The Poisson parameter 𝑒𝑘 for
client 𝑘 regarding the arrivals of the harvested energy is set in the range of 0.1 J to 1 J.
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Table 3.2: The FLOPs of different layers for CNN model.

Layers Operation FLOPs
Convolutional layer 1 2 × 1 × 52 × 24 × 24 × 10 288000
Max-pooling layer 1 22 × 12 × 12 × 10 5760

ReLU layer 12 × 12 × 10 1440
Convolutional layer 2 2 × 10 × 52 × 8 × 8 × 20 640000
Max-pooling layer 2 22 × 4 × 4 × 20 1280

ReLU layer 4 × 4 × 20 320
Fully-connected layer 1 2 × 320 × 50 32000

ReLU layer 50 50
Fully-connected layer 2 2 × 50 × 10 1000

Total 969850

We conduct the simulations with Python 3.8 and carry out the experiments with
the Fashion-MNIST dataset [93]. There are two kinds of settings regarding the data
distribution among clients according to [94]. The first setting is a balanced data setting
which is denoted as ‘B’, in which, the number of samples is equal among all clients and
the number is set as 800. The second setting is the unbalanced data setting which is
denoted as ‘UnB’, in which, the number of samples per client is randomly from [100,
200] for half of the clients and the number of samples per client is randomly from
[1000, 2000] for the other clients.

We compare the proposed algorithm (denoted as CED) with the following compari-
son methods:

1. Channel-Prioritized (CP) [95]: we select 𝑘avg clients with better channels and
sufficient energy from K , where 𝑘avg is the averaged number of the selected clients
of the proposed method.

2. Energy-Prioritized (EP): 𝑘avg clients with more energy are selected from K at the
𝑡-th training round.

We chose these two comparison methods based on the convergence analysis of the
optimality gap, which reveals that the client selection scheme is primarily affected by
the variations in channel conditions and the available energy of local clients. Therefore,
the CP method and the EP method are considered as the baseline methods for our
comparative analysis.



3.5 Performance evaluation 39

3.5.2 Evaluating the test accuracy

Figure 3.4(a) and Figure 3.4(b) demonstrate the test accuracy for the OTA FL system
of the three methods under the balanced data setting and unbalanced data setting
respectively. The proposed CED method is better than the CP method and the EP
method for both settings for the OTA FL system. The reason for this is that the CP
method may select clients with less energy, and the EP method may select clients with
worse channels, which may introduce more noise and make the gradients deviate from
the correct values. The EP method performs worst as the channel has a larger impact
on the convergence performance for the OTA FL system compared with the energy
under the current simulation setting.

3.5.3 Evaluating the battery utility

Figure 3.5(a) and Figure 3.5(b) give the cumulative probability density of the residual
battery for 3000 training rounds. The two data settings have similar trends under the
current energy harvesting setting and energy consumption setting for the OTA FL
system. It can be observed that the residual battery of the CED method is lower than
that of the EP method and the CP method. This is because the communication energy
is higher for the CED method, which also reveals that the CED method can make full
utilization of the harvested energy to improve the system performance.

3.5.4 Evaluating the channel noise

Figure 3.6(a) and Figure 3.6(b) show the test accuracy for the proposed CED method
with different noise settings. It is evident that the test accuracy of the OTA FL system
decreases when noise power increases for both data settings. This is because the
induced noise makes the gradients deviate from true values for each training round.
When the noise is set too large, the OTA FL system even can not converge.

3.5.5 Evaluating the parameters of the CED coefficient

As the client selection is decided mainly based on the CED coefficient 𝑞𝑘,𝑡 , which
is related to 𝐷𝑘/ℎ𝑘,𝑡 and the available battery (𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖). The available battery
is mainly decided by the averaged arrival rate of the energy harvesting process 𝑒𝑘 .
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Figure 3.4: Test accuracy comparison.
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Figure 3.5: Residual battery comparison.
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Figure 3.6: The impacts of noise power.
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Figure 3.7: The impacts of the parameters on the client selection decision under the
balanced data setting.



44 Chapter 3. Energy harvesting aware client selection for OTA FL

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6
Dk/hk, t 1e8

0

200

400

600

800

1000

1200

1400

1600

1800

Th
e 

se
le

ct
ed

 n
um

be
r

CED
CP
EP

(a) The impacts of the data size and channel gain

0.0 0.2 0.4 0.6 0.8 1.0
ek

0

500

1000

1500

2000

2500

Th
e 

se
le

ct
ed

 n
um

be
r

CED
CP
EP

(b) The impact of the average arrival rate of energy harvest-
ing

Figure 3.8: The impacts of the parameters on the client selection decision under the
unbalanced data setting.
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Therefore, in this subsection, we investigate the impacts of the parameter 𝐷𝑘/ℎ𝑘,𝑡 and
𝑒𝑘 on the client selection decision of the three different methods under two different
data settings for OTA FL system.

Figure 3.7(a) shows the influence of 𝐷𝑘/ℎ𝑘,𝑡 on the selected number of the local
clients for three different methods, and Figure 3.7(b) shows the influence of the
harvested energy on the selected number of the local clients for three different
methods. As the local clients have the same amount of training samples, the parameter
𝐷𝑘/ℎ𝑘,𝑡 reveals the impacts of the channel gain ℎ𝑘,𝑡 on the client selection decision. In
Figure 3.7(a), it is clear that the CP method is more related to the parameter 𝐷𝑘/ℎ𝑘,𝑡
compared with the CED method and CP method for that the client selection is not
only decided by the channel gain but also by the arrival rate of the harvested energy.
However, in Figure 3.7(b), it is observed that the EP method and the CED method are
more related to the average arrival rate of the harvested energy as the CP method only
makes client selection decision based on the channel state information.

Figure 3.8(a) shows the influence of 𝐷𝑘/ℎ𝑘,𝑡 on the selected number of the local
clients for three different methods under the unbalanced data setting, and Figure 3.8(b)
shows the influence of the harvested energy on the selected number of the local clients
for three different methods under the unbalanced data setting, which have the similar
trends with the Figure 3.7(a) and Figure 3.7(b). In Figure 3.8(a), three different methods
have similar trends. Besides, if 𝐷𝑘/ℎ𝑘,𝑡 is higher for client 𝑘 , the selected probability is
lower. Therefore, if the client 𝑘 has a smaller data size and better channel gain, the
client 𝑘 is easier to be selected. In Figure 3.8(b), the EP method and the CED method
are more related to the average arrival rate of the harvested energy compared with the
CP method. Besides, if the average arrival rate of the harvested energy is higher, the
selection probability is higher. Therefore, for a certain client 𝑘 , if the client has a
smaller data size, better channel gain, and larger average arrival rate of the harvested
energy, the client 𝑘 tends to be selected.

3.5.6 Evaluating the proposed method with imperfect channel
state information

In edge-intelligent networks, it is only able to obtain partial channel state information
due to imperfect channel estimation or feedback. Thus, it is necessary to take channel
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uncertainty into consideration for joint client selection and transceiver design, namely
robust transmission scheme design. There are also some studies that focus on the blind
OTA FL system [96, 97]. However, few studies combine the imperfect channel state
information with the energy management for the OTA FL system. In this subsection,
we plan to derive the convergence performance of the OTA FL system with imperfect
channel state information and energy constraint.

We assume that the error estimation of client 𝑘’s channel at the 𝑡-th training round,
denoted as 𝛿ℎ

𝑘,𝑡
, follows a random distribution with zero mean and variance 𝜎2

ℎ
. Let ℎ̃𝑘,𝑡

denote the estimated channel coefficient at client 𝑘 during the 𝑡-th training round, and
the estimated channel can be represented as

ℎ̃𝑘,𝑡 = ℎ𝑘,𝑡 + 𝛿ℎ𝑘,𝑡 . (3.47)

As only the estimated channel ℎ̃𝑘,𝑡 is available on the client side, the formula (3.10)
related with power control factor 𝑝𝑘,𝑡 is rewritten as

𝑝𝑘,𝑡 =
𝛼𝑡𝐷𝑘

ℎ̃𝑘,𝑡
, (3.48)

The received global gradients can be rewritten as

𝒓𝑡 =

∑
𝑘∈K

ℎ𝑘,𝑡

ℎ̃𝑘,𝑡
𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡 + 𝒛𝑡

𝛼𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

=

∑
𝑘∈K (1 −

𝛿ℎ
𝑘,𝑡

ℎ̃𝑘,𝑡
)𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡 + 𝒛𝑡

𝛼𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

. (3.49)

By analyzing (3.49), it is observed that gradient error is not only related to the noisy
channel but also related to the channel estimation error.

