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Abstract: With the booming development of fifth-generation network technology and Internet of Things, the
number of end-user devices (EDs) and diverse applications is surging, resulting in massive data generated at the
edge of networks. To process these data efficiently, the innovative mobile edge computing (MEC) framework has
emerged to guarantee low latency and enable efficient computing close to the user traffic. Recently, federated
learning (FL) has demonstrated its empirical success in edge computing due to its privacy-preserving advantages.
Thus, it becomes a promising solution for analyzing and processing distributed data on EDs in various machine
learning tasks, which are the major workloads in MEC. Unfortunately, EDs are typically powered by batteries with
limited capacity, which brings challenges when performing energy-intensive FL tasks. To address these challenges,
many strategies have been proposed to save energy in FL. Considering the absence of a survey that thoroughly
summarizes and classifies these strategies, in this paper, we provide a comprehensive survey of recent advances in
energy-efficient strategies for FL in MEC. Specifically, we first introduce the system model and energy consumption
models in FL, in terms of computation and communication. Then we analyze the challenges regarding improving
energy efficiency and summarize the energy-efficient strategies from three perspectives: learning-based, resource
allocation, and client selection. We conduct a detailed analysis of these strategies, comparing their advantages
and disadvantages. Additionally, we visually illustrate the impact of these strategies on the performance of FL
by showcasing experimental results. Finally, several potential future research directions for energy-efficient FL are
discussed.
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1 Introduction

With the rapid development of fifth-generation
(5G) network technology and the Internet of Things
(IoT), the number of end-user devices (EDs, e.g.,

‡ Corresponding author
* Project supported by the National Natural Science Foundation
of China (Nos. 62002377, 62072303, 62072424, 61872178, and
62272223), the Hong Kong Scholars Program (No. 2021-101),
and the High-Level Talent Fund (No. 22-TDRCJH-02-013)

ORCID: Kang YAN, https://orcid.org/0000-0002-0258-0817;
Tao WU, https://orcid.org/0000-0003-1344-835X
c© Zhejiang University Press 2024

smartphones and IoT devices) is surging and the
applications are becoming more and more diverse,
which leads to a large amount of data generated at
the edge of networks. The traditional centralized
mobile cloud computing, which collects the uploaded
data of EDs and is processed centrally on the cloud,
is usually facing various shortcomings, such as high
latency and privacy concerns, and thus is unable to
efficiently address the massive data of EDs generated
at the edge (Jararweh et al., 2016). To deal with
these issues, the innovative mobile edge computing
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(MEC) framework has emerged to enable low latency
and efficient computing close to the user traffic. In
contrast with the prolonged propagation exhibited
by cloud computing, MEC strives to relocate mobile
computing, storage, and network control to the edge
of networks, such as base stations and access points
(Mao et al., 2017). Due to the potential to reduce
latency and enhance service quality, MEC has at-
tracted much attention and is widely regarded as a
key technology to realize various visions of the next-
generation Internet.

In recent years, there has been a surge of
progress in artificial intelligence (AI) technology and
corresponding intelligent applications, such as smart
medical care (Zeng SG and Wu, 2019) and driver-
less cars (Yurtsever et al., 2020), which have brought
much convenience to people and have been greatly
favored. Since data serve as fuel for AI model train-
ing, the abundance of data generated at the network
edge makes machine learning (ML) tasks a predomi-
nant workload in MEC. However, in light of growing
privacy concerns, users are reluctant to upload their
data to the server for model training. Encouragingly,
the emergence of federated learning (FL) provides
a promising solution and enables privacy-preserving
distributed ML at the network edge (Wang SQ et al.,
2018; Lim et al., 2020). In FL, EDs use local data
for model training and send model parameters only
to the edge server while keeping the user data lo-
cally. The edge server aggregates and updates the
models uploaded by each device into a new model,
and broadcasts it to each device again. After several
iterations, a convergent AI model is finally obtained.
In addition to the advantage of privacy protection,
FL helps save bandwidth, because the number of in-
termediate parameters uploaded tends to be much
smaller than that in the training dataset.

In this paper, we focus on the energy effi-
ciency of FL, which studies how to efficiently per-
form energy-consuming learning tasks on energy-
constrained EDs. On one hand, both computation
(e.g., ML model training that usually involves mil-
lions of parameters) and communication (e.g., up-
loading intermediate results) require a large amount
of energy. On the other hand, the computing and
communication resources of EDs are constrained,
which restricts devices from participating in more
learning tasks, and eventually hurts FL performance.
Moreover, model training involves multiple itera-

tions, requiring EDs to execute numerous rounds
of computation and communication. These factors
pose significant challenges to the practical applica-
tion of FL in MEC. Therefore, designing energy-
efficient strategies to address these challenges is
highly meaningful and has become an active research
topic.

Existing reviews related to FL focus on frame-
work design, wireless communication, and security
and privacy issues, with little emphasis on the en-
ergy consumption of the system. Lim et al. (2020)
reviewed resource allocation methods that lower the
communication cost of FL in mobile edge networks,
but they did not discuss in depth the energy effi-
ciency optimization methods. Niknam et al. (2020)
investigated prospective applications of FL in 5G
networks and discussed major technical challenges
of FL in the domain of wireless communications. Yu
and Li (2021) investigated the state-of-the-art re-
source optimization methods for FL. Imteaj et al.
(2022) presented the challenges arising from apply-
ing FL in resource-constrained IoT environments and
discussed the potential solutions. Shi et al. (2022a)
provided an overview of the cutting-edge methods of
merging the FL process with energy-efficient learn-
ing techniques, focusing primarily on model compres-
sion techniques. Zhao BR et al. (2022) analyzed the
energy consumption challenges of FL within sixth-
generation (6G) networks and proposed several feasi-
ble green designs for the FL-based 6G network archi-
tecture. In sum, none of these works make a detailed
classification and summary of the existing energy-
efficient strategies for resource-constrained devices
in FL. Different from these reviews, in this paper,
we provide a comprehensive survey of the state-of-
the-art energy-efficient strategies in FL within the
context of MEC.

Specifically, the system model and common en-
ergy consumption models in FL are first discussed.
Then we analyze the challenges associated with im-
proving energy efficiency in FL systems. Addition-
ally, we provide a comprehensive summary and in-
troduction to the existing energy-efficient strategies,
which can be categorized into learning-based strate-
gies, resource allocation strategies, and client selec-
tion strategies. We conduct an elaborate analysis
of these strategies, meticulously comparing their ad-
vantages and disadvantages. Furthermore, we vi-
sually illustrate the influence of these strategies on
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the performance of FL through the presentation of
experimental results. Finally, we present several
potential research directions for energy-efficient FL.

2 System model in federated learning

In this section, we detail the basic architecture of
the FL system and present the energy consumption
models, including computation and communication
energy consumption models. The main variables and
their definitions are listed in Table 1.