The gradient error 𝒐 which is decided by client selection, channel error estimate,
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and the noisy channels for the OTA FL system is rewritten as

𝒐 = ∇𝐹 (𝒘𝑡 ) − 𝒓𝑡

= ∇𝐹 (𝒘𝑡 ) −
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘︸                             ︷︷                             ︸

Client selection related error

+

∑
𝑘∈K

𝛿ℎ
𝑘,𝑡

ℎ̃𝑘,𝑡
𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘︸                   ︷︷                   ︸
Channel estimation related error

+ −𝒛𝑡
𝛼𝑡

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘︸             ︷︷             ︸

Noise related error

.(3.50)

As a result, E
[
∥𝒐∥22

]
is bounded as

E
[
∥𝒐∥22

]
= E









∇𝐹 (𝒘𝑡 ) −

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

+

∑
𝑘∈K

𝛿ℎ
𝑘,𝑡

ℎ̃𝑘,𝑡
𝛽𝑘,𝑡𝐷𝑘𝒈𝑘,𝑡∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘
− 𝒛𝒕
𝛼𝑡

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘









2

2


≤ E

[
(𝐷 −∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘)
𝐷
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘

∑︁
𝑘∈K𝑡

𝐷𝑘∑︁
𝑖=1
∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖) +

∑
𝑘∈K̃𝑡

∑𝐷𝑘

𝑖=1 ∇𝑓 (𝒘𝑘,𝑡 , 𝑥𝑘,𝑖, 𝑦𝑘,𝑖)
𝐷

]2

+ 𝑆𝜎2

∥𝛼𝑡
∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘 ∥2

+
𝜎2
ℎ
(∑𝑘∈K

1
ℎ̃𝑘,𝑡
𝛽𝑘,𝑡𝐷𝑘𝑔𝑘,𝑡 )2

(∑𝑘∈K 𝛽𝑘,𝑡𝐷𝑘)2
. (3.51)

According to (3.51), when channel estimate error 𝛿ℎ
𝑘,𝑡

is considered in the convergence
analysis of the OTA FL system, the Lemma 3.1 can be rewritten as Lemma 3.2.

Lemma 3.2 Based on Assumptions 1-3, when the learning rate satisfies 𝜂 = 1
𝑙
, given

the residual battery capacity vector 𝒃𝑡 , the client selection vector 𝜷𝑡 , and the estimated
channel ℎ̃𝑘,𝑡 with variance 𝜎2

ℎ
, the optimality gap at the 𝑡-th training round within the

energy constraint can be represented as follows

E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) ≤ 𝜓𝑡 (E[𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗)) +
𝜆1

𝑙
𝜙𝑡 , (3.52)
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Figure 3.9: The impacts of the channel estimation error on the test accuracy.
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where𝜓𝑡 and 𝜙𝑡 can be expressed as follows:

𝜓𝑡 = 1 − 𝜇
𝑙
+ 2𝜇𝜆2𝜙𝑡

𝑙
, (3.53)

𝜙𝑡 =
𝑠𝜎2

2
(∑

𝑘∈K 𝐷𝑘𝛽𝑘,𝑡
)2

(
max
𝑘∈K

𝛽𝑘,𝑡𝐷
2
𝑘

ℎ̃2
𝑘,𝑡

(
𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖

) ) + 2
(
𝐷 −∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘
)2

𝐷2

+
𝜎2
ℎ
(∑𝑘∈K

1
ℎ̃𝑘,𝑡
𝛽𝑘,𝑡𝐷𝑘)2

2(∑𝑘∈K 𝛽𝑘,𝑡𝐷𝑘)2
. (3.54)

Lemma 3.2 indicates that the OTA FL system remains capable of achieving convergence
even in the presence of channel estimation error. Furthermore, as the variance of the
channel estimation error 𝜎2

ℎ
increases, the convergence speed of the OTA FL system

decreases.
To validate the proposed method for the OTA FL system with imperfect channel

state information, we conduct simulations to assess the performance of the OTA FL
system with the channel estimation error under both balanced and unbalanced data
settings. Figure 3.9(a) and Figure 3.9(b) illustrate the test accuracy of the OTA FL
system with imperfect channel state information. The results clearly demonstrate
that a larger variance 𝜎2

ℎ
in the channel estimation error leads to the decrease in the

test accuracy of the OTA FL system, as evident from both figures. Notably, when the
channel estimation error variance 𝜎2

ℎ
is set to 0, representing an absence of channel

estimation error, the system achieves its best performance.

3.6 Summary

In this chapter, our primary focus is on addressing the client selection problem in
the OTA FL system that involves energy harvesting clients. We aim to derive a
convergence analysis for the OTA FL system considering both energy constraint and
energy harvesting. Based on the convergence analysis, we formulate a problem that
aims to minimize the optimality gap of the training loss by optimizing the client
selection decision. To tackle the formulated problem, we introduce the concept of the
CED coefficient and propose a discrete search method to solve the NIP problem in
an online mode. Through extensive simulations, we demonstrate the effectiveness
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of the proposed method in achieving fast convergence for the OTA FL system that
incorporates energy harvesting clients.
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4
Joint receive beamforming and client

selection for OTA FL with energy
harvesting

4.1 Introduction

The SISO setting for the OTA FL system is considered in Chapter 3. To improve the
system performance under the weak channels, the SIMO setting is considered in this
chapter and the receive beamforming design is optimized to realize fast convergence
for the OTA FL system. Besides, in addition to the energy constraint, the power control
is also considered to make the system more realistic for the OTA FL system with energy
harvesting. The MINLP problem is formulated based on the convergence analysis
for the OTA FL system. To optimize the client selection and receive beamforming
design under the energy constraint and power control, the joint optimization method
is proposed for the MINLP problem via online mode. Specifically, the CED-based



52
Chapter 4. Joint receive beamforming and client selection for OTA FL with

energy harvesting

.

.

.
.
.
.

𝒈𝒈1,𝑡𝑡

𝒈𝒈3,𝑡𝑡

𝒈𝒈𝐾𝐾,𝑡𝑡

∗ 𝑝𝑝1,𝑡𝑡

∗ 𝑝𝑝3,𝑡𝑡

∗ 𝑝𝑝𝐾𝐾,𝑡𝑡

𝒉𝒉1,𝑡𝑡

𝒉𝒉3,𝑡𝑡

𝒉𝒉𝐾𝐾,𝑡𝑡

Channel ResponsePre-processing

𝒓𝒓𝑡𝑡

Post-processing

Receive
Beamforming

�𝒓𝒓𝑡𝑡𝒎𝒎𝑡𝑡

𝝋𝝋1,𝑡𝑡

𝝋𝝋3,𝑡𝑡

𝝋𝝋𝑘𝑘,𝑡𝑡

𝒓𝒓𝑡𝑡
𝛼𝛼𝑡𝑡 ∑𝑘𝑘𝜖𝜖𝒦𝒦𝑡𝑡

𝐷𝐷𝑘𝑘

𝑒𝑒2,𝑡𝑡
𝑎𝑎𝑎𝑎𝑎𝑎

𝑒𝑒1,𝑡𝑡
𝑎𝑎𝑎𝑎𝑎𝑎

𝑒𝑒3,𝑡𝑡
𝑎𝑎𝑎𝑎𝑎𝑎

𝑒𝑒𝐾𝐾,𝑡𝑡
𝑎𝑎𝑎𝑎𝑎𝑎

𝜷𝜷𝑡𝑡,𝒎𝒎𝑡𝑡,𝒘𝒘𝑡𝑡

Broadcast

Unselected

Selected

Selected

Local Clients Wireless 
Channel

Parameter Server

Noise 𝔃𝔃𝒕𝒕

Selected

Figure 4.1: FL system via OTA computation with energy harvesting.

method proposed in Chapter 3 is used for client selection, and the SDR-based method
is used for the receive beamforming design. The simulation results show that the joint
optimization method can achieve better performance compared with other baselines.

4.2 System model

In this chapter, we consider the OTA FL system which is composed of a PS with
𝑁 antennas and 𝐾 single-antenna local clients. The data distribution setting of the
local clients has the same setting as in Chapter 3. Besides, the FL model has the
same structure and setting as in Chapter 3. In the following, we will introduce
some background knowledge related to the communication model, and the energy
consumption and harvesting models, which mainly focus on the differences between
this chapter and Chapter 3.

4.2.1 Communication model

For the OTA FL system, the communication process includes the global model
broadcasting from the PS to the selected clients and the local model uploading from the
selected clients to the PS. In this chapter, we assume that the global model can be



4.2 System model 53

broadcast correctly from the PS to clients. In the upload process via OTA computation,
the selected clients need to send their updated gradients to PS synchronously with the
shared wireless channel. Let 𝑝𝑘,𝑡 represent the power control factor of client 𝑘 at the
𝑡-th training round. The pre-processing operation for local gradients 𝒈𝑘,𝑡 at client 𝑘
during the 𝑡-th training round is as follows:

𝝋𝑘,𝑡 = 𝑝𝑘,𝑡𝒈𝑘,𝑡 . (4.1)

Let 𝒉𝑘,𝑡 ∈ C𝑁 denote the channel coefficient of client 𝑘 at the 𝑡-th training round,
where 𝑁 is the number of receive antennas at the PS side, and 𝒎𝑡 ∈ C𝑁 denote the
receive beamforming vector at the 𝑡-th training round. We assume that the channel
coefficients may fluctuate in different training rounds but stay quasi-static during the
same training round. Let 𝒛𝑡 = [𝒛 [1]𝑡 , 𝒛 [2]𝑡 , . . . , 𝒛 [𝑆]𝑡 ] ∈ C𝑁×𝑆 represent AWGN matrix, in
which, 𝒛 [𝑠]𝑡 denotes the induced noise for 𝑠-th gradient signal. Each element of 𝒛 [𝑠]𝑡
follows the complex normal distribution of CN

(
0, 𝜎2) . The PS receives the aggregated

gradients vector 𝒓𝑡 ∈ C𝑆 at the 𝑡-th training round as

𝒓𝑡 =
∑︁
𝑘∈K𝑡

𝒎𝐻
𝑡 𝒉𝑘,𝑡𝝋𝑘,𝑡 +𝒎𝐻

𝑡 𝒛𝑡 . (4.2)

To get the averaged gradients of the OTA FL system, the PS post-processes the received
aggregated gradients [10] as

𝒓𝑡 =
𝒓𝑡

𝛼𝑡
∑
𝑘∈K𝑡

𝐷𝑘
, (4.3)

where 𝛼𝑡 represents the normalization scaling factor at the 𝑡-th training round. Then,
the error estimate 𝝐𝑡 between the aggregated gradients 𝒓𝑡 and the error-free gradients
𝒈𝑡 at the 𝑡-th training round can be expressed as

𝝐𝑡 =

∑
𝑘∈K𝑡

(
𝒎𝐻

𝑡 𝒉𝑘,𝑡𝑝𝑘,𝑡
𝛼𝑡

− 𝐷𝑘
)
𝒈𝑘,𝑡∑

𝑘∈K𝑡
𝐷𝑘

+
𝒎𝐻
𝑡 𝒛𝑡

𝛼𝑡
∑
𝑘∈K𝑡

𝐷𝑘
. (4.4)

According to [62], to minimize the mean squared error, the uniform forcing technology
is used for OTA computation. The mean squared error of the global gradients is
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calculated as

𝑀𝑆𝐸 (𝝐𝑡 ) = 𝐸 ( |𝝐𝑡 |2)

= 𝐸 ( |

∑
𝑘∈K𝑡

(
𝒎𝐻

𝑡 𝒉𝑘,𝑡𝑝𝑘,𝑡
𝛼𝑡

− 𝐷𝑘
)
𝒈𝑘,𝑡∑

𝑘∈K𝑡
𝐷𝑘

+
𝒎𝐻
𝑡 𝒛𝑡

𝛼𝑡
∑
𝑘∈K𝑡

𝐷𝑘
|2). (4.5)

As a result, the power control factor 𝑝𝑘,𝑡 needs to satisfy the requirement for the
selected client 𝑘 at the 𝑡-th training round as follows:

𝑝𝑘,𝑡 =
𝛼𝑡𝐷𝑘 (𝒎𝐻

𝑡 𝒉𝑘,𝑡 )𝐻

| |𝒎𝐻
𝑡 𝒉𝑘,𝑡 | |2

. (4.6)

Unlike in Chapter 3, in this chapter, we introduce a new assumption regarding the
transmission power of client 𝑘 during the 𝑡-th training round, and we assume that the
average transmission power is limited by a maximum transmission power value 𝑃0 as
follows: 

𝑝𝑘,𝑡𝒈𝑘,𝑡

2

𝑆
≤ 𝑃0. (4.7)

Take (4.6) into (4.3), the averaged gradients can be rewritten as follows:

𝒓𝑡 =

∑
𝑘∈K𝑡

𝐷𝑘𝒈𝑘,𝑡 +
𝒎𝐻

𝑡 𝒛𝑡
𝛼𝑡∑

𝑘∈K𝑡
𝐷𝑘

. (4.8)

4.2.2 Energy consumption and harvesting models

According to [98], the transmission time of each training round for the OTA FL system
is calculated as

𝜏tr =

⌈
𝑆

𝑅

⌉
𝑇slot, (4.9)

where 𝑇slot is the transmission time for each resource block and 𝑅 is the number of
the transmitted signals for each resource block. Let 𝑒𝑘,𝑡,𝑖 denote the computation
energy consumption for one training sample of client 𝑘 . The data size 𝐷𝑘 for client 𝑘
may be varied across different clients because of the heterogeneous data distribution.
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The total energy consumption includes the computation energy consumption and
transmission energy consumption. In this chapter, the number of local epochs is set as
1 for simplicity. By combining (4.6) and (4.9), the total energy consumption 𝑒 tot

𝑘,𝑡
[13] for

local client 𝑘 during the 𝑡-th training round can be calculated as

𝑒 tot
𝑘,𝑡

= 𝐷𝑘𝑒𝑘,𝑡,𝑖 +
𝜏tr



𝑝𝑘,𝑡𝒈𝑘,𝑡

2

𝑆

= 𝐷𝑘𝑒𝑘,𝑡,𝑖 +
𝜏tr𝛼

2
𝑡 𝐷

2
𝑘

𝑆 | |𝒎𝐻
𝑡 𝒉𝑘,𝑡 | |2



𝒈𝑘,𝑡

2
. (4.10)

We assume that the local client 𝑘 can harvest energy from the surrounding
environment. The energy harvesting process is constructed based on a successive
energy arrival model. Let 𝒆arr

𝑡 = [𝑒arr
1,𝑡 , . . . , 𝑒

arr
𝐾,𝑡
] denote the newly arrived energy vector

during the 𝑡-th training round, and 𝑒arr
𝑘,𝑡

means the arrived energy for client 𝑘 during the
𝑡-th training round. For each local client, the energy harvested from the surrounding
environment can be stored in the battery and used to supply subsequent computation
and transmission energy consumption.

Let 𝑏𝑘,𝑡 represent the battery capacity at the beginning of the 𝑡-th training round
for local client 𝑘 . The maximum battery capacity for all clients is set as 𝐵max. At the
𝑡-th training round, the total energy consumption cannot exceed the residual battery
capacity for each selected client 𝑘 , which is represented as

𝑒 tot
𝑘,𝑡
≤ 𝑏𝑘,𝑡 . (4.11)

The updated battery capacity of each client can not exceed the maximum battery
capacity 𝐵max during each training round. The updated battery level 𝑏𝑘,𝑡+1 for client 𝑘
at the end of the 𝑡-th training round can be expressed as follows:

𝑏𝑘,𝑡+1 = min
{
𝑏𝑘,𝑡 − 𝑒 tot

𝑘,𝑡
+ 𝑒arr

𝑘,𝑡
, 𝐵max

}
. (4.12)

The transmission energy consumption is constrained by the residual battery capacity
and maximum transmission power. Based on (4.7) (4.10), and (4.11), the transmission
energy for client 𝑘 at the 𝑡-th training round can not be larger than the transmission
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Table 4.1: The new notations in Chapter 4.

Notation Description

𝑁
number of antennas equipped at the PS

𝒉𝑘,𝑡 channel coefficient of client 𝑘 at the 𝑡-th training round
𝒎𝑡 receive beamforming vector at the 𝑡-th training round
𝜏tr transmission time for one training round
𝑃0 maximum transmission power

Δmax
𝑘,𝑡

transmission energy threshold of client 𝑘 at the 𝑡-th training round

energy threshold Δmax
𝑘,𝑡

, which is calculated as

Δmax
𝑘,𝑡

= min
{
𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖, 𝜏tr𝑃0

}
. (4.13)

4.2.3 Problem formulation

In this chapter, we formulate the problem P1, which focuses on minimizing the
optimality gap after 𝑇 training rounds in the context of a SIMO OTA FL system.
The problem involves optimizing both the client selection scheme and the receive
beamforming design for the OTA FL system while considering energy constraints and
transmission power control. The formulation of P1 is similar to the problem P1
presented in subsection 3.2.4. The formulated problem P1 can be represented as

P1 : min
𝜷,𝒎

E[𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗) (4.14a)

s.t. 𝑒 tot
𝑘,𝑡
≤ 𝑏𝑘,𝑡 , ∀𝑘 ∈ K, 1 ≤ 𝑡 ≤ 𝑇, (4.14b)

𝑝𝑘,𝑡𝒈𝑘,𝑡

2

𝑆
≤ 𝑃0, ∀𝑘 ∈ K, 1 ≤ 𝑡 ≤ 𝑇, (4.14c)

𝛽𝑘,𝑡 ∈ {0, 1} , ∀𝑘 ∈ K, 1 ≤ 𝑡 ≤ 𝑇, (4.14d)

𝒎𝑡 ∈ C𝑁 , 1 ≤ 𝑡 ≤ 𝑇 . (4.14e)

The formulated problem P1 includes the following constraints:

1) The total energy consumption is bounded by the available battery capacity.

2) The transmission power is limited by the maximum transmission power.
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3) The client selection is represented by a binary vector, indicating the selection or
non-selection of each client.

4) The receive beamforming vector is a complex value, reflecting the beamforming
coefficients for signal reception.

These constraints ensure that the energy consumption, transmission power, client
selection, and receive beamforming adhere to their respective limitations in the OTA
FL system.

The presence of channel fading and the introduced noise make the received gradient
signals deviate from their actual values for the OTA FL system. The client selection and
receive beamforming design both have impacts on the received signals for the OTA FL
system because of the energy constraint, channel fading, and communication error. In
the next section, we derive the impact of the convergence performance of the OTA FL
system regarding the client selection matrix 𝜷 , the receive beamforming matrix 𝒎, and
the transmission energy threshold Δmax

𝑘,𝑡
. Table 4.1 lists the new notations used for this

chapter except the notations used in Chapter 3.