Table 1 Main variables affecting energy efficiency

Variable Definition

M Number of global iterations
N Number of local iterations
B Batch size for local model training
Ki Number of scheduled clients
|Dk| Number of training data samples for

device k

τk Local model training duration for device k

fCPU
k CPU frequency for device k

PCPU
k CPU power for device k

V Gc
k GPU core voltage for device k

fGc
k GPU core frequency for device k

fGm
k GPU memory frequency for device k

PGPU
k GPU power for device k

rk Achievable transmission rate for device k

Wk Bandwidth allocation for device k

pk Transmission power for device k

hk Channel gain for device k

tupk Time of uploading model parameters for
device k

sk Data size of model parameters for device k

2.1 Federated learning model

As shown in Fig. 1, an FL system in MEC usu-
ally consists of a central unit (model owner), e.g., the
edge server, and a group of EDs (data owner), e.g.,
mobile phones. The edge server manages the collab-
oration of EDs to train a shared ML model without
exchanging user data. The shared ML model is called
the global model and the ML model trained by each
device with its local dataset is called the local model.

Consider the FL system composed of an edge
server and a group of EDs K = {1, 2, ...,K}. Let
Dk (k = 1, 2, ...,K) denote the local dataset of device
k, and |Dk| refers to its dataset size. The global
FL model is denoted by the parameter set ω. For
each data sample s ∈ Dk, let xs

k denote its features
and ysk its label. The loss function is represented by
f(ω;xs

k, y
s
k), measuring the prediction error of model

Fig. 1 Overview of the federated learning (FL) system
in mobile edge computing (MEC)

ω on data sample s. Thus, the local loss function is

Fk(ω) =
1

|Dk|
∑

s∈Dk

f (ω;xs
k, y

s
k). (1)

Accordingly, the global loss function across all dis-
tributed datasets is denoted as

F (ω) =
1

|∪kDk|
∑

s∈∪kDk

f (ω;xs
k, y

s
k)

=
1

|∪kDk|
∑

k∈K
|Dk|Fk(ω).

(2)

The FL process aims to find a desired model
parameter set ω∗ to minimize the global loss function
F (ω).

The optimization process of the parameter set
involves multiple rounds of global and local itera-
tions. We use M to represent the number of global
iterations and N the number of local iterations. For
each global iteration i ∈ {1, 2, ...,M}, let ω(i) rep-
resent the global model at the edge server after i

rounds of global iteration, and ω
(i,j)
k the local model

at device k after j rounds of local iteration of the
global iteration i. Suppose that Ki devices are se-
lected for participation in the global iteration i. The
detailed process at each global iteration i is described
as follows:

1. Client selection: The edge server selects Ki

clients from a subset of its clients, namely the EDs,
which meet requirements to participate in this round
of training, e.g., mobile phones that currently have
a wireless connection.
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2. Broadcasting: The edge server sends the
global model ω(i−1) and selection indicators {ρk} to
all clients. When device k is selected, the indicator
{ρk} = 1; otherwise, {ρk} = 0. The local model at
each client is set as ω(i−1), i.e., ω(i,0)

k = ω(i−1), ∀k ∈
Ki, where Ki denotes the set of selected clients.

3. Local model training: Each selected client it-
eratively trains its local model based on the gradient
of the local loss function, i.e., �Fk(ω), with its local
dataset. In each local iteration j ∈ {1, 2, ..., N}, we
have ω

(i,j)
k = ω

(i,j−1)
k + η1�Fk(ω

(i,j−1)
k ), where η1

denotes the learning rate.

4. Parameter uploading: After local compu-
tation, all the selected clients upload the resul-
tant parameters to the server in the form of either
trained parameter sets, i.e., ω(i,N)

1 , ω
(i,N)
2 , ..., ω

(i,N)
Ki

,
or gradients, i.e., g

(i)
1 , g

(i)
2 , ..., g

(i)
Ki

, where g
(i)
k (k =

1, 2, ...,Ki) represents the change of the model on
device k after N rounds of local iteration.

5. Model aggregation: The server aggre-
gates the parameters uploaded by clients, gener-
ally by a weighted average, and updates the global
model. For the parameter set form, the server
aggregates all the parameter sets ω

(i,N)
k from Ki

clients and updates the global parameter set by
ω(i) = 1

|∪kDk|
∑

k∈Ki

|Dk| ω(i,N)
k . For the gradient

form, the server will aggregate the model gradients
by G(i) = 1

|∪kDk|
∑

k∈Ki

|Dk|g(i)k , and update the global

model by ω(i) = ω(i−1) + η2G
(i), where η2 denotes

the learning rate.

After M rounds of global iteration, the global
model parameter set ω(M) is set as the desired solu-
tion for FL, i.e., ω∗ ← ω(M) .

In this paper, we emphasize the energy efficiency
of EDs, because they are energy-constrained. For
the server, the energy consumption and delay of the
aggregation in step 5 can be ignored, due to its suffi-
cient power and high performance. For EDs, the en-
ergy consumption includes the computation energy
consumption for training the local model in step 3
and the communication energy consumption for up-
loading parameters in step 4. Detailed descriptions
of the energy consumption models for computation
and communication will be provided in the following
subsections.

2.2 Computation energy consumption models

With the increasing prevalence of high-
performance co-processors in EDs, computing tasks
can be performed on the central processing unit
(CPU) or any of the co-processors, such as the graph-
ics processing unit (GPU), in the system. Since most
of the related works in FL consider training the local
model on the CPU or GPU, we introduce the CPU
and GPU energy consumption models, separately.

2.2.1 CPU energy consumption model

Let fCPU
k be the CPU frequency of device k,

which indicates the computation capacity. The com-
putation time for local model training at device k

is
τCPU
k =

IkCk |Dk|
fCPU
k

, ∀k ∈ K, (3)

where Ik represents the number of local iterations at
device k and Ck denotes the number of CPU cycles
required to process a data sample (Yang ZH et al.,
2021). The power consumption of CPU is propor-
tional to fCPU

k (V CPU
k )

2, and fCPU
k is approximately

linearly proportional to V CPU
k , where V CPU

k is the
circuit-supplied voltage (Mao et al., 2017). Thus,
the power consumption of CPU at device k for local
model training is

PCPU
k = κ

(
fCPU
k

)3
, (4)

where κ is a constant coefficient that depends on
the CPU chip architecture (Yang ZH et al., 2021).
Accordingly, the energy consumption of local model
training on CPU is

ECPU
k = τCPU

k PCPU
k

= κIkCk |Dk|
(
fCPU
k

)2
. (5)

2.2.2 GPU energy consumption model

Simulating the performance and energy usage
of GPUs is challenging due to their complex hard-
ware architecture and dynamic power characteristics
(Abe et al., 2014; Mei et al., 2017b). Previous stud-
ies have used empirical and statistical methods to
model GPU power consumption. In this paper, we
introduce a concise GPU power model (Mei et al.,
2017a). Different from CPU energy consumption,
which is related mainly to CPU voltage or frequency,
the major factors affecting the GPU power consump-
tion include GPU core voltage, GPU core frequency,
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and GPU memory frequency. We use V Gc
k , fGc

k , and
fGm
k to represent them, separately. Then, the energy

consumption of GPU is

PGPU
k = PG0

k + γkf
Gm
k + cGk

(
V Gc
k

)2
fGc
k , (6)

where PG0
k is the summation of the power consump-

tion unrelated to the GPU voltage/frequency scal-
ing, and γk and cGk are constant coefficients that
indicate the sensitivity to memory frequency scal-
ing and core voltage/frequency scaling, respectively
(Hong and Kim, 2010).