4.3 Convergence analysis and problem transforma-

tion

The convergence analysis of the OTA FL system is given in this section. Note that
the energy constraint and transmission power control are both introduced into the
convergence analysis for OTA FL. The derived convergence results reveal that the
channel coefficient, the transmission energy threshold, and the data size all have
impacts on the convergence rate of the OTA FL system. Based on the convergence
result, the non-convex MINLP problem is built as P2 to minimize the optimality gap of
the training loss of the OTA FL system. Because of the stochasticity of the channel
coefficient and energy harvesting, the offline problem P2 is transformed into the
online non-convex MINLP problem P3.
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4.3.1 Convergence analysis

According to (3.4) and (4.3), the global model for the OTA FL system at the 𝑡-th training
round is updated through

𝒘𝑡+1 = 𝒘𝑡 − 𝜂𝒓𝑡 . (4.15)

In this chapter, we also use the same three assumptions as in Chapter 3 regarding loss
functions [3, 10] for ease of convergence analysis.

Let 𝐹 (𝒘∗) denote the optimal loss, and the optimality gap between the actual
loss and the optimal loss at the 𝑡-th training round can be formally represented as
E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗). A smaller optimality gap represents better learning performance
for the OTA FL system. The relationship of the optimality gap for two adjacent rounds
is given in Lemma 4.1.

Lemma 4.1 When Assumptions 1-3 are satisfied, with the learning rate 𝜂 = 1
𝑙
, the

given client selection vector 𝜷𝑡 , the given receive beamforming vector 𝒎𝑡 , and the
transmission energy threshold Δmax

𝑘,𝑡
= min

{
𝑏𝑘,𝑡 − 𝐷𝑘𝑒𝑘,𝑡,𝑖, 𝜏tr𝑃0

}
, the optimality gap

E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) at the 𝑡-th training round within the energy constraint is given by

E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) ≤ 𝜓𝑡 (E[𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗)) +
𝜆1

𝑙
𝜙𝑡 , (4.16)

where𝜓𝑡 and 𝜙𝑡 can be represented as follows:

𝜓𝑡 = 1 − 𝜇
𝑙
+ 2𝜇𝜆2𝜙𝑡

𝑙
, (4.17)

𝜙𝑡 =
𝜎2𝜏tr

2
(∑

𝑘∈K 𝐷𝑘𝛽𝑘,𝑡
)2

(
max
𝑘∈K

𝛽𝑘,𝑡𝐷
2
𝑘
| |𝒎𝑡 | |2

Δmax
𝑘,𝑡
| |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |2

)
+

2
(
𝐷 −∑

𝑘∈K 𝛽𝑘,𝑡𝐷𝑘
)2

𝐷2 . (4.18)

Proof. The proof process for Lemma 4.1 is similar to the proof process of the
Lemma 3.1, the main differences lie in that the introduced receive beamforming vector
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𝒎𝒕 . As a result, the formula (3.29) is rewritten as

E [𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) ≤ E [𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗)

+ 2
𝑙𝐷2

(
𝐷 −

∑︁
𝑘∈K

𝛽𝑘,𝑡𝐷𝑘

)2 (
𝜆1 + 𝜆2∥∇𝐹 (𝒘𝑡 )∥22

)
+

𝑆𝜎2 | |𝒎𝐻
𝑡 | |2

2𝑙𝛼𝑡 2(
∑
𝑘∈K𝛽𝑘,𝑡𝐷𝑘)2

− 1
2𝑙
∥∇𝐹 (𝒘𝑡 )∥22 . (4.19)

According to (4.10), (4.11), and (4.13), which represent the calculation of the total
energy consumption 𝑒 tot

𝑘,𝑡
, energy consumption constraint caused by available battery

𝑏𝑘,𝑡 , and the definition of the transmission energy threshold Δmax
𝑘,𝑡

, the normalization
scaling factor 𝛼𝑡 at the 𝑡-th training round needs to satisfy the following condition:

𝛼𝑡 ≤
©­­«
𝛽𝑘,𝑡 | |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |
√︃
𝑆Δmax

𝑘,𝑡

√
𝜏tr𝐷𝑘



𝒈𝑘,𝑡

2

ª®®¬ , 𝑘 ∈ K . (4.20)

The variable 𝛼𝑡 can also be expressed as follows:

𝛼𝑡 = min
𝑘∈K

©­­«
𝛽𝑘,𝑡 | |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |
√︃
𝑆Δmax

𝑘,𝑡

√
𝜏tr𝐷𝑘



𝒈𝑘,𝑡

2

ª®®¬ . (4.21)

By incorporating (3.32), (3.33), and (4.21), into (4.19), we finally obtain

E [𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) ≤ 𝜓𝑡 [E [𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗)] +
𝜆1

𝑙
𝜙𝑡 . (4.22)

The proof of Lemma 4.1 has been completed. ⊓⊔

By comparing the Lemma 4.1 with Lemma 3.1, it is clear to observe that the
convergence rate of the OTA FL system for SIMO setting is influenced by many
parameters such as the client selection vector, the receive beamforming design, the
available battery, the energy harvesting setting, and the transmission power control.

Lemma 4.1 reveals that the upper bound of the optimality gap at the 𝑡-th training
round E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) is related with the optimality gap at the (𝑡 − 1)-th training
round E[𝐹 (𝒘𝑡 )] − 𝐹 (𝒘∗),𝜓𝑡 , and 𝜙𝑡 . By repeatedly applying Lemma 4.1 and collecting
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terms, we have the optimality gap after the total number of 𝑇 training rounds as
in Theorem 4.1. Different from Lemma 4.1, Theorem 4.1 illustrates the relationship
between the optimality gap after 𝑇 training rounds and the initial optimality gap.

Theorem 4.1 Suppose that the total number of training rounds is set as 𝑇 and the initial
global model is set as𝒘1. The optimality gap after𝑇 training rounds of the OTA FL system
is given by

E [𝐹 (𝒘𝑇+1)] − 𝐹 (𝒘∗) ≤ Ω𝑇 (𝜷,𝒎) , (4.23)

where

Ω𝑇 (𝜷,𝒎) =
𝑇∏
𝑡=1
𝜓𝑡 (E [𝐹 (𝒘1)] − 𝐹 (𝒘∗)) +

𝜆1

𝑙

(
𝑇−1∑︁
𝑡=1

𝑇∏
𝑗=𝑡+1

𝜓 𝑗𝜙𝑡 + 𝜙𝑇

)
. (4.24)

Proof. The proof process is the same as the proof process with Theorem 3.1. ⊓⊔

Theorem 4.1 reveals that the optimality gap is upper-bounded by Ω𝑇 (𝜷,𝒎). When
the initial optimality gap E [𝐹 (𝒘1)] − 𝐹 (𝒘∗) and the parameters 𝜇, 𝑙 , 𝜆1, and 𝜆2 of
Assumptions 1-3 are known, the upper bound of the optimality gap is decided by𝜓1,
𝜙1, . . . ,𝜓𝑇 and 𝜙𝑇 .

4.3.2 Problem transformation

According to Theorem 4.1, the optimality gap after 𝑇 training rounds E [𝐹 (𝒘𝑇+1)] −
𝐹 (𝒘∗) is influenced by the client selection vector 𝜷𝑡 , the receive beamforming vector
𝒎𝑡 , and the transmission energy threshold Δmax

𝑘,𝑡
, which are obtained from each training

round 𝑡 and each selected client 𝑘 . The transmission power control and energy
constraint are both introduced into the convergence analysis process of the optimality
gap. To minimize the optimality gap after 𝑇 training rounds, the problem P1 can be
transformed to the problem P2, which is

P2 : min
𝜷,𝒎

Ω𝑇 (𝜷,𝒎) (4.25a)

s.t. 𝛽𝑘,𝑡 ∈ {0, 1} , ∀𝑘 ∈ K, 1 ≤ 𝑡 ≤ 𝑇, (4.25b)

𝒎𝑡 ∈ C𝑁 , 1 ≤ 𝑡 ≤ 𝑇 . (4.25c)
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It is difficult to solve the problem P2 directly because of the stochasticity of the
channel coefficient 𝒉𝑡 and the harvested energy vector 𝒆arr

𝑡 for each training round 𝑡 .
We try to reformulate the problem P2 and focus on solving the problem with an online
pattern according to Lemma 4.1.

The optimality gap at the 𝑡-th training round E[𝐹 (𝒘𝑡+1)] − 𝐹 (𝒘∗) is defined as
Θ𝑡+1. According to Lemma 4.1, we have

Θ𝑡+1 ≤
(
1 − 𝜇

𝑙
+ 2𝜇𝜆2𝜙𝑡

𝑙

)
Θ𝑡 +

𝜆1

𝑙
𝜙𝑡

=

(
1 − 𝜇

𝑙

)
Θ𝑡 +

(
2𝜇𝜆2

𝑙
Θ𝑡 +

𝜆1

𝑙

)
𝜙𝑡 . (4.26)

One can observe that the optimality gap at the 𝑡-th training round Θ𝑡+1 is decided
by 𝜙𝑡 when the parameters of assumptions 𝜇, 𝑙 , 𝜆1, 𝜆2, and the optimality gap at the
(𝑡 − 1)-th training round Θ𝑡 are known. Therefore, the problem P2 can be transformed
to P3 to minimize 𝜙𝑡 with an online pattern, which can be formulated as follows:

P3 : min
𝜷𝑡

𝜙𝑡 (𝜷𝑡 ,𝒎𝑡 ) (4.27a)

s.t. 𝛽𝑘,𝑡 ∈ {0, 1} , ∀𝑘 ∈ K, (4.27b)

𝒎𝑡 ∈ C𝑁 . (4.27c)

The reformulated problem P3 is one MINLP problem rather than the NIP problem
in [99]. The receive beamforming design and transmission power control are both
considered in P3, which makes the problem more difficult to solve compared with [99].

By analyzing (4.8) and (4.18), one can observe that if more clients are selected to
upload the gradients, the loss decreases faster. However, due to the constraint of the
transmission power control and residual battery capacity, 𝛼𝑡 will be smaller and the
signal-to-noise ratio (SNR) will decrease when more clients are selected to participate
in the training, which will make the convergence speed slower.
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1

𝓟𝓟𝟒𝟒.𝟏𝟏: Receive beamforming design
sub-problem (non-convex)

𝓟𝓟𝟓𝟓 : Client selection sub-problem
(NIP) 

𝓟𝓟𝟑𝟑:  Minimize optimality gap via online pattern
(client selection, receive beamforming, MINLP)

𝓟𝓟𝟐𝟐:  Minimize optimality gap via offline pattern
(client selection, receive beamforming, MINLP)

𝓟𝓟𝟒𝟒.𝟐𝟐: Problem transformation via 
matrix lifting (non-convex)

𝓟𝓟𝟒𝟒.𝟑𝟑 : Problem relaxation via dropping 
rank-one constraint (convex)

𝓟𝓟𝟏𝟏:  Minimize optimality gap of the training loss
(client selection, receive beamforming, energy 

constraint, power control)

Figure 4.2: The relations of the problems.

4.4 Joint online optimization of client selection and

receive beamforming

In this section, we propose an alternative optimization method to solve the problem
P3. Specifically, the SDR programming method is adopted to optimize the receive
beamforming when the client selection vector is given, and the discrete search method
named the CED-based method is proposed to realize client selection with the given
receive beamforming design. The process of the alternative optimization will iterate
for a predefined number of iterations. Besides, we also give discussions about the
computation complexity of the proposed algorithms.

4.4.1 Receive beamforming optimization

At the 𝑡-th training round, assuming that the client selection vector 𝜷𝑡 is given. To
optimize the receive beamforming design for the OTA FL system, the problem P3 can
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be simplified as

P4.1 : min
𝒎𝒕

max
𝑘∈K

𝛽𝑘,𝑡𝐷
2
𝑘
| |𝒎𝑡 | |2

Δmax
𝑘,𝑡
| |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |2
. (4.28)

For the convenience of the analysis, the min-max problem P4.1 is reformulated as one
minimization problem P4.2, which is presented in Lemma 4.2.

Lemma 4.2 By assuming that 𝑴𝑡 = 𝒎𝑡𝒎𝐻
𝑡 and 𝑯𝑘,𝑡 = 𝒉𝑘,𝑡𝒉

𝐻
𝑘,𝑡
, the non-convex receive

beamforming optimization problem P4.1 can be reformulated as

P4.2 : min
𝑴𝑡

Tr(𝑴𝑡 ) (4.29a)

s.t. Tr(𝑴𝑡𝑯𝑘,𝑡 ) ≥
𝛽𝑘,𝑡𝐷

2
𝑘

Δmax
𝑘,𝑡

,∀𝑘 ∈ K, (4.29b)

𝑴𝑡 ⪰ 0, (4.29c)

rank (𝑴𝑡 ) = 1. (4.29d)

Proof. We assume that the introduced variable 𝜏 is set as min𝑘
Δmax
𝑘,𝑡
| |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |2

𝛽𝑘,𝑡𝐷
2
𝑘

. The
problem P4.1 is equivalent to

min
𝒎𝒕

| |𝒎𝑡 | |2
𝜏

(4.30a)

s.t.
| |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |2

𝜏
≥
𝛽𝑘,𝑡𝐷

2
𝑘

Δmax
𝑘,𝑡

, ∀𝑘 ∈ K . (4.30b)

When another new variable 𝒎̃𝑡 = 𝒎𝑡/
√
𝜏 is given, the problem (4.30) can be reformu-

lated as

min
𝒎̃𝑡

| |𝒎̃𝑡 | |2 (4.31a)

s.t. | |𝒎̃𝐻
𝑡 𝒉𝑘,𝑡 | |2 ≥

𝛽𝑘,𝑡𝐷
2
𝑘

Δmax
𝑘,𝑡

, ∀𝑘 ∈ K . (4.31b)

Note that the problem (4.31) is the quadratically constrained quadratic programming
(QCQP) problem. According to [62], when we assume that 𝑴𝑡 = 𝒎𝑡𝒎𝐻

𝑡 and 𝑯𝑘,𝑡 =



64
Chapter 4. Joint receive beamforming and client selection for OTA FL with

energy harvesting

𝒉𝑘,𝑡𝒉
𝐻
𝑘,𝑡

are satisfied, the problem (4.31) can be rewritten as

min
𝑴𝑡

Tr(𝑴𝑡 ) (4.32a)

s.t. Tr(𝑴𝑡𝑯𝑘,𝑡 ) ≥
𝛽𝑘,𝑡𝐷

2
𝑘

Δmax
𝑘,𝑡

, ∀𝑘 ∈ K, (4.32b)

𝑴𝑡 ⪰ 0, (4.32c)

rank (𝑴𝑡 ) = 1. (4.32d)

The proof of Lemma 4.2 has been completed. ⊓⊔

One effective method to deal with the problem P4.2 is the SDR method, which obtains
the convex relaxed problem by dropping the rank-one constraint. In this way, the
problem P4.2 can be transformed to

P4.3 : min
𝑴𝑡

Tr(𝑴𝑡 ) (4.33a)

s.t. Tr(𝑴𝑡𝑯𝑘,𝑡 ) ≥
𝛽𝑘,𝑡𝐷

2
𝑘

Δmax
𝑘,𝑡

,∀𝑘 ∈ K, (4.33b)

𝑴𝑡 ⪰ 0. (4.33c)

Then, the approximate solution can be obtained by solving the convex problem
P4.3 with CVX toolbox [100]. Assuming that 𝑴∗𝑡 is the approximate optimal value
of P4.3, then the eigenvalue decomposition for 𝑴∗𝑡 is conducted as 𝑴∗𝑡 = 𝑼𝑡

∑

𝑼𝐻𝑡 ,
where 𝑼𝑡 =

[
𝝔1, 𝝔2, ..., 𝝔𝑁

]
is the matrix including the eigenvalue vectors and

∑

=

𝑑𝑖𝑎𝑔(𝜌1, 𝜌2, ..., 𝜌𝑁 ) is the diagonal matrix including the eigenvalue values. Let 𝜌max be
the maximum eigenvalue of 𝑴∗𝑡 and 𝝔max be the corresponding eigenvector of 𝑴∗𝑡 .
According to [62], if the constraint rank

(
𝑴∗𝑡

)
= 1 is satisfied, the optimal receive

beamforming vector is 𝒎∗𝑡 =
√
𝜌max𝝔max. If the constraint rank

(
𝑴∗𝑡

)
= 1 can not be

satisfied for the relaxed problem, we adopt the Gaussian randomization [101] to get the
candidate optimal values 𝒎 [𝑖]𝑡 = 𝑼𝑡

∑1/2 𝝃 [𝑖]𝑡 , where 𝝃 [𝑖]𝑡 is randomly generated from
CN(0, 𝑰𝑁×1). We generate the total number of 𝐼 candidates for the receive beamforming
vector. Then, from the candidates 𝒎𝑡 ∈

{
𝒎 [1]𝑡 , . . . ,𝒎 [𝐼 ]𝑡

}
, we get the optimal value 𝒎∗𝑡
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Algorithm 4.1 The SDR-based Receive Beamforming Algorithm
Require: 𝜷𝑡 , 𝒉𝑡 , 𝒃𝑡 , 𝒄𝑡 , 𝑫 , 𝜏tr, 𝑃0, and 𝐼 .
Ensure: 𝒎𝑡 .
1: Solve (4.33) to obtain 𝑴∗𝑡 .
2: if rank(𝑴∗𝑡 ) = 1 then
3: 𝒎∗𝑡 =

√
𝜌max𝝔max;

4: else
5: Obtain the eigenvalue decomposition of 𝑴∗𝑡 = 𝑼𝑡

∑

𝑼𝐻𝑡 ;
6: Generate the number of 𝐼 random vectors, and the 𝑖-th vector is 𝝃 [𝑖]𝑡 ∈
CN(0, 𝑰𝑁×1);

7: Obtain the candidate optimal values 𝒎 [𝑖]𝑡 = 𝑼𝑡
∑1/2 𝝃 [𝑖]𝑡 ;

8: Obtain the optimal receive beamforming vector 𝒎∗𝑡 according to (4.34).
9: end if
10: 𝒎𝑡 = 𝒎∗𝑡 .

which can get the minimum objective value according to

𝒎∗𝑡 = arg min
𝒎𝑡∈

{
𝒎 [1]𝑡 ,...,𝒎 [𝐼 ]𝑡

} max
𝑘∈K

𝛽𝑘,𝑡𝐷
2
𝑘
| |𝒎𝑡 | |2

Δmax
𝑘,𝑡
| |𝒎𝑡

𝐻𝒉𝑘,𝑡 | |2
. (4.34)

The process for designing the receive beamforming vector with SDR combined with
the Gaussian randomization approach is summarized in Algorithm 4.1.