GPU execution time for processing one data
sample can be formulated as

tk = t0 +
u

fGm
k

+
v

fGc
k

, (7)

where t0 denotes the other component in task exe-
cution time, and the constant factors u and v repre-
sent how sensitive the task execution is to changes
in GPU memory and core frequency, respectively.
Due to the parallelism property of GPU, the com-
putation time does not linearly increase as the batch
size increases (Shi et al., 2022b). Thus, we use d(B)

to describe the relationship between the batch size
and time consumption, where B denotes the batch
size for local model training. Correspondingly, GPU
execution time for local model training is

τGPU
k =

tkIk |Dk| d(B)

B

=

(
t0 +

u

fGm
k

+
v

fGc
k

)
Ik |Dk| d(B)

B
. (8)

Then, the energy consumption of local model train-
ing on GPU is

EGPU
k = τGPU

k PGPU
k . (9)

2.3 Communication energy consumption
models

The communication energy consumption is
caused mainly by the model broadcasting of the edge
server and the parameter uploading of EDs after lo-
cal computation. We focus on the latter because
energy-hungry EDs are the main object of energy
consumption optimization. In particular, we con-
sider three transmission schemes that are commonly
used for EDs to upload their ML parameters, namely
time division multiple access (TDMA), frequency di-
vision multiple access (FDMA), and non-orthogonal
multiple access (NOMA).

2.3.1 TDMA-based transmission

In TDMA-based transmission schemes, EDs
transmit their parameters to the edge server over
different time slots. Let tupk represent the upload-
ing duration allocated to device k. The achievable
transmission rate of device k is

rTDMA
k = W ln

(
1 +

pkhk

N0

)
, (10)

where W represents the channel bandwidth, N0 de-
notes the background noise, pk denotes the transmis-
sion power at device k, and hk represents the channel
gain between device k and the edge server (Tran NH
et al., 2019). Let sk represent the data size of the
uploaded parameters at device k (in bits). Then the
transmission rate of device k is

rTDMA
k = sk/t

up
k , (11)

by which we can express the minimum transmission
power for device k to upload its parameters with
duration tupk as

pk =
N0

hk

(
e

sk/t
up
k

W − 1

)
. (12)

Correspondingly, device k’s energy consumption for
uploading its parameters to the edge server is

ETDMA
k = tupk pk =

tupk N0

hk

(
e

sk/t
up
k

W − 1

)
. (13)

2.3.2 FDMA-based transmission

In FDMA-based transmission schemes, EDs
transmit their parameters to the edge server over
different bandwidths. Let Wk denote the bandwidth
allocation for device k and

∑
k∈Ki

Wk = W , where
W is the total uplink bandwidth (Yang ZH et al.,
2021). Then, the achievable rate of device k is

rFDMA
k = Wk log2

(
1 +

pkhk

WkN0

)
. (14)

The time duration of uploading parameters can be
expressed as tupk = sk/r

FDMA
k . Thus, device k’s en-

ergy consumption for uploading its parameters to the
edge server is

EFDMA
k = pkt

up
k =

pksk

Wk log2

(
1 + pkhk

WkN0

) . (15)



650 Yan et al. / Front Inform Technol Electron Eng 2024 25(5):645-663

2.3.3 NOMA-based transmission

In NOMA-based transmission schemes, EDs are
allowed to send their parameters to the edge server
over a common resource block. Because the uplink-
NOMA scheme can enable an arbitrary decoding or-
der, we assume that the EDs are decoded in the
order of their indices in Ki, from Ki to 1 (Wu Y
et al., 2022). Thus, device k’s throughput to the
edge server can be written as

rNOMA
k = W log2

(
1 +

pkhk∑k−1
j=1 pjhj +WN0

)
. (16)

Assuming that in a given duration tup, all EDs
k ∈ Ki must complete their task of uploading param-
eters. Then, with Eq. (16), and after some manip-
ulations, we can express device k’s minimum trans-
mission power for uploading its parameters sk to the
edge server with duration tup as

pk =
WN0

hk

(
2

sk
tupW − 1

)
2

1
tupW

∑i−1
j=1 sj . (17)

Correspondingly, the energy consumption for device
k to upload parameters is

ENOMA
k =tuppk

=tup
WN0

hk

(
2

sk
tupW − 1

)
2

1
tupW

∑i−1
j=1 sj .

(18)

3 Energy-efficient strategies for feder-
ated learning

As previously mentioned, the two primary
energy-consuming components of FL on EDs are lo-
cal computation and wireless communications. As
shown in the system model, energy efficiency can
be affected by many factors including, but not lim-
ited to, the parameters in Table 1. In this section,
we analyze the challenges regarding improving en-
ergy efficiency in FL systems and survey the recent
progress of energy-efficient strategies in FL.

3.1 Challenges in improving energy efficiency

Since FL is dynamic and heterogeneous, tradi-
tional distributed ML energy-efficient methods can-
not be directly applied. It is necessary to design new
energy-efficient methods according to the character-
istics of the FL system to meet new challenges. The

main challenges affecting the energy efficiency of FL
systems are as follows:

1. Computing capability and communication ca-
pability heterogeneity: More than 10 000 distinct
smart devices at the edge are equipped with over
2000 different systems-on-a-chip featuring varying
computing resources, such as CPUs, GPUs, and dig-
ital signal processors (Kim YG and Wu, 2020, 2021).
Heterogeneity has a substantial impact on the energy
efficiency and performance of FL systems, present-
ing significant challenges for optimizing energy uti-
lization (Abdelmoniem et al., 2023; Yang CX et al.,
2024). The heterogeneity within various EDs can
lead to notable disparities in computing capabili-
ties. Additionally, heterogeneity in communication
capabilities among EDs arises due to uncertainties
in wireless channels and the dynamic nature of EDs.
Consequently, significant differences in latency and
energy consumption exist among different EDs. Fur-
thermore, the presence of diverse power constraints
and local data sizes exacerbates these disparities.
Considering all these factors, the straggler problem
arises. As shown in Fig. 2, straggler presence de-
grades FL performance as all devices must wait for
the slowest device, leading to inefficient utilization of
time and energy resources.

Communication 
time

Computation
time

Performance
slack

Fig. 2 Example of the straggler problem

2. Data heterogeneity: In the FL setting, EDs
may have local datasets that follow different distri-
butions; i.e., the datasets of EDs are not indepen-
dent and identically distributed (non-IID) (McMa-
han et al., 2017). Due to the inconsistent data distri-
bution, the local objectives of each ED are inconsis-
tent with those of the global optimal solution, which
ultimately leads to an average global model with
much lower accuracy than that of the IID setting.
Furthermore, under the non-IID setting, the model
needs many more training rounds to reach conver-
gence or even fails to converge, resulting in a large
increase in energy consumption (Kim YG and Wu,
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2021). Moreover, the data volume of devices can be
heterogeneous. Devices with larger datasets require
more computation resources, resulting in higher en-
ergy consumption.

3. Highly dynamic: ED computing and commu-
nication are highly dynamic due to the stochastic
execution environment (Gaudette et al., 2016, 2019;
Wu T et al., 2024). For local computation, FL tasks
may experience reduced execution efficiency due to
resource contention of co-running applications, re-
sulting in longer computation time and higher energy
usage. For wireless communication, the positions of
EDs, such as mobile phones and smart cars, are dy-
namic and may change constantly, which leads to
unstable network connections. As network condi-
tions are deteriorated, devices will experience high
bit error rates or encounter frequent dropouts and
need to make more communication attempts or use
higher transmission power to maintain a stable con-
nection, leading to increased energy consumption in
communication.