4.4.2 Client selection optimization

Given the optimized receive beamforming vector 𝒎𝑡 obtained from Algorithm 4.1, to
optimize the client selection decisions, the problem P3 can be simplified as

P5 : min
𝜷𝑡

𝜙𝑡 (𝜷𝑡 ) (4.35a)

s.t. 𝛽𝑘,𝑡 ∈ {0, 1} , ∀𝑘 ∈ K . (4.35b)

Note that P5 is the NIP problem. There is an inverse correlation between the optimiza-

tion objective value 𝜙𝑡 (𝜷𝑡 ) and the maximum constraint part max𝑘∈K
(

𝛽𝑘,𝑡𝐷
2
𝑘

Δmax
𝑘,𝑡
| |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |2

)
.
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Algorithm 4.2 The CED-based Client Selection Algorithm
Require: 𝒎𝑡 , 𝒉𝑡 , 𝒃𝑡 , 𝒄𝑡 , 𝑫 , 𝜎2, 𝜏tr, 𝑃0, and 𝐷 .
Ensure: 𝜷𝑡 .
1: for 𝑘 = 1, . . . , 𝐾 do
2: Calculate 𝑞𝑘,𝑡 based on (4.36);
3: end for
4: Sort 𝑸𝑡 in ascending order to obtain 𝑸′𝑡 ;
5: Let 𝑞′

𝑘,𝑡
be the 𝑘-th smallest value in 𝑸′𝑡 , and let S [𝑘] be the client subset decided by

the 𝑘 smallest values of 𝑸′𝑡 ;
6: for 𝑘 = 1, . . . , 𝐾 do;
7: Calculate 𝜙 [𝑡,𝑘] based on (4.37);
8: end for
9: Calculate 𝑘∗ = arg min𝑘∈K 𝜙 [𝑡,𝑘] ;
10: for 𝑘 = 1, . . . , 𝐾 do
11: if 𝑞𝑘,𝑡 ≤ 𝑞𝑘∗,𝑡 then
12: Set 𝛽𝑘,𝑡 ← 1;
13: else
14: Set 𝛽𝑘,𝑡 ← 0.
15: end if
16: end for

The CED coefficient for client 𝑘 at the 𝑡-th training round is denoted as follows:

𝑞𝑘,𝑡 =
𝛽𝑘,𝑡𝐷

2
𝑘

Δmax
𝑘,𝑡
| |𝒎𝐻

𝑡 𝒉𝑘,𝑡 | |2
, (4.36)

which is decided by the channel coefficient 𝒉𝑘,𝑡 , the transmission energy threshold Δmax
𝑘,𝑡

and the dataset size 𝐷𝑘 . Let 𝑸𝑡 = [𝑞1,𝑡 , 𝑞2,𝑡 , . . . , 𝑞𝐾,𝑡 ] denote the list of CED coefficients.
The maximum value of 𝑸𝑡 is calculated as 𝑄max

𝑡 = max𝑘∈K 𝑞𝑘,𝑡 . One can observe that if
the selected clients have worse channel quality, less available transmission energy, and
larger data size, 𝑄max

𝑡 becomes larger.

By analyzing the problem P5, one can observe that there is a trade-off relationship
between the total number of the selected training samples

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘 and 𝑄max

𝑡 . If
more clients are selected during the training process, the number of the training
samples

∑
𝑘∈K 𝛽𝑘,𝑡𝐷𝑘 will be larger, which will make the global loss convergence speed

be faster. However, if more clients are selected, 𝑄max
𝑡 will increase, which will lead to

slow convergence. As a result, to improve the learning performance of the OTA FL
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Algorithm 4.3 The Alternative Optimization Algorithm
Require: 𝒉𝑡 , 𝒃𝑡 , 𝒄𝑡 , 𝑫 , 𝜎2, 𝜏tr, 𝑃0, 𝐷 , 𝐼 , 𝐽 , 𝑗 = 0, and 𝜷𝑡 (0).
Ensure: 𝜷𝑡 , 𝒎𝑡 .
1: repeat
2: Given 𝜷𝑡 ( 𝑗) and (𝒉𝑡 , 𝒃𝑡 , 𝒄𝑡 ,𝑫, 𝜏tr, 𝑃0, 𝐼 ), obtain 𝒎𝑡 ( 𝑗 + 1) via Algorithm 4.1;
3: Given 𝒎𝑡 ( 𝑗 + 1) and (𝒉𝑡 , 𝒃𝑡 , 𝒄𝑡 ,𝑫, 𝜎2, 𝜏tr, 𝑃0, 𝐷), obtain 𝜷𝑡 ( 𝑗 + 1) via Algorithm

4.2;
4: Update 𝒎𝑡 = 𝒎𝑡 ( 𝑗 + 1), 𝜷𝑡 = 𝜷𝑡 ( 𝑗 + 1), 𝑗 = 𝑗 + 1;
5: until 𝑗 = 𝐽 .

system, an effective client selection scheme is required to minimize the problem P4.
The proposed discrete search method named the CED-based method for P4 is

summarized in Algorithm 4.2. First, 𝑸𝑡 is sorted in ascending order to get the sorted
queue 𝑸′𝑡 . Let 𝑞′𝑘,𝑡 be the 𝑘-th value in 𝑸′𝑡 , and let S [𝑘] be the subset of the selected 𝑘
clients according to the 𝑘 smallest values of 𝑸′𝑡 . There are 𝐾 possible client selection
decisions, and the final client selection is decided by

𝜙 [𝑡,𝑘] =
𝜎2𝜏tr | |𝒎𝑡 | |2𝑞′𝑘,𝑡
2
(∑

𝑖∈S [𝑘 ] 𝐷𝑖
)2 +

2
(
𝐷 −∑

𝑖∈𝑆 [𝑘 ] 𝐷𝑖
)2

𝐷2 . (4.37)

The indicator 𝑘∗ can be obtained by calculating the index of the minimum value of
𝜙 [𝑡,𝑘] as

𝑘∗ = arg min
𝑘∈K

𝜙 [𝑡,𝑘] . (4.38)

The client can be selected if the index 𝑘 is smaller than 𝑘∗ for the sorted queue 𝑸′𝑡 ,
which denotes 𝑞𝑘,𝑡 ≤ 𝑞𝑘∗,𝑡 .

4.4.3 The alternative optimization for client selection and re-
ceive beamforming

The proposed alternative optimization method to minimize the optimality gap of the
OTA FL system is summarized in Algorithm 4.3. At the beginning of the 𝑡-th training
round, all clients can be selected at the initial setup as 𝜷𝑡 (0) = [1, 1, ..., 1]. Then, the
receive beamforming is optimized with the SDR method according to Algorithm 4.1.
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Figure 4.3: The procedures of the OTA FL system.

When the optimized receive beamforming vector 𝒎𝑡 is obtained, the selected clients
can be obtained based on Algorithm 4.2. These two steps are repeated for 𝐽 times.
When the joint optimization process is completed, the PS sends the global model to the
selected clients. Then, local clients update the global model and upload the gradients
via OTA computation. The PS obtains the aggregated gradients based on (4.3). Clients
obtain the energy from the energy resources and update the current battery level
queue based on (4.12).

The computational complexity of Algorithm 4.1 for designing the receive beam-
forming is mainly decided by the procedure of obtaining 𝑴∗𝑡 with SDR algorithm (see
Line 1 in Algorithm 4.1), which is𝑂

(
(𝑁 2 + 𝐾)3.5

)
[102]. The computational complexity

of Algorithm 4.2 for optimizing client selection is mainly determined by the sorting
process (see Line 3 in Algorithm 4.2), which takes𝑂 (𝐾 log𝐾) operations. In addition, as
Algorithm 4.3 is conducted 𝑇 rounds during the training procedure and the alternative
optimization is conducted for 𝐽 iterations, the overall time complexity is given by
𝑂

(
𝑇 𝐽 ((𝑁 2 + 𝐾)3.5 + (𝐾 log𝐾))

)
.

Figure 4.2 is given to clearly illustrate the relations of the problems of the whole
OTA FL system with energy harvesting. First of all, the problem P2 is formulated
according to Theorem 4.1 to minimize the optimality gap after 𝑇 training rounds for
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OTA FL. Then, the intractable offline MINLP problem P2 is transformed to the online
MINLP problem P3 to minimize the optimality gap at the 𝑡-th training round based on
(4.26) and Lemma 4.1. To solve the problem P3, the MINLP problem is decoupled into
two sub-problems as P4.1 for receive beamforming design and P5 for client selection.
The SDR programming is used for optimizing receive beamforming sub-problem.
Specifically, the problem P4.1 can be transformed to P4.2 via matrix lifting according
to Lemma 4.2. Then, the non-convex problem P4.2 is relaxed to the convex problem
P4.3 via dropping rank-one constraint. Then, the convex problem P4.3 can be solved
via the CVX toolbox. For the client selection sub-problem, the discrete search method
combined with the CED coefficient is proposed to deal with the NIP problem P5.

Figure 4.3 is given to clearly illustrate the procedures of the whole OTA FL system
with energy harvesting at the 𝑡-th training round, which includes the following
constraints:

1) In the proposed joint optimization method for the OTA FL system, the PS
optimizes the client selection vector K𝑡 and receive beamforming design 𝒎𝑡 .

2) The PS broadcasts the global model to the selected clients K𝑡 .

3) The selected clients K𝑡 conduct the local training using their respective local
datasets.

4) The local clients send the local gradients to PS via OTA computation.

5) The clients update their remaining energy levels by considering both energy
consumption and energy harvesting.

These procedures will continue for a total of 𝑇 training rounds.

4.5 Performance evaluation

In the simulation, the PS is located at (0, 0, 10), and 40 clients are randomly located
within the range of a circle with a radius of 250 meters. Let ℎ̄𝑘 = 𝐺𝑃𝐺𝐶

(
3×108

4𝜋 𝑓𝑐𝐿𝑘

)𝜌
denote

the average channel gain for the free-space path loss model, where 𝐺𝑃 = 5 dBi denotes
the antenna gain of the PS, 𝐺𝐶 = 0 dBi denotes the antenna gain of the local clients,
𝑓𝑐 = 915 MHz means the carrier frequency, 𝐿𝑘 means the distance between PS and client
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𝑘 , and the pass loss exponent 𝜌 is set as 3. The channel gain 𝒉𝑘,𝑡 for client 𝑘 during the
𝑡-th training round is expressed as 𝒉𝑘,𝑡 =

√︁
ℎ̄𝑘𝜸𝑘,𝑡 , where 𝜸𝑘,𝑡 is generated from the

Gaussian distribution with zero-mean and unit-variance. The transmission slot for
each resource block 𝑇slot is set as 1 ms, and the number of the transmitted signals 𝑅 is
set as 14 [98]. Let 𝑒𝑘 denote the average amount of harvested energy per round for
client 𝑘 , and the harvested energy for client 𝑘 during the 𝑡-th training round is 𝑒arr

𝑘,𝑡
.

The harvested energy for client 𝑘 during the training processes is [𝑒arr
𝑘,1, 𝑒

arr
𝑘,2, . . . , 𝑒

arr
𝑘,𝑇
],

which follows a Poisson distribution with an average of 𝑒𝑘 [103]. We assume that 𝑒𝑘 is
uniformly distributed between 0.1 J and 1 J for different clients. The computation
energy consumption per sample 𝑒𝑘,𝑡,𝑖 is set as a constant value of 0.001 J for all clients,
which is consistent with the information provided in Chapter 3. The maximum battery
capacity 𝐵max is set as 20 J, and the maximum transmission power 𝑃0 is set as −10
dB. The total number of candidates 𝐼 for receive beamforming vector is set as 5 in
Algorithm 4.2. The iteration number 𝐽 for the alternative optimization method is set as
20.

We use the Fashion-MNIST dataset [93] to conduct the experiments. Two kinds of
settings regarding the data distribution among clients are taken into consideration
according to [94]: balanced and unbalanced data settings. For both settings, the
training samples at local clients are independent and identically distributed. For the
balanced data setting, the number of samples is equal to 800 for all clients. For the
unbalanced data setting, the sample size is set randomly in [100, 200] for half of the
clients, and [1000, 2000] for the other half. By analyzing 𝜙𝑡 in (4.18), one can observe
that the convergence rate of the optimality gap is influenced by the number of selected
clients for the balanced data setting. However, for the unbalanced data setting, the
convergence rate of the optimality gap is influenced not only by the number of selected
clients but also by the data size of selected clients. We use two kinds of data settings
to illustrate that by introducing the data size 𝐷𝑘 of client 𝑘 in our formulations, the
proposed scheme can be applied to different data size distributions. The CNN model is
adopted for training, which has the same structure as in Chapter 3. The total number
of the model parameters is 21840, and the total number of training rounds is set as
1500. The learning rate 𝜂 is set as 0.01 by default.
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4.5.1 Comparison scheme

We compare the proposed solution CED+SDR with the following comparison methods:

• Perfect: all clients are selected in each training round and assuming that the
perfect aggregation can be achieved with the error-free transmission.

• DC [6]: the client selection and receive beamforming is optimized with the
two-step DC method, and the threshold of the mean squared error is set as 15 dB.

• CED only: clients are selected with the proposed CED method without beam-
forming optimization for each training round.

• SDR only: for the client selection sub-problem, the local clients with suffi-
cient energy can be selected, which is similar to [19, 20]. Besides, the receive
beamforming is optimized with the proposed SDR method.

Figure 4.4(a) and Figure 4.4(b) demonstrate the performance of the training loss and
test accuracy of the proposed method with other baselines for the OTA FL system
under the balanced data setting. The number of antennas for PS is set as 10 and the
noise power is set as −70 dB. We omit the training loss of the DC method and SDR
only method since they are too large compared with the other three methods. The
training loss of the other three methods is depicted in Figure 4.4(a). It is observed that
the proposed CED+SDR method performs better compared with the DC method and
SDR only method from Figure 4.4(b). Besides, one can observe that the training loss
of the proposed CED+SDR method decreases faster compared with the CED only
method from Figure 4.4(a) even though the accuracy of these two methods is close in
Figure 4.4(b). The DC method cannot converge as it only takes transmission power
control into account and ignores the energy constraint of local clients for the OTA FL
system. The SDR only method performs worst as the selected clients with SDR only
method may have poor channels or inadequate energy. The performance of the CED
only method performs better compared with the SDR only method, indicating that the
client selection has a larger impact on the learning performance of OTA FL than the
receive beamforming optimization.

Figure 4.5(a) and Figure 4.5(b) demonstrate the learning performance of the
proposed method with other baselines for the OTA FL system under the unbalanced
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Figure 4.4: The learning performance under the balanced data setting.
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Figure 4.5: The learning performance under the unbalanced data setting.
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data setting, which has a similar trend to the balanced data setting. From Figure 4.4
and Figure 4.5, we can get the conclusion that the proposed scheme can be applied to
different data size distributions.

4.5.2 Parameter analysis

In this subsection, the impacts of the noise power, the number of antennas at the PS
side, and the average arrival rate of the harvested energy on the learning performance
of the proposed CED+SDR method are discussed for the OTA FL system. We show the
experimental results of the proposed method under the unbalanced data setting as
examples since the results of the proposed method under the balanced data setting
have similar trends to those under the unbalanced data setting.

In Figure 4.6(a) and Figure 4.6(b), different noise power settings are investigated for
the proposed CED+SDR method under the unbalanced data setting for the OTA FL
system. The PS is equipped with a total of 10 antennas. We can see that accuracy of the
OTA FL system decreases when noise power increases for the proposed CED+SDR
method under the unbalanced data setting. The reason is that the introduced noise
makes the gradients deviate from the actual values in each training round for the OTA
FL system. When the noise power is set too large such as −50 dB, the SNR is too low to
make the OTA FL system converge. When the noise is set as −80 dB, the proposed
CED+SDR method has a similar performance to the Perfect method.

In Figure 4.7(a) and Figure 4.7(b), the impacts of the number of antennas at the PS
side are shown for the proposed CED+SDR method under the unbalanced data setting
for the OTA FL system. The noise power is set as −60 dB for easily observing the
impacts of the number of antennas at the PS side on the learning performance of
the OTA FL system. We can see that the proposed CED+SDR method can converge
even when the number of antennas at the PS side is set as 1. And with the number
of antennas at the PS side increasing, the proposed method performs better, which
indicates that the proposed SDR method is effective for the receive beamforming
optimization of the OTA FL system.

To show the influence of the average arrival rate of the harvested energy 𝑒𝑘 on the
learning performance of the proposed CED+SDR method conveniently, we set 𝑒𝑘 as the
same value for all clients for the OTA FL system. Besides, the number of antennas
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Figure 4.6: The impacts of noise power on the learning performance under the
unbalanced data setting.
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Figure 4.7: The impacts of the number of antennas at the PS side on the learning
performance under the unbalanced data setting.
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Figure 4.8: The impacts of the average arrival rate of energy on the learning performance
under the unbalanced data setting.
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at the PS side is set as 10 and the noise power is set as −60 dB. Figure 4.8(a) and
Figure 4.8(b) show the training loss and the test accuracy of the proposed CED+SDR
method with different average arrival rate settings for energy harvesting. We can see
that the accuracy increases when the average arrival rate of the harvested energy 𝑒𝑘
increases for the OTA FL system under the unbalanced data setting. It is observed
that when the average arrival rate of the harvested energy 𝑒𝑘 is set too small such
as 0.2, the proposed method cannot converge as the SNR is too low caused by the
transmission energy constraint. However, if the average arrival rate of energy 𝑒𝑘 is
too large, the learning performance cannot continue to improve as the transmission
energy of local clients is limited not only by the current battery capacity but also by
the maximum transmission power.