4. Increasing model complexity: The complex-
ity of ML models has increased significantly with the
development of deep learning models and the contin-
uous improvement of the accuracy requirements of
intelligent applications. An ML model usually con-
tains millions of parameters. On one hand, highly
complex computation tasks lead to high local com-
putation energy consumption on EDs. On the other
hand, the growing model parameter size significantly
increases communication loads and energy consump-
tion. Thus, striking a balance between model perfor-
mance and complexity poses a significant challenge
in improving energy efficiency in FL.

In conclusion, FL faces several challenges in im-
proving energy efficiency. Heterogeneity in comput-
ing and communication capabilities across EDs cre-
ates variations in energy consumption and perfor-
mance, resulting in the straggler problem. The het-
erogeneity of data, particularly non-IID data, leads
to inconsistencies with the global optimal solution
and necessitates more training rounds, increasing en-
ergy consumption. The highly dynamic execution
environment with co-running applications and dy-
namic network connections adds to the energy effi-
ciency variability. Additionally, the increasing com-
plexity of ML models introduces energy-intensive lo-
cal computations and communication loads. To ad-
dress these challenges, existing works focus on opti-

mizing energy efficiency in FL from two perspectives,
namely, distributed learning and system design. The
former seeks to employ learning-based strategies to
increase the convergence rate of FL and enhance
energy efficiency in the learning process. The lat-
ter concentrates on developing resource allocation
strategies and client selection strategies for energy-
efficient FL. The classification of these strategies is
shown in Table 2. In the following, we will elaborate
on these strategies.

3.2 Learning-based strategies

Since FL is a form of distributed learning, many
optimization methods employed in distributed learn-
ing can be adopted in FL to enhance energy effi-
ciency, while taking into account the unique proper-
ties of FL. These methods can be divided into three
categories: model compression, hyperparameter op-
timization, and training algorithm improvement.

1. Model compression: Model compression tech-
niques aim to reduce computation and communica-
tion costs by reducing the size of the model while
ensuring its accuracy. Fig. 3 illustrates the impact
of different quantization levels on energy consump-
tion. In this experiment, simultaneous quantization
of both model parameters and uploaded training re-
sults is performed. It can be observed that as the
quantization level increases, the overall energy con-
sumption of FL decreases accordingly. As depicted
in Fig. 4, it is evident that moderate quantization has
a minor impact on the accuracy of the model. How-
ever, excessively high levels of quantization have a
detrimental impact on the model’s accuracy, specifi-
cally when employing an 8-bit precision level. There-
fore, when performing model compression, it is im-
perative to strike a balance between energy consump-
tion and accuracy. Furthermore, considering the sig-
nificant heterogeneity among EDs, it becomes crucial
to develop tailored compression strategies that suit
the characteristics of each specific device.

Li et al. (2021) developed an energy-efficient FL
algorithm enabling flexible communication compres-
sion that allows participants to compress the gra-
dients to different levels before uploading. The al-
gorithm minimizes the energy consumption of FL
training by controlling the compression parameter
and the number of local iterations for each par-
ticipant according to the communication condition
and GPU capacity. Chen R et al. (2023) proposed
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Table 2 Classification of energy efficiency optimization strategies
Strategy Scheme Reference Advantage Disadvantage

Learning-based
strategies

Model compression
Abdelmoniem and Canini, 2021; Li
et al., 2021; Prakash et al., 2022;
Chen R et al., 2023

Significantly reducing com-
putation and communica-
tion costs by reducing the
complexity of the model

May result in compression errors and im-
pact performance accuracy

Hyperparameter
optimization

Luo et al., 2021; Prakash et al.,
2022; Shi et al., 2022b; Sun et al.,
2024

Improving the model’s ac-
curacy, convergence speed,
and generalization capabil-
ity while enhancing resource
utilization efficiency

Most of the existing works lack consider-
ation for device heterogeneity

Training
algorithm
improvement

Albaseer et al., 2021; Nguyen
et al., 2021

Improving the quality of
model updates and acceler-
ating model convergence

Introducing additional computation
overhead to the training process

Resource
allocation
based
strategies

Computation
resource
allocation

Li et al., 2019; Zhan et al., 2020;
Kim J et al., 2022

Increasing the utilization of
computation resources and
reducing training costs

1. Most existing strategies are based on
static models and assumptions, which
may not effectively adapt to the dy-
namic energy consumption require-
ments in real-world environments.

2. Optimizing the allocation of resources
requires additional data transmission
and sharing for the participating par-
ties, which may introduce potential
risks of privacy breaches and security
vulnerabilities.

3. Most resource allocation strategies as-
sume an ideal interference-free envi-
ronment, but in reality, interference is
inevitable, which can undermine their
effectiveness.

Communication
resource
allocation

Zeng QS et al., 2020; Hu et al.,
2022

Increasing the utilization of
communication resources
and reducing communica-
tion costs

Joint C2 resource
allocation

Tran NH et al., 2019; Mo and Xu,
2021; Yang ZH et al., 2021; Zeng
QS et al., 2021a; Battiloro et al.,
2023

Increasing the utilization of
communication and compu-
tation resources and reduc-
ing overall costs

Client
selection
strategies

Direct energy-efficient
client selection

Li et al., 2020; Zeng QS et al.,
2020; Kim YG and Wu, 2021;
Zheng et al., 2021; Albelaihi et
al., 2022; Arouj and
Abdelmoniem, 2022; Peng et al.,
2023; Wu T et al., 2023

Reducing overall energy
consumption by considering
the heterogeneity among
devices and deliberately
selecting devices with better
performance to participate
in training

1. Bias in device selection may limit
training data diversity and hinder the
model’s ability to generalize to diverse
scenarios.

2. The majority of client selection strate-
gies have failed to consider the dy-
namic characteristics of clients, such
as their battery status and concurrent
applications.

3. Client combinations and their impact
on federated learning performance are
disregarded in most strategies.

Indirect energy-efficient
client selection

Cho et al., 2020; Xu and Wang,
2021; Perazzone et al., 2022; Tang
et al., 2022; Zhao JX et al., 2022

Accelerating model conver-
gence and indirectly reduc-
ing overall energy consump-
tion by selecting devices
that contribute more signif-
icantly to model updates to
participate in training

Fig. 3 Comparison of energy consumption at different
quantization levels

Fig. 4 Comparison of model accuracy at different
quantization levels
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flexible weight quantization (FWQ) methods to sup-
port efficient model training on heterogeneous EDs.
According to the current storage budget, EDs are
allowed to compress the shared model and train the
model with low-precision weight (e.g., int8) to reduce
the computation demand and the memory access fre-
quency, resulting in lower energy consumption. The
gradients uploaded by the EDs maintain high pre-
cision so that the global model can be updated in
full precision. FWQ jointly determines bandwidth
allocation and compression strategies for each par-
ticipant to minimize energy consumption. Prakash
et al. (2022) proposed a model compression based FL
method called GWEP, which uses joint quantization
and model pruning to reduce model redundancy and
computation complexity. GWEP consists of three
major components. First, weight quantization of
the global model is performed to enable downlink
compression. Second, the local model is pruned to
desired sparsity to alleviate the computation burden
and reduce the latency of model training. Third, the
uplink load is alleviated by quantifying the gradi-
ents uploaded by EDs. In addition, error feedback
is used to mitigate the impact of compression errors
and recover the actual performance accuracy. Abdel-
moniem and Canini (2021) investigated the influence
of device heterogeneity on FL and showed that it
has a substantial impact on model quality, resulting
in reduced accuracy and potential convergence dif-
ficulties. To overcome these challenges, the AQFL
approach was proposed which uses adaptive model
quantization to accommodate the varying computing
capabilities of clients and mitigate the negative ef-
fects of device heterogeneity on model performance.

2. Hyperparameter optimization: In Luo et al.
(2021), an adaptive FL approach was presented
which optimizes the number of participants (K) and
the number of local iterations (E) per global round
to minimize the total cost. The obtained theoret-
ical properties show that a large K is beneficial in
reducing the training time, while a small K con-
serves energy. It also shows that excessively small
or large values of E are not cost-efficient, with the
ideal value up to the correlation between commu-
nication and computation expenses. However, it is
inappropriate to set the same number of iterations
for all clients in this method, especially in scenar-
ios with highly heterogeneous device resources. Sun
et al. (2024) used multi-agent reinforcement learn-

ing to enable adaptive adjustment of the local itera-
tion number by edge nodes, optimizing the tradeoff
among model performance, energy consumption, and
time delay in response to network dynamics. Prakash
et al. (2022) adopted a distributed adaptive stochas-
tic gradient method with an adaptive learning rate
to accelerate the FL training process. Additionally,
they established a theoretical proof of convergence
of the proposed method. Shi et al. (2022b) proposed
a dynamic batch size approach, called DBFL, to as-
sist FL. DBFL allows users to exponentially increase
batch sizes with an incremental factor, which can
significantly reduce time and energy consumption
by lowering the required number of communication
rounds. In addition, experiments showed that the
utilization of large batch training in the later stages
can effectively improve the time efficiency and en-
ergy efficiency of the computation due to the parallel
computing capabilities of GPUs.

3. Training algorithm improvement: Nguyen
et al. (2021) proposed an FL algorithm that tackles
data heterogeneity and system heterogeneity of de-
vices by incorporating an appropriate weight-based
proximal term into each local loss function. The
proximal term can guarantee that the new local mod-
els do not deviate too much from the global model,
allowing devices to produce valuable local models
and speeding up convergence. In addition, an ef-
ficient sampling strategy was developed to substi-
tute partial user participation. Albaseer et al. (2021)
proposed a refined local training approach for intelli-
gently identifying data samples that can improve the
quality of the model. The algorithm uses the global
model to filter the local data samples by excluding
those with the classification probability exceeding a
pre-set threshold, as they make insignificant contri-
butions to the learned model. As the number of low-
quality samples decreases, the time efficiency and
energy efficiency of training are improved.

In conclusion, learning-based strategies aim to
improve training efficiency and reduce energy con-
sumption in FL by applying training and optimiza-
tion techniques from ML. Among these strategies,
model compression aims to reduce training and com-
munication energy consumption by reducing model
complexity. However, it is crucial to strike a bal-
ance between compression level and model accu-
racy, as excessive compression may increase the
number of communication rounds and compromise
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accuracy. Therefore, research should focus on mini-
mizing model complexity while maintaining accept-
able accuracy levels. Furthermore, it is crucial to
delve into the research of adaptive model compres-
sion strategies that address the heterogeneous nature
of devices, considering factors such as computation
resources, communication conditions, and data vol-
ume. Hyperparameter optimization is a strategy to
improve the energy efficiency of FL by adjusting hy-
perparameters such as the number of iterations and
learning rate. Optimizing hyperparameters can ac-
celerate the convergence of the model and reduce
energy consumption. However, due to the hetero-
geneity of EDs, different EDs may have different
optimal hyperparameters. Existing hyperparame-
ter optimization strategies mostly do not consider
the heterogeneity of devices, and further research is
needed in this area. In addition, some strategies en-
hance the efficiency of FL by improving the model
training algorithm, such as adding proximal terms
to the loss function and filtering low-quality sam-
ples. However, these methods introduce additional
computation overhead to the training process. More-
over, the current model aggregation methods in most
FL algorithms are still based on the weighted aggre-
gation of data volume. More efficient aggregation
methods are yet to be researched.

3.3 Resource allocation based strategies

As EDs typically have limited resources, opti-
mizing resource allocation is crucial to enhance the
energy efficiency of the FL system. Through effec-
tive resource management, it is possible to maximize
resource utilization and energy efficiency while min-
imizing the negative impact caused by stragglers.
For instance, the presence of stragglers may result
in idle time for faster clients during training. To
fully use this idle time and reduce training energy
consumption, we can adjust the CPU frequency of
faster clients in each training round to slow down
their training. The effectiveness of this approach in
energy savings is illustrated in Fig. 5.

FL involves two primary resources: computing
resources (e.g., clock frequency) and communica-
tion resources (e.g., transmission power and band-
width). Consequently, existing works on energy-
efficient strategies for resource allocation can be cate-
gorized into computation resource allocation strate-
gies, communication resource allocation strategies,
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Fig. 5 Comparison of energy consumption with or
without optimized CPU frequency

and joint computation-and-communication (C2) re-
source allocation strategies.

1. Computation resource allocation strategies:
Li et al. (2019) developed SmartPC, a framework
that achieves energy-efficient FL by optimizing the
balance between training time and model accuracy.
SmartPC intelligently sets the training deadline in
each global round, based on the EDs’ hardware con-
figuration and runtime behavior, to allow a statis-
tically significant proportion of the devices to com-
plete their global iterations. Then, SmartPC min-
imizes the energy consumption of the participat-
ing devices by determining the optimal CPU fre-
quency while meeting the training deadline. Zhan
et al. (2020) suggested enhancing energy efficiency
in FL by reducing the CPU frequency of the EDs
that are faster within the training group. The FL
speed was preserved because the duration of the
global iteration is affected only by the slowest de-
vice. Based on this idea, an optimization prob-
lem was formulated, whose objective is to minimize
a weighted sum of training time and energy con-
sumption. Then, an experience-driven algorithm
was designed to converge on a nearly optimal solu-
tion. Kim J et al. (2022) proposed an energy-efficient
method that finds the optimal dataset quantity and
the CPU frequency used for local training over mul-
tiple FL clients, considering the tradeoff between the
learning speed and the total energy consumption of
participants.

2. Communication resource allocation strate-
gies: Zeng QS et al. (2020) proposed radio-resource-
management approaches for combined bandwidth
allocation and scheduling to minimize the total
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energy consumption under a learning speed con-
straint. The derived optimal policy for energy min-
imization suggests that devices with weaker chan-
nels or inferior computation capabilities, which often
become stragglers in FL, should receive more band-
width allocation. Furthermore, participating devices
are suggested to make use of all allowable uploading
time to decrease transmission power, which leads to
less energy consumption. However, the bandwidth
model in this work is the ideal case where there is
no interference problem. Hu et al. (2022) considered
the application of FL in a general cellular network
characterized by inter-cell interference, and put forth
a device scheduling and channel allocation approach
that simultaneously guarantees model performance
and optimizes energy efficiency.