4.5.3 Mini-batch gradient descent

In this subsection, the mini-batch gradient descent is considered rather than the batch
gradient descent for the OTA FL system. When mini-batch gradient descent is adopted
for local model update and the batch size is set as 𝐵𝑆 , the total data samples at client 𝑘
are divided into ⌈𝐷𝑘

𝐵𝑆
⌉ batches. Let 𝐵𝑆 (1), 𝐵𝑆 (2)..., 𝐵𝑆 (⌈𝐷𝑘

𝐵𝑆
⌉) denote the sample data of

batch 1, 2, ..., ⌈𝐷𝑘

𝐵𝑆
⌉. The client 𝑘 conducts the gradient update as

𝒘𝐵𝑆 (1)
𝑡+1 = 𝒘𝑡 − 𝜂𝒓𝑡 ,

𝒘𝐵𝑆 (2)
𝑡+1 = 𝒘𝐵𝑆 (1)

𝑡+1 − 𝜂𝒓𝑡 ,
......

𝒘
𝐵𝑆 (⌈𝐷𝑘

𝐵𝑆
⌉)

𝑡+1 = 𝒘
𝐵𝑆 (⌈𝐷𝑘

𝐵𝑆
⌉−1)

𝑡+1 − 𝜂𝒓𝑡 . (4.39)

When the above process is finished, the local gradient vector is the final gradient
vector of the final batch. When the local epoch is still set as 1, the other procedures are
the same as with the full-size gradient descent process.

Figure 4.9(a) and Figure 4.9(b) show the test accuracy with different batch sizes for
the OTA FL system under the balanced data setting when the noise power is set as −70
dB and −80 dB, respectively. By observing Figure 4.9(a), it is clear to see that when the
batch size decreases from All to 256, the test accuracy of the OTA FL system increase.
However, when the batch size continuously decreases from 256 to 128 or 64, the test
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Figure 4.9: The test accuracy with mini-batch gradient descent for balanced data.
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accuracy will decrease gradually. The OTA FL system even can not converge when the
batch size is set as too small such as 64 or 1, and the reason for that is the small batch
size may have a larger gradient norm, and the larger gradient norm will make the 𝛼𝑡 in
formula (4.20) smaller, which will cause the introduced error larger. As a result, the
aggregated gradients will deviate from the true values, and the OTA FL system cannot
converge.

Figure 4.9(b) has a similar trend compared with Figure 4.9(a). Besides, by comparing
Figure 4.9(a) and Figure 4.9(b), it can be seen that when the noise power decrease
from −70 dB to −80 dB, the OTA FL system performs better, and the best batch size
setting is set as 128 rather than 256 in Figure 4.9(a). Therefore, to get better system
performance for the OTA FL system, the batch size is required to be adjusted according
to the experimental settings.

4.6 Summary

In this chapter, we focus on the OTA FL system operating in the SIMO setting. We
analyze the convergence of the OTA FL system considering energy harvesting, client
selection, receive beamforming, and transmission power control. Based on this analysis,
we formulate a problem to minimize the optimality gap of the training loss. The goal is
to optimize both client selection and receive beamforming design while adhering
to energy constraints and transmission power control. To address this problem, we
propose a joint optimization method that operates in an online mode. This method
combines the CED-based approach for client selection and the SDR-based method for
receive beamforming design. By integrating these techniques, our proposed joint
optimization method effectively addresses the formulated MINLP problem. It enables
us to minimize the optimality gap in the OTA FL system while considering client
selection, receive beamforming, energy constraints, and transmission power control.
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5.1 Concluding remarks

The energy management problem is one of the key issues for the OTA FL system
with energy harvesting clients. In this thesis, we have focused on the analysis and
optimization for OTA FL with energy harvesting clients while considering the energy
constraint and weak channels. We mainly have two objectives in this thesis:

• Objective 1: the analysis and optimization for the OTA FL system with energy
harvesting clients under the SISO network setting.

• Objective 2: the analysis and optimization for the OTA FL with energy harvesting
clients under the SIMO network setting.

For objective 1, we conducted the convergence analysis of the optimality gap with
regard to client selection, the energy constraint, and the noise error channel for the
OTA FL system under the SISO network setting. Based on the convergence analysis
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results, we formulated the online optimization problem to minimize the optimality gap
when jointly considering client selection and energy harvesting. The CED-based
method is proposed to optimize client selection. The experiments show that our
proposed method surpasses the other benchmarks.

For objective 2, we employed the energy harvesting techniques for OTA FL under
the SIMO network setting and derived the convergence analysis of the optimality gap
regarding client selection, receive beamforming, energy constraint, and transmission
power control. Based on the convergence analysis results, we formulated the online
MINLP optimization problem to minimize the optimality gap when jointly considering
client selection and receive beamforming design. The alternative optimization is
developed to solve the MINLP problem. The CED-based method is proposed to optimize
client selection decisions, and the receive beamforming is optimized with the SDR
method. The simulation results show that our proposed method performs better
compared with the other benchmarks.

5.2 Limitations

Despite dedicating a considerable amount of effort to our study, there are still some
limitations in our current research.

First, to achieve OTA computation with wireless fading channels, the local client
needs to adjust its transmission power based on the current channel state before
transmission. The requirement of power scaling relies on having perfect channel state
information at the local client. The convergence analysis with imperfect channels is
given for the OTA FL system with energy harvesting in Chapter 3, and the convergence
analysis results reveal that the OTA FL system still can converge with imperfect
channel state information. Nevertheless, if neither the channel state information nor
the channel statistics are accessible, the current proposed method cannot be effectively
applied to the OTA FL system. The implementation of OTA FL in scenarios where
channel state information is unavailable for local clients is regarded as a potential area
for future research.

In addition, the successful implementation of OTA computation for FL in our
current study hinges on the requirement of precise synchronization among the local
clients. It is essential for each client to meticulously adjust their transmission timing
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to achieve perfect alignment of their signals at the PS. However, achieving such
stringent synchronization across multiple clients proves to be immensely challenging
and costly in practical scenarios, often leading to residual asynchronies among the
signals received from different clients. In future, we intend to address the issue of time
misalignments among local clients in the OTA FL system.

5.3 Future directions

The proposed OTA FL system, which incorporates energy harvesting clients, is
particularly well-suited for distributed classification or monitoring applications such
as wildlife classification [104, 105] or forest fire monitoring [106]. These scenarios
often involve remote locations where it is inconvenient to recharge wireless devices,
and where ample solar or wind energy resources are available. However, the current
communication model for the OTA FL system does not consider the transmission with
obstacles and security issues.

OTA FL systems with energy harvesting clients can be further enhanced by
introducing privacy-preserving techniques and reconfigurable intelligent surface (RIS).
By designing different privacy-preserving techniques in the OTA computation system,
more secure OTA computation could be realized. Additionally, the integration of RIS
technology will assist in overcoming obstacles and improving the overall performance
of the OTA FL system. The subsequent subsections provide a detailed discussion on
privacy-preserving OTA and RIS-assisted OTA FL, highlighting the potential benefits
and implications of incorporating these advancements into the system.

5.3.1 Toward more secure and privacy-protective OTA computa-
tion

The OTA transmission mode utilizes intra-cell interference to protect privacy by hiding
individual data within superimposed signals, making it challenging for eavesdroppers to
extract specific device information. However, concerns remain about potential leakage
of functional computation results. In [107], the authors propose incorporating a jammer
into the OTA computation system, which cancels the jamming signal at the intended
receiver while appearing as undetectable noise to eavesdroppers. This approach
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employs coding techniques and channel resolvability to enhance security. Besides, in
[108], transceiver designs are also suggested to minimize computation errors at the
fusion center while maintaining a certain error threshold for eavesdroppers. These
studies motivate further exploration of practical implementation and optimization
for various network architectures. Furthermore, the presence of adversarial devices
introduces the risk of transmitting irrelevant signals, compromising the receiver’s
computation. Therefore, designing an attack-resilient OTA FL system is crucial to
ensure secure and reliable services even in the presence of adversarial devices.

5.3.2 RIS-assisted OTA FL

RIS has emerged as a promising technology to enable next-generation wireless
networks, which has the potential to significantly reduce energy consumption and
improve the spectral efficiency of wireless networks. Recently, some studies [81, 82, 94]
have been published related to RIS-assisted OTA FL. In [81], the authors consider
the heterogenous networks with the simultaneous transmission of NOMA signals
and OTA FL signals under the assistance of the RIS. The authors in [82] focus on the
challenges of model aggregation and client selection in FL systems that utilize multiple
RISs. They propose a joint optimization approach that considers the transmission
power, receive scalar, phase shifts, and selection of learning participants to minimize
the aggregation error and accelerate the convergence rate of OTA FL. The work in [94]
aims to improve the convergence rate of the RIS-enabled OTA FL system by jointly
optimizing the client selection, receive beamforming, and the RIS phase shifts of
the OTA FL system. However, in prior studies, few works have focused on energy
management optimization schemes in RIS-assisted OTA FL systems. Given the impact
of RIS on communication energy consumption, optimizing energy management in
RIS-assisted OTA FL system is necessary. Therefore, the RIS-assisted OTA FL under the
energy constraint can be considered as a future direction.
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