3. Joint C2 resource allocation strategies: Tran
NH et al. (2019) formulated the FL over wireless
networks as an optimization problem, FEDL. The
objective of FEDL is to minimize the total learning
time and energy consumption across all devices by
adjusting several factors, including the CPU cycle
frequency, local iteration accuracy threshold, com-
munication time fraction of each device, local it-
eration time, and communication time in a global
iteration. Because minimizing both FL time and
energy consumption can conflict with each other,
they employed a Joules-per-second weight coefficient
to determine a Pareto-optimal tradeoff between the
two objectives. The closed-form optimal solution
is obtained by decomposing and transforming the
non-convex FEDL problem into three convex sub-
problems. However, FEDL mandates synchronized
uploading of local models across all devices. Yang
ZH et al. (2021) proposed a joint C2 resource al-
location strategy for FL, where the transmission is
based on FDMA so that devices are not required
to upload parameters synchronously. They first de-
rived the convergence rate for the considered FL al-
gorithm. Then, an iterative algorithm was developed
to derive the optimal time allocation, bandwidth al-
location, power control, computation frequency, and
learning accuracy to minimize the overall energy con-
sumption of the system. Zeng QS et al. (2021a) de-
signed a joint C2 resource management framework on
the heterogeneous mobile architecture where paral-
lel computing uses both CPU and GPU. The frame-
work aims to minimize the total energy consump-
tion of EDs under delay and accuracy constraints by

jointly controlling four dimensions: bandwidth allo-
cation, C2 time division, CPU–GPU workload parti-
tioning, and CPU–GPU frequency scaling. Battiloro
et al. (2023) proposed a method that dynamically
optimizes C2 resource based on Lyapunov stochastic
optimization tools, to minimize the power expendi-
ture of the FL system under time and model ac-
curacy constraints. Mo and Xu (2021) considered
resource allocation under two transmission schemes
for EDs to upload parameters, based on NOMA and
TDMA, separately. Under both schemes, the trans-
mission power and rates, as well as CPU frequencies
at EDs, are jointly adjusted to minimize the energy
consumption under a latency constraint. According
to the derived conclusions and experimental verifica-
tion, NOMA performs better than TDMA in terms
of delay and energy consumption in this design. Nu-
merical results showed that the joint C2 design can
better enhance energy efficiency in FL by appropri-
ately balancing the energy between communication
and computation, compared to benchmark schemes
considering only communication design or only com-
putation design.

In summary, existing resource allocation strate-
gies in FL primarily focus on optimizing CPU fre-
quency, bandwidth allocation, transmission power,
and other computing and communication resources
to improve energy efficiency. By effectively allo-
cating these resources, the utilization rate can be
maximized and the impact of stragglers can be re-
duced. However, most existing strategies are based
on static models and assumptions, which may not
adapt well to dynamic energy consumption require-
ments in real-world environments. Additionally, to
optimize resource allocation, clients may need to en-
gage in additional data transmission and sharing,
which can potentially expose them to risks of privacy
breaches and security vulnerabilities. Furthermore,
there is a lack of practical validation and research on
the adaptability and scalability of these strategies in
different scenarios and applications. Therefore, fur-
ther research and improvement of resource allocation
strategies are crucial. One potential direction is to
incorporate dynamic factors inherent in real-world
environments into the resource allocation process.
This could involve considering variables like fluc-
tuating workloads, varying energy availability, and
evolving user behavior disruptions during the allo-
cation of resources. Additionally, exploring methods
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for preserving user privacy during resource allocation
without the need to disclose personal device infor-
mation is an area that merits further investigation.
This research endeavor could involve techniques such
as differential privacy, secure multi-party computa-
tion, or encryption-based approaches to ensure that
sensitive user data remain protected throughout the
resource allocation process.

3.4 Client selection strategies

Because of the system heterogeneity and data
heterogeneity of EDs, it is unreasonable to randomly
select EDs to participate in training or directly let
all EDs participate in training in FL. Selecting in-
appropriate clients, e.g., clients with poor commu-
nication conditions, to participate in the training
will slow down the learning process and increase en-
ergy consumption. Thus, the selection of clients is
a critical factor for the practical and energy-efficient
deployment of the FL system. The client selection
strategies for energy efficiency optimization can be
divided into a direct energy-efficient strategy, which
aims to reduce the energy consumption of each round
of global iteration, and an indirect energy-efficient
strategy, whose goal is to increase the convergence
rate of FL, indirectly reducing energy consumption.

1. Direct energy-efficient client selection strate-
gies: One straightforward approach for saving energy
is to directly exclude devices with high energy con-
sumption. Fig. 6 presents the energy performance at
various filtering levels, with λ representing the filter-
ing level. For example, λ = 0.2 indicates that only
20% of devices with the lowest energy consumption
are allowed to participate in training, while λ = 1.0

means that all clients can participate. From Fig. 6, it
can be observed that by excluding clients with high
energy consumption, the overall energy usage of the
FL system can be effectively reduced. Fig. 7 shows
the impact of different filtering levels on model ac-
curacy. It can be observed that at lower filtering
levels, there is no significant effect on model accu-
racy. However, when the filtering level is high, such
as λ = 0.2, there is a noticeable decrease in model ac-
curacy. This is due to excessive filtering, which leads
to the exclusion of numerous clients from training,
thereby reducing data diversity and compromising
the accuracy of the model. Therefore, when select-
ing clients for participation, it is crucial to prioritize
the maximum device inclusion while simultaneously

enhancing energy efficiency. This requires careful
consideration of the tradeoff between energy con-
sumption and accuracy to strike the right balance.
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Fig. 6 Comparison of energy consumption at different
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Fig. 7 Comparison of model accuracy at different
filtering levels

Zeng QS et al. (2020) proposed a bandwidth al-
location and scheduling method to improve energy
efficiency for heterogeneous devices. Client schedul-
ing is formulated as an optimization problem that
minimizes the total energy consumption and maxi-
mizes the learning speed measured by the number
of scheduled clients. The derived solution indicates
that devices with better channel quality and com-
putation power should have higher scheduling pri-
orities. Zheng et al. (2021) developed an energy–
accuracy balancing scheme called FedAECS to op-
timize client selection in FL. FedAECS prioritizes
clients based on data size, training time, and the
communication condition, and selects clients to min-
imize energy consumption while maximizing model
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accuracy. However, these works select devices mainly
from the perspectives of computing power, network
quality, and data volume, while ignoring the im-
pact of device runtime behavior (e.g., concurrent
applications).

Li et al. (2020) experimentally observed that a
relatively small number of devices involved in train-
ing does not have a great impact on the accuracy
of the model, and proposed a control framework for
energy-efficient FL called MCFL. MCFL first esti-
mates the training capability of each device based
on its hardware configuration and the impact of
resource competition with concurrent applications,
which is predicted by a long short-term memory
model trained with the history training ability infor-
mation. Then, MCFL selects devices to participate
in training to minimize the training time limit based
on training capability and dataset size. Moreover,
MCFL minimizes the training energy consumption
of each participant by controlling the memory band-
width and CPU frequency while meeting the time
limit. Kim YG and Wu (2021) proposed a frame-
work called AutoFL that simultaneously optimizes
the learning speed and energy efficiency of FL by
considering the stochastic nature of edge execution.
AutoFL is based on a reinforcement learning algo-
rithm that learns the optimal device scheduling and
per-device execution targets to minimize the system
energy consumption in different execution environ-
ments. Peng et al. (2023) proposed a client selec-
tion scheme called FCE2DS to jointly optimize the
total energy consumption and the learning speed,
subject to constraints on the data size and time con-
sumption. To obtain more accurate energy consump-
tion calculations, an online bandit learning method
was incorporated to enhance the estimation of the
CPU-cycle frequency of each device. Then, FCE2DS
selects devices in each round of global training ac-
cording to energy consumption and local loss values.
Devices with low energy consumption and large lo-
cal losses, which contribute to quick convergence,
are preferred. Arouj and Abdelmoniem (2022) re-
vealed the significant influence of client dropout, re-
sulting from battery constraints, on the performance
and practical implementation of FL. To mitigate this
issue, an energy-aware client selection method was
proposed which strategically weighs the tradeoff be-
tween remaining power and time. By doing so, it
effectively reduces client dropout in battery-powered

scenarios while maintaining low convergence time
and achieving energy savings. Albelaihi et al. (2022)
proposed a green FL framework in which devices
are powered by batteries and collect green energy
from the environment to prolong battery life. They
further introduced an energy-aware client selection
method aimed at optimizing the balance between
maximizing the number of selected clients and min-
imizing the energy consumption of their batteries,
while ensuring that all selected clients have sufficient
energy to upload their local models before the dead-
line. Wu T et al. (2023) considered the problem of
joint edge aggregation and association in a multi-cell
FL scenario, aiming to determine the aggregation
location of the global model and the association of
edge base stations with edge devices, as well as the
resource allocation, to minimize the total cost.

2. Indirect energy-efficient client selection
strategies: Cho et al. (2020) analyzed the conver-
gence of federated optimization under biased client
scheduling schemes and found that scheduling clients
having high local loss can lead to a quick conver-
gence of the model. Accordingly, an efficient client
scheduling framework called POWER-OF-CHOICE
was proposed. In POWER-OF-CHOICE, the server
first samples a candidate set of clients and lets
them compute their local loss based on the cur-
rent global model. Then, the server schedules the
clients that have the largest loss values to partici-
pate in the training during the next round. Xu and
Wang (2021) experimentally showed that client se-
lection for different periods of learning rounds has
different effects on learning performance. The as-
cending client selection pattern, which selects fewer
clients in the early learning rounds and gradually
adds more clients in the later rounds, achieves higher
accuracy and is more robust than other patterns.
The reason is that the learning performance of early
learning rounds is less sensitive to the number of
selected clients; on the contrary, pushing accuracy
even higher in the late learning rounds requires more
clients to participate in the training. Accordingly,
a scheme called OCEAN was developed to opti-
mize client selection and bandwidth allocation under
long-term client energy constraints. Zhao JX et al.
(2022) proposed FedNorm, a client selection frame-
work that measures the priority of a client with the
local change of weight. This strategy gives preference
to clients with large local weight changes because
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more weight changes contribute to quicker conver-
gence. Tang et al. (2022) investigated the corre-
lations between clients and proposed a correlation-
based client scheduling scheme called FedGP to im-
prove the convergence speed. The loss correlation
between clients was modeled using a Gaussian pro-
cess. In this scheme, clients with similar datasets are
considered redundant because they produce similar
local updates, and the clients that are less corre-
lated with other scheduled clients are preferred for
selection. Perazzone et al. (2022) investigated the
client selection method to minimize the communica-
tion costs in a fading communications channel while
ensuring convergence. The convergence bound for
non-convex functions using FL with arbitrary selec-
tion probabilities was first developed. Based on this
bound, an optimization problem that minimizes the
communication time was formulated and a stochas-
tic optimization method was used to solve the prob-
lem. By intelligently selecting clients, the model
can converge in less time and thus use fewer net-
work resources even without direct knowledge of the
underlying channel distribution. Simulation results
showed that the higher the heterogeneity of wireless
connections, the greater the gain of adopting this
selection strategy.

In summary, existing energy-efficient client se-
lection strategies can be classified into two cate-
gories. The first category focuses on selecting devices
with better performance based on system hetero-
geneity, aiming to directly reduce energy consump-
tion. The second category considers data hetero-
geneity and selects devices that are more beneficial
for improving model accuracy, thereby accelerating
model convergence and indirectly reducing energy
consumption. However, there are limitations to ex-
isting client selection strategies. First, the bias in
client selection preferences can lead to a situation
where certain clients are frequently chosen while
others are neglected. This imbalance can have a
detrimental effect on the diversity of training data
and ultimately impair the performance of the model.
Hence, it is crucial to ensure fairness in the selection
process when designing client selection strategies.
Moreover, most of these strategies consider mainly
factors such as computing capability, network qual-
ity, and data volume, while ignoring the impact of
device runtime behavior, such as concurrent applica-
tions. Additionally, most of the existing client selec-

tion strategies rely on fixed priority-based selection
without considering the impact of client combina-
tions on FL performance, which may result in sub-
optimal selections. Therefore, further research and
improvement of client selection strategies are neces-
sary to enhance the efficiency of FL systems. These
strategies should consider factors such as dynamic
device characteristics and client combinations.

3.5 Other energy-efficient strategies

In addition to these strategies that we have de-
scribed in detail, several works introduced the latest
techniques to address the energy consumption chal-
lenges in FL.

da Silva et al. (2021) presented a method using
simultaneous wireless information and power trans-
fer (SWIPT) to enable both wireless power charging
and communication for FL. They also investigated
the relationship between the number of communi-
cation rounds and communication round time, aim-
ing to achieve efficient model learning with fewer
communication rounds and minimal battery deple-
tion. Zeng QS et al. (2021b) suggested using wireless
power transfer (WPT) to power-energy-constrained
EDs in FL and presented the optimal tradeoff be-
tween power source settings and model convergence.
Wu Y et al. (2022) studied NOMA-assisted FL via
WPT and provided a joint optimization solution to
minimize the system cost. Tran HV et al. (2020)
used light energy harvesting to address the prob-
lem of energy constraints in EDs and developed a
resource allocation method to optimize the power
efficiency of the network. Zhang and Mao (2022)
considered leveraging the intelligent reflecting sur-
face (IRS) to assist the FL system, which can re-
structure the wireless channel and enhance signal
strength. An iterative resource allocation algorithm
was developed to minimize the energy consumption
of the system. Vu et al. (2022) proposed transmission
designs for energy-efficient FL in massive multiple-
input multiple-output (MIMO) networks and devel-
oped a resource allocation algorithm to minimize the
overall energy consumption.

Since device-to-device (D2D) communication
has the potential to improve energy efficiency, re-
liability, and data rate, many researchers have in-
troduced D2D communication technology into FL
to improve energy efficiency. Lin et al. (2021)
proposed the semi-decentralized FL that integrates
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the conventional device-to-server communication
paradigm with D2D communications to reduce net-
work energy consumption. Al-Abiad et al. (2022)
proposed a decentralized FL method that exploits
D2D communications and overlapping clustering,
eliminating the requirement for a central aggregator.
Chen MZ et al. (2020) proposed collaborative FL,
a framework that enables EDs to perform FL with
less reliance on the server. Khowaja et al. (2021)
proposed a distributed FL framework that addresses
communication and energy efficiency issues for re-
mote devices.

In conclusion, the introduction of novel tech-
nologies such as WPT, IRS, and D2D communication
holds promise for addressing the issue of low device
battery capacity and improving the energy efficiency
of FL. However, it is important to acknowledge that
these methods also come with certain limitations.
When employing techniques like WPT or SWIPT,
there may be constraints on the efficiency of energy
transfer. Energy loss during transmission and limi-
tations imposed by the transmission distance can re-
sult in a reduction of energy efficiency. Furthermore,
implementing these strategies might necessitate ad-
ditional hardware devices or complex system con-
figurations, thus increasing both the cost and com-
plexity of the system. Therefore, it is imperative
to explore avenues for enhancing the energy trans-
mission efficiency while simultaneously reducing re-
source requirements and system complexity. D2D
communication mitigates the energy consumption of
FL systems by facilitating data sharing and model
aggregation among devices, effectively reducing the
frequency and volume of direct communication be-
tween each device and the central server. Neverthe-
less, the efficacy of D2D communication is contin-
gent upon device mobility and communication dis-
tance. In the case of frequent device movement or
long communication distance, extra energy may be
required to maintain the communication connection,
which affects the efficiency of energy usage. More-
over, D2D communication could potentially increase
communication overhead, particularly in large-scale
FL systems. Direct communication between devices
necessitates additional resource allocation and proto-
col support, which can augment energy consumption
and introduce latency. Consequently, when apply-
ing these emerging technologies, it is crucial to con-
duct a comprehensive analysis and make necessary

adjustments based on specific application scenarios
and requirements.

3.6 Future directions

As energy-efficient FL continues to evolve and
expand, several promising avenues emerge for fu-
ture research and improvement. This subsection dis-
cusses three key areas that hold significant poten-
tial for shaping the future direction of FL: leverag-
ing hardware advancements, advancements in com-
munication technology, and integration of state-of-
the-art AI methods. By considering these aspects,
researchers and practitioners can pave the way for
more energy-efficient and advanced FL systems.

1. Leveraging hardware advancements: As tech-
nology advances, hardware resources have witnessed
significant improvements, providing opportunities to
enhance the energy efficiency of FL systems (Capra
et al., 2020). One avenue of research is the design of
energy-efficient EDs. This involves developing hard-
ware components such as processors, memory, and
sensors that are optimized for low power consump-
tion. For example, researchers can explore the use
of low-power micro-controllers or application-specific
integrated circuits (ASICs) specifically designed for
edge computing and machine learning tasks (Wheel-
don et al., 2020; Zaman et al., 2022).

Another area of focus is optimizing computing
architectures for FL. Traditional computing archi-
tectures may not be well-suited for the resource-
constrained EDs used in FL. Future research can
explore the development of novel architectures that
strike a balance between performance and energy ef-
ficiency (Hosseini and Mohsenin, 2021). This can
include designing architectures that allow for effi-
cient parallel processing, reducing unnecessary data
movement, and minimizing memory access energy.
Furthermore, specialized hardware accelerators tai-
lored for distributed learning tasks can play a signif-
icant role in improving energy efficiency. These ac-
celerators can be designed to offload computationally
intensive tasks from the EDs, reducing their power
consumption (Mazumder et al., 2021). For instance,
dedicated accelerators for matrix operations, neural
network computations, or encryption tasks can be
integrated into EDs to improve the overall energy
efficiency of FL systems. Research in this area can
focus on developing efficient and scalable hardware
designs for these accelerators.
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2. Enhancing communication technologies:
With the continuous advancements in communica-
tion technology, future FL systems can benefit from
leveraging the capabilities of high-speed and low-
latency networks (You et al., 2021). One area of
research is the development of efficient communica-
tion protocols tailored for FL. Traditional protocols
may not be well-suited for the unique characteris-
tics of EDs, such as limited computation power and
energy resources. Future research can explore the de-
sign of lightweight protocols that minimize overhead
and communication energy consumption. These pro-
tocols can incorporate techniques like data compres-
sion, adaptive message size optimization, and smart
transmission scheduling to reduce the energy re-
quired for communication in FL systems. In ad-
dition to these protocol-level advancements, incor-
porating technologies like NOMA and MIMO can
further elevate the performance of wireless commu-
nication systems in terms of spectrum efficiency, sys-
tem capacity, and energy efficiency (Vu et al., 2022;
Wu Y et al., 2022). These advancements provide op-
portunities for substantial improvements in network
performance, enabling efficient and scalable commu-
nication in the context of FL.

3. Integration of AI methods: To further en-
hance energy optimization in FL, future research
should explore the application of state-of-the-art AI
methods in FL settings. One promising approach is
model compression, which aims to reduce the com-
plexity and size of ML models without significant loss
in performance (Deng et al., 2020). When applying
model compression in FL, in addition to consider-
ing factors such as communication cost, computa-
tion complexity, and accuracy preservation, it is cru-
cial to fully address the heterogeneity among devices
in terms of their computation capabilities, memory
constraints, and energy profiles (Abdelmoniem and
Canini, 2021). By incorporating model compression
techniques into the FL environment, the compressed
models can be tailored to the specific characteris-
tics of individual devices, thus optimizing energy ef-
ficiency and performance.

Another AI technique that can benefit FL is
meta-learning, which enables models to acquire
knowledge and learn new tasks or domains more ef-
ficiently (Hospedales et al., 2022). In the context
of FL, meta-learning can be leveraged to facilitate
knowledge transfer among nodes and enhance their

learning capabilities (Sun et al., 2024). When a new
node joins the FL system, instead of starting from
scratch, it can leverage the knowledge gained from
other nodes to initialize its model and transfer rele-
vant information. By learning from the models and
experiences of other nodes, the new node can quickly
adapt to the target task and reduce the number of
iterations required for convergence. Moreover, meta-
learning can be used to improve the generalization
ability of nodes in FL. Nodes can learn to extract and
transfer latent knowledge across tasks or domains,
enabling them to quickly adapt to new scenarios with
limited local data. This allows FL models to general-
ize better across different nodes and tasks, enhancing
the overall performance and convergence speed.

Furthermore, reinforcement learning’s capacity
to address complex decision-making problems, along
with its flexibility and generalization abilities, makes
it a valuable tool for enhancing energy efficiency
in FL. By leveraging reinforcement learning tech-
niques, FL systems empower intelligent decision-
making, encompassing adaptive resource allocation,
optimized device scheduling, and enhanced client
training strategies (Wang H et al., 2020; Zhan et al.,
2020; Sun et al., 2021). These advancements ulti-
mately culminate in the achievement of more effi-
cient resource utilization and a significant reduction
in energy consumption.

4 Summary

In this paper, we concentrate on the energy con-
sumption optimization problem of FL in MEC. First,
we introduce the system model and energy consump-
tion models, encompassing the computation and
communication energy consumption models. Sub-
sequently, we provide a comprehensive overview of
the primary challenges in terms of improving en-
ergy efficiency. We categorize the existing energy-
efficient strategies for FL into three main categories:
learning-based strategies, resource allocation strate-
gies, and client selection strategies. For each cat-
egory, we provide detailed introductions and sum-
maries of the strategies. Finally, we discuss potential
research directions for achieving energy-efficient FL.
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